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Abstract

The advent of high-throughput sequencing (HTS) technologies has revolutionized genome
analysis by enabling the rapid and cost-effective sequencing of large genomes. Despite these
advancements, the increasing complexity and volume of genomic data present significant
challenges related to accuracy, scalability, and computational efficiency. These challenges
are mainly due to various forms of unwanted and unhandled variations in sequencing data,
collectively referred to as noise. Addressing these challenges requires a deep understanding
of different types of noise in genomic data and the development of techniques to mitigate the
impact of noise on genome analysis.

In this dissertation, we aim to understand the types of noise that affect the genome analysis
pipeline and address challenges posed by such noise by developing new computational tech-
niques to tolerate or reduce noise for faster, more accurate, and scalable analysis of different
types of sequencing data (e.g., raw electrical signals from nanopore sequencing).

First, we introduce BLEND, a noise-tolerant hashing mechanism that quickly identifies
both exactly matching and highly similar sequences with arbitrary differences using a single
lookup of their hash values. Second, to enable scalable and accurate analysis of noisy raw
nanopore signals, we propose RawHash, a novel mechanism that effectively reduces noise in
raw nanopore signals and enables accurate, real-time analysis using a hash-based similarity
search technique. Third, we extend the capabilities of RawHash with RawHash2, an improved
mechanism that 1) provides a better understanding of noise in raw nanopore signals to reduce
it more effectively and 2) improves the robustness of mapping decisions. Fourth, we explore
the broader implications and new applications of raw nanopore signal analysis by introducing
Rawsamble, the first mechanism for all-vs-all overlapping of raw signals using hash-based
search. Rawsamble enables the construction of de novo assemblies directly from raw signals
without basecalling, which opens up new directions and uses for raw nanopore signal analysis.

This dissertation builds a comprehensive understanding of how noise in different types of
genomic data affects the genome analysis pipeline and provides novel solutions to mitigate
the impact of noise. Our findings demonstrate that by effectively tolerating and reducing
noise using new computational techniques, we can 1) significantly improve the performance,
accuracy, and scalability of genome analysis and 2) expand the scope of raw signal analysis by
enabling new applications and directions. We hope and believe that the methods and insights
presented in this dissertation will contribute to the invention and development of more robust,
efficient, and capable genomic analysis tools, especially in the field of raw signal analysis.
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Zusammenfassung

Die Einfiihrung von Hochdurchsatz-Sequenzierungstechnologien (HTS) hat die Genomanalyse
revolutioniert, indem sie eine schnelle und kostengiinstige Sequenzierung grosser Genome
ermoglicht. Trotz dieser Fortschritte stellen die zunehmende Komplexitdt und das Volumen
genomischer Daten erhebliche Herausforderungen hinsichtlich Genauigkeit, Skalierbarkeit
und rechnerischer Effizienz dar. Diese Herausforderungen ergeben sich hauptsachlich aus ver-
schiedenen unerwiinschten und unbehandelten Variationen in den Sequenzierungsdaten, die
zusammenfassend als Rauschen bezeichnet werden. Die Bewiltigung dieser Herausforderun-
gen erfordert ein tiefes Verstandnis der verschiedenen Arten von Rauschen in genomischen
Daten sowie die Entwicklung von Techniken, um die Auswirkungen des Rauschens auf die
Genomanalyse zu verringern.

In dieser Dissertation zielen wir darauf ab, die Arten von Rauschen zu verstehen, die die
Genomanalyse beeinflussen, und die durch solches Rauschen verursachten Herausforderun-
gen durch die Entwicklung neuer rechnerischer Techniken anzugehen, um das Rauschen
zu tolerieren oder zu reduzieren und so eine schnellere, genauere und skalierbare Analyse
verschiedener Arten von Sequenzierungsdaten (z. B. rohe elektrische Signale aus der Nanopore-
Sequenzierung) zu ermoglichen.

Erstens fithren wir BLEND ein, einen rauschresistenten Hashing-Mechanismus, der sowohl
exakt ibereinstimmende als auch hochgradig dhnliche Sequenzen mit beliebigen Unterschieden
schnell durch einen einzigen Abruf ihrer Hash-Werte identifiziert. Zweitens schlagen wir
RawHash vor, einen neuartigen Mechanismus, der das Rauschen in rohen Nanopore-Signalen
effektiv reduziert und eine genaue Echtzeitanalyse durch eine auf Hash-Werten basierende
Ahnlichkeitssuche ermoglicht, um eine skalierbare und genaue Analyse von rauschbehafteten
Nanopore-Signalen zu gewéahrleisten. Drittens erweitern wir die Fahigkeiten von RawHash
durch RawHash2, einen verbesserten Mechanismus, der 1) ein besseres Verstindnis des
Rauschens in rohen Nanopore-Signalen bietet, um es effektiver zu reduzieren, und 2) die
Robustheit von Zuordnungsentscheidungen verbessert. Viertens untersuchen wir die breiteren
Implikationen und neuen Anwendungen der Analyse von rohen Nanopore-Signalen, indem
wir Rawsamble einfiihren, den ersten Mechanismus fir das all-vs-all Uberlappen von rohen
Signalen unter Verwendung einer auf Hash-Werten basierenden Suche. Rawsamble erméglicht
die Konstruktion von de novo Assemblies direkt aus rohen Signalen ohne Basecalling, was neue
Richtungen und Anwendungen fiir die Analyse von rohen Nanopore-Signalen eré6ffnet.

Diese Dissertation schafft ein umfassendes Verstandnis dafiir, wie Rauschen in verschiede-
nen Arten von genomischen Daten die Genomanalyse beeinflusst, und bietet neuartige Losun-
gen zur Minderung der Auswirkungen von Rauschen. Unsere Ergebnisse zeigen, dass durch die
effektive Tolerierung und Reduktion von Rauschen mittels neuer rechnerischer Techniken 1) die
Leistung, Genauigkeit und Skalierbarkeit der Genomanalyse erheblich verbessert werden kon-



nen und 2) der Anwendungsbereich der Analyse von rohen Signalen durch die Erméglichung
neuer Anwendungen und Richtungen erweitert werden kann. Wir hoffen und glauben, dass
die in dieser Dissertation vorgestellten Methoden und Erkenntnisse zur Entwicklung robus-
terer, effizienterer und leistungsfahigerer Werkzeuge zur Genomanalyse beitragen werden,
insbesondere im Bereich der Analyse von rohen Signalen.
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Chapter 1

Introduction

Genome analysis plays a crucial role in various fields such as personalized medicine [2-22],
genome editing [23-50], evolutionary biology [51-65], cancer research [66—112], prenatal
and neonatal screening [113-137], outbreak tracing [138—157], microbiome studies [158-182],
agriculture [183-195], and forensics [196-214]. The advent of high-throughput sequencing
(HTS) technologies, such as sequencing-by-synthesis (SBS) [215-223], Single Molecule Real-
Time (SMRT) [224], and nanopore sequencing [225-247], has revolutionized genome analysis,
enabling faster and more cost-effective sequencing of genomes by generating large amounts
of genomic data at relatively low cost [248] compared to Sanger sequencing [249]. However,
the analysis of genomic data is challenging due to a variety of reasons: 1) HTS technologies
can only sequence relatively short fragments of genomes, called reads, whose locations in
their corresponding genome are unknown [250-254], 2) these reads can contain sequenc-
ing errors [248, 252, 255-257], leading to differences from their original sequences, 3) the
sequenced genome may not (and usually does not) exactly match recorded genomes in a refer-
ence database, known as reference genomes, due to variations between individuals within and
across species [255,258]. Despite significant improvements in computational tools since the
1980s [258] to overcome such challenges, the rapid growth in genomic data [259] has led to
ever larger computational overheads in the genome analysis pipeline, posing large challenges
for efficient, accurate and timely analysis of genomes [260-262].

Figure 1.1 shows multiple key steps of a genome analysis pipeline, each of which affects
the accuracy, speed, and energy consumption of genome analysis.

First, a biological molecule (e.g., a DNA molecule [263]) is sequenced using an HTS tech-
nology to generate the raw sequencing data (e.g., measured raw electrical signals in nanopore
sequencing) @. Among HTS technologies, nanopore sequencing uniquely allows for significant

reductions in genome analysis time and cost by enabling early termination of sequencing,
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either for individual reads or the entire run, based on real-time data analysis. This capability is
known as adaptive sampling [264]. Such an analysis needs to be quick and, ideally, should be
made as soon as the raw signal data is generated by the sequencer. Analyzing raw nanopore
signals during sequencing at a computational speed that matches or exceeds the sequencer’s
data generation speed (i.e., throughput) is known as real-time analysis and is essential for
applications such as adaptive sampling. Real-time analysis is mainly useful for 1) reducing
the genome analysis latency by overlapping the sequencing with analysis, especially needed
for urgent cases that require rapid analysis (e.g., neonatal screening [137]), and 2) reducing
the sequencing time and cost by reducing unnecessary sequencing [265]. However, real-time
analysis introduces unique challenges, particularly in meeting the stringent throughput and
latency requirements demanded by nanopore sequencing. The analysis speed must keep pace
with data generation to avoid bottlenecks, which is often difficult due to the large data volumes
and the need for real-time decision-making during sequencing [266]. Section 2.1 provides

detailed background on sequencing technologies.

<O DNA Library s , Raw

g Molecule Preparation cayencing Sequencing Data
o

k= 3 — [

£ "@_‘ I]: za

o5 T

2 % —_— \ﬁ/ A — > 'M’-M"

20 = -

@

n

l l

£ 9 Assembly Metagenomics
g 3 : ]] f :]] ; . [E— Q
‘é _: [ [ ] e [ : ] I —
2 g [ L : s e

=]

Figure 1.1: Key steps in the genome analysis pipeline.

@ B i Basecalled Denoised Raw Denoising Raw @
=y asecafling Sequencing Data Sequencing Data Sequencing Data g
= =
© 5 )
o @ =——Pp [AAGCCTATATGGTA| [-2.1,0.3,2.3, | — | W 7y
8 H
[11]

(3] @ Indexing $ @ seeding JL B Chaining ® Alignment

o [ TargetSeq. | Hash Table [ QuerySeq. ] [ Target Seq. | [ Target ]

c

‘5 0x00|2,64,... F

e Sketching Px01]1,101,... X |z

= Sl % 0 g

o B ~ G
g ® [oxFF[13, 21 X =0
4 Hash| Positions X X Alignment
Seed Matches Matrix

Second, raw sequencing data is typically translated into sequences of nucleotide characters
or bases (e.g., A, C, G, and Ts in DNA) via basecalling €. Basecalling tools [267-288] mainly

rely on compute-intensive approaches that process large chunks of noisy and error-prone
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raw data to accurately infer the actual nucleotide sequences [261, 287, 289]. Alternatively
€. raw sequencing data can directly be analyzed without basecalling [138,264-266,290-302].
While direct analysis of raw data can avoid the computational overhead of basecalling, it
introduces challenges due to increased noise, requiring specialized techniques for accurate
denoising. These denoising techniques usually include time series analysis [286,291,303] and
quantization [265,266,299].

Third, read mapping @ aims to find similarities and differences between genomic sequence
pairs (e.g., between sequenced query reads and target reference genomes of one or more species).
To facilitate practical similarity identification, read mapping includes several steps. These steps
include constructing (i.e., indexing @) and using (i.e., seeding @) a database [2, 265, 266,292,
299,304-411] for efficient similarity search by utilizing various sketching (i.e., sampling) [306,
310,333,360,412-432] and hashing [304,307-309,315,334,358,414,416,424,433-459] methods.
Filtering [357,460-468] and co-linear chaining (i.e., sparse dynamic programming) [306,469-
482] steps @@ in read mapping aim to reduce the workload of the next computationally costly
steps in read mapping by quickly identifying highly dissimilar or similar regions between query
and target sequences. The alignment [483-501] step @ identifies the exact differences and
similarities between query and target sequences, which overall demand considerable processing
power and memory due to the large scale of genomic sequences [258,502,503]. Section 2.2
provides detailed background on the keys steps in read mapping.

Fourth, the output generated in the read mapping step can be used in the subsequent
steps of genome analysis (i.e., downstream analysis @), such as de novo genome assembly (i.e.,
construction of a genome from scratch) [250,251,305,504-532], variant calling (i.e., identifying
genetic variations in an individual’s genome compared to a reference genome) [533-570],
and metagenomics (i.e., identifying and profiling organisms present in an environment) [571-
591]. Downstream analysis often requires additional computationally intensive steps [261],
including set intersection [592], graph processing [305,593], and the use of deep neural networks
(DNNSs) [540]. These additional steps further contribute to the overall computational overhead
and energy consumption of the genome analysis pipeline [261]. Section 2.3 provides detailed
background on key steps in the downstream genome analysis pipeline after read mapping.

Many algorithmic, software, and hardware techniques aim to address the computational chal-
lenges in the genome analysis pipeline. These works improve the performance and accuracy of
the computational tools by 1) reducing overall computational and space complexity [266,483,485,
535,540], 2) eliminating useless work [266,267,275,275,299,306,357,460-468,593], 3) optimizing
data structures and memory access patterns [324,594-598], 4) exploiting parallelism and dis-
tributed computing in multi-core, many-core, and SIMD architectures [300,301,334,462,484,594,
596,599,599-648,648-660], and 5) designing specialized hardware accelerators for many steps in
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genome analysis [138,195,262,267-284,297,300-302,461,463-467,484,490,593,594,596,598-779].

We provide a detailed description of these approaches in Sections 2.4 and 3.

1.1 Problem Discussion

Unfortunately, the increasing complexity of genomic data analysis introduces significant

challenges in terms of accuracy, scalability, and computational efficiency. These challenges are
mainly due to the heuristic techniques that need to analyze large volumes of sequencing data
in the presence of various forms of unwanted and unhandled variations. In this dissertation,
we refer to these variations collectively as noise. Noise can originate from sequencing errors,
biological variations, or technical limitations in both the sequencing and analysis processes,
which substantially impacts the heuristic decisions and sensitivity of genome analysis.
Noise in Seed Matching. A critical step in genome analysis is seed matching [780], where short
sequence segments, called seeds, are identified between biological sequences (e.g., DNA reads)
to find similarities. Traditional hashing methods used in seed matching [358, 440, 442-454]
require exact matches of these seeds. The requirement for exact matching necessitates the use
of limited parameter choices, which either increases the number of computationally costly
steps or reduces the sensitivity in detecting relevant genomic regions.

Although identifying exactly matching seeds is crucial for finding similarities, seeds may
still have arbitrary differences—what we define as noise—due to sequencing errors or biological
variations. Conventional methods either 1) fail to detect these near-matches when the differ-
ences occur at arbitrary positions or 2) resort to computationally expensive steps to identify
these differences. The lack of a mechanism that can efficiently tolerate noise during a single
hash value lookup limits the performance, accuracy, and efficiency of genome analysis, as we
demonstrate in Chapter 4.

Noise in Raw Nanopore Signals. Nanopore sequencing offers unique opportunities for
genome analysis, particularly with its capability to stop the sequencing of a read or the entire
sequencing run based on real-time analysis. However, the raw electrical signals generated
by nanopore sequencers are inherently noisy [781-785]. Traditional approaches to handling
this noise rely on computationally expensive basecalling that usually utilize GPUs [267, 268,
270,272-284,681,721]. Although various works that analyze raw nanopore signals without
basecalling [138,264-266,290-302] can provide better scalability and efficiency, many of these
techniques fall short in speed and accuracy when analyzing larger genomes [266], such as
human genomes. This is because these works handle noise in raw nanopore signals ineffectively
(as shown in Chapters 5 and 6). Understanding and reducing noise effectively in raw nanopore
signals provides the opportunity for enabling scalable and accurate analysis of raw nanopore

signals without basecalling.
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Limited Scope of Applications for Raw Nanopore Signal Analysis. Raw nanopore sig-
nals can be analyzed without the intermediate basecalling step; however, the scope of new
applications, such as constructing genomes from scratch using raw nanopore signals, remains
limited. This is mainly due to the lack of techniques that can enable new uses and directions in
raw nanopore signal analysis, particularly in the absence of a reference genome (as Chapter 7
shows). The full potential of raw nanopore signal analysis remains largely untapped due to
limited techniques designed for analyzing raw nanopore signals.

Impact on Genome Analysis Pipeline. The sources of noise discussed above lead to signifi-
cant computational overhead and limit the applicability of current genome analysis methods (as
Chapters 4, 5, 6 demonstrate). There is a pressing need for the development of new techniques
that can effectively tolerate or reduce noise throughout the genome analysis pipeline. Such
techniques can enable more accurate, scalable, and real-time genome analysis, opening up new

directions and applications in the field (as we show in Chapters 7 and 8).

1.2 Goal

In this dissertation, our goal is to 1) understand how certain types of noise in sequencing
data and its analysis impact the performance, accuracy, and scalability of the analysis and
2) build mechanisms to tolerate or reduce this noise for faster, scalable, more accurate, and

real-time analysis of genomic sequencing data.

1.3 Thesis Statement

Our approach is encompassed by the following thesis statement:

The imperfections (i.e., noise) in DNA sequencing data and its analysis can
be mitigated by

1) building a better understanding of the types of noise, and

2) developing new algorithms and techniques that can tolerate and reduce
noise,

thereby providing accurate, scalable, and real-time analysis of sequencing

data and enabling new applications in genome analysis.

1.4 Our Approach

To identify and address the challenges introduced by imperfections in genomic sequencing
data and its analysis, we pursue three main strategies: 1) we integrate a noise-tolerant hashing
mechanism in seeding to quickly identify highly similar seeds with arbitrary differences between
them; 2) we build a detailed understanding of the variations in raw nanopore signals and reduce

noise caused by these variations to enable hash-based search for raw nanopore signals; and
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3) we enable new applications and directions by providing new overlap detection and assembly

mechanisms for raw nanopore signals.

1.4.1 Tolerating Arbitrary Noise with Hash-based Fuzzy Seeding

Generating the hash values of seeds enables quickly identifying similarities between ge-
nomic sequences by matching seeds with a single lookup of their hash values. However, these
hash values can be used only for finding exactly matching seeds, as conventional hashing
methods [358,440,442-454] assign distinct hash values for different seeds, including highly
similar seeds. Due to the limited parameter choices when finding only exactly matching seeds,
the selected seeds either 1) increase the use of the computationally costly steps after seeding or
2) provide limited sensitivity.

To address these challenges, we introduce BLEND, the first mechanism that can identify
both exactly matching and highly similar seeds with arbitrary differences (i.e., noise) using
a single lookup of their hash values, called fuzzy seeds. To achieve this, BLEND 1) utilizes
SimHash [433,434], which can generate identical hash values for a similar list of values (i.e.,
vectors), and 2) introduces mechanisms that treat seeds as vectors, allowing SimHash to
efficiently identify fuzzy seed matches.

We show the benefits of BLEND when it is used in read overlapping and read mapping.
For read overlapping, BLEND is faster by 2.4X-83.9x (on average 19.3x), has a lower memory
footprint by 0.9x-14.1x (on average 3.8X), and finds higher quality overlaps leading to accurate
de novo assemblies than the state-of-the-art tool, minimap2. For read mapping, BLEND is faster

by 0.8%x-4.1X (on average 1.7X) than minimap?2.

1.4.2 Enabling Hash-based Search of Raw Nanopore Signals by Reduc-
ing Noise

A unique and important feature of nanopore sequencing, adaptive sampling [264], can
eject single DNA or RNA molecules (i.e., strands) from sequencers without fully sequencing
them, which provides opportunities to computationally reduce the sequencing time and cost.
However, due to the inherent noise in raw electrical signals, existing works analyzing these raw
signals [138, 264-266,290-302,369, 370, 680,786—790] either 1) require powerful computational
resources such as GPUs to eliminate this noise by converting the signals to DNA bases [369,370,
680,786—790] or 2) lack scalability for large genomes due to their mechanisms when analyzing
noisy raw signals without converting them bases [291,292].

To understand and reduce noise in raw nanopore signals and to enable efficient analysis of
these signals, we propose RawHash, the first mechanism that can accurately and efficiently per-

form real-time analysis of nanopore raw signals for large genomes using hash-based similarity
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search. To enable this, RawHash provides accurate hash-based similarity search via effective
noise reduction with quantization of the raw signals such that signals corresponding to the
same genomic content can have the same quantized value and, subsequently, the same hash
value.

We evaluate RawHash on three applications: 1) read mapping, 2) relative abundance es-
timation, and 3) contamination analysis. When compared to the state-of-the-art techniques,
UNCALLED [292] and Sigmap [291], RawHash provides 1) 25.8X and 3.4X better average
throughput and 2) significantly better accuracy for large genomes, respectively. Our evaluations
show that RawHash is the only tool that can provide high accuracy and high throughput for

analyzing large genomes in real-time compared to these prior state-of-the-art works [291,292].

1.4.3 Better Noise Reduction for and Robust Real-Time Mapping of
Raw Nanopore Signals

Real-time analysis of raw signals is essential to utilizing the unique features that nanopore
sequencing provides, enabling the early stopping of the sequencing of a read or the entire
sequencing run based on the analysis. The state-of-the-art mechanism we introduce, RawHash,
offers the first hash-based efficient similarity identification between raw signals and a reference
genome by effectively reducing noise in raw signals to enable quick matching between hash
values.

To build a better understanding of noise and better mechanisms for reducing noise in
raw nanopore signals, we introduce RawHash2, which provides major improvements over
RawHash in several ways. First, to provide more sensitive noise reduction in raw signals,
RawHash2 provides a new adaptive noise reduction technique based on the characteristics of
raw nanopore signals rather than a fixed method (as proposed in RawHash) for reducing noise.
Second, to perform similarity search with fewer and more useful seeds (in order to improve
both performance and accuracy), RawHash2 1) provides a sampling mechanism, known as
minimizer sketching, to reduce the volume of raw signals used in analysis, 2) provides a filter to
reduce ambiguous matching seeds before chaining, 3) improves the sensitivity of the chaining
algorithm, and 4) identifies the best mapping for a read based on a weighted decision mechanism
that takes several metrics into account instead of only one (as in RawHash).

We evaluate RawHash2 in a similar evaluation setup we use for RawHash. RawHash2
provides better accuracy (on average by 10.57% and up to 20.25%) and better throughput (on
average by 4.0x and up to 9.9x) than RawHash, while providing even more substantial perfor-
mance and accuracy improvements compared to two other existing works, UNCALLED [292]
(e.g., 26.5% better throughput on average) and Sigmap [291] (e.g., 19.2X better throughput on

average).
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1.4.4 Enabling New Applications by Overlapping and Assembling Raw
Nanopore Signals

Existing works that directly analyze raw signals without basecalling cannot interpret raw
signals directly if a reference genome is unknown due to several major challenges. These
challenges mainly stem from a lack of accurate mechanisms to handle increased noise and data
volume in pairwise raw signal comparison. Our goal is to enable the direct analysis of raw
signals without a reference genome. To this end, we propose Rawsamble, the first mechanism
that can 1) identify regions of similarity between all raw signal pairs, known as all-vs-all
overlapping, using a hash-based search mechanism and 2) use these to construct genomes from
scratch, called de novo assembly. To enable overlapping and assembly of signals, Rawsamble
provides 1) an aggressive filtering mechanism to minimize the increased noise caused by
overlapping two raw signals, 2) adjusts the chaining and outputting strategies to enable the
generation of a large number of useful overlapping read pairs.

Our extensive evaluations across multiple genomes of varying sizes show that Rawsamble
provides a significant speedup (on average by 16.36x and up to 41.59X) and reduces peak
memory usage (on average by 11.73X and up to 41.99X) compared to a conventional genome
assembly pipeline using the state-of-the-art tools for basecalling (Dorado [272]) and over-
lapping (minimap2 [306]) on a CPU. We find that 36.57% of overlapping pairs generated by
Rawsamble are identical to those generated by minimap2. Using the overlaps from Rawsamble,
we construct the first de novo assemblies ever constructed directly from raw signals without
basecalling. We show that we can construct contiguous assembly segments (i.e., unitigs [504])
up to 2.7 million bases in length (half the genome length of E. coli). We identify other previ-
ously unexplored directions that can be enabled by finding overlaps and constructing de novo

assemblies.

1.5 Contributions

This dissertation makes the following contributions:

1. We provide a detailed review and overview of the state-of-the-art in raw signal analysis,
covering a comprehensive spectrum of existing methodologies and their limitations. We
systematically analyze various methods for managing noise, computational efficiency,
and accuracy in the analysis of raw nanopore signals. This thorough review serves as
a foundational framework for our subsequent contributions and sets the stage for the
novel techniques proposed in this dissertation. Our review also includes acceleration
methods in genome analysis and key aspects of downstream analysis. Chapters 2 and 3

provide this comprehensive review.
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2. We develop a detailed understanding of how noise in genomic sequencing data impacts
computational mechanisms, hindering improvements in speed, accuracy, efficiency, and
applicability in genome analysis. Based on our understanding of the sources and types of
noise, we provide mechanisms to better handle noise in sequencing data, which enables
new directions with faster, more accurate, and scalable techniques. Chapters 4-7 describe

how we build this understanding and the resulting mechanisms.

3. We introduce BLEND, to enable quick identification of highly similar genomic sequences.
BLEND is a novel mechanism that can quickly and efficiently find highly-similar seed
matches between sequences with a single lookup of their hash values by designing a
noise-tolerant hashing mechanism for fuzzy seed matching. Chapter 4 describes BLEND
and its evaluations in detail. BLEND is open source [791]. A paper describing BLEND
was published in the Nucleic Acids Research (NAR) Genomics and Bioinformatics journal
in [334] and presented in the highlights track of the RECOMB 2023 conference [792].

4. We introduce RawHash, the first mechanism that, without basecalling, can accurately
and quickly map raw nanopore signals to large genomes (e.g., a human genome) using
1) a novel quantization (i.e., bucketing) technique for reducing noise in raw signals and
2) a hash-based search mechanism. RawHash provides a fast solution that can match
the throughput of a nanopore sequencer to perform analysis during sequencing (i.e.,
real-time analysis). Chapter 5 describes RawHash and its evaluations in detail. RawHash
is open source [793]. RawHash was presented at the ISMB/ECCB 2023 conference [794],
and a paper describing RawHash was published in the Bioinformatics journal [266] as

part of the conference proceedings.

5. We propose Sequence Until, the first mechanism that can stop the entire sequencing run
for relative abundance estimation when an accurate estimation can be made without
sequencing the entire sample. Sequence Until provides opportunities for mechanisms that
can perform real-time analysis, such as RawHash, to substantially reduce the sequencing
time and costs without sacrificing accuracy. Chapter 5 describes Sequence Until and its
evaluations in detail. Sequence Until is open source [793]. Sequence Until was presented
at the ISMB/ECCB 2023 conference [794], and a paper describing Sequence Until was

published in the Bioinformatics journal [266] as part of the conference proceedings.

6. We introduce RawHash2, an improved mechanism for 1) better reducing noise in raw
nanopore signals with an adaptive noise reduction technique designed based on the
characteristics of raw nanopore signals and 2) improving the seed matching and mapping

mechanisms to achieve faster and more accurate real-time mapping of raw nanopore
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signals to reference genomes. Chapter 6 describes RawHash2 and its evaluations in detail.
RawHash2 is open source [793]. A paper describing RawHash2 was published in the

Bioinformatics journal [265].

7. We propose Rawsamble, the first mechanism that can find all-vs-all overlapping of raw
signals to enable new use cases for raw signal analysis, such as assembling raw signals
without basecalling. Using the overlaps that Rawsamble generates, we construct the first
de novo assemblies from raw signals without basecalling. Chapter 7 describes Rawsamble
and its evaluations in detail. Rawsamble is open source [793]. Rawsamble was presented
in the HitSeq track of the ISMB 2024 conference [795]. A preprint describing Rawsamble
is available [296].

8. We describe the remaining challenges in overcoming the problems to enable new appli-
cations in raw signal and real-time analysis and discuss new directions enabled by the
contributions described in this thesis. Chapter 8 discusses these challenges and directions,

including the challenges for constructing de novo assemblies in real-time.

1.6 OQutline

This dissertation is organized into 8 chapters. Chapter 2 gives relevant background informa-
tion about sequencing technologies, the challenges, and steps to analyze the noisy sequencing
data. Chapter 3 discusses related works that address the relevant problems in tolerating noise
when mapping basecalled sequences and the works that aim to perform real-time analysis with
or without basecalling the sequencing data. Chapter 4 introduces BLEND and its evaluations.
Chapter 5 introduces RawHash and Sequence Until and their respective evaluations. Chapter 6
introduces RawHash2 and its evaluations. Chapter 7 proposes Rawsamble and provides its
evaluations. Chapter 8 provides a summary of this dissertation as well as future research

directions and concluding remarks.



Chapter 2

Background

This chapter provides an overview of the background material necessary to understand our
discussions, analyses, and contributions. Section 2.1 describes the main sequencing technologies,
real-time analysis, and the challenges in analyzing sequencing data. Section 2.2 provides the
main steps taken to provide a practical sequence analysis. Section 2.3 describes the subsequent
steps that can utilize the output from read mapping to perform genome analysis. Section 2.4
describes the software and hardware approaches for accelerating genome analysis. Section 2.5

provides a summary and suggests further reading for interested readers.

2.1 High-Throughput Sequencing Technologies

High-throughput sequencing (HTS) technologies produce raw sequencing data, the content
of which depends on the type of sequencing technology. Figure 2.1 shows the flow of main
steps for generating the sequencing data from HTS technologies. There are three main types
of HTS technologies: sequencing by synthesis (SBS) [215-223], Single Molecule Real-Time
(SMRT) [224], and nanopore sequencing [225-247].

DNA Library s . Raw
Molecule Preparation equencing Sequencing Data

Figure 2.1: Main steps in sequencing data generation.

2.1.1 Sequencing by Synthesis (SBS)
Sequencing by synthesis (SBS) [215-223] is a widely adopted high-throughput sequencing

technology that enables accurate and cost-effective sequencing of nucleic acid molecules. The

SBS process involves several steps to determine the nucleotide sequences [219].

11
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First, the nucleic acid molecule (e.g., DNA) is fragmented into smaller pieces, called reads,
each around a few hundred nucleotides long (e.g., approximately 200 bases). To enable the
attachment of these reads to a specialized glass slide known as a flow cell for sequencing,
certain short nucleic acid molecules known as adapters are added to molecules’ ends. Second, to
increase the redundancy for improved reliability during sequencing, clusters of identical DNA
fragments on the flow cell are created with amplification. Third, to sequence DNA fragments,
a complementary DNA strand from a read is synthesized base by base. To do so, an enzyme
called DNA polymerase adds a single fluorescently labeled nucleotide to the growing DNA
strand in each sequencing cycle. To allow for the identification of each individual nucleotide,
these labeled nucleotides emit a specific light at a certain frequency (i.e., a different light color
for each nucleotide) when incorporated into the strand. Fourth, after each nucleotide is added,
the flow cell is imaged to capture the fluorescent signal emitted by the incorporated nucleotide.
This nucleotide incorporation and imaging cycle is repeated for each base in the DNA fragment.
The sequence of the entire DNA fragment is determined base by base as the fluorescent signals
are recorded across multiple cycles.

SBS generates a series of images as raw data, where each image corresponds to a single
cycle of synthesis, and the color intensity at a specific position in the image represents a
particular nucleotide. Translating the raw data into nucleotide sequences is called basecalling.
Basecalling tools [796-811] developed for SBS aim to accurately associate these colors with
their corresponding bases while correcting sequencing errors [812]. Although SBS generates
highly accurate raw sequencing data, it also introduces certain limitations, primarily due to
the cycling procedure. Specifically, SBS generates short reads, typically a few hundred bases
long, which can complicate downstream analysis, especially when assembling large genomes

or resolving complex genomic regions [252,813].

2.1.2 Single Molecule Real-Time (SMRT) Sequencing

Single-molecule real-time (SMRT) sequencing is a high-throughput sequencing technology
that enables direct observation of nucleic acid molecule synthesis without sequencing each
nucleotide cycle by cycle (i.e., in real-time) [224]. Since the short read length limitations
introduced by cycling procedures in SBS are not a factor in SMRT sequencing, longer reads up
to a few thousand bases can be generated [814], which is crucial for resolving complex genomic
regions [814]. SMRT sequencing mainly works in several steps [224].

First, similar to SBS, the nucleic acid molecule (e.g., DNA) is prepared by fragmenting it
into smaller pieces (i.e., reads). These fragmented molecules are then circularized by adding
special adapters to their ends. These adapters include hairpin loops that allow the DNA to form

a closed circular molecule, which is essential for the continuous sequencing process in SMRT.
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Second, SMRT sequencing introduces the circularized fragments into specialized wells,
known as Zero-Mode Waveguides (ZMWs) [815]. Each ZMW contains a single DNA polymerase
enzyme that initiates the synthesis of a complementary strand of DNA using the circularized
DNA template.

Third, unlike SBS, which involves discrete sequencing cycles, SMRT sequencing operates
continuously in real-time. As the DNA polymerase incorporates fluorescently labeled nu-
cleotides into the growing DNA strand, each incorporation event is detected immediately by
exciting the fluorescent label with a laser. The emitted light is captured by a highly sensitive
detector, and this process occurs without interruption, producing a continuous stream of data
in the form of a movie. Each of the four nucleotides (A, C, G, T) is labeled with a distinct
fluorescent dye, allowing for their identification based on the emitted color.

Fourth, SMRT sequencing can be performed in different modes depending on the application.
One common mode is Circular Consensus Sequencing (CCS) [224,816], where the polymerase
repeatedly sequences the same DNA fragment as it loops around the circular template. This
approach generates multiple reads of the same fragment, which are combined to produce
a highly accurate consensus sequence. Alternatively, in the Continuous Long Read (CLR)
mode [817], the polymerase reads the DNA fragment continuously without repeated sequencing,
which is useful for generating longer reads but may have lower accuracy due to the absence of
the error correction provided by CCS.

SMRT sequencing generates a continuous series of images in a movie format while capturing
the fluorescent signals in real-time. Although these images can be quickly converted into
corresponding nucleotide sequences, the noise inherent in SMRT sequencing requires additional
steps to correct sequencing errors [256,818]. These steps include sequence alignment [306],
consensus assembly construction [818], and assembly polishing [257,819], which are crucial
for ensuring the high accuracy of the final sequences, particularly in applications that benefit

from the long-read capability of SMRT sequencing.

2.1.3 Nanopore Sequencing

Nanopore sequencing is a high-throughput sequencing technology that enables the sequenc-
ing of nucleic acid molecules (e.g., double-stranded DNA, dsDNA) as they pass through tiny
nanoscale pores called nanopores [225-247], as shown in Figure 2.2. These pores are embedded
in a membrane where an electric potential is applied to create a voltage difference between
the two sides of the membrane. To facilitate the passing of nucleic acid molecules through the
pores, the voltage is applied in a specific direction such that the upper part of the membrane
(i.e., cis side) is negatively charged, and the lower part (i.e., trans side) is positively charged.

Since DNA and RNA molecules are negatively charged, they are naturally driven through
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the nanopore from the cis side to the trans side by this electric potential while disrupting
ionic current flow around the nanopore. Due to the nature of its sequencing method, nanopore
sequencing enables sequencing ultra long reads up to a few million bases [820], which is a
unique feature compared to SBS and SMRT sequencing technologies. Figure 2.2 shows the three
main steps in nanopore sequencing [1]: 1) guiding the movement of a nucleic acid molecule
through the nanopore, 2) disrupting the ionic current flow, and 3) generating electrical signals

from these disruptions.
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Figure 2.2: Structure of a nanopore sequencer and its sequencing steps. Image taken from [1].

First, nucleic acid molecules inserted into the flow cell of a nanopore sequencer are guided
through the nanopore by a particular enzyme called a motor protein @. This motor protein
attaches to one end of the molecule and controls its movement and speed through the nanopore,
ensuring that the molecule is translocated at a controlled speed. Controlling the translocation
speed is crucial, as it improves the accuracy and resolution of the sequencing process, which was
a significant challenge in the early development of nanopore sequencing in the late 1980s [229].

Second, as the nucleic acid molecule passes through the nanopore, it partially obstructs the
flow of ions around the nanopore @, causing characteristic changes in the ionic current. These
changes are highly sensitive to the specific sequence of k nucleotides, called k-mers, passing
through the nanopore, allowing the detection of the nucleotide sequence as the molecule translo-
cates (i.e., moves) through the pore via sensing regions (i.e., narrow heads inside nanopores, also

called reader heads) located near these k-mers [1,229]. The number (k) of nucleotides disrupting
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the ionic current measurements is usually specific to the design nanopore (i.e., chemistry). This
number k is usually between 6 and 9 [229,821], determined based on the characteristics and
the number of sensing regions of nanopores [1,229]. However, several sources of variance, or
noise [822], can affect the accuracy of these measurements. These sources include stochastic
fluctuations in the ionic current [229], variations in the speed of the molecule as it translocates
through the pore [823], and environmental factors such as temperature [824].

Third, from each nanopore, raw electrical signals are generated at a certain frequency
(around 5,000 signals per second [247]) @. A high-throughput nanopore sequencer usually
allows many reads to be sequenced simultaneously across multiple pores in the sequencer’s
flow cell [1]. These electrical signals contain the characteristics and content of the nucleic acid
molecules passing through the pores.

Figure 2.3 shows the two subsequent steps that use raw nanopore signals: 1) basecalling,
which translates these raw signals into nucleotide sequences (A, C, G, T), and 2) raw signal

analysis, where the raw nanopore signals are analyzed without basecalling.

B l Basecalled /" Denoised Raw Denoising Raw
asecalling Sequencing Data Sequencing Data Sequencing Data
— [AAGCCTATATGGTA [-2.1, 2.3, | — | M
. )

Figure 2.3: Main steps for processing raw sequencing data.

2.1.3.1 Basecalling

Many basecallers have been proposed specifically for nanopore sequencing [267-283, 663,
669-671,680-684,692,711,721,722] , as opposed to basecallers designed for other sequencing
technologies [796-811], due to two main reasons. First, the abundance of information and noise
in raw signals makes the basecalling task more challenging compared to the relatively simpler
and more direct signal-to-base conversion in SBS and SMRT sequencing methods [261, 275].
Second, nanopore sequencing provides unique opportunities that can be used to reduce the
time and cost of sequence analysis [261,266], which we explain in Section 2.1.3.3.

To translate the raw nanopore signals to sequences of nucleotide characters, modern base-
calling techniques utilize deep learning models, i.e., deep neural networks (DNNs) [267-284], to
improve the precision of identifying a nucleotide base from raw signals compared to traditional
non-deep learning-based basecallers [285-288]. Deep learning models can accurately basecall
raw signals because their architectures have advanced to effectively model and recognize spatial

characteristics in the raw signal data [825].
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Deep learning models used in basecalling generally consist of convolutional neural networks
(CNNs) [284] and recurrent neural networks (RNNs) [276], or a combination thereof [272,681].
These models can capture the spatial and temporal dependencies in the signal data in two
ways. First, CNNs process the raw signal input to extract features indicative of the underlying
nucleotide sequence. This feature extraction step is crucial, as it converts raw electrical signals
into a structured format that deep learning models can use to predict the nucleotide sequence.
Second, many basecalling models employ RNNs, specifically a bidirectional LSTM network [272,
681], to predict the sequence of nucleotides. The bidirectional approach allows the model to use
the temporal context from signals to improve accuracy in noisy conditions such as variance
due to translocation speed. This is particularly important in nanopore sequencing, where the
signal may be affected by various sources of noise, such as stochastic fluctuations in the ionic
current and variations in the speed of the molecule as it translocates through the pore.

To assign bases to a window of signals where the window length can be variable due to the
varying translocation speed, several basecalling models use decoder mechanisms, usually in
the form of a Connectionist Temporal Classification (CTC) layer [826], Conditional Random
Field (CRF) decoders [827], or a combination of both [681, 825]. This flexibility in the window
length is essential for identifying the variable lengths of signal segments that correspond to
a particular nucleotide. These variabilities arise due to fluctuations in the ionic current and
changes in the translocation speed of the molecule through the nanopore, as discussed in
Section 2.1.3.

The complexity of deep neural networks for basecalling [275] often necessitates powerful
computational resources, such as GPUs [267, 268,270, 272-284,681,721] or custom hardware
designs [269,669-671,683,692], to perform the required computations quickly in a massively
parallel manner. Such a large amount of computation is usually costly in terms of power
and latency, mainly caused by data movements [711, 828, 829] and a large number of oper-
ations [275], which leads to challenges in using them in computationally (or power-wise)

resource-constrained environments such as for in-field analysis with mobile devices [297].
2.1.3.2 Raw Signal Analysis

Nanopore sequencing generates raw signal data in the form of time series [781], which
reflect the changes in ionic current as nucleic acids translocate through the nanopore. Analyzing
these time series data effectively addresses the variable translocation speed of the nucleic acid
molecules, a critical aspect that influences signal noise. Figure 2.4 shows several steps for
processing raw nanopore signals to reduce certain types of noise in raw nanopore signals.

First, to reduce noise caused by variable translocation speed during sequencing, the raw

signal data is segmented using time-series statistical analysis [266,291,830]. Segmentation @
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Figure 2.4: Main steps for raw signal analysis.

involves dividing the continuous signal into discrete parts or segments, called events, based on
detected abrupt changes in the signal intensity and pattern. To identify these abrupt changes,
statistical methods such as the t-test [303] are typically used. Each event is assumed to cor-
respond to the sequencing of a specific k-mer that transiently occupies the nanopore (see
Section 2.1.3), although these segmentation mechanisms have limitations in identifying partic-
ular types of noise related to translocation speed (i.e., skip and stay errors). The segmentation
process is useful for identifying regions of the signal generated by specific k-mers to facilitate
more accurate raw signal analysis without the translocation speed effect.

Second, to account for the fact that raw signals generated under different sequencing
conditions (e.g., different nanopores within the same flow cell) may appear at different scales,
signal values are normalized (e.g., by calculating their standard scores [291]) @. Signal values
may appear at different scales due to variations between nanopores and within the same
nanopore [823,824]. Normalization adjusts the signal values to a common scale to harmonize
these differences and enable consistent subsequent analyses.

Third, the mean or median values of the segmented regions are calculated from the normal-
ized signal values. This step @ helps reduce the effects of uninformative outliers and transient
signal fluctuations within the segment. Additional methods for outlier detection can be em-
ployed [266, 291] to exclude anomalous data points that may result from noise. The value
generated for each event is called event value.

Despite these initial processing steps, the resulting series of normalized signal values
remains noisy due to various types of variations (see Section 2.1.3) and potential skip and
stay errors [299]. To further mitigate and eliminate this noise, various techniques have been
developed, which we describe in Chapter 3.

Benefits of Raw Signal Analysis. Analyzing raw nanopore signals directly, rather than
relying solely on basecalled sequences, offers several unique benefits that can enhance genomic
analyses.

First, raw nanopore signals capture subtle variations in the ionic current that occur when

modified nucleotides, such as methylated bases [233, 234, 239, 831, 832], pass through the
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nanopore [833]. These modifications can have profound biological implications, affecting gene
expression and regulation [834]. While specialized basecallers can infer certain modifications
by incorporating models trained on known modification patterns [832, 834-848], they may
not detect novel or rare modifications not represented in the training data [836]. Analyzing
raw signals directly allows for a more comprehensive and potentially unbiased detection of
nucleotide modifications.

Second, raw signal analysis can improve accuracy in challenging genomic regions, such as
homopolymeric tracts (e.g., estimating polyA tails [849,850]) and repetitive sequences (e.g., short
tandem repeats [851-853]). Although modern basecallers [267-284] provide highly accurate
basecalling, these basecallers may still introduce errors in these challenging regions due to
difficulties in accurately determining the exact number of repeating units [785, 853].

Third, analyzing raw signals can reduce computational requirements in certain applica-
tions [266]. Basecalling involves complex deep learning models [267-284] that require sub-
stantial computational resources, such as GPUs [267, 268, 270,272-284, 681,721] or specialized
hardware [269,669-671,683,692]. In resource-constrained environments, such as field portable
sequencing setups [297,789], these requirements may not be practical [297]. By bypassing the
basecalling step and analyzing raw signals directly with more lightweight algorithms, it is
possible to reduce computational overhead and enable scalable analyses that would otherwise
be infeasible.

Fourth, raw signal analysis can enable new directions in research by leveraging the rich
information contained in the signals. As new algorithms and techniques are developed for
directly analyzing raw nanopore signals without basecalling [138, 233, 234,239, 264-266, 290—
302,831,832,849-853], many applications that use basecalled sequences for the analysis (e.g.,
variant calling [533-570] or de novo assembly [250,251,305,504-532]) can be performed using
raw signals. These applications can utilize the rich information in raw signals to improve their
accuracy while reducing the latency by avoiding the costly basecalling step. This advancement
opens up possibilities for more accurate and comprehensive genomic studies, enhancing our
understanding of genetics and molecular biology.

In summary, raw signal analysis offers unique advantages by providing access to richer
information [290,833,848], improving accuracy in complex genomic regions, reducing computa-
tional requirements, and enabling new directions in genomic research. While some benefits can
be partially achieved through advanced basecalling techniques, these may involve trade-offs
such as loss of detail, increased computational demands, and potential inaccuracies. There-
fore, analyzing raw nanopore signals directly can enhance genomic studies, particularly in

applications where these factors are critical.
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2.1.3.3 Unique Opportunities: Real-time Analysis and Adaptive Sampling

Computational techniques that can analyze the raw signals while they are generated at a
speed that is as fast as the throughput of nanopore sequencing are called real-time analysis
techniques [264,266]. These signals can be analyzed in real-time with [369,370,680,786-790] or
without [138,264-266,290-302] basecalling, as explained in the earlier parts of this section.
There are unique benefits and challenges to performing real-time analysis.

Benefits. Figure 2.5 shows the two unique benefits that real-time analysis offers. First, real-
time analysis allows for overlapping sequencing time with analysis time @, as raw signals
can be analyzed while they are being generated. This benefit enables reducing the overall
latency of genome analysis. Second, computational mechanisms can stop the sequencing
of a molecule or the entire sequencing run early without sequencing the entire molecule @
or the sample using techniques known as adaptive sampling with the Read Until [264] and
Run Until [786] features. Adaptive sampling is useful for the selective sequencing of useful
molecules while minimizing the sequencing of useless molecules, which can substantially reduce
sequencing time and costs. To determine if a molecule is useful, computational mechanisms
can start analyzing raw sequencing data with real-time analysis. Based on this analysis, the
computational mechanism can determine if further sequencing of the nucleic acid molecule
is necessary and can stop sequencing the molecule by ejecting it from the nanopore [264]. To
eject the molecule, the electric potential is temporarily reversed or altered in such a way that
the molecule is pushed back out of the nanopore or drawn back into the cis side (upper part of
the membrane as explained in Section 2.1.3) of the membrane [264,790]. This process can fully
remove the molecule from the nanopore and allows the nanopore to capture a new molecule
for sequencing.

Challenges. There are four key challenges in achieving effective adaptive sampling with
real-time analysis. First, the sequencing of unnecessary reads must be stopped as early as
possible to minimize wasted time and costs. Specifically, failing to stop sequencing a read after
a certain amount of time (i.e., sequencing a read longer than around 5 seconds) significantly
increases the risk of blocking the nanopore [783], rendering it unusable for the remainder
of the sequencing run. The probability of blocking a nanopore usually increases with the
increased sequenced length of a read, as longer molecules are more likely to be tangled during
the ejection process. To prevent this, reads are not ejected after being sequenced for a certain
period of time [786]. Second, the speed of analysis must keep pace with the data generation
speed (i.e., the throughput of the sequencer). This is critical to avoid data backlog and ensure
timely decision-making [266]. Third, the analysis techniques must effectively tolerate noise in

raw nanopore signals to provide accurate results. Fourth, real-time analysis, particularly in
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Figure 2.5: Two main benefits of real-time analysis with nanopore sequencing.

portable and resource-constrained environments, must be power-efficient and scalable. Low
power consumption is crucial, as the analysis must handle large genomes and high-throughput
data while operating within the limited power budgets of portable sequencing setups [297,789].
This necessitates the design of energy-eflicient algorithms and hardware architectures that can

support real-time, portable sequencing applications, which we discuss in Sections 2.4 and 3.2.2.

2.1.4 Challenges in Analyzing Sequencing Data

High-throughput sequencing (HTS) technologies have significantly advanced our ability to
sequence genomes rapidly and cost-effectively; however, they also present inherent limitations
that pose challenges for genomic analysis.

First, the reads generated by HTS technologies are produced without prior knowledge of
their origin within the genome, except for specialized approaches that perform tagging and
barcoding on the DNA to identify the origins of certain sequences of nucleotides [250-254].
This lack of contextual information necessitates accurately and efficiently identifying each
read’s origin. To achieve this, it is essential to compare the reads either 1) against each other,
in a process known as read overlapping [305], or 2) against a known representative of a species’
genome, referred to as a reference genome. This sequence similarity identification is usually
performed in a step called read mapping. Given the large volume of sequencing data produced
and the substantial size of certain reference genomes (e.g., a human genome), read mapping
becomes challenging in terms of both scalability and accuracy [258].

Second, the reads produced by HTS technologies are prone to variations due to sequencing
errors and natural mutations [248,252]. Accurately detecting and distinguishing these variations

is crucial for the integrity of genomic analysis. However, identifying these variations in the vast
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amount of data generated by HTS technologies is computationally intensive [258], requiring
the development of scalable algorithms capable of handling large datasets while maintaining
precision.

Addressing these limitations requires the development of efficient algorithms and data
structures that can perform rapid similarity identifications, scale to handle the vast amount of
data generated, and accurately identify sequence variations while maintaining computational

efficiency.

2.2 Facilitating Practical Sequence Analysis with Read
Mapping

The goal of read mapping is to identify similarities and differences between genomic
sequences, such as between 1) a read (i.e., query sequence) and 2) either another read or a
reference sequence representing a species, known as a reference genome (i.e., target sequence).
Due to genomic variants and sequencing errors, differences and similarities between these
sequences (i.e., matches, substitutions, insertions, and deletions) are identified mainly using an
approximate string matching (ASM) algorithm to generate an alignment score that quantifies
the degree of similarity between a pair of sequences (e.g., sequence segments from a reference
genome and a read). This process is known as sequence alignment. To identify the degree of
similarity, the minimum number of single-character edits (insertions, deletions, or substitutions)
required to transform one sequence into another, known as edit distance, is usually measured as
well as the corresponding edits. However, ASM algorithms [483-501] often have quadratic time
and space complexity due to the dynamic programming nature of these algorithms [854]. This
makes the use of sequence alignment computationally challenging between a large number of
sequence pairs. To ease the identification of similarities within vast amounts of sequencing
data, the read mapping process includes multiple steps designed to narrow down the search

space and reduce computational overhead, as shown in Figure 2.6. These steps include:

« Constructing (i.e., indexing @) and using (i.e., seeding @) a database [2,265,266,292,299,
304-411]. These steps use various sketching (i.e., sampling) [306,310, 333,360, 412-432]
and hashing [304,307-309, 315, 334, 358,414, 416,424, 433-459] methods to selectively
sample and hash sequencing data, which allows for rapid comparison. We describe
1) indexing and seeding in Section 2.2.1, 2) sketching in Section 2.2.2 and 3) hashing

techniques in Section 2.2.3.

« Pre-alignment filtering [357,460-468] and chaining [306,469-482] @, which discards
dissimilar sequences early in the process to avoid unnecessary and expensive alignment

computations. We describe these steps in Section 2.2.4.
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« Sequence alignment [483-501] @) to determine the alignment and the edit distance

between sequence pairs. We describe this step in Section 2.2.5.
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Figure 2.6: Main steps in read mapping.

2.2.1 Indexing and Seeding

To quickly find similar regions between genomic sequence pairs, read mapping typically
utilizes data structures, such as a hash table [2, 265, 266, 304-361] or a suffix array-based
structure [292,299,362-411]. These data structures enable efficient similarity identification
between target and query sequence pairs within a pre-built database of the collection of target
sequences (e.g., a reference genome). Such a database is called an index [855], and the process
of constructing this index is called indexing.

To narrow down the search space between target and query sequences, an index allows for
quick matching of short sequence segments (i.e., seeds). This process significantly reduces the
need for computationally costly steps like sequence alignment by focusing on regions with
matching seeds.

To find the matching seeds efficiently, a common approach is to match the hash values of
seeds with a single lookup (for each seed) using a hash table as an index. Figure 2.7 shows an
overview of how hash tables are used as an index to find seed matches between sequence pairs
in two steps. First, certain sequence segments are determined by a sampling mechanism on
the entire target sequence to store them in the hash table ( @ in Figure 2.6). Such sampling
mechanisms are called sketching techniques @, which we explain in Section 2.2.2. The hash
values of these sampled sequence segments are stored as the keys of the hash table @, while
their positional information, such as the sequence ID (e.g., a chromosome name), is stored
as the value returned by the key @. Since there can be multiple sequence segments with the
same hash value (i.e., either due to repeated sequence segments or hash collisions), the value
is returned as a list of such positional information that contains all seeds with the same hash

value. Second, certain sequence segments with the same sampling strategy are extracted from
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query sequences to use them as seeds @ (@) in Figure 2.6). The hash values of these seeds
are used to query the hash table @ to quickly find the positions where a seed from the query
sequence appears in the target sequence with a single lookup. Such a query can quickly and
substantially narrow down the search space from the entire target and query sequence to fewer

regions (i.e., candidate regions) where seed matches appear.
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Figure 2.7: Steps in indexing (on the left side) and seeding (on the right side) to find matching
sequence segments between target and query sequences using their hash values.

2.2.2 Sketching

Sketching (@ and @ in Figure 2.6) aims to accurately represent an entire genomic
sequence by sampling it, which enables reducing certain overheads (e.g., performance and
memory overheads) of using the entire sequence while minimizing the useful information loss
after sampling [334]. Although there are several sketching methods [306,310,333,360,412-432],
one commonly used method is minimizer sketching [306,415,423]. Figure 2.8 shows the steps
in minimizer sketching. First, subsequences of fixed length k, called k-mers, in a window of

1 are extracted from a sequence @ to generate the hash values of

w @ overlapping k-mers
these k-mers @. Second, among these k-mers, only one k-mer with the minimum hash value
is sampled @ to represent the sequence segment that w-many overlapping k-mers cover. The
window length can be tuned to increase the probability of matching k-mers between sequence
pairs. The next window of k-mers is usually generated by removing the first k-mer and including
the next consecutive k-mer of the sequence. Finding the minimizers using minimum values is
effective since it builds on the assumption that many overlapping windows will share the same

minimum value due to hitting the local minima in a large region [423]. This enables finding

The term “overlapping k-mers” is commonly used interchangeably with “adjacent k-mers” or “consecutive
k-mers” All these terms refer to the same set of k-mers: a list of k-mers generated by shifting one character at a
time along the sequence.
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the same local minima between similar sequence pairs even though these sequence pairs are

not exactly the same.
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Figure 2.8: A sampling (i.e., sketching) mechanism, called minimizer sketching.

Similar to the minimizer sketching, the MinHash sketching technique [420] can be used [416]
to sample k-mers based on their minimum hash values. To do this, n hash functions are used,
generating n hash values for each k-mer in a sequence. For each hash function, only the k-mer
with the minimum hash value is selected from the hash values generated by that function.
Although (unlike minimizer sketching) MinHash does not provide window-based sampling
like minimizer sketching, it guarantees sampling a fixed number of k-mers, determined by the
number of hash functions [416].

MinHash is particularly effective for matching sequences of similar lengths, as the number
of hash functions is constant across all sequences. However, when sequence lengths vary
significantly, MinHash can generate too many seeds for shorter sequences [305].

There are other alternatives to minimizers and MinHash, such as syncmers [418], paired-
minimizers [310,419,856], and HyperLogLog-based sketching [417,421]. These methods offer
different trade-offs in terms of performance, accuracy, and search space size (e.g., comparisons

between entire genomic sequences). We discuss some of these approaches in Chapter 3.

2.2.3 Hashing Techniques

The main goal of using hashing techniques () and @) in Figure 2.6) is to compress
the input values from a larger space into a smaller space. The characteristics of hashing
techniques used in genome analysis can broadly be defined in three ways. First, low-collision
hash functions [358, 440, 442-454] are designed to avoid assigning the same hash values to
different input values, called collision. Collisions of dissimilar seeds are incorrect seed matches
(i.e., useless) and can lead to 1) unnecessary execution of computationally costly steps in read
mapping (e.g., chaining and alignment) and 2) incorrect analysis. Although low-collision hash
functions are useful for avoiding incorrect seed matches, using these hash functions requires

finding only exactly matching seeds. The exact matching requirement imposes challenges
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when determining the seed length. Longer seed lengths significantly decrease the probability of
finding the exactly matching seeds between sequences due to genetic variations and sequencing
errors. Short seed lengths (e.g., 8-21 bases) result in matching a large number of seeds due to
both the repetitive nature of most genomes and the high probability of finding the same short
seed frequently in a long sequence of DNA letters [460].

Second, masking operations [304,307-309,315,435,436,441,455-457] aim to alter the content
of the original seed sequence or its corresponding hash value, usually to provide better locality
for similar seeds (e.g., increasing the chance for assigning the same hash value for similar
sequences) and to enable the use of efficient similarity estimations [441]. These approaches
usually apply a pre-determined and fixed pattern (i.e., masks) to these sequences. Figure 2.9
shows the use of such a fixed pattern @ where certain characters are marked X (i.e., don’t
care characters) to mask them @ (this technique is called spaced seeding [304,307-309,315,435,
436,441,455-457]). Although fixed patterns can specifically be useful for ignoring potential
substitutions at particular positions between seeds, generating hash values from fixed patterns
prevents ignoring differences (i.e., substitutions, insertions, and deletions) at arbitrary positions
between sequences. These substitutions and indels between seeds from basecalled sequences form

a part of what we call noise in the scope of this thesis.
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Figure 2.9: A spaced seeding technique. A pre-defined fixed pattern is applied to all three
input sequences. Masked characters are highlighted by X in red. The first two input sequences
generate the same output hash value since the characters where they differ from each other
are masked, generating the same spaced seed and the same corresponding hash value of these
seeds.

Third, SimHash [433,434] is a locality-sensitive hashing (LSH) technique [304, 307,334, 414,
416,424,433,434,437-439,458,459] that enables generating the same hash values for highly
similar vectors (e.g., seeds) even when some arbitrary items between two similar vectors differ
(e.g., noise at arbitrary positions). Figure 2.10 shows the main steps to calculate the SimHash
value for a given input vector (e.g., vector of words). The input vector (e.g., a sentence) is
provided as input @ to generate its hash value (i.e., SimHash value). To do so, the vector items
are defined, such as all words in the sentence @. Each item (e.g., word) of the vector is hashed

using a low-collision hash function @. These hash values are shown in their binary forms. A
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bitwise sum is then computed across all the generated hash values @. This is done by adding
the corresponding bits across all the hash values at each bit position. The result is a counter
vector @, where each entry represents the net sum (difference between 1s and 0s) for that
specific bit position. The SimHash value is generated from the counter vector @. For each
position in the counter vector, if the sum is positive, the corresponding bit in the SimHash
value is set to 1; if the sum is negative, the bit is set to 0. This results in a SimHash value for
the given input vector. The SimHash technique enables generating the same hash values for
highly similar vectors because a few different individual items (e.g., noise) may result in a
counter vector with the same sign information, even though the exact count information may
be different. This property allows SimHash to produce the same hash values despite minor

variations between vectors.

@ Input (Vector): This is an example sentence to generate a hash value

© Vector Items Hash Values@
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Figure 2.10: Generating a hash value for a vector of items using SimHash technique. Example
input is a sentence (i.e., vector) where the hash values (shown in binary form) of these words
(i.e., items) are used to generate the hash value for the entire sentence.

These properties of the SimHash technique enable estimating the cosine similarity between
a pair of vectors [857] based on the Hamming distance [858] of their hash values that SimHash
generates (i.e., SimHash values) [433,859]. To efficiently find the pairs of SimHash values with
a small Hamming distance, the number of matching most significant bits between different
permutations of these SimHash values are computed [434]. This permutation-based approach
enables exploiting the Hamming distance similarity properties of SimHash technique for various

applications that find near-duplicate items [434, 860-863].

2.2.4 Filtering and Chaining

The computational cost of performing sequence alignment on a vast number of seed matches,
where many sequences may not actually align, can be prohibitively expensive. This results
in a significant waste of computational resources. To mitigate this, read mappers employ

1) pre-alignment filtering [357,460-468] and 2) chaining techniques [306,469-482] to eliminate
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dissimilar sequence pairs before alignment and chain many useful seed matches into longer

regions.
2.2.4.1 Filtering

Filtering techniques are used to quickly eliminate dissimilar sequences before they proceed
to the computationally expensive alignment step. There are four main filtering techniques.
Frequency Filters. To quickly eliminate high-frequency, non-informative k-mers that may
lead to incorrect seed matches, frequency filters are used [306]. These frequency filters usually
calculate the average number of occurrences of a seed in an index and set a frequency threshold
based on this calculation to identify if a seed appears frequently. By focusing on less frequent,
more informative seeds, frequency filters help reduce the computational burden and improve
the accuracy of the subsequent alignment steps.

Pigeonhole Principle. To quickly detect and discard dissimilar sequences from further analysis,
the pigeonhole principle [460,461,464] assumes that if two sequences differ by up to E edits,
they should still share at least one common subsequence among any set of E + 1 non-overlapping
subsequences. If a sequence pair does not share a sufficient number of common subsequences,
it can be filtered out by matching these subsequences, thereby avoiding unnecessary and costly
sequence alignment.

Base Counting. To recognize similar regions by quickly estimating the edit distance between
two sequences, the base counting approach [321, 359] compares the counts of individual
nucleotide bases (A, C, G, T) between sequence pairs. The sum of the absolute differences in
base counts provides an upper bound on the similarity identification measured based on edit
distance. If this sum exceeds a certain threshold, the sequences are identified as dissimilar, and
further alignment is avoided.

q-gram Filtering. To filter out dissimilar sequences by examining shared subsequences, the
q-gram filtering approach [463] considers all overlapping substrings of length q (known as
g-grams) within the sequence pairs. Since differences between sequences affect only a certain
number of q-grams, the technique can estimate whether the sequences are sufficiently similar
by quickly counting the number of shared q-grams. The sequence pair is filtered out if the

number of shared q-grams is below a threshold.
2.2.4.2 Chaining

To identify the seed matches, known as anchors, that appear in close proximity in both
target and query sequences are linked together in a step called chaining [306,469-482] (@ in
Figure 2.6). Identifying co-linear chains of anchors is useful as it can eliminate 1) the anchors
that are not included in chains and 2) the chain of anchors that are unlikely to provide a mapping

between target and query sequence pairs, which further reduces the search space (after the
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filtering step) for the more computationally intensive sequence alignment step. Figure 2.11
shows a pair of anchors used in the chaining step to identify if these anchors should be linked

together in the same chain. We explain the chaining process in several steps.

, < ® @ Chaining
j L
a; Target Seq. a; Target Seq.

o‘g_»Anchor Ov S
i (Seed match) n
Y 413 >
(]
=]
C

Query Seq. a

Figure 2.11: Chaining anchors (seed matches) between target and query sequences. The chain-
ing approach calculates the distance between a pair of anchors to identify if they should be
included in the same chain.

To explain the chaining process, we define each anchor @ as a 3-tuple (x, y, w), where x
denotes the end position of the matching interval in the reference sequence @, y denotes the
end position in the query sequence @, and w represents the length of the matching region (ie.,
the span of the seed match) @. The goal of chaining is to calculate the optimal chain score
(i) for each anchor i given a predecessor anchor j, which is determined through a dynamic

programming (DP) approach @ in Equation 2.1:

f®=nth$§V®+a@0—ﬁ@DLW% (2.1)

where a(j, i) = min {min{yi - ¥j» Xi = Xxj}, wi} represents the number of matching bases that
are covered by anchor i and not by predecessor anchor j, while the gap cost 5(j, i) penalizes
gaps between anchors to ensure that only those anchors with minimal insertions or deletions

chained together. The gap cost can be defined as:

B, D) = ye ((vi = yp) = (xi = x7) (2.2)
where the gap penalty function y.(I) is given by:
0.01-w-|l| +0.5log, |I| (I#0)
ye(D) =
(I=0)

where w is the average seed length, and [ is the length of the gap between the two anchors.
To efficiently compute the near-optimal chain score across many anchors, a heuristic is

applied to reduce computational complexity. Instead of evaluating all possible predecessors for
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each anchor, the algorithm can limit the number of comparisons to a fixed number of previous
anchors. This heuristic significantly reduces the time complexity from O(N?) to O(hN), where

N is the number of anchors.

Backtracking and Identifying Primary Chains To identify the best chain among the
several chains given a set of anchors, the backtracking step starts with an anchor with the
highest score. The process continues by following the chain of predecessors for each anchor
and marking them used until no further predecessor that is not used in another chain can
be found. This backtracking step can identify multiple chains that represent similar regions
between the sequence pairs.

This filtering and chaining process significantly improves the efficiency and accuracy of
the read mapping process to enable the alignment of sequences in a computationally feasible

manner, even when dealing with large genomic datasets.

2.2.5 Sequence Alignment

To accurately identify the positions and types of differences and similarities between
sequence pairs, approximate string matching (ASM) approaches are commonly used for sequence
alignment (@ in Figure 2.6). This process aims to identify differences and similarities, such
as matches, substitutions, insertions, and deletions, by calculating the edit distance between
sequence pairs—the minimum number of single-character edits required to transform one
sequence into another. Widely used methods for performing sequence alignment are mainly
based on the dynamic programming (DP) approach [483-501].

Figure 2.12 shows how a DP matrix is constructed and used for sequence alignment. Each
cell in the matrix represents a score for a potential edit operation between characters from
the two sequences being aligned. The score in each cell is computed based on three main
scenarios: 1) aligning the current characters from both sequences (resulting in either a match
or a substitution) @, 2) aligning the current character from one sequence by opening a gap
in the other sequence (insertion or deletion) @, and 3) extending the open gap in the other
sequence to handle insertions (or deletions) that appear in a row. @ The arrows in the matrix
indicate how each cell’s score is calculated based on the values from the adjacent cells.

To minimize the number of edits between sequence pairs, the alignment process usually
penalizes operations that introduce and extend the existing open gaps. This is typically achieved
using the affine gap scoring function [306]. The affine gap model applies two types of penalties:
1) a gap opening penalty, which usually incurs a higher cost when a new gap is introduced, and
2) a gap extension penalty, which mainly imposes a smaller incremental cost for extending an

existing gap. These penalties help ensure that gaps are used judiciously in the alignment.
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Figure 2.12: Dynamic Programming (DP) Matrix used to identify edit operations: Match,
Substitution, Insertion, and Deletion. Each cell’s value is calculated based on the values of
adjacent cells, as indicated by the arrows. The optimal alignment path is highlighted in dark
blue, while light blue cells indicate two subsequent anchors identified during the chaining
step. The corresponding edit operations for the optimal alignment are shown on the right side
of the DP Matrix.

The optimal alignment path is identified by backtracking from the cell with the highest
score, as illustrated with cells marked by blue colors starting from the lower-right corner @ in
Figure 2.12. This path shows the sequence of matches, substitutions, insertions, and deletions
that results in the optimal alignment. The right side of Figure 2.12 shows the corresponding
edit operations for the aligned sequences. Each operation is marked as matches (black lines),
insertions (purple lines), deletions (red lines), and substitutions (grey lines). The final alignment
score, which results from this backtracking process, provides a quantitative measure of sequence
similarity by accounting for the types and number of edits needed to align the sequences.

DP methods provide a rigorous approach to perform sequence alignment. However, their
computational complexity, typically O(m - n) [854] for sequences of length m and n, can become
a limitation for long reads or large reference genomes. To improve efficiency, filtering and
chaining steps are often used before alignment to narrow down the search space, which can

prevent using the alignment process unnecessarily.

2.2.6 Necessity of Read Mapping

A fine-grained mapping of reads (i.e., basecalled sequences and raw sequencing data)
by finding the base positions (i.e., base-level read mapping) where they map either within a
corresponding genome or to another read is essential for various reasons. First, base-level
mapping enables the detection of genetic variants such as single nucleotide polymorphisms

(SNPs), insertions and deletions (indels), and structural variations by comparing the aligned
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reads to a reference genome, as we discuss in Section 2.3.3. Second, read mapping facilitates
genome assembly and reconstruction by identifying overlapping regions between reads based
on their exact positions, which is crucial for de novo genome assembly to construct an organism’s
genome from scratch without a reference genome, as discussed in Section 2.3.1. Third, base-
level mapping allows for accurate quantification of gene expression levels in RNA sequencing
(RNA-Seq) experiments by mapping reads to specific genomic locations to measure transcript
abundance, identify differentially expressed genes, and detect alternative splicing events [864,
865]. Fourth, read mapping is essential for haplotype phasing and detection of de novo mutations
to determine which genetic variants are inherited together on the same chromosome and to
study the detection of new mutations that arise in a single generation (de novo events) [58,
505, 866]. Fifth, base-level mapping enables the detection of rare or low-frequency variants,
especially in heterogeneous samples such as cancer tissues, which is crucial for understanding
tumor heterogeneity and developing personalized treatment strategies [867]. Read mapping is
essential for many applications to achieve sensitive and fast analysis, even for scenarios where
potential alternatives such as polymerase chain reaction (PCR) [868] can fall short compared to

read mapping.

2.3 Further Steps in Sequence Analysis

2.3.1 De novo Assembly Construction

The goal of de novo assembly is to reconstruct a genome from reads without the use of
a reference genome. This is achieved by identifying similarities between read pairs, known
as all-vs-all overlapping, and stitching these reads together. There are mainly two reasons for
constructing de novo assemblies. First, the reference genome may be unavailable or incomplete,
particularly for non-model organisms or populations with high genetic diversity [869]. Second,
analyzing an individual’s genome without reference to a potentially divergent reference genome
reduces biases introduced by reference-specific artifacts and assumptions [870].
All-vs-all Overlapping. To stitch the reads together from their ends, the first step in recon-
structing a genome from sequencing reads involves identifying overlapping regions among all
pairs of reads [305]. Typically, two reads are considered overlapping if they contain matching
sequences from their ends (i.e., between the suffix of one read and the prefix of another). To
identify these matching regions, read mapping steps discussed in Section 2.2 are mainly used.
Assembling Overlapping Reads. Constructing the assembly from the paths generated by
overlapping reads is challenging due to the presence of numerous redundant and incorrect [305]
overlapping pairs. To identify the underlying genome assembly, the overlap information be-
tween all read pairs is processed by constructing a graph from overlapping reads using a graph

structure, such as an assembly graph (i.e., string graph) [532] or a de Bruijn graph [508].
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These assembly graphs often contain errors [531], which are resolved through several
steps collectively known as graph cleaning. First, incorrect or incomplete overlap information
can result in direct connections (i.e., edges) between two reads, even when a longer path
(i.e., multiple nodes and edges) with multiple overlapping read pairs connects them. These
direct edges, known as transitive edges, are removed because they do not affect the overall
connectivity of the graph [532]. Second, at least two sub-graphs with several nodes can exist
in the graph such that they share the same start and end nodes. This creates alternative
paths in the assembly graph called bubble. These bubbles can be resolved by either collapsing
them, keeping only one path [305] or by presenting the alternative paths as different potential
assemblies [505,518]. These bubbles, often caused by variations and sequencing errors, are
useful for identifying different copies of chromosomes in diploid and polyploid genomes. Third,
the graph is traversed to identify paths that represent the original genome sequence, ensuring
the assembled sequences are accurate and continuous. Additional steps can be used to simplify
the graph further by identifying errors and artifacts in sequencing and during the overlapping
process [305]. The resulting graph typically includes paths that are trivial to parse (i.e., without
multiple edges from a node), representing the assembled genome by stitching the reads to each

other as identified by the path in the graph.

2.3.2 Metagenomics Analysis

Metagenomics involves the study of genetic material recovered directly from environmental
samples to allow for the analysis of microbial communities without the need for culturing
individual species. This approach provides insights into the diversity and composition of
microbial ecosystems.

Read Classification. The initial step in metagenomics analysis is the classification of sequenc-
ing reads, where DNA or RNA sequences obtained from the environment are assigned to known
taxonomic groups. This classification is usually performed by aligning reads to a reference
database of known genomes [571]. Alternatively, k-mer-based matching can quickly identify
the closest taxonomic matches based on sequence similarity [572,590]. The classification pro-
cess enables the identification of the species present in the sample and helps map the genetic
potential and functional roles of these organisms within their ecosystems.

Relative Abundance Estimation. Following classification, estimating the relative abundance
of each identified species is a common next step in metagenomics. This process involves
quantifying the number of reads assigned to each taxonomic group and normalizing these
counts to mitigate biases introduced by variable gene copy numbers, read length, and genomic

size among different organisms. Relative abundance data are useful for understanding the
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structure of microbial communities and assessing how environmental changes or different
conditions affect microbial composition and dynamics.

Challenges. Despite its potential, metagenomics faces several challenges. First, the sheer
diversity of microbial communities, coupled with the vast amount of data generated, poses
computational and analytical challenges [710]. The limited availability of complete reference
genomes can hinder accurate taxonomic classification and functional prediction, especially
for rapidly evolving microbial genomes [871]. Third, the presence of DNA from dead cells can
complicate interpretations of community activity and function [872].

Addressing these challenges is critical for advancing our understanding of microbial ecosys-
tems. Improvements in computational methods, database completeness, and data interpretation
can allow for more accurate and comprehensive insights into microbial diversity, dynamics,
and functional roles, further expanding the potential of metagenomics in environmental and

clinical research.

2.3.3 Variant Calling

The objective of variant calling is to identify genomic variants between an individual’s
genome and a reference genome [533-570]. These variants are mainly categorized as single-
nucleotide polymorphisms (SNPs), insertions, deletions, and larger structural variations (SVs).
Accurate and efficient detection of these variants is vital for understanding of the genetic basis of
diseases [66], population genetics [535], evolutionary studies [51], personalized medicine [873]
and pharmacogenomics [874].

Variant calling involves processing the read mapping output and detecting variants. First,
read mapping output is processed by sorting and optionally identifying duplicate informa-
tion to minimize bias introduced during the polymerase chain reaction (PCR) step of sample
preparation [875]. Second, mapped reads are analyzed to distinguish genuine variants from se-
quencing errors or misalignments using resource-intensive statistical techniques [535, 536, 538]
or machine learning techniques [540]. Despite the high computational demands, variant calling
plays a crucial role in advancing our understanding of genetic variations, driving research
in genomics and personalized medicine. Ongoing improvements in variant calling accuracy,

speed, and efficiency remain essential as the volume of sequencing data continues to grow.

2.4 Accelerating Genome Analysis

The goal of accelerating genome analysis is to reduce the time and energy required to
process sequencing data and produce actionable insights. This acceleration would in turn
reduce the overall latency and energy consumption of end-to-end genome analyses, while also

improving throughput of analyses [262].
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We categorize the strategies for accelerating genome analysis into two main categories:
1) acceleration with software (and algorithmic) optimizations as we discuss in Section 2.4.1,
and 2) acceleration through hardware and software co-design as we discuss in Section 2.4.2.

We explain how these strategies are used in many steps in the genome analysis pipeline in

Section 2.4.3.

2.4.1 Acceleration with Software Optimizations

Software-based optimizations aim to improve the performance (i.e., speed) of genome
analysis tools by modifying the existing or designing new algorithms and data structures. These
optimizations often (but not always) involve trade-offs between performance and accuracy,
aiming to reduce computational load while maintaining acceptable (and ideally the same or
better) levels of accuracy. We describe several common strategies below.

Reducing Computational and Space Complexity. Developing new algorithms that reduce
the computational and space complexity of genome analysis tasks can directly accelerate the
execution of an application [483,485]. This usually involves replacing either part of the entire
execution flow of an application with different sets of algorithms. For example, this can include
replacing the computationally complex use of DNN approaches with simpler operations [266]
or eliminating the use of costly operations with DNN approaches [535,540].

Eliminating Unnecessary Computation. Eliminating unnecessary computations by identi-
fying and discarding irrelevant or low-quality data early in the pipeline significantly reduces
computational overhead and accelerates overall performance. We explain five common strate-
gies to reduce the overall computations.

First, for DNN-based approaches (e.g., basecalling), a large number of parameters can be
pruned without substantially reducing the accuracy to reduce computational overhead [275].

Second, data resolution can be reduced (i.e., quantization), which is useful, for example,
for DNN-based works as they include a large number of complex operations with high preci-
sion [266,275,299].

Third, certain filters or sampling techniques can quickly eliminate computations and data
that are likely useless in later steps by using cheaper computations to identify such useless
computations and data (e.g., sketching and pre-alignment filters techniques as discussed in
Sections 2.2.2 and 2.2.4, respectively) [267,306,310,333,357,360,412-432,460-468]

Fourth, in many DP operations, such as in chaining [306] and when using profile Hidden
Markov Models (pHMMs) [593], the connections to backward cells (or nodes) can usually be lim-
ited by how long a single connection can extend backward. This enables substantially reducing
the high-overhead data-dependent computations that are usually performed iteratively.

Fifth, redundant computations are common when re-running a certain application on
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slightly different data [502,503,876-882]. This is, for example, the case for read mapping when
remapping reads from an older reference genome to a newer one [502]. In such cases, the
similarities between the multiple versions of the data can be analyzed quickly to eliminate
redundant computations by re-using the already-generated information from the earlier exe-
cution and identifying when it is necessary to perform additional computation on the newer
data.

Data Structure and Data Access Pattern Optimizations. Optimizing the choice of data
structures and their access patterns [324, 594] is another key method for accelerating genome
analysis. Efficient data structures, such as compressed matrices [595,596], graphs [597], and
specialized indexing schemes [598], can significantly reduce memory usage and accelerate data
retrieval.

Exploiting Parallelism. Leveraging parallelism is a fundamental approach to accelerating
genome analysis. Modern commodity processors offer multi-core and many-core architec-
tures that can be utilized to execute multiple analysis tasks that are multithreaded. Single
Instruction, Multiple Data (SIMD) operations [334, 462, 756] can be used to perform the
same operation on multiple data points simultaneously, making them highly effective for
processing large genomic datasets. To significantly accelerate genome analysis tasks, mas-
sively parallel operations in genome analysis are exploited using 1) Graphics Processing Units
(GPUs) [267,268,270,272-284,300,301,484,616-646,652-660,681,721], as they are well-suited for
handling the large-scale parallel computations required in genomics, and 2) general distributed

computing techniques [596,599-615,761].

2.4.2 Acceleration with Hardware and Software Co-design

Hardware-software (HW/SW) co-design, where hardware and software (and algorithm) are
designed together to overcome the different limitations of and take advantage of the different
capabilities of underlying hardware and software, can offer substantial improvements in both
performance and energy efficiency. As such, these HW/SW co-designed acceleration approaches
have formed a thriving area of research [260-262]. We discuss key challenges in software-only
optimizations and potential hardware-software co-design solutions.

Challenges in Pure Software Optimizations. Many software optimization strategies still
involve significant data movement between computation and memory units, which can create
bottlenecks due to limited bandwidth and high power requirements [260, 661, 689,710, 883-
890]. Second, a substantial portion of the data processed in genome analysis pipelines can
be useless [461,463-467,644, 661,666,673, 684,689, 689, 690, 693,708,715,716,776], resulting
in wasted compute cycles. Identifying and discarding useless computations earlier in the

pipeline can save time and energy. However, even with software optimizations that identify



2.4. ACCELERATING GENOME ANALYSIS 36

useless computations, data must still be moved through different levels of memory hierarchy,
causing unnecessary delays [262,891]. Third, to accommodate a wide range of applications,
general-purpose processors usually provide limited computational resources and speed to
execute effectively a particular operation [892,893]. This makes it challenging to exploit the
opportunities that a certain application provides (e.g., data access patterns with certain locality).
Fourth, HTS technologies generate data at an ever-increasing rate, presenting a challenge to
keep up with the output, especially in time-critical applications [260, 266].

To address these challenges, several hardware design strategies can be employed. These
strategies almost always necessitate co-design of software along with the hardware.
Designing Customized Hardware. Application-Specific Integrated Circuits (ASICs) and
Field-Programmable Gate Arrays (FPGAs) (and customized system on chip designs) can be used
to design customized hardware to accelerate specific computational tasks [138,269,297,302,461,
464-466,484,490,593, 621,642,661, 662,669-679,683,692,694-700,703-707,709,723-725,730,
732-734,736,740-744,748,750-753,755,764-770,777-779]. FPGAs and ASICs are particularly
important for designing special processing units (PUs) that are highly performant and efficient
hardware. These PUs are specifically designed based on the needs of the application, especially
when these applications provide a certain data flow such that intermediate data generated
after the execution of each PU is moved to another PU that performs either the same or a
different operation. In such cases, these PUs can be connected using a design known as systolic
arrays [894,895], which stream data efficiently between processing units, reducing the need for
additional read and write operations to external memory. Such specialized designs avoid the
overheads present in general-purpose hardware.

Memory-Centric Design. Memory-centric approaches, such as Processing-in-Memory (PIM)
(i.e., Processing Using Memory (PUM) and Processing Near Memory (PNM)) [262, 597, 661,
828,829, 855,883-890,896-998], can bring computation closer to the data to reduce the data
movement overheads in genome analysis [195,463,467,612,627,663-666, 668,673,682, 684—688,
690,691,693,701,702,708,711,712,714-720,726-729,731,735,737,745,749,758-760,762,763,771,
775,776]. PUM approaches can perform computations directly within memory cells (e.g., by
using analog operations within DRAM), reducing the need to transfer data between memory
and processing units and exploiting the inherent parallelism present in memory arrays [890,
910, 976, 979, 980, 982]. PNM approaches place processing elements near memory to allow
high-throughput data access at reduced latency and energy [890]. It is essential to understand
the application’s requirements to fully leverage PUM and PNM approaches, optimizing both
computation [976,982] and communication between memory-centric accelerators [890,999].

Storage-Centric Design. Storage-centric designs integrate computational capabilities directly

into storage devices, such as Solid-State Drives (SSDs) [689,710,747,913]. To accelerate the
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execution of an application, in-storage processing can leverage the higher internal SSD band-
width to reduce data movement to external processing units by processing the data inside the
SSD [689]. This can be achieved by utilizing the existing cores and DRAM within SSDs [1000],
integrating specialized hardware inside SSDs [689], and performing computations with flash
chips in SSDs [1001]. Storage-centric computation provides many opportunities, especially
when the data reuse of an application is low, and the application can benefit from the increased
bandwidth inside SSDs.
Extending Instruction Set Architecture with Specialized Instructions. Extending the
Instruction Set Architecture (ISA) with specialized instructions can improve the performance
of genome analysis tasks. By incorporating custom instructions tailored to specific genomic
operations, such as DP operations in sequence alignment, it is possible to execute these tasks
more efficiently, reducing the need for complex software routines and lowering the overall
computational overhead [733,748,755,1002]. This approach involves designing custom logic and
data handling mechanisms with special instructions to execute specific tasks directly within
the processor, bypassing the limitations of general-purpose computation.
Exploiting Emerging Technologies. Emerging technologies such as analog computation
using Resistive Random-Access Memory (ReRAM) [665, 666,684,711,759], data search using
Content Addressable Memory (CAM) arrays [727,728,731,760], and optical computing [1003]
provide opportunities for further acceleration. These technologies can potentially improve
performance and energy efficiency for specific genome analysis tasks by leveraging novel
computational paradigms.

By combining these hardware-centric approaches with software optimizations, highly
efficient and scalable genome analysis pipelines capable of meeting the demands of modern

sequencing technologies and applications can be created.

2.4.3 Accelerating the Common Steps in a Genome Analysis Pipeline

Hardware and software co-designed approaches are commonly utilized to accelerate several
steps in the common basecalled analysis of genomes. These include accelerating the steps in
read mapping and variant calling, which can be integrated into real-time analysis to reduce the
latency of genome analysis. We explain these acceleration efforts in this section. We explain
the acceleration efforts for basecalling and raw signal analysis in Sections 3.2.2 and 3.2.3,

respectively.
2.4.3.1 Accelerating Read Mapping

Since read mapping is a crucial and computationally expensive step in many genome
analysis pipelines, numerous works focus on accelerating it in various ways. First, a significant

fraction of sequence pairs does not align, which leads to wasted computation and energy during
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alignment [463]. To avoid this useless computation, various works propose pre-alignment
filtering, another step in read mapping that can efficiently detect and eliminate highly dissimilar
sequence pairs without using alignment. Most pre-alignment filtering works [461,463-467, 644,
661,666,673, 689,690,693,708,715,716,776] provide algorithm-architecture co-design using
FPGAs [461,464-466,661,673], GPUs [644], and PIM [463,467,666,673,690,693,708,715,716,776]
to substantially accelerate the entire read mapping process by exploiting massive parallelism,
efficient bitwise operations, and specialized hardware logic for detecting similarities among
a large number of sequences. Apart from accelerating the filtering process, many works co-
design hardware and software for the chaining [642, 643, 686, 734, 741, 755] (i.e., by using
custom hardware design [642, 734, 741, 755], GPUs [642, 643] and PIM [686]) and seeding
steps [594,599,647-651,667,713,746,757,772-774] (i.e., by using custom hardware design [746],
GPUs [648,651] and PIM [667,713,757,757,772-774]) to accelerate the pre-alignment step in
genome analysis.

Second, various works [689,710,747] such as GenStore [689], show that a large amount of
sequencing data unnecessarily moves from a storage system (e.g., the solid-state drive (SSD))
to memory during read mapping, significantly increasing latency and energy consumption.
To eliminate this wasteful data movement, available computation capabilities and the high
bandwidth within the SSD, as well as the specialized logic that can be integrated within a
storage system, can be exploited to process sequencing data in the storage system without
moving to the main memory or the CPU, thereby eliminating unnecessary data movement in
the system.

Third, numerous studies [484,490, 593, 625-641,664-666,668,675-678, 685,688, 691,694, 695,
697-702,709,717,719,733,736,737,740-745,754,775], including GenASM [490] and Darwin [673],
focus on accelerating the underlying ASM algorithm employed in sequence alignment through
efficient algorithm-architecture co-design. They do so by exploiting systolic arrays [490,676],
GPUs [484,625-641], customized hardware designs (and system on chip) [484, 490,593, 675-
678,694,695,697-700,709,733,736,740-744], and PIM [627, 664-666, 668, 685, 688,691,701, 702,
717,719,737,745,775]. These works provide substantial speedups of up to multiple orders of
magnitude compared to software baselines. Among these works, SeGraM [598] is the first to
accelerate mapping sequences to graphs [598,738,739] that are used to reduce population bias
and improve genome analysis accuracy by representing a large population (instead of a few
individuals) within a single reference genome.

Fourth, several works focus on accelerating either all or some of the steps together [645,646,
662,672,674,684,687,696,712,718,732,734,735,748] using custom hardware accelerators [598,
738,739], GPUs [645, 646] and PIM [684, 687,712,718, 735].
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2.4.3.2 Accelerating De novo Assembly

De novo assembly pipeline commonly uses many steps in read mapping (i.e., seeding,
sketching, and chaining). We discuss the acceleration efforts of these read mapping steps in
Section 2.4.3.1.

There are unique challenges to de novo assembly, such as graph construction and cleaning
(as discussed in Section 2.3.1) and k-mer counting [648]. Methods specifically designed for
accelerating de novo assembly [596,599-624,762-771,777-779] utilize specialized algorithms
and hardware accelerators to efficiently handle large-scale assembly with distributed computing
techniques [596,599-615], custom hardware accelerators [621,764-770,777-779], GPUs [616—
624], and PIM [612,762,763,771]. Most of these accelerators target accelerating k-mer counting
due to the nature of embarrassingly parallel operations in k-mer counting that can be performed

independently on many-core architectures.
2.4.3.3 Accelerating Metagenomics Analysis

Metagenomic analysis poses significant computational challenges due to the large volume
of data involved [710]. Efforts to optimize metagenomic analysis have focused on both software
and hardware-based solutions.

Software Optimization of Metagenomics. Various software tools [571-591] aim to im-
prove the efficiency of metagenomic analysis by optimizing the use of databases. Tools like
MetaAlign [571] and Centrifuge [580,589] aim for high accuracy with computationally expen-
sive approaches. However, these tools often incur significant computational and I/O costs due
to the large sizes of these databases [710]. To mitigate these issues, some tools apply sampling
techniques to reduce database size, such as MetaPalette [581] and MetaCache [654]. While these
techniques improve performance by reducing the amount of data that needs to be processed,
they can lead to a loss in accuracy.

Hardware Acceleration of Metagenomics. Several studies [195, 654-660, 710, 714, 720,
723-731,747,759-761] have explored hardware acceleration to overcome the computational
bottlenecks in metagenomics. GPUs have been widely used to speed up various stages
of metagenomic analysis by offloading compute-intensive tasks [654-660]. FPGAs provide
opportunities for acceleration, offering configurable hardware that can be tailored to spe-
cific tasks within the metagenomic pipeline [723-725, 730]. Processing-in-memory (PIM)
techniques have been employed to address the I/O bottlenecks in metagenomic analy-
sis [195,714,720,726-729,731,759,760]. These hardware-accelerated approaches significantly
reduce computation time and energy consumption but often still face challenges related to
the I/O overhead associated with large metagenomic datasets. MeglS [710] alleviates the data

movement overhead in metagenomics analysis from the storage system [710,747] 1) via its
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efficient and cooperative pipeline between the host and the SSD and 2) by leveraging in-storage

processing for metagenomics.
2.4.3.4 Accelerating Variant Calling

Variant callers [533-570] like GATK HaplotypeCaller [535] use costly probabilistic calcu-
lations to analyze the likelihood of specific variants in large sequencing datasets. DeepVari-
ant [540], a DNN-based variant caller, processes read alignment data as images, a method that
demands substantial GPU resources and memory due to the complexity of deep neural networks.
Reducing computational requirements through algorithmic optimizations, parallelization, and
efficient data representation is crucial for faster, more accurate genetic variant analyses.

To accelerate variant calling, several works propose algorithm-architecture co-designs [652,
653,679,703-707,749-754,758]. These include fast execution of Pair Hidden Markov Models
(Pair HMMs) in FPGAs or ASICs [679,703-707,750-753], reducing data movement overheads in
GPUs [652,653], and pipelining processing steps with tools like elPrep [1004], system-on-chip
designs [704], and PIM [749,758].

2.5 Summary and Further Reading

Significant research efforts are essential across the entire sequence analysis pipeline. These
efforts range from improvements in sequencing technologies (including device and circuit-
level advancements) to improvements in read mapping and downstream analysis (spanning
algorithmic, software, and hardware optimizations). Each step, from efficiently processing
raw sequencing data to accurately assembling and analyzing genomes, plays a critical role in
advancing our understanding of genetic information and its practical applications.

For further reading, we recommend that interested readers explore works on sequencing
technologies [215-247,249], algorithmic approaches [256,257,334,379,386,411,424, 433,434,
437-439,458,572,580,585,589,813], and hardware accelerations [138,195,262,267-284,297,300-
302,461,463-467,484,490,593,594,596,598-779] for genome analysis.



Chapter 3

Related Work

Many prior works study noise in sequence analysis and develop techniques for understanding,
tolerating, and reducing this noise. This section provides an overview of closely-related works
and describes where the existing body of work falls short.
In Section 3.1, we describe the limitations of the existing seeding techniques to set the stage
for how the work we discuss in Chapter 4 fills the gap to resolve the limitations we discuss.
In Section 3.2, we discuss the existing works that perform real-time analysis with and
without basecalling. We identify their challenges. In Chapters 5 and 6, we discuss how our

works overcome these challenges.

3.1 Tolerating Noise in Seeding — Fuzzy Seed Matching

Commonly used read mappers and other related works that perform sequence analysis, such
as minimap2 [306], MHAP [416], Winnowmap2 [413,1005], reMyval [1006], and CAS [432] use
sampling techniques to choose a subset of k-mers from all k-mers of a read without significantly
reducing their accuracy. For example, minimap2 uses the minimizer sketching technique [415]
to reduce overall storage (and memory) space requirements while also improving performance.
These works use low-collision hash functions that require exact matches of seeds generated
after their sketching mechanisms. As discussed in Section 2.2.3, using low-collision hash
functions provides certain challenges when determining parameters that impact performance
and accuracy. Although it is important to reduce the collision rate for assigning different hash
values for dissimilar seeds for accuracy and performance reasons, choosing low-collision hash
functions also makes it unlikely to assign the same hash value for similar seeds. Thus, seeds
must exactly match to find matches between sequences with a single lookup.

Mitigating this exact-matching requirement allows similar seeds to share the same hash

value, thereby significantly improving the performance and sensitivity of applications. These
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applications can then tolerate substitutions and indels at arbitrary positions during seed
matching, a capability we refer to as fuzzy seed matching.

There are typically two directions for tolerating mismatches (i.e., substitutions and indels)
when finding seed matches: 1) mechanisms that tolerate substitutions at fixed positions [304,
307-309,315,435,436,441,455-457] and 2) mechanisms that tolerate substitutions and indels [310,
419,856]. To our knowledge, our hash-based fuzzy seeding approach (explained in Chapter 4)
is the first work that can efficiently find fuzzy matches that can allow arbitrary mismatches

between seeds.

3.1.1 Spaced Seeds to Tolerate Substitutions

To allow substitutions when matching k-mers, a common approach is to mask certain
characters of k-mers extracted from target and query sequences [304,307-309,315,435,436,441,
455-457]. These masks are used as don’t care characters such that the substitutions that appear
at these positions are ignored. Predefined patterns determine the fixed masking positions for a
given input k-mer. Seeds generated from masked k-mers are known as spaced seeds [315].

Tools such as ZOOM! [308] and SHRIMP2 [309] use spaced seeds to improve sensitivity
when mapping short reads (i.e., llumina paired-end reads). S-conLSH [304, 307] generates
many spaced seeds from each k-mer using different masking patterns to improve the sensitivity
when matching spaced seeds with locality-sensitive hashing techniques. There have been
recent improvements in determining the masking patterns to improve the sensitivity of spaced
seeds [435,436]. However, spaced seeds are limited to tolerating substitutions at certain positions
because these techniques use 1) fixed patterns that allow substitutions only at certain positions
of k-mers and 2) low-collision hashing techniques used for finding only exactly matching spaced

seeds.

3.1.2 Linked k-mers to Tolerate Substitutions and Indels

Linking k-mers aims to allow both substitutions and indels when matching k-mers. A
common approach is to select a few k-mers from an input sequence and link them to use
these linked k-mers as seeds, such as paired-minimizers [419] and strobemers [310, 856] as
Figure 3.1 shows. These approaches can ignore large gaps between the linked k-mers @. For
example, the strobemer technique links @ a subset of selected k-mers of a sequence (e.g., by
finding minimizers of the input sequence) to generate a strobemer sequence @, which is used
as a seed. Strobemers enable masking some characters within sequences without requiring
a fixed pattern, unlike spaced k-mers. This makes strobemers a more sensitive approach for
detecting indels with varying lengths as well as substitutions. However, the nature of the hash
function used in strobemers requires exact matches of all concatenated k-mers in strobemer

sequences when matching seeds. Such an exact match requirement introduces challenges for
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further improving the sensitivity of strobemers for detecting indels and substitutions between

sequences.
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Figure 3.1: A simple example of the strobemers technique with three different input sequences.
Sequences between selected k-mers are ignored to tolerate insertions and deletions. The first
two input sequences generate the same hash values as output after generating their strobemer
seeds even though these input sequences are not exactly matching,.

We find that the existing approaches used for tolerating substitutions and indels require
exact matches of the resulting seeds that these mechanisms generate (i.e., spaced seeds or
strobemer seeds). Due to the limited parameter choices when finding only exactly matching
seeds, the selected seeds either 1) increase the use of the computationally costly steps after
seeding or 2) provide limited sensitivity. In Chapter 4, we explain our mechanism to find fuzzy

seed matches while enabling highly similar seeds to mismatch at arbitrary positions.

3.2 Real-Time Analysis During Sequencing

Our works that can analyze raw nanopore signals without basecalling (as we discuss in
Chapters 5, 6, and 7) aim to provide fast, scalable, accurate, and real-time genome analysis.
There are several prior works that perform real-time analysis using 1) the Sequencing by
Synthesis (SBS) technology with Illumina sequencers [1007-1013], 2) basecallers for nanopore
sequencing data to perform basecalled sequence analysis [369,370, 680,786-790], and 3) raw
nanopore signal analysis without basecalling [138,264-266,290-302]. Specialized hardware
accelerators are commonly employed to perform real-time analysis [138,267-283,297,300-302,
663,669-671,680-684,692,711,721,722].

To show the real-time analysis capabilities of other sequencing technologies, we discuss the
works that can perform real-time analysis using the Sequencing by Synthesis (SBS) technology
with [llumina sequencers [1007-1013] in Section 3.2.1.

We explain the works that perform real-time analysis with basecalling in Section 3.2.2. We
argue these works are not scalable as they rely on computationally costly basecallers.

In Section 3.2.3, we show that there is a large body of recent work that focuses on the
real-time analysis of raw nanopore signals without basecalling. We 1) describe the two prior
works most related to our works we describe in Chapters 5, 6 and 7 and 2) explain the limitations

of these prior works.
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3.2.1 Real-time Analysis with SBS

There are multiple works [1007-1013] that analyze the raw sequencing data that SBS
generates, specifically from Illumina sequencers, by basecalling the raw sequencing data from
SBS followed by read mapping to reduce the overall genome analysis latency. HiLive [1007]
and HiLive2 [1008] perform basecalling after a certain amount of sequencing cycles to enable
accurate basecalling, followed by read mapping. Real-time basecalling and mapping can be used
for many use cases, such as k-mer based taxonomic classification in LiveKraken [1009], variant
calling [1008], molecular diagnosis for rapid treatment [1010], pathogen identification [1011,
1012], and privacy-preserving analysis [1013].

Our works described in Chapters 5, 6, and 7 are different from these works as our works
focus on analyzing raw nanopore sequencing data to exploit the unique opportunities that

nanopore sequencing provides.

3.2.2 Basecalled Real-time Analysis with Nanopore Sequencing

Various works [369,370,680,786—-790] perform real-time basecalling and further analysis
using the raw nanopore signals generated during sequencing. Among these works, Read-
Fish [786], ReadBouncer [680], and RUBRIC [787] perform basecalling followed by read map-
ping. SPUMONI [369] and SPUMONI 2 [370] use basecalled sequences to perform binary
classification between target and non-target species in a sample containing a large collection of
genomes. To achieve this classification with a space-efficient mechanism, these tools utilize the
r-index data structure [379,385,386] for indexing multiple genomes. Coriolis [788] enables per-
forming real-time analysis for metagenomics classification in mobile devices after performing
basecalling.

However, all of these works predominantly rely on GPUs [267, 268, 270, 272-284, 681,
721] for performing real-time basecalling during sequencing due to the high computational
demands of DNN-based basecallers. This reliance presents significant challenges for achieving
scalable, energy-efficient, and portable on-site analysis, particularly in resource-constrained
environments. Additionally, DNN-based basecallers are mainly optimized to use long chunks
of raw nanopore signal produced after a few seconds. Since stopping the sequencing decisions
must made quickly in adaptive sampling (as we discuss in Section 2.1.3.3), using raw signals
generated within a second or less than a second with these basecallers provides less accurate

basecalling and analysis [291,292].
3.2.2.1 Accelerating Basecalling

Basecallers developed for nanopore sequencing mainly use deep neural networks

(DNNs) [267-284] to achieve high accuracy. However, the use of complex deep learning models
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makes basecalling slow and memory-hungry [275, 684]. To accelerate basecalling, various
algorithm-architecture co-design techniques have been proposed [267-283,663,669-671, 680~
684,692,711,721,722]. First, to provide faster and more energy-efficient computations, multiple
works use custom logic design to accelerate the basecalling operations on reconfigurable (i.e.,
FPGAs) or specialized (i.e., ASICs) hardware [269,669-671,683,692]. Second, to perform a large
number of arithmetic operations that are independent of each other (e.g., multiplications of
many single-precision floating point operations), a large body of DNN-based basecallers exploit
the massive parallelism that GPUs provide [267, 268,270, 272-284,681,721]. To optimize these
GPU-based basecallers, various works aim to reduce the unnecessary computations by 1) re-
ducing the DNN parameters and precision [275] or 2) introducing pre-basecalling filters [267].
Third, PIM approaches [663, 682,684, 711] can substantially accelerate DNN operations by
performing 1) analog computation in-memory, 2) minimizing the data movement latency, and

3) exploiting large internal parallelism in memory arrays.

3.2.3 Real-time Raw Nanopore Signal Analysis

A number of works perform real-time genome analysis of raw nanopore signals by utilizing
adaptive sampling [138,264-266,290-302].

SquiggleNet [290], DeepSelectNet [293], and RawMap [298] use machine learning tech-
niques to classify raw nanopore signals to certain species without performing read mapping.
Sigmoni [299] uses a similar strategy used in SPUMONI [369] and SPUMONI 2 [370] for
classification without basecalling.

UNCALLED [292] and Sigmap [291] are the most relevant works to our raw nanopore signal
analysis works (explained in Chapters 5, 6, and 7). These works map raw nanopore signals to a
reference genome without using computationally costly basecallers.

To map raw signals to a reference genome, UNCALLED [292] calculates the probability
of k-mers that each raw signal segment (i.e., event) can represent using a k-mer model that
provides the expected event values for each possible k-mer. UNCALLED identifies the sequence
of matching k-mers between the most probable k-mers of events and a reference genome
using an FM-index [366]. However, as genome size increases, this probabilistic model struggles
to accurately identify matching regions due to the sheer number of potential matches [292].
While UNCALLED remains highly accurate for small genomes (e.g., E. coli and Yeast), its
accuracy declines significantly when applied to larger genomes, such as human genomes (as
we demonstrate in Chapters 5 and 6).

To accurately map raw nanopore signals to genomes larger than Yeast, Sigmap [291]
calculates the Euclidean distance between raw signals and a reference genome after converting

the reference genome into its expected signal representation by using k-mer models. Distance
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calculation enables identifying a segment of raw signals that are close in value to a particular
segment in the reference genome. Identifying segments with a small distance between them can
tolerate noise in raw signals, as a pair raw signal segment generated from the same identical
content does not exactly match due to noise (as we discuss in Section 2.1.3) but expected
to be close in value [291]. To calculate Euclidean distance between signal segments, Sigmap
creates a vector from each n consecutive event values (i.e., n-dimensional vector space) from the
reference genome (i.e., the indexing step) and measures the Euclidean distance between these
vectors and the vectors generated from raw nanopore signals (i.e., the mapping step) using a
k-d tree structure [1014]. While calculating the distance between raw signals and a reference
genome can provide accurate mapping positions, this distance calculation is computationally
expensive and suffers from the curse of dimensionality [1015]. This issue makes it increasingly
difficult to efficiently scale the number of events within a single vector, limiting accuracy for
large genomes. Increasing the dimension of vectors is needed to reduce the number of mapping
positions in the reference genome as the genome size increases, which can substantially impact
the overall runtime and accuracy of mapping.

We find that none of these earlier works can provide accurate and fast analysis for mapping
raw nanopore signals to large genomes such as a human genome in real-time. Our work we
discuss in Chapter 5 provides the first mechanism to map raw nanopore signals in real-time

accurately and quickly to large genomes without basecalling.
3.2.3.1 Accelerating Raw Signal Analysis

To accelerate the costly computations that are commonly used in the raw signal analysis
(e.g., alignment using dynamic time warping [1016]), several works [138,297,300-302] propose
hardware-algorithm co-design. SquiggleFilter [138] provides an ASIC accelerator that quickly
filters non-related raw electrical signals before basecalling for viral detection. HARU [297]
is an FPGA accelerator that accelerates real-time selective genome sequencing on resource-
constrained devices for detecting viral genomes. There are various other works that use
GPUs [300,301] to accelerate raw signal analysis. All of these works mainly focus on accelerating
the costly signal alignment algorithm known as dynamic time warping (DTW).

These works are orthogonal to the works we describe in Chapters 5 and 6, as the alignment
step can be performed separately after quickly and accurately identifying the mapping positions

for a raw signal.



Chapter 4

Tolerating Arbitrary Noise with
Hash-based Fuzzy Seeding

In this chapter, we 1) explain the types of noise we find in seed matching that impact the
sensitivity of sequence analysis and 2) introduce a mechanism that utilizes a noise-tolerant

hashing mechanism to find fuzzy seed matching with single hash value lookups between seeds.

4.1 Background and Motivation

High-throughput sequencing (HTS) technologies have revolutionized the field of genomics
due to their ability to produce millions of nucleotide sequences at a relatively low cost [248].
Although HTS technologies are key enablers of almost all genomics studies [533,814,1017-1020],
HTS technology-provided data comes with two key shortcomings. First, HTS technologies
produce short genome fragments called reads, which cover only a small region of a genome
and contain from around one hundred to a million bases, depending on the technology [248].
Second, HTS technologies can misinterpret signals during sequencing and thus provide reads
that contain sequencing errors [1021]. The average frequency of sequencing errors in a read
highly varies from 0.1% up to 15% depending on the HTS technology [255, 1022-1025]. To
address the shortcomings of HTS technologies, various computational approaches must be
taken to process the reads into meaningful information accurately and efficiently. These include
1) read mapping [305,306,502,503,1026], 2) de novo assembly [505,506,1027], 3) read classification
in metagenomic studies [571,572,1028], 4) correcting sequencing errors [257,285,1029].

At the core of these computational approaches, identifying sequence similarities through
seed matching is essential to overcome the limitations of HTS technologies. However, identify-
ing the similarities across all pairs of sequences is not practical due to the costly algorithms

used to calculate the distance between two sequences, such as sequence alignment algorithms

47



4.1. BACKGROUND AND MOTIVATION 48

using dynamic programming (DP) approaches [258,261]. To practically identify similarities, it
is essential to avoid calculating the distance between dissimilar sequence pairs. A common
heuristic is to find matching short sequence segments, called seeds, between sequence pairs
by using a hash table [2,265,266,304-361]. Sequences that have no or few seed matches are
quickly filtered out from performing costly sequence alignment. There are several techniques
that generate seeds from sequences, known as seeding techniques. To find the matching seeds
efficiently, a common approach is to match the hash values of seeds with a single lookup using
a hash table that contains the hash values of all seeds of interest. The use of seeds drastically
reduces the search space from all possible sequence pairs to similar sequence pairs to facilitate

efficient distance calculations over many sequence pairs [415,423,854].

4.1.1 Motivation: Need for Tolerating Arbitrary Noise in Seeding

To our knowledge, there is no work that can efficiently find fuzzy matches of seeds without
requiring 1) exact matches of all k-mers (i.e., any k-mer can mismatch) and 2) imposing high
performance and memory space overheads. In this work, we observe that existing works
have such a limitation mainly because they employ hash functions with low-collision rates
when generating the hash values of seeds. Although it is important to reduce the collision
rate for assigning different hash values for dissimilar seeds for accuracy and performance
reasons, the choice of hash functions also makes it unlikely to assign the same hash value for
similar seeds. Thus, seeds must exactly match to find matches between sequences with a single
lookup. Mitigating this exact-matching requirement allows similar seeds to share the same
hash value, significantly improving performance and sensitivity. This enables applications to

tolerate substitutions and indels at arbitrary positions when matching seeds.

4.1.2 Overview of Fuzzy Seed Matching in BLEND

Our goal in this work is to enable finding fuzzy matches of seeds as well as exactly matching
seeds between sequences (e.g., reads) with a single lookup of hash values of these seeds. To
this end, we propose BLEND, the first efficient and accurate mechanism that can identify
both exactly matching and highly similar seeds with a single lookup of their hash values.
The key idea in BLEND is to assign the same hash value to highly similar seeds. To achieve
this, BLEND 1) leverages the SimHash technique [433,434], and 2) introduces mechanisms
that adapt hash-based seeding techniques to SimHash for finding fuzzy seed matches with a
single hash lookup. This provides us with two key benefits. First, BLEND can generate the
same hash value for highly similar seeds without imposing exact matches of seeds, unlike
existing seeding mechanisms that use hash functions with low-collision rates. Second, BLEND
enables finding fuzzy seed matches with a single lookup of a hash value rather than 1) using

various permutations to find the longest prefix matches [1030] or 2) matching many hash values
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for calculating costly similarity scores (e.g., Jaccard similarity [1031]) that the conventional
locality-sensitive hashing-based methods use, such as MHAP [416] or S-conLSH [304, 307].
These two ideas ensure that BLEND can efficiently find both 1) all exactly matching seeds that
a seeding technique finds using a conventional hash function with a low-collision rate and
2) approximate seed matches that these conventional hashing mechanisms cannot find with a
single lookup of a hash value.

Figure 4.1 shows two examples of how BLEND can replace the conventional hash functions
that the seeding techniques use. The key challenge is to accurately and efficiently define the
vector items derived from seeds for the SimHash technique. To address this, BLEND provides
two mechanisms for converting seeds into vectors of items: 1) BLEND-I and 2) BLEND-S. To
perform a sensitive detection of substitutions, BLEND-I uses all overlapping smaller k-mers of a
potential seed sequence as the items of a vector for generating the hash value with SimHash. To
allow mismatches between the linked k-mers that strobemers and similar seeding mechanisms
use, BLEND-S uses only the linked k-mers as the vector with SimHash. We envision that BLEND
can be integrated with any seeding technique that uses hash values for matching seeds with a
single lookup by replacing their hash function with BLEND and using the proper mechanism

for converting seeds into a vector of items.
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Figure 4.1: Replacing the hash functions in seeding techniques with BLEND.
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4.1.3 Overview of Experimental Studies

Using erroneous (ONT and PacBio CLR), highly accurate (PacBio HiFi), and short (Illumina)
reads, we experimentally show the benefits of BLEND on two important applications in ge-
nomics: 1) read overlapping and 2) read mapping. First, read overlapping identifies overlaps
between all pairs of reads based on seed matches. These overlaps are crucial for generating
assemblies of the sequenced genome [305, 1032]. We compare BLEND with minimap2 and
MHAP by finding overlapping reads. We then generate the assemblies from the overlapping
reads to compare the qualities of these assemblies. Second, read mapping uses seeds to find
similar portions between a reference genome and a read before performing the read alignment.
Aligning a read to a reference genome shows the edit operations (i.e., match, substitution,
insertion, and deletions) to make the read identical to the portion of the reference genome,
which is useful for downstream analysis (e.g., variant calling [1033]). We compare BLEND
with minimap2, LRA [311], Winnowmap2, S-conLSH, and Strobealign by mapping long and
paired-end short reads to their reference genomes. We evaluate the impact of long read mapping
on downstream analysis by identifying structural variants (SVs) and assessing their detection

accuracy.

4.2 BLEND Mechanism

We propose BLEND, a mechanism that efficiently finds highly similar (fuzzy) seed matches
using a single hash value lookup. BLEND allows for assigning identical hash values to highly
similar seeds and integrates with hash-based seeding approaches (e.g., minimizers or strobemers)
to find fuzzy seed matches with a single lookup.

Figure 4.2 shows the overview of steps to find fuzzy seed matches with a single lookup in
three steps. First, BLEND starts with converting the input sequence it receives from a seeding
technique (e.g., a strobemer sequence in Figure 4.1) to its vector representation as the SimHash
technique generates the hash value of the vector using its items @. To enable effective and
efficient integration of seeds with the SimHash technique, BLEND proposes two mechanisms
for identifying the items of the vector of the input sequence: 1) BLEND-I and 2) BLEND-S. Second,
after identifying the items of the vector, BLEND uses this vector with the SimHash technique
to generate the hash value for the input sequence @. BLEND uses the SimHash technique as
it allows for generating the same hash value for highly similar vectors. Third, BLEND uses
the hash tables with the hash values it generates to enable finding fuzzy seed matches with a

single lookup of their hash values @.
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Figure 4.2: Overview of BLEND. @ BLEND uses BLEND-I or BLEND-S for converting a sequence
into its vector of items. @ BLEND generates the hash value of the input sequence using its
vector of items with the SimHash technique. @ BLEND uses hash tables for finding fuzzy seed
matches with a single lookup of the hash values that BLEND generates.

4.2.1 Sequence to vector Conversion

Our goal is to convert the input sequences that BLEND receives from any seeding technique
(Figure 4.1) to their proper vector representations so that BLEND can use the items of vectors for
generating the hash values of input sequences with the SimHash technique. To achieve effective
and efficient conversion of sequences into their vector representations in different scenarios,
BLEND provides two mechanisms: 1) BLEND-I and 2) BLEND-S, as we show in Figures 4.3
and 4.4, respectively.

The goal of the first mechanism, BLEND-I, is to provide high sensitivity for a single character
change in the input sequences that seeding mechanisms provide when generating their hash
values such that two sequences are likely to have the same hash value if they differ by a few
characters. BLEND-I has three steps. First, BLEND-I extracts all the overlapping k-mers of an
input sequence, as shown in Figure 4.3. For simplicity, we use the neighbors term to refer to
all the k-mers that BLEND-I extracts from an input sequence. Second, BLEND-I generates the
hash values of these k-mers using any hash function. Third, BLEND-I uses the hash values of
the k-mers as the vector items of the input sequence for SimHash. Although BLEND-I can be
integrated with any seeding mechanism, we integrate it with the minimizer seeding mechanism,
as shown in Figure 4.1 as proof of work.

The goal of the second mechanism, BLEND-S, is to allow indels and substitutions when
matching the sequences such that two sequences are likely to have the same hash value if
these sequences differ by a few k-mers. BLEND-S has three steps. First, BLEND-S uses only the
selected k-mers that the strobemer-like seeding mechanisms find and link [310] as neighbors,
as shown in Figure 4.4. BLEND-S allows for mismatches between linked k-mers in strobemer
sequences because a single character difference does not propagate to other linked k-mers.

This is unlike BLEND-I, where a single character difference affects multiple overlapping k-mers.
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Figure 4.3: Overview of BLEND-I. BLEND-I uses the hash values of all the overlapping k-mers of
an input sequence as the vector items.

To ensure the correctness of strobemer seeds when matching them based on their hash values,
BLEND-S uses only the selected k-mers from the same strand. Second, BLEND-S generates the
hash values of these linked k-mers using any hash function. Third, BLEND-S uses the hash

values of all such selected k-mers as the vector items of the input sequence for SimHash.
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Figure 4.4: Overview of BLEND-S. BLEND-S uses the hash values of only the k-mers selected by
the strobemer seeding mechanism.

4.2.2 Integrating the SimHash Technique

Our goal is to enable efficient comparisons of equivalence or high similarity between
seeds with a single lookup by generating the same hash value for highly similar or equivalent
seeds. To enable generating the same hash value for these seeds, BLEND uses the SimHash
technique [433]. The SimHash technique takes a vector of items and generates a hash value for
the vector using its items. The key benefit of the SimHash technique is that it allows generating
the same hash value for highly similar vectors while enabling any arbitrary items to mismatch
between vectors. To exploit the key benefit of the SimHash technique, BLEND efficiently and
effectively integrates the SimHash technique with the vector items that BLEND-I or BLEND-S
determine. BLEND uses these vector items for generating the hash values of seeds such that
highly similar seeds can have the same hash value to enable finding fuzzy seed matches with a

single lookup of their hash values.
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BLEND employs the SimHash technique in three steps: 1) encoding the input vector items
as bit vectors, 2) performing additions for the bit vector, resulting in a counter vector, and
3) decoding the counter vector to generate the hash value for the input vector that BLEND-I
or BLEND-S determine, as we show in Figure 4.5. To enable efficient computations between
vectors, BLEND uses SIMD operations when performing all these three steps. We provide the

details of our SIMD implementation in Section 4.2.3.
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Figure 4.5: The overview of the steps in the SimHash technique for calculating the hash value
of a given vector of items. The vector items are the hash values represented in their binary
form. Binary to Vector Encoding converts these vector items to their corresponding bit vector
representations. Sum performs the vector additions and stores the result in a separate vector
that we call the counter vector. Decoding generates the hash value of the vector based on the
values in the counter vector. BLEND uses SIMD operations for these three steps, as indicated by
SIMD. We highlight in red how 0 bits are converted and propagated in the SimHash technique.

First, the goal of the binary to vector encoding step is to transform all the hash values of
vector items from the binary form into their corresponding bit vector representations so that
BLEND can efficiently perform the bitwise arithmetic operations that the SimHash technique
uses in the vector space. For each hash value in the vector item, the encoding can be done in
two steps. The first step creates a bit vector with n elements corresponding to an n-bit hash
value. Initially, all elements in the bit vector are set to 1. For each bit position t of the hash
value, the second step assigns -1 to the t'h element in the bit vector if the bit at position ¢ is 0,
as we highlight in Figure 4.5 with red colors of 0 bits and their corresponding -1 values in the
vector space. For each hash value in vector items, the resulting bit vector includes 1 for the
positions where the corresponding bit of a hash value is 1 and -1 for the positions where the
bit is 0.

Second, the goal of the vector addition operation is to determine the bit positions where
the number of 1 bits is greater than the number of 0 bits among the vector items, which we
call determining the majority bits. The key insight in determining these majority bits is that
highly similar vectors are likely to result in similar majority results because a few differences
between two similar vectors are unlikely to change the majority bits at each position, given that

there is a sufficiently large number of items involved in this majority calculation. To efficiently
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determine the majority of bits at each position, BLEND counts the number of 1 and 0 bits at a
position by using the bit vectors it generates in the vector encoding step, as shown with the
addition step (Sum) in Figure 4.5. The vector addition step adds +1 or -1 values between bit
vector elements and stores the results in a separate counter vector. The values in this counter
vector show the majority of bits at each position of the vector items. Since BLEND assigns -1
for 0 bits and 1 for 1 bits, the majority of bits at a position is either 1) 1 if the corresponding
value in the counter vector is greater than 0 or 2) 0 if the values are less than or equal to 0.
Third, to generate the hash value of a vector, BLEND uses the majority of bits that it
determines by calculating the counter vector. To this end, BLEND decodes the counter vector
into a hash value in its binary form, as shown in Figure 4.5 with the decoding step. The decoding
operation is a simple conditional operation where each bit of the final hash value is determined
based on its corresponding value at the same position in the counter vector. BLEND assigns
the bit either 1) 1 if the value at the corresponding position of the counter vector is greater
than 0 or 2) 0 if otherwise. Thus, each bit of the final hash value shows the majority voting
result of input vector items of a seed. We use this final hash value for the input sequence
that the seeding techniques provide because highly similar sequences are likely to have many
characters or k-mers in common, which essentially leads to generating similar vector items by
using BLEND-I or BLEND-S. Properly identifying the vector items of similar sequences enables
BLEND to find similar majority voting results with the SimHash technique, which can lead
to generating the same final hash value for similar sequences. This enables BLEND to find
fuzzy seed matches with a single lookup using these hash values. We provide a step-by-step
example of generating the hash values for two different seeds in Supplementary Section S4.1

and Supplementary Tables S4.1- S4.8.

4.2.3 SIMD Implementation of the SimHash Technique

Figure 4.6 shows the high-level execution flow when calculating the hash value of a seed
from its vector items that BLEND-I or BLEND-S identifies, as explained in Sections 4.2.1 and 4.2.2.
To efficiently perform the bitwise operations in the SimHash technique, BLEND utilizes the
SIMD operations in three steps.

First, for each hash value in vector items, BLEND creates its corresponding mask using
the movemask_inverse function, as shown in @. For each bit position ¢ of the hash value, the
movemask_inverse function assigns the bit at position ¢ of the hash value to the bit position
t+8+7 of a 256-bit SIMD register (i.e., the most significant bit positions of each 8-bit block), which
BLEND uses it as a mask in the next steps. We assume 0-based indexing and the mask register
is initially 0. Figure 4.7 shows how each bit in hash value propagates to the mask register in @.

The movemask_inverse is an in-house implementation that performs the reverse behavior of
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Figure 4.6: SIMD execution flow when generating the hash value of a seed from its vector
items that BLEND-I or BLEND-S identifies. Colors highlight the propagation of bits and values
to the outputs of functions.

the _mm256_movemask_epi8! SIMD function. Our function efficiently utilizes several other
SIMD functions to perform the reverse behavior of _mm256_movemask_epi8.

Second, for each mask created in the first step, BLEND updates the values in the counter
vector (explained in Section 4.2.2), as shown in @. To encode the hash value into its bit
vector representation, BLEND uses the _mm256_blendv_epi82 SIMD function with 1) the mask
register BLEND creates in the first step, 2) two 256-bit wide SIMD registers that include 32x
8-bit integers. For the first register, all 8-bit values are initialized to 1, and for the second register,
all 8-bit values are initialized to -1. The _mm256_blendv_epi8 function generates a new 256-bit
register with 8-bit integers where each 8-bit block is copied from either the first or the second
register based on the most significant value in the mask register. If the most significant value in
the mask register is 0, the corresponding 8-bit block in the first register is copied. Otherwise, the
8-bit block in the second register is copied. We show in detail how the values in these registers
propagate to the resulting 256-bit register in Figure 4.7 in @. BLEND, then, performs addition
using the _mm256_adds_epi83 function between the register that the _mm256_blendv_epi8

Ihttps://software.intel.com/sites/landingpage/IntrinsicsGuide/#text=_mm256_movemask_epi8
&ig_expand=4874

Zhttps://software.intel.com/sites/landingpage/IntrinsicsGuide/#text=_mm256_blendv_epi8&i
g_expand=515

3https://software.intel.com/sites/landingpage/IntrinsicsGuide/#text=_mm256_adds_epi8&ig_
expand=220
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Figure 4.7: Details of the movemask_inverse and _mm256_blendv_epi8 executions. Colors and
arrows highlight the propagation of bits and values to the outputs of functions.

function generates and the 256-bit counter vector that includes 32x 8-bit integers. We assume
that all the 8-bit values in the counter vector are initially 0. BLEND keeps updating the counter
vector as it iterates through the vector items (i.e., hash values). The resulting value is written
back to the counter vector to use it in the next iterations with the next vector item. We note
that the current design encodes 1 bits as -1 and 0 bits as 1, which is the opposite case of our
explanation in Section 4.2.2. Although we perform our encoding in an opposite way, BLEND
generates the final hash values as originally explained. The reason for such a design change is
due to the behavior of the function we use in the third step.

Third, BLEND converts the final result in the counter vector to its corresponding 32-bit hash
value of a vector (explained in the decoding step of Section 4.2.2), as shown in @. BLEND uses
the _mm256_movemask_epi8 function that takes a 256-bit register of 8-bit blocks and assigns
the corresponding bit accordingly in a 32-bit value. The behavior of this function is essentially
the reverse behavior of the movemask_inverse function that we explain in the first step (i.e.,
reversing the arrows in Figure 4.7 @ can simulate the _mm256_movemask_epi8 function). Thus,
it assigns 1 to the bit position ¢t of a hash value if the bit at position ¢ * 8 + 7 (i.e., the most
significant bit of an 8-bit integer) is 1. Since the most significant is 1 only for the negative values
according to the signed integer value convention, this function creates the opposite behavior of
our decoding step we explain in Section 4.2.2. We resolve this issue by performing the encoding
in an opposite way in the second step, where the resulting counter vector includes negative
values when the majority of bits at a bit position is 1. Thus, the final hash value contains the
same bits as explained in our main paper.

Although we omit the details here, BLEND avoids performing redundant computations

when calculating the hash values of each input sequence, as the vector items between each of
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these input sequences are likely to be shared. For example, minimap2 generates a hash value for
each k-mer in a sequence and selects the k-mer with the minimum hash value in a window of
k-mers as the minimizer. Assuming that the vector items of each k-mer are l-mers, each k-mer
differs by two l-mers at most with its next overlapping k-mer: one different l-mer contains
the leading character of the first k-mer, and the other contains the trailing character of the
next k-mer. Since there are two 1-mer changes at most, BLEND calculates only the difference
between subsequent k-mers. Thus, BLEND keeps a buffer in a first-in, first-out fashion such
that the corresponding encoded hash value of the 1-mer that is missing in the next k-mer is
subtracted from the counter vector and popped from the queue while performing an addition
only for the 1-mer that is missing from the previous k-mer and pushing it into the queue.

We perform our operations on 256-bit wide SIMD registers. BLEND works on 8-bit integer
blocks assigned for each bit in a hash value. Since our registers are 256-bit wide, BLEND uses
32-bit hash values when calculating the SimHash value of a seed. Our implementation allows
working on up to 64-bit hash values by dividing the most and least significant 32 bits into two
32-bit hash values. Each 32-bit hash value can independently follow the three steps we show
in Figure 4.6, and the final 64-bit value can be generated by the shift operations between the
final 32-bit hash values. Although our approach is scalable to allow hash values with a larger
number of bits, the current implementation does not support such flexible scaling and works

on up to 64-bits.

4.2.4 Using a Hash Table for Quick Fuzzy Seed Matching

Our goal is to enable an efficient lookup of the hash values of seeds to find fuzzy seed
matches with a single lookup. To this end, BLEND uses hash tables in two steps. First, BLEND
stores the hash values of all the seeds of target sequences (e.g., a reference genome) in a hash
table, usually known as the indexing step. Keys of the hash table are hash values of seeds,
and the value that a key returns is a list of metadata information (i.e., seed length, position
in the target sequence, and the unique name of the target sequence). BLEND keeps minimal
metadata information for each seed sufficient to locate seeds in target sequences. Since similar
or equivalent seeds can share the same hash value, BLEND stores these seeds using the same
hash value in the hash table. Thus, a query to the hash table returns all fuzzy seed matches
with the same hash value.

Second, BLEND iterates over all query sequences (e.g., reads) and uses the hash table from
the indexing step to find fuzzy seed matches between query and target sequences. The query
to the hash table returns the list of seeds of the target sequences that have the same hash value
as the seed of a query sequence. Thus, the list of seeds that the hash table returns is the list of

fuzzy seed matches for a seed of a query sequence as they share the same hash value. BLEND
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can find fuzzy seed matches with a single lookup using the hash values it generates for the
seeds from both query and target sequences.

BLEND finds fuzzy seed matches mainly for two important genomics applications: read
overlapping and read mapping. For these applications, BLEND stores all the list of fuzzy seed
matches between query and target sequences to perform chaining among fuzzy seed matches
that fall in the same target sequence (overlapping reads) optionally, followed by alignment

(read mapping) as described in minimap2 [306].

4.3 Results

4.3.1 Evaluation Methodology

We replace the mechanism in minimap2 that generates hash values for seeds with BLEND
to find fuzzy seed matches when performing end-to-end read overlapping and read mapping.
We also incorporate the BLEND-I and BLEND-S mechanisms in the implementation and provide
the user to choose either of these mechanisms when using BLEND. We provide a set of de-
fault parameters we optimize based on sequencing technology and the application to perform
(e.g., read overlapping). We explain the details of the BLEND parameters in Supplementary
Table S4.15 and the parameter configurations we use for each tool and dataset in Supplementary
Tables S4.16 and S4.17. We determine these default parameters empirically by testing the per-
formance and accuracy of BLEND with different values for some parameters (i.e., k-mer length,
number of k-mers to include in a seed, and the window length) as shown in Supplementary
Table S4.12. We show the trade-offs between the seeding mechanisms BLEND-I and BLEND-S in
Supplementary Figures S4.1 and S4.2 and Supplementary Tables S4.9 - S4.11 regarding their
performance and accuracy.

For our evaluation, we use real and simulated read datasets as well as their corresponding
reference genomes. We list the details of these datasets in Table 4.1. To evaluate BLEND in
several common scenarios in read overlapping and read mapping, we classify our datasets into
three categories: 1) highly accurate long reads (i.e., PacBio HiFi), 2) erroneous long reads (i.e.,
PacBio CLR and Oxford Nanopore Technologies), and 3) short reads (i.e., lllumina). We use
PBSIM2 [1034] to simulate the erroneous PacBio and Oxford Nanopore Technologies (ONT)
reads from the Yeast genome. To use realistic depth of coverage, we use SeqKit [1035] to
down-sample the original E. coli, and D. ananassae reads to 100x and 50X sequencing depth of
coverage, respectively.

We evaluate BLEND based on two use cases: 1) read overlapping and 2) read mapping to a
reference genome. For read overlapping, we perform all-vs-all overlapping to find all pairs of
overlapping reads within the same dataset (i.e., the target and query sequences are the same set

of sequences). To calculate the overlap statistics, we report the overall number of overlaps, the
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Table 4.1: Details of datasets used in evaluation.

Organism Library Reads (#) Seq. SRA Reference
Depth Accession Genome

Human CHM13 PacBio HiFi 3,167,477 16 SRR11292122-3 T2T-CHM13 (v1.1)
ONT* 10,380,693 30 Simulated R9.5 T2T-CHM13 (v2.0)

Human HG002 PacBio HiFi 11,714,594 52 SRR10382244-9 GRCh37

D. ananassae PacBio HiFi 1,195,370 50 SRR11442117 [1036]

Yeast PacBio CLR* 270,849 200 Simulated P6-C4 GCA_000146045.2
ONT* 135,296 100 Simulated R9.5 GCA_000146045.2
[lumina MiSeq 3,318,467 80 ERR1938683 GCA_000146045.2

E. coli PacBio HiFi 38,703 100 SRR11434954 [1036]
PacBio CLR 76,279 112 SRR1509640 GCA_000732965.1

* We use PBSIM2 to generate the simulated PacBio and ONT reads.
We show the simulated chemistry under the SRA Accession column.

average length of overlaps, and the number of seed matches per overlap. To evaluate the quality
of overlapping reads based on the accuracy of the assemblies we generate from overlaps, we use
miniasm [305]. We use miniasm because it does not perform error correction when generating
de novo assemblies, which allows us to directly assess the quality of overlaps without using
additional approaches that externally improve the accuracy of assemblies. We use mhap2paf . pl
package as provided by miniasm to convert the output of MHAP to the format miniasm requires
(i.e., PAF). We use QUAST [1037] to measure statistics related to the contiguity, length, and
accuracy of de novo assemblies, such as the overall assembly length, largest contig, NG50, and
NGAS5O statistics (i.e., statistics related to the length of the shortest contig at the half of the
overall reference genome length), k-mer completeness (i.e., amount of shared k-mers between
the reference genome and an assembly), number of mismatches per 100Kb, and GC content
(i.e., the ratio of G and C bases in an assembly). We use dnadiff [362] to measure the accuracy
of de novo assemblies based on 1) the average identity of an assembly when compared to its
reference genome and 2) the fraction of overall bases in a reference genome that align to a given
assembly (i.e., genome fraction). We compare BLEND to minimap2 [306] and MHAP [416] for
read overlapping. For human genomes, MHAP either 1) requires more memory than available
in our system (i.e., 1TB) or 2) produces an output so large that miniasm cannot generate the
assembly due to memory constraints.

For read mapping, we map all reads in a dataset (i.e., query sequences) to their corresponding
reference genome (i.e., target sequence). We evaluate read mapping in terms of accuracy, quality,

and the effect of read mapping on downstream analysis by calling structural variants. We
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compare BLEND with minimap2, LRA [311], Winnowmap?2 [413,1005], S-conLSH [304,307],
and Strobealign [856]. We do not evaluate 1) LRA, Winnowmap2, and S-conLSH for short
reads as these tools do not support mapping paired-end short reads, 2) Strobealign for long
reads as it is a short read aligner, 3) S-conLSH for the D. ananassae as S-conLSH crashes due
to a segmentation fault when mapping reads to the D. ananassae reference genome, and 4) S-
conLSH for mapping HG002 reads as its output cannot be converted into a sorted BAM file,
which is required for variant calling. We do not evaluate the read mapping accuracy of LRA
and S-conLSH because 1) LRA generates a CIGAR string with characters that the paftools
mapeval tool cannot parse to calculate alignment positions, and 2) S-conLSH due to its poor
accuracy results we observe in our preliminary analysis.

Read mapping accuracy. We measure 1) the overall read mapping error rate and 2) the
distribution of the read mapping error rate with respect to the fraction of mapped reads. To
generate these results, we use the tools in paftools provided by minimap2 in two steps. First,
the paftools pbsim2fq tool annotates the read IDs with their true mapping information that
PBSIM2 generates. The paftools mapeval tool calculates the error rate of read mapping tools
by comparing the mapping regions that the read mapping tools find with their true mapping
regions annotated in read IDs. The error rate shows the ratio of reads mapped to incorrect
regions over the entire mapped reads.

Read mapping quality. We measure 1) the breadth of coverage (i.e., percentage of bases
in a reference genome covered by at least one read), 2) the average depth of coverage (i.e.,
the average number of read alignments per base in a reference genome), 3) mapping rate (i.e.,
number of aligned reads) and 4) rate of properly paired reads for paired-end mapping. To
measure the breadth and depth of coverage of read mapping, we use BEDTools [1038] and
Mosdepth [1039], respectively. To measure the mapping rate and properly paired reads, we use
BAMUil [1040].

Downstream analysis. We use sniffles2 [534,1041] to call structural variants (SVs) from
the HG002 long read mappings. We use Truvari [1042] to compare the resulting SVs with
the benchmarking SV set (i.e., the Tier 1 set) released by the Genome in a Bottle (GIAB)
consortium [1043] in terms of their true positives (TP), false positives (FP), false negatives (FN),
precision (P = TP/(TP + FP)), recall (R = TP/(TP + FN)) and the F; scores (F; = 2X (P X R)/(P + R)).
False positives show the number of the called SVs missing in the benchmarking set. False
negatives show the number of SVs in the benchmarking set missing from the called SV set.
The Tier 1 set includes 12,745 sequence-resolved SVs that include the PASS filter tag. GIAB
provides the high-confidence regions of these SVs with low errors. We follow the benchmarking
strategy that GIAB suggests [1043], where we compare the SVs with the PASS filter tag within
the high-confidence regions.
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For both use cases, we use the time command in Linux to evaluate the performance and
peak memory footprints. We provide the average speedups and memory overhead of BLEND
compared to each tool, while dataset-specific results are shown in our corresponding figures.
When applicable, we use the default parameters of all the tools suggested for certain use cases
and sequencing technologies (e.g., mapping HiFi reads in minimap2). Since minimap2 and
MHAP do not provide default parameters for read overlapping using HiFi reads, we use the
parameters that HiCanu [507] uses for overlapping HiFi reads with minimap2 and MHAP. We
provide the details regarding the parameters and versions we use for each tool in Supplementary
Tables S4.16, S4.17, and S4.14. When applicable in read overlapping, we use the same window
and the seed length parameters that BLEND uses in minimap2 and show the performance
and accuracy results in Supplementary Figure S4.3 and Supplementary Table S4.13. For read

mapping, the comparable default parameters in BLEND are already the same as in minimap2.

4.3.2 Empirical Analysis of Fuzzy Seed Matching

We evaluate the effectiveness of fuzzy seed matching by identifying non-identical seeds
that share the same hash value (i.e., collisions) using both the low-collision hash function of

minimap2 (hash64) and BLEND.
4.3.2.1 Finding minimizer collisions.

Our goal is to evaluate the effects of using a low-collision hash function and the BLEND
mechanism on hash collisions between non-identical minimizers. We find minimizers using
1) the low collision hash function that minimap2 uses (i.e., hash64) and 2) the SimHash tech-
nique [433,434] we use in BLEND. For BLEND, we use the BLEND-I technique to directly
compare the minimizers found using BLEND and minimap2. We keep the seed length constant,
16. For BLEND, we use various numbers of immediately overlapping k-mers that BLEND
extracts from seed sequences (i.e., neighbors), as explained in Section 4.2.1. To keep the seed
length (|S|) constant with a varying number of neighbors (n), we calculate the k-mer length (k)
we extract from seeds as follows: |S| = n + k — 1 where |S| and n are known. For each tool and
configuration, we report the overall number of minimizers we find, the number of minimizer
pairs that generate the same hash value (i.e., collision), the ratio of collisions to all minimizers,
and the average edit distance between the minimizer pairs that have the same hash value.
We make our resulting dataset that includes the statistics shown in Figure 4.8 and Table 4.2
available at Zenodo?.

Table 4.2 shows the overall statistics of the fuzzy seed matching, and Figure 4.8 shows
the edit distance between non-identical seeds with hash collision when using minimap2 and

BLEND. We make three key observations. First, BLEND significantly increases the ratio of hash

4https://doi.org/10.5281/zenodo.7317896
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Table 4.2: Fuzzy seed matching statistics of minimizer seeds that we find using minimap2 and
BLEND. The number of overlapping k-mers that BLEND extracts from seed sequences (i.e.,
neighbors or n) are annotated as BLEND-n

Tool Number of Number of Collision/Minimizer Avg. Edit Distance
Minimizers Collisions Ratio Between Minimizers

With Collision

minimap2 903,043 15,306 0.016949 9.327061
BLEND-3 1,014,173 18,224 0.017969 9.393437
BLEND-5 1,090,468 20,659 0.018945 9.213660
BLEND-7 1,140,254 23,591 0.020689 8.874698
BLEND-9 1,173,198 28,411 0.024217 8.495301
BLEND-11 1,186,687 35,500 0.029915 8.067549
BLEND-13 1,197,966 72,078 0.060167 8.075918

collisions between highly similar minimizer pairs (e.g., edit distance less than 3) compared
to using a low-collision hash function in minimap2. This result shows that BLEND favors
increasing the collisions for highly similar seeds (i.e., fuzzy seed matching) than uniformly
increasing the number of collisions by keeping the same ratio across all edit distance values.
Second, the number of collisions that minimap2 and BLEND find are similar to each other for
the minimizer pairs that have a large edit distance between them (e.g., larger than 6). The only
exception to this observation is BLEND-13, which substantially increases all collisions for any
edit distance due to using many small k-mers (i.e., thirteen 4-mers) when generating the hash
values of 16-character long seeds. We note that the number of collisions is significantly higher
when the edit distance between minimizers is 2 compared to the collisions with edit distance 1.
We argue that this may be due to the distribution of the edit distances between minimizer pairs
where there may be significantly a large number of minimizer pairs with edit distance 2 than
1. Third, increasing the number of neighbors can effectively reduce the average edit distance
between fuzzy seed matches with the cost of increasing the overall number of minimizer seeds,
as shown in Table 4.2. We conclude that BLEND can effectively find highly similar seeds with
the same hash value as it increases the ratio of collisions between similar seeds while providing

a collision ratio similar to minimap2 for dissimilar seeds.
4.3.2.2 Identifying similar sequences.

Our goal is to find non-identical k-mer matches with the same hash value (i.e., fuzzy k-mer
matches) between highly similar sequence pairs. To this end, we prepare a dataset that includes
25-character long sequences in four steps. First, we extract 25-character long non-overlapping
sequences from the E. coli reference genome [1036] shown in Table 4.1, which we call sampled

sequences for simplicity. To evenly sample these sequences, each sampled sequence is separated
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Figure 4.8: Fuzzy seed matching statistics. Collision count shows the number of non-identical
seeds that generate the same hash value and the edit distance between these sequences. Ratio
is the proportion of collisions between non-identical sequences at a certain edit distance over
all collisions. BLEND-n shows the number of neighbors (n) that BLEND uses.

by 75 characters from the previous sampled sequence. Second, our goal is to find all sequences
in the reference genome that are similar and non-identical to the sampled sequences. To
achieve this, we use bowtie [365] and find all sequences in the E. coli reference genome that
the sampled sequences align with at least one mismatch and, at most, three mismatches (i.e., at
least ~ 88% similarity). Third, we extract the sequences from the reference regions that the
sampled sequences align, which we call aligned sequences. Fourth, we prepare our dataset that
contains 1,077 FASTA files and 4,130 25-character long sequences overall. Each FASTA file
includes 1) a sampled sequence that has at least one alignment in the reference genome based
on our mismatching criteria and 2) all aligned sequences that the sampled sequence is aligned
to.

To find the non-identical k-mers with the same hash value in each FASTA file, we gener-
ate the hash values of all overlapping 16-mers of all sequences in a FASTA file. We use the
low-collision hash function that minimap2 uses (i.e., hash64) and the BLEND-I technique in
BLEND to generate these hash values. For BLEND, we use various numbers of neighbors
when generating the hash values of 16-mers (see Section 4.3.2.1 for the relation between the
number of neighbors and the seed length, which is 16 in our evaluation). In Table 4.3, we
report the number of sequences in our dataset, the number of sequences that have at least one
non-identical k-mer pair with the same hash value (i.e., collisions), the ratio of collisions to
the overall number of sequences, and the average edit distance between k-mers with collision.

We make our dataset available at Zenodo®, which includes 1,077 FASTA files and the resulting

Shttps://doi.org/10.5281/zenodo.7319786
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files that we generate the numbers we show in Table 4.3. These resulting files include the
non-identical k-mers with the same hash value, the sequence pairs that we extract these k-mers
from, and the edit distances with these k-mers.

Table 4.3: Fuzzy k-mer matching statistics of sequences that we find using minimap2 and

BLEND. The number of overlapping k-mers that BLEND extracts from seed sequences (i.e.,
neighbors or n) are annotated as BLEND-n

Tool Number of Number of Sequences Collision/Sequence Avg. Edit Distance
Sequences with Collision Ratio  Between K-mers

With Collision

minimap2 4,130 0 0 N/A
BLEND-3 4,130 0 0 N/A
BLEND-5 4,130 11 0.00263663 1.45455
BLEND-7 4,130 50 0.0119847 1.5
BLEND-9 4,130 77 0.0184564 2.01299
BLEND-11 4,130 273 0.0654362 2.80952
BLEND-13 4,130 329 0.0788591 2.20669

Table 4.3 shows the number and portion of similar sequence pairs that we can find using
only fuzzy k-mer matches. We make two key observations. First, BLEND is the only mechanism
that can identify similar sequences from their fuzzy k-mer matches since low-collision hash
functions cannot increase the collision rates for high similarity matches. Second, BLEND can
identify a larger number of similar sequence pairs with an increasing number of neighbors.
For the number of neighbors larger than 5, the percentage of these similar sequence pairs that
BLEND can identify ranges from 1.2% to 7.9% of the overall number of sequences we use in
our dataset. We conclude that BLEND enables finding similar sequence pairs from fuzzy k-mer

matches that low-collision hash functions cannot find.

4.3.3 Use Case 1: Read Overlapping

4.3.3.1 Performance.

Figure 4.9 shows the CPU time and peak memory footprint comparisons for read overlapping.
We make the following five observations. First, BLEND provides an average speedup of 19.3x
and 808.2x while reducing the memory footprint by 3.8x and 127.8x compared to minimap2
and MHAP, respectively. BLEND is significantly more performant and provides less memory
overheads than MHAP because MHAP generates many hash values for seeds regardless of
the length of the sequences, while BLEND allows sampling the number of seeds based on the
sequence length with the windowing guarantees of minimizers and strobemer seeds. Second,
when considering only HiFi reads, BLEND provides significant speedups by 40.3x and 1580.0%
while reducing the memory footprint by 7.2x and 214.0X compared to minimap2 and MHAP,
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respectively. HiFi reads allow BLEND to increase the window length (i.e., w = 200) when finding
the minimizer k-mer of a seed, which improves the performance and reduces the memory
overhead without reducing the accuracy. This is possible mainly because BLEND can find
both fuzzy and exact seed matches, which enables BLEND to find unique fuzzy seed matches
that minimap2 cannot find due to its exact-matching seed requirement. Third, we find that
BLEND requires less than 16GB of memory space for almost all the datasets, making it largely
possible to find overlapping reads even with a personal computer with relatively small memory
space. BLEND has a lower memory footprint because 1) BLEND uses as many seeds as the
number of minimizer k-mers per sequence to benefit from the reduced storage requirements
that minimizer k-mers provide, and 2) the window length is larger than minimap2 as BLEND
can tolerate increasing this window length with the fuzzy seed matches without reducing the
accuracy. Fourth, when using erroneous reads (i.e., PacBio CLR and ONT), BLEND performs
better than other tools with memory overheads similar to minimap2. The set of parameters
we use for erroneous reads prevents BLEND from using large windows (i.e., w = 10 instead of
w = 200) without reducing the accuracy of read overlapping. Smaller window lengths generate
more seeds, which increases the memory space requirements. Fifth, we use the same parameters
(i.e., the seed length and the window length) with minimap2 that BLEND uses to observe the
benefits that BLEND provides with PacBio CLR and ONT datasets. We cannot perform the same
experiment for the HiFi datasets because BLEND uses strobemer seeds of length 31, which
minimap2 cannot support due to its minimizer seeds and the maximum seed length limitation
in its implementation (i.e., max. 28). We use minimap2-Eq to refer to the version of minimap2,
where it uses the parameters equivalent to the BLEND parameters for a given dataset in terms
of the seed and window lengths. We show in Supplementary Figure S4.3 that minimap2-Eq
performs, on average, ~ 5% better than BLEND with similar memory space requirements when
using the same set of parameters with the BLEND-I technique. Minimap2-Eq provides worse
accuracy than BLEND when generating the ONT assemblies, as shown in Supplementary
Table S4.13, while the erroneous PacBio assemblies are more accurate with minimap2-Eq. The
main benefit of BLEND is to provide overall higher accuracy than both the baseline minimap2
and minimap-Eq, which we can achieve by finding unique fuzzy seed matches that minimap2
cannot find. We conclude that BLEND is significantly more memory-efficient and faster than
other tools to find overlaps, especially when using HiFi reads with its ability to sample many

seeds using large values of w without reducing the accuracy.
4.3.3.2 Overlap Statistics.

Figure 4.10 shows the overall number of overlaps, the average length of overlaps, and the

average number of seed matches that each tool finds to identify the overlaps between reads.
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Figure 4.9: CPU time and peak memory footprint comparisons of read overlapping.

The total number of overlaps combined with the average number of seed matches per overlap
determines the total number of seeds found by each method. We make the following four
key observations. First, we observe that BLEND finds overlaps longer than minimap2 and
MHAP can find in most cases. BLEND can 1) uniquely find the fuzzy seed matches that the
exact-matching-based tools cannot find and 2) perform chaining on these fuzzy seed matches
to increase the length of overlap using many fuzzy seed matches that are relatively close to
each other. Finding more distinct seeds and chaining these seeds enable BLEND to find longer
overlaps than other tools. Although these unique features of BLEND can lead to chaining
longer overlaps, we also note that BLEND may not be able to find very short overlaps due to
the larger window lengths it uses, which can also contribute to increasing the average length
of overlaps. Second, BLEND uses significantly fewer seed matches per overlap than other
tools, up to 27.3X%, to find these longer overlaps. This is mainly because BLEND needs much
fewer seeds per overlap as it uses 1) larger window lengths than minimap2 and 2) provides
windowing guarantees, unlike MHAP. Third, finding fewer seed matches per overlap leads to
1) finding fewer overlaps than minimap2 and MHAP find and 2) reporting fewer seed matches
overall. These overlaps that BLEND cannot find are mainly because of the strict parameters
that minimap2 and MHAP use due to their exact seed matching limitation (e.g., smaller window
lengths). BLEND can increase the window length while producing more accurate and complete
assemblies than minimap2 and MHAP (Table 4.4). This suggests that minimap2 and MHAP find
redundant overlaps and seed matches that have no significant benefits in generating accurate
and complete assemblies from these overlaps. Fourth, the sequencing depth of coverage has
a larger impact on the number of overlaps that BLEND can find compared to the impact on
minimap2 and MHAP. We observe this trend when comparing the number of overlaps found

using the PacBio (200x coverage) and ONT (100X coverage) reads of the Yeast genome. The gap
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between the number of overlaps found by BLEND and other tools increases as the sequencing
coverage decreases. This suggests that BLEND can be less robust to the sequencing depth of
coverage. Such a trend does not impact the accuracy of the assemblies that we generate using
the BLEND overlaps, while it provides lower NGA50 and NG50 values as shown in Table 4.4. We
conclude that the performance and memory-efficiency improvements in read overlapping are
proportional to the reduction in the seed matches that BLEND uses to find overlapping reads.
Thus, finding fewer non-redundant seed matches can dramatically improve the performance
and memory space usage without reducing the accuracy.
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Figure 4.10: Average number and length of overlaps, and average number of seeds used to find
a single overlap.

4.3.3.3 Assembly Quality Assessment.

Our goal is to assess the quality of assemblies generated using the overlapping reads found
by BLEND, minimap2, and MHAP. Table 4.4 shows the statistics related to the accuracy of
assemblies (i.e., the six statistics on the leftmost part of the table) and the statistics related to
assembly length and contiguity (i.e., the four statistics on the rightmost part of the table) when
compared to their respective reference genomes. We make the following five key observations

based on the accuracy results of assemblies. First, we observe that assemblies generated using
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the overlapping reads found by BLEND are more accurate in terms of average identity and k-mer
completeness compared to those generated by minimap2 and MHAP. These results show that
the assemblies we generate using the BLEND overlaps are more similar to their corresponding
reference genome. BLEND can find unique and accurate overlaps using fuzzy seed matches
that lead to more accurate de novo assemblies than the minimap2 and MHAP overlaps due to
their lack of support for fuzzy seed matching. Second, we observe that assemblies generated
using BLEND overlaps usually cover a larger fraction of the reference genome than minimap2
and MHAP overlaps. Third, although the average identity and genome fraction results seem
mixed for the PacBio CLR and ONT reads such that BLEND is best in terms of either average
identity or genome fraction, we believe these two statistics should be considered together (e.g.,
by multiplying both results). This is because a highly accurate but much smaller fraction of
the assembly can align to a reference genome, giving the best results for the average identity.
We observe that this is the case for the D. ananassae and Yeast (PacBio CLR) genomes such
that MHAP provides a very high average identity only for the much smaller fraction of the
assemblies than the assemblies generated using BLEND and minimap2 overlaps. Thus, when
we combine average identity and genome fraction results, we observe that BLEND consistently
provides the best results for all the datasets. Fourth, BLEND usually provides the best results in
terms of the aligned length and the number of mismatches per 100Kb. In some cases, QUAST
cannot generate these statistics for the MHAP results as a small portion of the assemblies
aligns the reference genome when the MHAP overlaps are used. Fifth, we find that assemblies
generated from BLEND overlaps are less biased than minimap2 and MHAP overlaps, based on
the average GC content results that are mostly closer to their corresponding reference genomes.
We conclude that BLEND overlaps yield assemblies with higher accuracy and less bias than the
assemblies that the minimap2 and MHAP overlaps generate in most cases.

Table 4.4 shows the results related to assembly length and contiguity on its rightmost part.
We make the following three observations. First, we show that BLEND yields assemblies with
better contiguity when using HiFi reads based on the largest NG50, NGA50, and contig length
results compared to minimap2 with the exception of the human genome. Second, minimap2
provides better contiguity for the human genomes and erroneous reads. Third, the overall
length of all assemblies is mostly closer to the reference genome assembly. We conclude that
minimap2 provides better contiguity for the assemblies from erroneous and human reads while

BLEND is usually better suited for using the HiFi reads.
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Table 4.4: Assembly quality comparisons.

Dataset Tool Average Genome K-mer Aligned Mismatch per Average Assembly Largest NGA50 NG50
Identity (%) Fraction (%) Compl. (%) Length (Mbp) 100Kbp (#)  GC (%) Length (Mbp) Contig (Mbp) (Kbp) (Kbp)

CHM13 BLEND 99.8526 98.4847 90.15 3,092.54 22.02 40.78 3,095.21 22.8397  5,442.25 544231
(HiFi) minimap2 99.7421 97.1493 83.05 3,094.79 55.96 40.71 3,100.97 47.1387 7,133.43 7,134.31
MHAP N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A

Reference 100 100 100 3,054.83 0.00 40.85 3,054.83 248.387 154,260 154,260

D. ananassae BLEND 99.7856 97.2308 86.43 240.391 143.13 41.75 247.153 6.23256  792.407 798.913
(HiFi) minimap2 99.7044 96.3190 72.33 289.453 191.53 41.68 298.28 4.43396 273.398 278.775
MHAP 99.5551 0.7276 0.21 2.29 239.76 42.07 2.34951 0.028586 N/A N/A

Reference 100 100 100 213.805 0.00 41.81 213.818 30.6728  26,427.4  26,427.4

E. coli BLEND 99.8320 99.8801 87.91 5.12155 3.77 50.53 5.12155 3.41699 3,416.99 3,416.99
(HiFi) minimap2 99.7064 99.8748 79.27 5.09249 19.71 50.47 5.09436 3.08849  3,087.05 3,087.05
MHAP N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A

Reference 100 100 100 5.04628 0.00 50.52 5.04628 4.94446  4,944.46  4,944.46

CHM13 BLEND N/A N/A 29.26 2,891.28 4,077.53 41.32 2,897.87 25.2071  5,061.52  5,178.59
(ONT) minimap2 N/A N/A 28.32 2,860.26 4,660.73 41.36 2,908.55 66.7564 13,189.2 13,820.3
Reference 100 100 100 3,117.29 0.00 40.75 3,117.29 248.387 150,617 150,617

Yeast BLEND 89.1677 97.0854 33.81 12.3938 2,672.37 38.84 12.4176 1.54807 635.966 636.669
(PacBio) minimap2 88.9002 96.9709 33.38 12.0128 2,684.38 38.85 12.3325 156078 810.046 828.212
MHAP 89.2182 88.5928 32.39 10.9039 2,552.05 38.81 10.9896 1.02375 85.081 436.285

Reference 100 100 100 12.1571 0.00 38.15 12.1571 1.53193 924.431 924.431

Yeast BLEND 89.6889 99.2974 35.95 12.3222 2,529.47 38.64 12.3225 1.10582 793.046 793.046
(ONT) minimap2 88.9393 99.6878 34.84 12.304 2,782.59 38.74 12.3725 1.56005 796.718 941.588
MHAP 89.1970 89.2785 33.58 10.8302 2,647.19 38.84 10.9201 1.44328 118.886 618.908

Reference 100 100 100 12.1571 0.00 38.15 12.1571 1.53193 924.431 924.431

E. coli BLEND 88.5806 96.5238 32.32 5.90024 1,857.56 49.81 6.21598 2.40671  769.981 2,060.4
(PacBio) minimap2 88.1365 92.7603 30.74 5.37728 2,005.72 49.66 6.02707 3.77098 367.442  3,770.98
MHAP 88.4883 90.5533 31.32 5.75159 1,999.48 49.69 6.26216 1.04286 110.535 456.01

Reference 100 100 100 5.6394 0.00 50.43 5.6394 554732 554732 5,547.32

Best results are highlighted with bold text. For most metrics, the best results are the ones closest to the corresponding value of the reference genome.
The best results for Aligned Length are determined by the highest number within each dataset. We do not highlight the reference results as the best results.
N/A indicates that we could not generate the corresponding result because tool, QUAST, or dnadiff failed to generate the statistic.

4.3.4 Use Case 2: Read Mapping

4.3.4.1 Performance.

Figure 4.11 shows the CPU time and the peak memory footprint comparisons when per-
forming read mapping to the corresponding reference genomes. We make the following four
key observations. First, we observe that BLEND provides an average speedup of 1.7X, 6.8X%,
4.3%, and 13.3X over minimap2, LRA, Winnowmap2, and S-conLSH, respectively. While BLEND
outperforms most of these tools, the speedups observed are generally lower than those in
read overlapping. Read mapping includes an additional computationally costly step that read
overlapping skips, which is the read alignment. The extra overhead of read alignment slightly
hinders the benefits that BLEND provides that we observe in read overlapping. Second, we find
that LRA and minimap2 require 0.6X and 1.0 of the memory space that BLEND uses, while
Winnowmap2 and S-conLSH have a larger memory footprint by 1.5X and 1.6X, respectively.
BLEND cannot provide similar reductions in the memory overhead that we observe in read
overlapping due to the narrower window length (w = 50 instead of w = 200) it uses to find
the minimizer k-mers for HiFi reads. Using a narrow window length generates more seeds to
store in a hash table, which proportionally increases the peak memory space requirements.
Third, BLEND provides performance and memory usage similar to minimap2 when mapping

the erroneous ONT and PacBio reads because BLEND uses the same parameters as minimap2
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for these reads (i.e., same w and seed length). Fourth, Strobealign is the best-performing tool
for mapping short reads with the cost of larger memory overhead. We conclude that BLEND,
on average, 1) performs better than all tools for mapping long reads and 2) provides a memory
footprint similar to or better than minimap2, Winnowmap2, S-conLSH, and Strobealign, while
LRA is the most memory-efficient tool.
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Figure 4.11: CPU time and peak memory footprint comparisons of read mapping.

4.3.4.2 Read Mapping Accuracy.

Table 4.5 and Figure 4.12 show the overall read mapping accuracy and fraction of mapped
reads with their average mapping accuracy, respectively. We make two observations. First, we
observe that BLEND generates the most accurate read mapping in most cases, while minimap2
provides the most accurate read mapping for the human genome. These two tools are on par
in terms of their read mapping accuracy and the fraction of mapped reads. Second, although
Winnowmap?2 provides more accurate read mapping than minimap2 for the PacBio reads from
the Yeast genome, Winnowmap2 always maps a smaller fraction of reads than those BLEND and
minimap2 map. We conclude that although the results are mixed, BLEND is the only tool that
generates either the most or the second-most accurate read mapping in all datasets, providing

the overall best accuracy results.
4.3.4.3 Read Mapping Quality.

Our goal is to assess the quality of read mappings in terms of four metrics: average depth of
coverage, breadth of coverage, number of aligned reads, and the ratio of the paired-end reads
that are properly paired in mapping. Table 4.6 shows the quality of read mappings based on
these metrics when using BLEND, minimap2, LRA, Winnowmap2, and Strobealign. We exclude

S-conLSH from the read mapping quality comparisons as we cannot convert its SAM output
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Table 4.5: Read mapping accuracy comparisons.

Dataset Overall Error Rate (%)

BLEND minimap2 Winnowmap2

CHM13 (ONT) 1.5168427 1.4914009 1.7001222
Yeast (PacBio) 0.2403134  0.2504307 0.2474206
Yeast (ONT) 0.2386617  0.2468770 0.2534777

Best results are highlighted with bold text.
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Figure 4.12: Fraction of simulated reads with an average mapping error rate. Reads are binned
by their mapping quality scores. There is a bin for each mapping quality score as reported by
the read mapper, and bins are sorted based on their mapping quality scores in descending order.
For each tool, the n'" data point from the left side of the x-axis shows the rate of incorrectly
mapped reads among the reads in the first n bins. We show the number of reads in these bins
in terms of the fraction of the overall number of reads in the dataset. The data point with the
largest fraction shows the average mapping error rate of all mapped reads.

to BAM format to properly index the BAM file due to issues with its SAM output format. We
make five observations.

First, all tools cover a large portion of the reference genomes based on the breadth of
coverage of the reference genomes. Although LRA provides the lowest breadth of coverage
in most cases compared to the other tools, it also provides the best breadth of coverage after
mapping the human HG002 reads. This result shows that these tools are less biased in mapping
reads to particular regions with their high breadth of coverage, and the best tool for covering
the largest portion of the genome depends on the dataset.

Second, both BLEND and minimap2 map an almost complete set of reads to the reference
genome for all the datasets, while Winnowmap2 suffers from a slightly lower number of
aligned reads when mapping erroneous PacBio CLR and ONT reads. The only exception to this
observation is the HG002 dataset, where BLEND provides a smaller number of aligned reads

compared to other tools, while BLEND provides the same breadth of coverage as minimap2.
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Table 4.6: Read mapping quality comparisons.

Dataset Tool Average Breadth of Aligned Properly
Depth of  Coverage Reads Paired

Cov. (x) (%) *#) (%)

CHM13 BLEND 16.58 99.991 3,171,916 NA
(HiFi) minimap2 16.58 99.991 3,172,261 NA
LRA 16.37 99.064 3,137,631 NA
Winnowmap2 16.58 99.990 3,171,313 NA

HG002 BLEND 51.25 92.245 11,424,762 NA
(HiFi) minimap2 53.08 92.242 12,407,589 NA
LRA 52.48 92.275 13,015,195 NA
Winnowmap?2 53.81 92.248 12,547,868 NA

D. ananassae BLEND 57.37 99.662 1,223,388 NA
(HiFi) minimap2 57.57 99.665 1,245,931 NA
LRA 57.06 99.599 1,235,098 NA
Winnowmap?2 57.40 99.663 1,249,575 NA

E. coli BLEND 99.14 99.897 39,048 NA
(HiFi) minimap2 99.14 99.897 39,065 NA
LRA 99.10 99.897 39,063 NA
Winnowmap2 99.14 99.897 39,036 NA

CHM13 BLEND 29.34 99.999 10,322,767 NA
(ONT) minimap2 29.33 99.999 10,310,182 NA
LRA 28.84 99.948 9,999,432 NA
Winnowmap2 28.98 99.936 9,958,402 NA

Yeast BLEND 195.87 99.980 270,064 NA
(PacBio) minimap?2 195.86 99.980 269,935 NA
LRA 194.65 99.967 267,399 NA
Winnowmap2 192.35 99.977 259,073 NA

Yeast BLEND 97.88 99.964 134,919 NA
(ONT) minimap2 97.88 99.964 134,885 NA
LRA 97.25 99.952 132,862 NA
Winnowmap?2 97.04 99.963 130,978 NA

Yeast BLEND 79.92 99.975 6,493,730 95.88
(llumina)  minimap2 79.91 99.974 6,492,994 95.89
Strobealign 79.92 99.970 6,498,380 97.59

E. coli BLEND 97.51 100 83,924 NA
(PacBio) minimap2 97.29 100 85,326 NA
LRA 93.61 100 80,802 NA
Winnowmap2 89.78 100 69,884 NA

Best results are highlighted with bold text.

Properly paired rate is only available for paired-end Illumina reads.

We investigate if such a smaller number of aligned reads leads to a coverage bias genome-wide
in Supplementary Figures S4.4, S4.5, and S4.6. We find that the distribution of the depth of
coverage of BLEND is mostly similar to minimap2. There are a few regions in the reference
genome where minimap2 provides substantially higher coverage than BLEND provides, as we
show in Supplementary Figure S4.6, which causes BLEND to align a smaller number of reads
than minimap2 aligns. Since these regions are still covered by both BLEND and minimap2 with
different depths of coverage, these two tools generate the same breadth of coverage without
leading to no significant coverage bias genome-wide.

Third, we find that all the tools generate read mappings with a depth of coverage significantly
close to their sequencing depth of coverage. This shows that almost all reads map to the reference

genome evenly. Fourth, Strobealign generates the largest number of 1) short reads mappings
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to the reference genome and 2) properly paired reads compared to BLEND and minimap2.
Strobealign can map more reads using less time (Figure 4.11, which makes its throughput much
higher than BLEND and minimap?. Fifth, although Strobealign can map more reads, it covers
the smallest portion of the reference genome based on the breadth of coverage compared to
BLEND and minimap2. This suggests that Strobealign provides a higher depth of coverage at
certain regions of the reference genome than BLEND and minimap2 while leaving larger gaps
in the reference genome. We conclude that the read mapping qualities of BLEND, minimap2,
and Winnowmap?2 are highly similar, while LRA provides slightly worse results. It is worth
noting that BLEND provides a better breadth of coverage than minimap2 provides in most cases
while using the same parameters in read mapping. BLEND does this by finding unique fuzzy

seed matches that the other tools cannot find due to their exactly matching seed requirements.
4.3.4.4 Downstream Analysis.

To evaluate the effect of read mapping on downstream analysis, we call SVs from the HG002
long read mappings that BLEND, minimap2, LRA, and Winnowmap2 generate. Table 4.7 shows
the benchmarking results. We make two key observations. First, we find that BLEND provides
the best overall accuracy in downstream analysis based on the best F; score compared to
other tools. This is because BLEND provides the best true positive and false negative numbers
while providing the second-best false positive numbers after LRA. These two best values
overall contribute to achieving the best recall and second-best precision that is on par with the
precision LRA provides. Second, although LRA generates the second-best F; score, it provides
the worst recall results due to the largest number of false negatives. We conclude that BLEND
is consistently either the best or second-best in terms of the metrics we show in Table 4.7,

which leads to providing the best overall F; accuracy in structural variant calling.

Table 4.7: Benchmarking the structural variant (SV) calling results.

HGO002 SVs (High-confidence Tier 1 SV Set)

Tool TP (#) FP (#) FN (#) Precision Recall F
BLEND 9,229 855 412 0.9152 0.9573 0.9358
minimap2 9,222 915 419 0.9097 09565 0.9326
LRA 9,155 830 486 0.9169 0.9496 0.9329
Winnowmap2 9,170 1029 471 0.8991 09511 0.9244

Best results are highlighted with bold text.

4.4 Discussion

We demonstrate that there are usually too many redundant short and exactly matching

seeds used to find overlaps between sequences, as shown in Figure 4.10. These redundant seeds



4.4. DISCUSSION 74

usually exacerbate the performance and peak memory space requirement problems that read
overlapping and read mapping suffer from as the number of chaining and alignment operations
proportionally increases with the number of seed matches between sequences [306]. Such
redundant computations have been one of the main limitations against developing population-
scale genomics analysis due to the high runtime of a single high-coverage genome analysis.

There has been a clear interest in using long or fuzzy seed matches because of their potential
to find similarities between target and query sequences efficiently and accurately [258]. To
achieve this, earlier works mainly focus on either 1) chaining the exact k-mer matches by
tolerating the gaps between them to increase the seed region or 2) linking multiple consecutive
minimizer k-mers such as strobemer seeds. Chaining algorithms are becoming a bottleneck in
read mappers as the complexity of chaining is determined by the number of seed matches [642].
Linking multiple minimizer k-mers enables tolerating indels when finding the matches of short
sequence segments between genomic sequence pairs, but these seeds (e.g., strobemer seeds)
should still exactly match due to the nature of the hash functions used to generate the hash
values of seeds. This requires the seeding techniques to generate exactly the same seed to find
either exactly matching or approximate matches of short sequence segments. We state that
any arbitrary k-mer in the seeds should be tolerated to mismatch to improve the sensitivity of
any seeding technique, which has the potential for finding more matching regions while using
fewer seeds. Thus, we believe BLEND solves the main limitation of earlier works such that it
can generate the same hash value for similar seeds to find fuzzy seed matches with a single
lookup while improving the performance, memory overhead, and accuracy of the applications
that use seeds.

We hope that BLEND advances the field and inspires future work in several ways, some of
which we list next. First, we observe that BLEND is most effective when using high coverage
and highly accurate long reads. Thus, BLEND is already ready to scale for longer and more
accurate sequencing reads. Second, the vector operations are suitable for hardware acceleration
to improve the performance of BLEND further. Such an acceleration is mainly useful when a
massive amount of k-mers in a seed are used to generate the hash value for a seed, as these
calculations can be done in parallel. We already provide the SIMD implementation to calculate
the hash values BLEND. We encourage implementing our mechanism for the applications that
use seeds to find sequence similarity using processing-in-memory and near-data processing [195,
463,467,490, 598, 686,687,689, 690, 693,702,708,719], GPUs [636,643,1044], and FPGAs and
ASICs [465,661,662,673,698,1045] to exploit the massive amount of embarrassingly parallel
bitwise operations in BLEND to find fuzzy seed matches. Third, we believe it is possible to
apply the hashing technique we use in BLEND for many seeding techniques with a proper

design. We already show we can apply SimHash in regular minimizer k-mers or strobemers.



4.5. SUMMARY 75

Strobemers can be generated using k-mer sampling strategies other than minimizer k-mers,
which are based on syncmers and random selection of k-mers (i.e., randstrobes) [856]. It is
worth exploring and rethinking the hash functions used in these seeding techniques. Fourth,
potential machine learning applications can be used to generate more sensitive hash values for
fuzzy seed matching based on learning-to-hash approaches [1046] and recent improvements on

SimHash for identifying nearest neighbors in machine learning and bioinformatics [437-439].

4.4.1 Limitations

We identify two main limitations of our work that requires further improvements. First,
BLEND may generate the same hash values for 1% - 8% of all the similar sequence pairs
in a dataset, as we show in Table 4.3. These 1% — 8% of similar sequence pairs that cannot
be found using low-collision hash functions can be significant in improving the accuracy
and performance of some genomics applications. However, such a percentage may also be
considered low for other use cases. We observe that increasing the number of neighbors (n)
can increase the percentage of similar sequence pairs that BLEND can find with the cost of
causing more collisions for dissimilar sequence pairs. A newer generation of the SimHash-like
hash functions such as DenseFly [439] or FlyHash [1047] has the potential to improve the rate
of similar sequence pairs with the same hash value. Second, the advantage of BLEND is mainly
observed when using highly accurate and long reads with high sequencing depth of coverage
in read overlapping and downstream analysis, while the improvements are lower in other
datasets. Although BLEND scales better as the sequencing technologies become cheaper and
generate longer and highly accurate reads, it is also essential to further improve its accuracy
and performance for existing read datasets with erroneous long reads and short reads. This
requires further optimizations in the parameter settings for erroneous long reads and short
reads. We leave these two limitations as future work along with the other potential future

works that we discuss earlier.

4.5 Summary

We propose BLEND, a mechanism that can efficiently find fuzzy seed matches between
sequences to improve the performance, memory space efficiency, and accuracy of two important
applications significantly: 1) read overlapping and 2) read mapping. Based on the experiments
we perform using real and simulated datasets, we make six key observations. First, for read
mapping, BLEND provides an average speedup of 19.3x and 808.2x while reducing the peak
memory footprint by 3.8x and 127.8x compared to minimap2 and MHAP. Second, we observe
that BLEND finds longer overlaps, in general, while using significantly fewer seed matches by
up to 27.3X to find these overlaps. Third, we find that we can usually generate more accurate

assemblies when using the overlaps that BLEND finds than those found by minimap2 and
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MHAP. Fourth, for read mapping, we find that BLEND, on average, provides speedup by 1) 1.7X,
6.8X%, 4.3%, and 13.3X compared to minimap2, LRA, Winnowmap2, and S-conLSH, respectively.
Fifth, Strobealign performs best for short read mapping, while BLEND provides better memory
space usage than Strobealign. Sixth, we observe that BLEND, minimap2, and Winnowmap2
provide both high quality and better accuracy in read mapping in all datasets, while BLEND and
LRA provide the best SV calling results in terms of downstream analysis accuracy. We conclude
that BLEND can use fewer fuzzy seed matches to significantly improve the performance and
reduce the memory overhead of read overlapping without losing accuracy, while BLEND, on
average, provides better performance and a similar memory footprint in read mapping without
reducing the read mapping quality and accuracy. We hope that BLEND will lead to the design
of more accurate genome analysis techniques with the ability to find fuzzy seed matches as

well as exact matching seeds.
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S4 Supplementary Materials

S4.1 A Real Example of Generating the Hash Values of Seeds S; and S;

Our goal is to show how the k-mer length k and the number of k-mers to include in a
seed, n, affect the final hash value. To this end, we use the following two seeds as found in
the Yeast reference genome: S : CGGATGCTACAGTATATACCA and S; : ATGCTACAGTATATACCATCT.
Both seeds are 21-character long. We use two different parameter settings when generating the
hash values of these seeds. The first setting uses k = 7 as the k-mer length and n = 15 as the
number of immediately overlapping k-mers to include in a seed so that we can generate the
21-character long seeds S; and Si. The second setting uses k = 15 as the k-mer length and n = 7
as the number of k-mers to include in a seed. We use the hash64 hash function as provided in
the minimap2 implementation to generate the hash values of the k-mers of seeds.

In Supplementary Tables S4.1 - S4.8 we show k-mers, the hash values of the k-mers in
their binary form, and the gradual change in the counter vectors used to calculate the hash
values for seeds Sy and S;. We update the counter vectors based on the bits in the hash values
of each k-mer. Finally, we show the hash values of Sy and S; in the last rows of each table. In
Supplementary Tables S4.1- S4.4, we use k = 7 as the k-mer length and n = 15 as the number of
immediately overlapping k-mers to include in a seed. In Supplementary Tables S4.5- S4.8, we
use k = 15 as the k-mer length and n = 7 as the number of k-mers to include in a seed.

We make two key observations. First, we observe that the hash values of Sy and S; are equal
(B(Sy) = B(S;) =0b11000100 01101100 11101001 10110100) when we use a short k-mer with
high number of neighbors even though these two seeds differ by 3 k-mers. Second, the hash
values of these two seeds are not equal when we use fewer neighbors with larger k-mers. For
Sk we find the hash value B(S;) =0b01101000 01000001 21110100 11000000 and for S; we
find B(S;) =0b00101101 10110000 21111100 01010011. We note that the bit positions with
large values in their corresponding counter vectors are less likely to differ between two seeds
when the seeds have a large number of k-mers in common. This motivates as to design more
intelligent hash functions that are aware of the values in the counter vectors to increase the

chance of generating the hash value for similar seeds.
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Table S4.1: Hash Values of the k-mers of seed S;.: CGGATGCTACAGTATATACCA for k = 7 and n = 15.
We show the most significant 16 bits of the counter vector C(S;). Last row shows the most
significant 16 bits of the hash value of the seed.

K-mer Hash Value C[31] C[30] C[29] C[28] C[27] C[26] C[25] C[24] C[23] C[22] C[21] C[20] C[19] C[18] C[17] C[16]
CGGATGC ©0b 10100000 @1111111 10000110 10110101 1 -1 1 -1 -1 -1 -1 -1 -1 1 1 1 1 1 1 1
GGATGCT ©b 10101101 11110000 01110100 11010000 2 -2 2 -2 0 0 -2 0 0 2 2 2 0 0 0 0
GATGCTA ©0b 01000010 01001011 11011001 10011011 1 -1 1 3 -1 -1 -1 -1 -1 3 1 1 1 -1 1 1
ATGCTAC ©b 11001100 01110101 01010011 00100110 2 0 0 -4 0 0 -2 -2 -2 4 2 2 0 0 0 2
TGCTACA ©0b 10110001 01101010 10101001 10100111 3 -1 1 -3 -1 -1 -3 -1 -3 5 3 1 1 -1 1 1
GCTACAG ©0b 11000101 11010111 11010101 00100101 4 0 0 -4 -2 0 -4 0 -2 6 2 2 0 0 2 2
CTACAGT @b 11001001 21111101 01001010 10110101 5 1 -1 -5 -1 -1 -5 1 -3 7 3 3 1 1 1 3
TACAGTA ©0b 00101011 21101111 11111000 11111000 4 0 0 -6 0 -2 -4 2 -4 8 4 2 2 2 2 4
ACAGTAT ©ob 11100100 01001110 01110101 00011010 5 1 1 -7 -1 -1 5 1 5 9 3 1 3 3 3 3
CAGTATA ©0b 10010010 00001101 00100011 10110100 6 0 0 -6 2 -2 -4 0 -6 3 2 0 4 4 2 4
AGTATAT ©0b 01110100 00110000 10101100 00000000 5 1 1 5 34 5 -1 -7 7 3 1 3 3 1 3
GTATATA ©b 11001111 10110000 11001001 10010110 6 2 0 6 -2 0 -4 0 -6 6 4 2 2 2 0 2
TATATAC ©0b 10000001 00001000 00101111 @1111111 7 1 -1 -7 34 5 1 -7 5 3 1 3 1 -1 1
ATATACC ©0b 11001100 11100000 00101000 11011010 8 2 -2 -8 -2 0 -6 0 -6 6 4 0 2 0 -2 0
TATACCA ©0b 00110100 00000100 11110100 10010100 7 1 -1 -7 3 1 74 -7 5 3 -1 1 1 -3 -1
B[31] B[30] B[20] B[28] B[27] B[26] B[25] B[24] B[23] B[22] B[21] B[20] B[19] B[18] B[17] B[16]

1 1 0 0 0 1 0 0 0 1 1 0 1 1 0 0

Best results are highlighted with bold text,

Table S4.2: Hash Values of the k-mers of seed S;.: CGGATGCTACAGTATATACCA for k = 7 and n = 15.
We show the least significant 16 bits of the counter vector C(S;). Last row shows the least
significant 16 bits of the hash value of the seed.

K-mer Hash Value C[15] C[14] C[13] C[12] C[11] C[10] C[9] C[8] C[7] C[6] C[5] C[4] C[3] C[2] C[1] C[0]
CGGATGC @b 10100000 21111111 10000110 10110101 1 -1 -1 -1 -1 1 1 -1 1 -1 1 1 -1 1 -1 1
GGATGCT b 10101101 11110000 01110100 11010000 0 0 0 0 -2 2 0 -2 2 0 0 2 -2 0 -2 0
GATGCTA ©0b 01000010 01001011 11011001 10011011 1 1 -1 1 -1 1 -1 -1 3 -1 -1 3 -1 -1 -1 1
ATGCTAC ©0b 11001100 01110101 01010011 00100110 1] 2 -2 2 -2 0 0 0 2 -2 0 2 -2 0 0 0
TGCTACA ©b 10110001 01101010 10101001 10100111 1 1 -1 1 -1 -1 -1 1 3 -3 1 1 -3 1 1 1
GCTACAG ©b 11000101 11010111 11010101 00100101 2 2 -2 2 -2 0 -2 2 2 -4 2 0 -4 2 0 2
CTACAGT ©0b 11001001 21111101 01001010 10110101 1 3 -3 1 -1 -1 -1 1 3 -5 3 1 -5 3 -1 3
TACAGTA @b 00101011 01101111 11111000 11111000 2 4 -2 2 0 -2 -2 0 4 -4 4 2 -4 2 -2 2
ACAGTAT ©ob 11100100 01001110 01110101 00011010 1 5 -1 3 -1 -1 -3 1 3 -5 3 3 -3 1 -1 1
CAGTATA 0b 10010010 00001101 00100011 10110100 0 4 0 2 -2 -2 -2 2 4 -6 4 4 -4 2 -2 1]
AGTATAT ©0b 01110100 00110000 10101100 00000000 1 3 1 1 -1 -1 -3 1 3 -7 3 3 -5 1 -3 -1
GTATATA ©0b 11001111 10110000 11001001 10010110 2 4 0 0 0 -2 -4 2 4 -8 2 4 -6 2 -2 -2
TATATAC Qb 10000001 00001000 00101111 01111111 1 3 1 -1 1 -1 -3 3 3 -7 3 5 -5 3 -1 -1
ATATACC @b 11001100 11100000 00101000 11011010 0 2 2 -2 2 -2 -4 2 4 -6 2 6 -4 2 0 -2
TATACCA 0b 00110100 00000100 11110100 10010100 1 3 3 -1 1 -1 -5 1 5 -7 1 7 -5 3 -1 -3
B[15] B[14] B[13] B[12] B[11] B[10] B[] B[8] B[7] B[6] B[5] B[4] B[3] B[2] B[1] B[0]

1 1 1 0 1 0 0 1 1 0 1 1 0 1 0 0

Best results are highlighted with bold text.

Table S4.3: Hash Values of the k-mers of seed S;: ATGCTACAGTATATACCATCT for k = 7 and n = 15.
We show the most significant 16 bits of the counter vector C(S;). Last row shows the most
significant 16 bits of the hash value of the seed.

K-mer Hash Value C[31] C[30] C[29] C[28] C[27] C[26] C[25] C[24] C[23] C[22] C[21] C[20] C[19] C[18] C[17] C[16]
ATGCTAC ©b 11001100 01110101 01010011 00100110 1 1 -1 -1 1 1 -1 -1 -1 1 1 1 -1 1 -1 1
TGCTACA @b 10110001 01101010 10101001 10100111 2 0 0 0 0 0 -2 0 -2 2 2 0 0 0 0 0
GCTACAG ©0b 11000101 11010111 11010101 00100101 3 1 -1 -1 -1 1 -3 1 -1 3 1 1 -1 1 1
CTACAGT @b 11001001 21111101 01001010 10110101 4 2 -2 -2 0 0 -4 2 -2 4 2 2 0 2 0 2
TACAGTA @b 00101011 21101111 11111000 11111000 3 1 -1 -3 1 -1 -3 3 -3 5 3 1 1 3 1 3
ACAGTAT @b 11100100 01001110 01110101 00011010 4 2 0 -4 0 0 -4 2 -4 6 2 0 2 4 2 2
CAGTATA @b 10010010 00001101 00100011 10110100 5 1 -1 -3 -1 -1 -3 1 -5 5 1 -1 3 5 1 3
AGTATAT @b 01110100 00110000 10101100 00000000 4 2 0 -2 -2 0 -4 0 -6 4 2 0 2 4 0 2
GTATATA ©b 11001111 10110000 11001001 10010110 5 3 -1 -3 -1 1 -3 1 -5 3 3 1 1 3 -1 1
TATATAC 0b 10000001 00001000 00101111 01111111 6 2 -2 -4 -2 0 -4 2 -6 2 2 [ 2 2 -2 0
ATATACC @b 11001100 11100000 00101000 11011010 7 3 -3 -5 -1 1 -5 1 -5 3 3 -1 1 1 -3 -1
TATACCA 0b 00110100 00000100 11110100 10010100 6 2 -2 -4 -2 2 -6 0 -6 2 2 -2 0 2 -4 -2
ATACCAT @b 00000111 10111111 11010101 01001100 5 1 -3 -5 -3 3 -5 1 -5 1 3 -1 1 3 -3 -1
TACCATC ©0b 91010110 11100111 00100010 11001101 4 2 -4 -4 -4 4 -4 0 -4 2 4 -2 0 4 -2 0
ACCATCT ©0b 00010010 11001000 11001010 11100111 3 1 -5 -3 -5 3 -3 -1 -3 3 3 -3 1 3 -3 -1
B[31] B[30] B[20] B[28] B[27] B[26] B[25] B[24] B[23] B[22] B[21] B[20] B[19] B[18] B[17] B[16]

1 1 0 0 0 1 0 0 0 1 1 0 1 1 0 0

Best results are highlighted with bold text.
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Table S4.4: Hash Values of the k-mers of seed S;: ATGCTACAGTATATACCATCT for k = 7 and n = 15.
We show the least significant 16 bits of the counter vector C(S)). Last row shows the least
significant 16 bits of the hash value of the seed.

K-mer Hash Value cl15] c[14] C[13] cl12] c[11] C[10] C[9] C[8] C[7] Cl6] C[5] C[4] C[3] C[2] C[1] C[o]
ATGCTAC ©ob 11001100 91110101 01010011 00100110 -1 1 -1 1 -1 -1 1 1 -1 -1 -1 -1 1 1 -1
TGCTACA ©b 10110001 01101010 10101001 10100111 0 0 0 0 0 -2 0 2 0 -2 2 -2 -2 2 2 0
GCTACAG 0b 11000101 11010111 11010101 00100101 1 1 -1 1 -1 -1 -1 3 -1 -3 3 -3 -3 3 1 1
CTACAGT ©0b 11001001 01111101 01001010 10110101 0 2 -2 0 0 -2 0 2 0 -4 4 -2 -4 4 0 2
TACAGTA 0b 00101011 01101111 11111000 11111000 1 3 -1 1 1 -3 -1 1 1 -3 5 -1 -3 3 -1 1
ACAGTAT ©0b 11100100 01001110 01110101 00011010 0 4 0 2 0 -2 -2 2 0 -4 4 0 -2 2 0 0
CAGTATA 0b 10010010 00001101 00100011 10110100 -1 3 1 1 -1 -3 -1 3 1 -5 5 1 -3 3 -1 -1
AGTATAT ©0b 01110100 00110000 10101100 00000000 0 2 2 1] 0 -2 -2 2 0 -6 4 0 -4 2 -2 -2
GTATATA ©0b 11001111 10110000 11001001 10010110 1 3 1 -1 1 -3 -3 3 1 -7 3 1 -5 3 -1 -3
TATATAC 0b 10000001 00001000 00101111 01111111 0 2 2 -2 2 -2 -2 4 0 -6 4 2 -4 4 0 -2
ATATACC ©b 11001100 11100000 00101000 11011010 -1 1 3 -3 3 -3 -3 3 1 -5 3 3 -3 3 1 -3
TATACCA ©b 00110100 00000100 11110100 10010100 0 2 4 -2 2 -2 -4 2 2 -6 2 4 -4 4 0 -4
ATACCAT b 00000111 10111111 11010101 01001100 1 3 3 -1 1 -1 -5 3 1 -5 1 3 -3 5 -1 -5
TACCATC 0b 01010110 11100111 00100010 11001101 0 2 4 -2 0 -2 -4 2 2 -4 0 2 -2 6 -2 -4
ACCATCT ©0b 00010010 11001000 11001010 11100111 1 3 3 -3 1 -3 -3 1 3 -3 1 -3 7 -1 -3
B[15] B[14] B[13] B[12] B[11] B[10] B[9] B[] B[7] B[6] B[5] B[4] B[3] B[2] B[] B0]

1 1 1 0 1 0 0 1 1 0 1 1 0 1 0 0

Best results are highlighted with bold text.

Table S4.5: Hash Values of the k-mers of seed S;.: CGGATGCTACAGTATATACCA for k = 15and n = 7.
We show the most significant 16 bits of the counter vector C(S;). Last row shows the most
significant 16 bits of the hash value of the seed.

K-mer Hash Value C[31] C[30] C[29] C[28] C[27] C[26] C[25] C[24] C[23] C[22] C[21] C[20] C[19] C[18] C[17] C[16]
CGGATGCTACAGTAT @b 01001010 11101011 00100110 11001101 -1 1 -1 -1 1 -1 1 -1 1 1 1 -1 1 -1 1 1
GGATGCTACAGTATA @b 01101100 01000011 11111000 11000000 -2 2 0 -2 2 0 0 -2 0 2 0 -2 0 -2 2 2
GATGCTACAGTATAT @b 01011000 01000101 00110001 11011000 -3 3 -1 -1 3 -1 -1 -3 -1 3 -1 -3 -1 -1 1 3
ATGCTACAGTATATA @b 11100001 01110100 01100010 01000010 -2 4 0 -2 2 -2 -2 -2 -2 4 0 -2 -2 0 0 2
TGCTACAGTATATAC @b 10111100 10011010 00111111 01011011 -1 3 1 -1 3 -1 -3 -3 -1 3 -1 -1 -1 -1 1 1
GCTACAGTATATACC @b 11101010 01001100 01000100 11100001 0 2 2 -2 4 -2 -2 -4 -2 4 -2 -2 0 0 0 0
CTACAGTATATACCA @b 00101001 10010001 11111100 21010000 -1 1 3 -3 5 -3 -3 -3 -1 3 -3 -1 -1 -1 -1 1
Seed CGGATGCTACAGTATATACCA B[31] B[30] B[29] B[28] B[27] B[26] B[25] B[24] B[23] B[22] B[21] B[20] B[19] B[18] B[17] B[16]

0 1 1 0 1 0 0 0 0 1 0 0 0 0 0 1

Best results are highlighted with bold text.
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Table S4.6: Hash Values of the k-mers of seed S;.: CGGATGCTACAGTATATACCA for k= 15and n = 7.
We show the least significant 16 bits of the counter vector C(S;). Last row shows the least
significant 16 bits of the hash value of the seed.

K-mer Hash Value C[15] C[14] C[13] C[12] C[11] C[10] C[9] C[8] C[7] C[6] C[5] C[4] C[3] C[2] C[1] C[0]
CGGATGCTACAGTAT @b 01001010 11101011 00100110 11001101 -1 -1 1 -1 -1 1 1 -1 1 1 -1 -1 1 1 -1 1
GGATGCTACAGTATA @b 01101100 01000011 11111000 11000000 0 0 2 0 0 0 0o -2 2 2 2 -2 0 0 -2 0
GATGCTACAGTATAT @b 01011000 01000101 00110001 11011000 -1 -1 3 1 -1 S TS ST 3 303 4 11 3 A
ATGCTACAGTATATA @b 11100001 01110100 21100010 01000010 2 0 4 0 -2 -2 0 -2 2 4 4 2 o 2 2 =2
TGCTACAGTATATAC @b 10111100 10011010 00111111 01011011 3 -1 5 1 -1 -1 1 -1 1 5 5 -1 13 1 A
GCTACAGTATATACC @b 11101010 01001100 01000100 11100001 -4 0 4 0 -2 0 0o -2 2 6 4 -2 0o 4 -2 0
CTACAGTATATACCA @b 00101001 10010001 11111100 01010000 -3 1 5 1 -1 1 -1 -3 1 7 5 -1 -1 -5 -3 -
Seed CGGATGCTACAGTATATACCA B[15] B[14] B[13] B[12] B[11] B[10] B[9] B[8] B[7] B[6] B[5] B[4] B[3] B[2] B[1] B[0]

0 1 1 1 0 1 0 0 1 1 0 0 0 0 0 0

Best results are highlighted with bold text.

Table S4.7: Hash Values of the k-mers of seed S;: ATGCTACAGTATATACCATCT for k= 15and n = 7.
We show the most significant 16 bits of the counter vector C(S;). Last row shows the most
significant 16 bits of the hash value of the seed.

K-mer Hash Value C[31] C[30] C[29] C[28] C[27] C[26] C[25] C[24] C[23] C[22] C[21] C[20] C[19] C[18] C[17] C[16]
ATGCTACAGTATATA @b 11100001 01110100 01100010 01000010 1 1 1 -1 -1 -1 -1 1 -1 1 1 1 -1 1 -1 -1
TGCTACAGTATATAC @b 10111100 10011010 00111111 01011011 2 0 2 0 0 0 -2 0 0 0 0 2 0 0 0 2
GCTACAGTATATACC @b 11101010 01001100 01000100 11100001 3 1 3 -1 1 -1 -1 -1 -1 1 -1 1 1 1 -1 3
CTACAGTATATACCA @b 00101001 10010001 11111100 01010000 2 0 4 -2 2 2 2 0 0 0 2 2 0 0 2 2
TACAGTATATACCAT @b 00001110 00100000 11011100 11110110 1 -1 3 -3 3 -1 -1 -1 -1 -1 -1 1 -1 -1 -3 -3
ACAGTATATACCATC @b 00101111 10111010 00010000 11011111 0 2 4 4 4 0 0 0 0 2 0 2 0 2 -2 4
CAGTATATACCATCT @b 01100101 11100111 10111011 00111011 -1 -1 5 -5 5 1 -1 1 1 -1 1 1 -1 -1 -1 3
Seed ATGCTACAGTATATACCATCT B[31] B[30] B[29] B[28] B[27] B[26] B[25] B[24] B[23] B[22] B[21] B[20] B[19] B[18] B[17] B[16]

0 0 1 0 1 1 0 1 1 0 1 1 0 0 0 0

Best results are highlighted with bold text.

Table S$4.8: Hash Values of the k-mers of seed S;: ATGCTACAGTATATACCATCT for k= 15and n = 7.
We show the least significant 16 bits of the counter vector C(S)). Last row shows the least
significant 16 bits of the hash value of the seed.

K-mer Hash Value chs] cl14] cps] cliz] ci] cfo] cp] C[s] C[7] Cl6] C[5] C4] C[3] Cl2] cl] clo]
ATGCTACAGTATATA ©b 11100001 01110100 01100010 01000010 -1 1 1 -1 -1 -1 1 -1 -1 1 -1 -1 -1 -1 1 -1
TGCTACAGTATATAC ©b 10111100 10011010 00111111 01011011 -2 0 2 0 0 0 2 0 -2 2 -2 0 0 -2 2 0
GCTACAGTATATACC ©b 11101070 01001100 01000100 11100001 -3 1 1 -1 -1 1 1 -1 -1 3 -1 -1 -1 -3 1 1
CTACAGTATATACCA ©b 00101001 10010001 11111100 01010000 -2 2 2 0 0 2 0 -2 -2 4 -2 0 -2 -4 0 0
TACAGTATATACCAT ©b 00001110 00100000 11011100 11110110 -1 3 1 1 1 3 -1 -3 -1 5 -1 1 -3 -3 1 -1
ACAGTATATACCATC ©b 00101111 10111010 00010000 11011111 -2 2 0 2 0 2 -2 -4 0 6 -2 2 -2 -2 2 0
CAGTATATACCATCT ©b 01100101 11100111 10111011 00111011 -1 1 1 3 1 1 -1 -3 -1 5 -1 3 -1 -3 3 1
Seed ATGCTACAGTATATACCATCT B(15] B[14] B[13] B[12] B[11] B[10] B[9] B[8] B[7] B[6] B[5] B[4] B[3] B[2] B[1] B0]

0 1 1 1 1 1 0 0 0 1 0 1 0 0 1 1

Best results are highlighted with bold text.
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S$4.2 Parameter Exploration

S4.2.1 The trade-off between BLEND-I and BLEND-S

Our goal is to show the performance and accuracy trade-offs between the seeding techniques
that BLEND supports: BLEND-I and BLEND-S. In Supplementary Figures S4.1 and S4.2, we show
the performance and peak memory usage comparisons when using BLEND-I and BLEND-S as
the seeding technique by keeping all the other relevant parameters identical (e.g., number of
k-mers to include in a seed n, window length w). In Supplementary Table S4.9, we show the
assembly quality comparisons in terms of the accuracy and contiguity of the assemblies that
we generate using the overlaps that BLEND-I and BLEND-S find. In Supplementary Tables S4.10
and S4.11, we show the read mapping quality and accuracy results using these two seeding
techniques, respectively.

We also show the values for different parameters we test with BLEND in Supplementary Ta-
ble S4.12. We determine the default parameters of BLEND empirically based on the combination

of best performance, memory overhead, and accuracy results.
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Figure S4.1: CPU time and peak memory footprint comparisons of read overlapping.
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Figure S4.2: CPU time and peak memory footprint comparisons of read mapping.
Table $4.9: Assembly quality comparisons between BLEND-I and BLEND-S.
Dataset Tool Average Genome K-mer Aligned Mismatch per Average Assembly Largest NGA50 NG50
Identity (%) Fraction (%) Compl. (%) Length (Mbp) 100Kbp (#) GC (%) Length (Mbp) Contig (Mbp) (Kbp) (Kbp)
CHM13  BLEND-I 99.7535 96.7203 83.65 3,054.49 48.49 40.79 3,059.29 41.8342 8,507.53 8,508.92
(HiFi) BLEND-S 99.8526 98.4847 90.15 3,092.54 22.02 40.78 3,095.21 22.8397 544225 544231
Reference 100 100 100 3,054.83 0.00 40.85 3,054.83 248387 154,260 154,260
D. ananassae BLEND-I 99.6890 97.2290 77.85 270.218 233.18 41.95 280.388 501099  356.745  356.745
(HiFi) BLEND-S 99.7856 97.2308 86.43 240.391 143.13 4175 247.153 6.23256  792.407 798.913
Reference 100 100 100 213.805 0.00 41.81 213.818 30.6728 26,4274  26,427.4
E. coli BLEND-I 99.6902 99.8824 79.36 5.04157 17.92 50.52 5.04263 4.94601 4,025.48 4,946.01
(HiFi) BLEND-S 99.8320 99.8801 87.91 5.12155 3.77 50.53 5.12155 3.41699 341699 3,416.99
Reference 100 100 100 5.04628 0.00 50.52 5.04628 494446 494446  4,944.46
CHM13  BLEND-I N/A N/A 29.26 2,891.28 4,077.53 41.32 2,897.87 25.2071 5,061.52 5,178.59
(ONT) BLEND-S N/A N/A 0 0.010546 3,250.70 51.30 0.010548 0.010548 0 0
Reference 100 100 100 3,117.29 0.00 40.75 3,117.29 248387 150,617 150,617
Yeast BLEND-I 89.1677 97.0854 33.81 12.3938 2,672.37 38.84 12.4176 1.54807 635.966 636.669
(PacBio)  BLEND-S 90.3347 83.8814 33.17 22.9473 4,795.58 38.71 22.9523 0265118  114.125  116.143
Reference 100 100 100 12.1571 0.00 38.15 12.1571 153193 924431 924431
Yeast BLEND-I 89.6889 99.2974 35.95 12.3222 2,529.47 38.64 12.3225 1.10582 793.046 793.046
(ONT) BLEND-S 91.0865 7.9798 4.90 0.898565 2,006.91 38.35 0.899654 0.043321 0 0
Reference 100 100 100 12.1571 0.00 38.15 12.1571 153193 924431 924431
E. coli BLEND-I 88.5806 96.5238 3232 5.90024 1,857.56 49.81 6.21598 2.40671 769.981  2,060.4
(PacBio) ~ BLEND-S 90.3551 36.6230 17.07 2.10137 1,299.50 48.91 2.10704 0.095505 0 0
Reference 100 100 100 5.6394 0.00 50.43 5.6394 554732 554732 554732

Best results are highlighted with bold text. For most metrics, the best results are the ones closest to the corresponding value of the reference genome.

The best results for Aligned Length are determined by the highest number within each dataset. We do not highlight the reference results as the best results.

N/A indicates that we could not generate the corresponding result because tool, QUAST, or dnadiff failed to generate the statistic.
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Table $4.10: Read mapping quality comparisons between BLEND-I and BLEND-S.

Dataset Tool Average Breadth of Aligned Properly
Depth of  Coverage Reads Paired

Cov. (x) (%) (#) (%)

CHM13 BLEND-I 16.58 99.991 3,172,305 NA
(HiF1i) BLEND-S 16.58 99.991 3,171,916 NA
HG002 BLEND-I 51.25 92.245 6,813,886 NA
(HiF1i) BLEND-S 11.24 13.860 11,424,762 NA
D. ananassae BLEND-I 57.51 99.650 1,249,666 NA
(HiF1i) BLEND-S 57.37 99.662 1,223,388 NA
E. coli BLEND-I 99.14 99.897 39,064 NA
(HiF1i) BLEND-S 99.14 99.897 39,048 NA
CHM13 BLEND-I 29.34 99.999 10,322,767 NA
(ONT) BLEND-S 17.51 99.700 5,760,401 NA
Yeast BLEND-I 195.87 99.980 270,064 NA
(PacBio) BLEND-S 142.31 99.975 179,039 NA
Yeast BLEND-I 97.88 99.964 134,919 NA
(ONT) BLEND-S 59.57 99.906 75,110 NA
E. coli BLEND-I 97.51 100 83,924 NA
(PacBio) BLEND-S 56.87 100 40,694 NA

Best results are highlighted with bold text.

Properly paired rate is only available for paired-end Illumina reads.

Table S$4.11: Read mapping accuracy comparisons between BLEND-I and BLEND-S.

Dataset Overall Error Rate (%)

BLEND-I BLEND-S
CHM13 (ONT) 1.5168427 5.996888
Yeast (PacBio) 0.2403134 0.6959378

Yeast (ONT) 0.2386617 0.6284117
Best results are highlighted with bold text.
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Table S4.12: Performance, memory, and accuracy comparisons using different parameter
settings in BLEND.

Tool K-mer # of k-mers Window CPU Time Peak Average Genome

Length (k) inaSeed(n) Length(w) (seconds) Memory (KB) Identity (%) Fraction (%)
BLEND 9 11 200 62.38 1,115,384 99.7255 99.8502
BLEND 9 13 200 58.13 994,120 99.7294 99.7808
BLEND 9 15 200 49.79 1,030,148 99.7411 99.7619
BLEND 9 17 200 45.03 960,080 99.7302 99.7460
BLEND 9 21 200 36.84 976,456 99.7257 99.6640
BLEND 15 5 200 83.05 1,168,612 99.6735 99.7625
BLEND 15 7 200 74.93 1,137,360 99.7009 99.5874
BLEND 15 11 200 58.09 1,051,912 99.7149 99.1166
BLEND 19 5 200 77.16 1,130,604 99.7312 99.8802
BLEND 19 7 200 50.50 1,078,596 99.7880 99.8424
BLEND 19 11 200 46.26 977,060 99.8078 99.6438
BLEND 21 5 200 67.85 1,116,684 99.7472 99.8835
BLEND 21 7 200 61.63 1,042,724 99.7969 99.8605
BLEND 21 11 200 42.35 969,184 99.8340 99.7515
BLEND 25 5 200 65.61 1,057,804 99.7769 99.8818
BLEND 25 7 200 54.88 1,029,888 99.8320 99.8801
BLEND 25 11 200 37.01 936,260 99.8646 99.8001
BLEND 25 15 200 29.83 866,208 99.8838 99.7307
BLEND 25 17 200 29.59 826,456 99.8784 99.7521
BLEND 25 21 200 26.09 791,736 99.8774 99.6955
BLEND 9 11 50 263.82 1,786,516 99.7013 99.8612
BLEND 9 13 50 411.24 1,805,800 99.6995 99.8573
BLEND 9 15 50 271.00 1,729,784 99.6798 99.8517
BLEND 9 17 50 238.52 1,690,912 99.6690 99.8083
BLEND 9 21 50 206.76 1,725,168 99.6496 99.8150
BLEND 15 5 50 330.84 1,785,456 99.6634 99.8604
BLEND 15 7 50 337.95 1,812,052 99.6280 99.8177
BLEND 15 11 50 236.82 1,803,816 99.5831 99.6893
BLEND 19 5 50 328.67 1,692,248 99.7077 99.8794
BLEND 19 7 50 295.57 1,713,940 99.7188 99.8579
BLEND 19 11 50 201.79 1,700,412 99.7015 99.8578
BLEND 21 5 50 378.58 1,625,388 99.7120 99.8832
BLEND 21 7 50 278.56 1,695,476 99.7333 99.8832
BLEND 21 11 50 189.33 1,694,820 99.7623 99.8594
BLEND 25 5 50 323.69 1,685,304 99.7272 99.8831
BLEND 25 7 50 211.78 1,647,984 99.7722 99.8831
BLEND 25 11 50 170.60 1,683,736 99.8094 99.8866
BLEND 25 15 50 142.42 1,622,452 99.8170 99.8576
BLEND 25 17 50 103.96 1,590,776 99.8073 99.8206
BLEND 25 21 50 109.62 1,548,228 99.7792 99.7880
BLEND 9 11 20 837.50 2,769,552 99.6916 99.8784
BLEND 9 13 20 813.50 2,765,480 99.6834 99.8785
BLEND 9 15 20 764.91 2,795,848 99.6797 99.8756
BLEND 9 17 20 739.52 2,823,188 99.6801 99.8802

We use the E.coli dataset for all these runs
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$4.2.2 The trade-off between BLEND and minimap2

Our goal is to compare BLEND and minimap2 using the same set of parameters that BLEND
uses when generating its results. To achieve this, we control the following two conditions. First,
we ensure that we use the same seeding technique that minimap2 uses. To this end, we use
the BLEND-I seeding technique, which uses minimizers as seeds. We should note that BLEND-I
does not always provide the best results in terms of performance or accuracy for the HiFi reads
as the default seeding technique is BLEND-S for HiFi datasets in BLEND.

Second, we use the same seed length when we compare BLEND with minimap2. In minimap?2,
the seed length is the same as the k-mer length as minimap?2 finds the minimizer k-mers from
the hash values of k-mers. The seed length in BLEND-I is determined by both the k-mer length
and the number of k-mers that we include in a seed (i.e., n). For example, BLEND uses the
BLEND-I seeding technique with the k-mer length k = 19 and the number of neighbors n = 5
for the PacBio reads. Combining immediately overlapping 5-many 19-mers generates seeds
with length 19 + 5 — 1 = 23. Thus, BLEND-I uses seeds of length 23 based on these parameters.
Supplementary Table S4.15 shows the seed length calculation for both BLEND-I and BLEND-S.
We calculate the seed lengths for the datasets where BLEND uses BLEND-I as the default option
(i.e., the PacBio and ONT datasets) in read overlapping. We note that BLEND uses the same
seed length and window length as in minimap2 for mapping long reads. Thus, we do not report
the read mapping results in this section, which are already reported in the main paper when
comparing BLEND with minimap2. To run minimap2 with the same parameter conditions, we
apply the same seed length and the window length that BLEND uses to minimap2 using the
k and w parameters, respectively. We show these parameters in Supplementary Table S4.16
(minimap-Eq). In the results we show below, minimap-Eq indicates the runs of minimap2 when
using the same set of parameters that BLEND uses with the BLEND-I technique.

In Supplementary Figure 54.3, we show the performance and peak memory comparisons
when using BLEND with the BLEND-I seeding technique, minimap2, and minimap2-Eq. In
Supplementary Table S4.13, we show the assembly quality comparisons in terms of the accuracy

and contiguity of the assemblies that we generate using the overlaps that each tool finds.
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Figure S4.3: CPU time and peak memory footprint comparisons of read overlapping.

Table S4.13: Assembly quality comparisons when using the parameters equivalent to BLEND-I.

Dataset Tool Average Genome K-mer Aligned Mismatch per Average Assembly Largest NGAS50 NG50
Identity (%) Fraction (%) Compl. (%) Length (Mbp) 100Kbp (#)  GC (%) Length (Mbp) Contig (Mbp) (Kbp) (Kbp)

CHM13 BLEND-I N/A N/A 29.26 2,891.28 4,077.53 41.32 2,897.87 25.2071  5,061.52  5,178.59
(ONT)  minimap2 N/A N/A 28.32 2,860.26 4,660.73 41.36 2,908.55 66.7564 13,189.2 13,820.3
minimap2-Eq N/A N/A 29.32 3,117.29 4,025.22 41.32 2,882.94 24.6651 3,634.05  3,653.47

Reference 100 100 100 3,117.29 0.00 40.75 3,117.29 248.387 150,617 150,617

Yeast BLEND-I 89.1677 97.0854 33.81 12.3938 2,672.37 38.84 12.4176 1.54807 635.966 636.669
(PacBio) minimap2 88.9002 96.9709 33.38 12.0128 2,684.38 38.85 12.3325 156078 810.046 828.212
minimap2-Eq 89.2166 97.2674 33.93 12.3886 2,653.08 38.82 12.4241 1.53435  643.136  781.136

Reference 100 100 100 12.1571 0.00 38.15 12.1571 1.53193  924.431 924.431

Yeast BLEND-I 89.6889 99.2974 35.95 12.3222 2,529.47 38.64 12.3225 1.10582  793.046  793.046
(ONT)  minimap2 88.9393 99.6878 34.84 12.304 2,782.59 38.74 12.3725 1.56005 796.718 941.588
minimap2-Eq 89.6653 97.3273 35.62 11.826 2,465.87 38.64 11.8282 1.07367  605.201 677.415

Reference 100 100 100 12.1571 0.00 38.15 12.1571 1.53193  924.431 924.431

E.coli  BLEND-I 88.5806 96.5238 32.32 5.90024 1,857.56 49.81 6.21598 2.40671 769.981 2,060.4
(PacBio) minimap2 88.1365 92.7603 30.74 5.37728 2,005.72 49.66 6.02707 3.77098  367.442  3,770.98
minimap2-Eq 88.6371 96.8540 32.33 5.82218 1,816.29 49.76 6.05821 3.77318 1,119.04 3,773.18

Reference 100 100 100 5.6394 0.00 50.43 5.6394 5.54732  5,547.32  5,547.32

Best results are highlighted with bold text. For most metrics, the best results are the ones closest to the corresponding value of the reference genome.

The best results for Aligned Length are determined by the highest number within each dataset. We do not highlight the reference results as the best results.

N/A indicates that we could not generate the corresponding result because tool, QUAST, or dnadiff failed to generate the statistic.
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S$4.3 The Genome-wide Coverage Comparison

We map the HG002 reads to the human reference genome (GRCh37) using BLEND and
minimap2. Supplementary Figures S4.4 and S4.5 show the depth of mapping coverage at each
position of the reference genome chromosomes for BLEND and minimap2 on the left and right
sides of the figures, respectively. To calculate the position-wise depth of coverage, we use
the multiBamSummary tool from the deepTools2 package [1048]. The multiBamSummary tool
divides the reference genome into consecutive bins of equal size (10,000 bases) to calculate the
genome-wide coverage in fine granularity. For positions where the coverage is higher than
500, we set the coverage to 500X for visibility reasons as there are only a negligible amount
of such regions where either BLEND or minimap2 exceeds this threshold without the other
one exceeding it.

To find the positions where the depth of coverage significantly differs between BLEND and
minimap2, we subtract the minimap2 coverage from the BLEND coverage for each chromosome
position that we show in Figures S4.4 and S4.5. We show the coverage differences in Figure 54.6,
where the positive values show the positions that minimap2 has a higher depth of coverage

than BLEND, and negative values show the positions that BLEND has a higher coverage.
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Figure S4.4: Depth of coverage at each position (binned) of the GRCh37 reference genome
(chromosomes 1 to 12) after mapping the HG002 reads using BLEND and minimap2. We label
the chromosomes on the top left corner of each plot.
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Figure S4.5: Depth of coverage at each position (binned) of the GRCh37 reference genome
(chromosomes 13 to Y) after mapping the HG002 reads using BLEND and minimap2. We label
the chromosomes on the top left corner of each plot.
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Figure $4.6: Difference between the depth of coverage of minimap2 and BLEND. Positive
values show the positions where minimap2 has higher coverage and negative values show the
positions where BLEND has higher coverage. We label the chromosomes on the top left corner

of each plot.
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S4.4 Parameters and Tool Versions

In Supplementary Table S4.14, we show the version numbers of each tool. When calculating
the performance and peak memory usage, we use the time command from Linux and append
the following command to the beginning of each of our runs: /usr/bin/time -vp.

Supplementary Table S4.15 shows the parameters we use in BLEND and their definition.
Since BLEND uses the minimap2 implementation as a baseline, the rest of the parameters we
do not show in Supplementary Table S4.15 can be found on the manual page of minimap2°.
In Supplementary Table S4.16, we show the parameters we use with BLEND, minimap2, and
MHAP [416] for read overlapping. Since there are no default parameters for minimap2 and
MHAP when using the HiFi reads, we used the parameters as suggested by the HiCanu tool [507].
We found these parameters in the source code of Canu. For minimap2 and MHAP, the HiFi
parameters are found in the GitHub pages’-8, respectively. In Supplementary Table S4.16,
minimap-Eq shows the parameters that are equivalent to the parameters we use with BLEND
without the fuzzy seed matching capability.

In Supplementary Table S4.17, we show the parameters we use with BLEND, minimap2 [306],
LRA [311], Winnowmap2 [413, 1005], S-conLSH [304, 307], and Strobealign [856] for read

mapping.

Table S4.14: Versions of each tool.

Tool Version GitHub or Conda Link to the Version

BLEND 1.0 https://github.com/CMU-SAFARI/BLEND

minimap2 2.24 https://github.com/1h3/minimap2/releases/tag/v2.24

MHAP 2.13 https://anaconda.org/bioconda/mhap/2.1.3/download/noarch/mhap-2.1.3-hdfd78af_1.tar.bz2

LRA 1.3.2 https://anaconda.org/bioconda/lra/1.3.2/download/linux-64/1ra-1.3.2-ha140323_0.tar.bz2

Winnowmap2 2.03 https://anaconda.org/bioconda/Winnowmap/2.03/download/linux-64/Winnowmap2-2.03-h2e0@3b76_0.tar.bz2
S-conLSH 2.0 https://github.com/anganachakraborty/S-conLSH-2.0/tree/292fbe@405f10b3ab63fc3a86cha2807597b582e
Strobealign 0.7.1 https://anaconda.org/bioconda/strobealign/@.7.1/download/linux-64/strobealign-0.7.1-hd03093a_1.tar.bz2

Shttps://1h3.github.io/minimap2/minimap2.html

Thttps://github.com/marbl/canu/blob/404540a944664cfab00617f4f4fa37be451b34e0/src/pipeli
nes/canu/OverlapMMap.pm#L63-L65

8https://github.com/marbl/canu/blob/4®454®a944664cfab®®617f4f4fa37be451b34e®/src/pipeli
nes/canu/OverlapMhap.pm#L100-L131
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Table $4.15: Definition of parameters in BLEND

Parameter Definition

—strobemers Use the BLEND-S mechanism when generating the list of k-mers of a seed
—-immediate Use the BLEND-I mechanism when generating the list of k-mers of a seed
-H Use homopolymer-compressed k-mers

-w INT Window size used when finding minimizers.

-k INT k-mer size used when generating the list of k-mers of a seed

—-neighbors INT Number of k-mers included in the list of seeds.

Combination of both -k (k) and —neighbors (n) determines the seed length.
Seed length in BLEND-S is calculated as: k X n
Seed length in BLEND-I is calculated as: k + (n— 1)

—fixed-bits INT

Bit length of hash values that BLEND generates for each seed.
Setting it to 2 X k is the default behavior.

-t INT Number of CPU threads to use.

-x STR Preset for setting the default parameters given the use case (STR)

-X map-ont Preset for mapping ONT reads. It uses the following parameters:
—-immediate -w 10 -k 9 —neighbors 7 —fixed-bits 30

-X map-pb Preset for mapping erroneous PacBio reads. It uses the following parameters:
—immediate -H -w 10 -k 13 —neighbors 7 —fixed-bits 32

-x map-hifi Preset for mapping accurate long (HiFi) reads. It uses the following parameters:
—strobemers -w 50 -k 19 —neighbors 5 —fixed-bits 38

-X ST Preset for mapping short reads. It uses the following parameters:
—immediate -w 11 -k 21 —neighbors 5 —fixed-bits 32

-x ava-ont Preset for overlapping ONT reads. It uses the following parameters:
—immediate -w 10 -k 15 —neighbors 5 —fixed-bits 30

-x ava-pb Preset for overlapping erroneous PacBio reads. It uses the following parameters:
—immediate -H -w 10 -k 19 —neighbors 5 —fixed-bits 38

-x ava-hifi Preset for overlapping accurate long (HiFi) reads. It uses the following parameters:

—strobemers -w 200 -k 25 —neighbors 7 —fixed-bits 50
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Table S4.16: Parameters™ we use in our evaluation for each tool and dataset in read overlapping.

Tool Dataset Parameters

BLEND CHM13 (HiFi) x ava-hifi -t 32

BLEND D. ananassae (HiFi) -x ava-hifi -t 32

BLEND E. coli (HiFi) -x ava-hifi -t 32

BLEND CHM13 (ONT) -x ava-ont -t 32

BLEND Yeast (PacBio) -x ava-pb -t 32

BLEND Yeast (ONT) -x ava-ont -t 32

BLEND E. coli (PacBio) -x ava-pb -t 32

minimap?2 CHM13 (HiFi) -x ava-pb -Hk21 -w14 -t 32

minimap2 D. ananassae (HiFi) -x ava-pb -Hk21 -w14 -t 32

minimap?2 E. coli (HiFi) -x ava-pb -Hk21 -w14 -t 32

minimap?2 CHM13 (ONT) -x ava-ont -t 32

minimap2 Yeast (PacBio) -x ava-pb -t 32

minimap?2 Yeast (ONT) -x ava-ont -t 32

minimap?2 E. coli (PacBio) -x ava-pb -t 32

minimap2-Eq CHM13 (ONT) -x ava-ont -k19 -w10 -t 32

minimap2-Eq  Yeast (PacBio) -x ava-pb -k23 -w10 -t 32

minimap2-Eq  Yeast (ONT) -x ava-ont -k19 -w10 -t 32

minimap2-Eq E. coli (PacBio) -x ava-pb -k23 -w10 -t 32

MHAP CHM13 (HiFi) —store-full-id —ordered-kmer-size 18 —-num-hashes 128 —num-min-matches 5
—ordered-sketch-size 1000 —threshold 0.95 —num-threads 32

MHAP D. ananassae (HiFi) -store-full-id —ordered-kmer-size 18 —num-hashes 128 -num-min-matches 5
—ordered-sketch-size 1000 —threshold 0.95 -num-threads 32

MHAP E. coli (HiFi) —store-full-id —ordered-kmer-size 18 —-num-hashes 128 —num-min-matches 5
—ordered-sketch-size 1000 —threshold 0.95 -num-threads 32

MHAP Yeast (PacBio) —store-full-id -num-threads 32

MHAP Yeast (ONT) —store-full-id -num-threads 32

MHAP E. coli (PacBio) —store-full-id -num-threads 32

* For the definitions of the parameters we use in BLEND, please see Supplementary Table S4.15
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Table S4.17: Parameters we use in our evaluation for each tool and dataset in read mapping.

Tool Dataset Parameters
BLEND CHM13 (HiFi) -ax map-hifi -t 32 —secondary=no
BLEND HG002 (HiFi) -ax map-hifi -t 32 —-secondary=no
BLEND D. ananassae (HiFi) -ax map-hifi -t 32 —secondary=no
BLEND E. coli (HiFi) -ax map-hifi -t 32 —secondary=no
BLEND CHM13 (ONT) -ax map-ont -t 32 —secondary=no
BLEND Yeast (PacBio) -ax map-pb -t 32 —secondary=no
BLEND Yeast (ONT) -ax map-ont -t 32 —secondary=no
BLEND Yeast (Illumina) -ax sr -t 32
BLEND E. coli (PacBio) -ax map-pb -t 32 —secondary=no
minimap2 CHM13 (HiFi) -ax map-hifi -t 32 —secondary=no
minimap2 HG002 (HiFi) -ax map-hifi -t 32 —secondary=no
minimap2 D. ananassae (HiFi) -ax map-hifi -t 32 —secondary=no
minimap2 E. coli (HiFi) -ax map-hifi -t 32 —secondary=no
minimap2 CHM13 (ONT) -ax map-ont -t 32 —secondary=no
minimap2 Yeast (PacBio) -ax map-pb -t 32 —secondary=no
minimap2 Yeast (ONT) -ax map-ont -t 32 —secondary=no
minimap?2 Yeast (Illumina) -ax sr -t 32
minimap2 E. coli (PacBio) -ax map-pb -t 32 —secondary=no
Winnowmap2 CHM13 (HiFi) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-pb -t 32
Winnowmap2 HGO002 (HiFi) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-pb -t 32
Winnowmap2 D. ananassae (HiFi) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-pb -t 32
Winnowmap2 E. coli (HiFi) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-pb -t 32
Winnowmap2 CHM13 (ONT) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-ont -t 32
Winnowmap2 Yeast (PacBio) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-pb-clr -t 32
Winnowmap2 Yeast (ONT) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-ont -t 32
Winnowmap2 E. coli (PacBio) meryl count k=15
meryl print greater-than distinct=0.9998
-ax map-pb-clr -t 32
LRA CHM13 (HiFi) align -CCS-t32 -ps
LRA HG002 (HiFi) align -CCS-t32 -p s
LRA D. ananassae (HiFi) align -CCS -t32-ps
LRA E. coli (HiFi) align -CCS-t32 ps
LRA CHM13 (ONT) align -ONT -t 32 -p s
LRA Yeast (PacBio) align -CLR -t 32 -p s
LRA Yeast (ONT) align -ONT -t 32 -p s
LRA E. coli (PacBio) align -CLR -t 32 -p s
S-conLSH CHM13 (HiFi) —threads 32 -align 1
S-conLSH E. coli (HiFi) —threads 32 —align 1
S-conLSH CHM13 (ONT) —threads 32 —align 1
S-conLSH Yeast (PacBio) —threads 32 —align 1
S-conLSH Yeast (ONT) —threads 32 -align 1
S-conLSH E. coli (PacBio) —threads 32 -align 1
Strobealign Yeast (Illumina) -t 32

* For the definitions of the parameters we use in BLEND, please see Supplementary Table S4.15



Chapter 5

Enabling Hash-based Search
of Raw Nanopore Signals

by Reducing Noise

In the previous chapter, we present a mechanism for generating the same hash value when
the basecalled seeds are highly similar to each other to improve the sensitivity of sequence
analysis by tolerating noise in seeds (i.e., differences between seeds). Our goal in this chapter is
to provide a similar mechanism for raw nanopore signals such that noise in these signals are

effectively reduced to enable generating the same hash values between similar raw signals.

5.1 Background and Motivation

High-throughput sequencing (HTS) devices can generate a large amount of genomic data
at a relatively low cost. HTS can be used to analyze a wide range of samples, from small
amounts of DNA or RNA to entire genomes. Oxford Nanopore Technologies (ONT) is one of
the most widely-used HTS technologies that can sequence long genomic regions, called reads,
with up to a few million bases. ONT devices use the nanopore sequencing technique, which
involves passing a single DNA or RNA strand through a tiny pore, nanopore or channel, at
an average speed of 450 bases per second [292] and measuring the electrical current as the
strand passes through. Nanopore sequencing enables two key features. First, nanopores provide
the electrical raw signals in real-time as the DNA strand passes through a nanopore. Second,
nanopore sequencing provides a functionality, known as Read Until [264], that can partially
sequence DNA strands without fully sequencing them. These two features of nanopores provide
opportunities for 1) real-time genome analysis and 2) significantly reducing sequencing time

and cost.
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Real-time analysis of nanopore raw signals using Read Until can reduce the sequencing
time and cost per read by terminating the sequencing whenever sequencing the full read is
not necessary. The freed-up nanopore can then be used to sequence a different read. A purely
computational mechanism can send a signal to eject a read from a nanopore by reversing
the voltage if the partial sequencing of a read meets certain conditions for particular genome
analysis, such as 1) reaching a desired coverage for a species in a sample [786] or 2) identifying
that a read does not originate from a certain genome of interest (i.e., a target region) [291, 292]
and hence, does not need to be fully sequenced. By terminating the sequencing of reads that
do not correspond to the target region, the sequencer can spend time and resources on higher
coverage sequencing of the reads that correspond to the target. This process is referred to
as nanopore adaptive sampling. By providing high coverage at target regions and avoiding
unessential sequencing of reads outside those regions, this approach can improve the quality

of sequencing and the downstream analysis utilizing the obtained data.

5.1.1 Motivation: Need for Scalable Mechanisms Raw Nanopore Signal
Analysis

To effectively utilize adaptive sampling in nanopore sequencing, it is crucial to have com-
putational methods that can accurately analyze the raw output signals from nanopores in
real-time. These methods must provide 1) low latency and 2) throughput matching or exceeding
that of the sequencer [138,291, 292]. Several works propose adaptive sampling methods for
real-time analysis of raw nanopore signals [138, 290-293, 297, 298, 680, 786, 787]. However,
these works have three key limitations. First, most techniques mainly use powerful computa-
tional resources, such as GPUs [290,786], or specialized hardware [138,297] due to the use of
computationally-intensive algorithms such as basecalling as we explain in detail in Chapter 3.
This can make real-time genome analysis challenging for portable and low-cost nanopore-
based sequencers, such as the ONT Flongle or MinION, which are not typically equipped with
such resources. Therefore these techniques introduce challenges for using them in resource-
constrained environments. Second, the sheer size of genomic data at the scale of large genomes
(e.g., human genome) makes it challenging to process the data in real-time. This is because such
large genomes require efficient and accurate similarity identification across a large number of
regions. This renders many current methods [291,292] inaccurate or useless for large genomes
as they cannot either provide accurate results or match the throughput of nanopores for these
genomes. Third, machine learning models used in past works [290, 293,680, 786,787] to analyze
raw nanopore signals often require retraining or reconfiguring the model to improve accuracy
for a certain experiment, which can be a barrier to flexibly and easily performing real-time

analysis without retraining or reconfiguring these models. To our knowledge, there is no work
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that can efficiently and accurately perform real-time analysis of raw nanopore signals on a
large scale (e.g., whole-genome analysis for human) without requiring powerful computational
resources, which can easily and flexibly be applied to a wide range of applications that could

benefit from real-time nanopore raw signal analysis.

5.1.2 Challenge: Efficiently Handling Noise in Raw Nanopore Signal
Analysis

Our goal is to enable efficient and accurate real-time genome analysis for large genomes.
To this end, we propose RawHash, the first mechanism that can efficiently and accurately
perform real-time analysis of raw nanopore signals for large genomes in resource-contained
environments without requiring computationally-intensive algorithms such as basecalling. Our
key idea is to encode regions of the raw nanopore signal into hash values such that similar
signal regions can efficiently be identified by matching their hash values, facilitating efficient
similarity identification between signals. However, enabling accurate hashing-based similarity
identification in the raw signal domain is challenging because raw signals corresponding
to the same DNA content are unlikely to have exactly the same signal amplitudes. This is
because the raw signals generated by nanopores can vary each time the same DNA fragment is
sequenced due to several factors impacting nanopores during sequencing, such as variations in
the properties of the nanopores or the conditions in which the sequencing is performed [286].
Although the similarity identification of raw signals is possible via calculating the Euclidean
distance between a sequence of signals in a multi-dimensional space [291], such an approach can
become impractical when dealing with larger sequences as the number of dimensions increases
with the length of the sequences. This increase in dimensionality can lead to computational

complexity and the curse of dimensionality, making it expensive and impractical.

5.1.3 Overview of Noise Reduction To Enable Hash-based Search in

RawHash

To address these challenges, RawHash provides three key mechanisms for efficient signal
encoding and similarity identification. First, RawHash encodes signal values that have a wider
range of values into a smaller set of values using a quantization technique, such that signal
values within a certain range are assigned to the same encoded value. This helps to alleviate the
probability of having varying signal values for the same DNA content and enables RawHash
to directly match these values using a hashing technique. Second, RawHash concatenates the
quantized values of multiple consecutive signals and generates a single hash value for them.
The hashing mechanism enables RawHash to efficiently identify similar signal regions of these

consecutive signal values by directly matching their corresponding hash values. Representing
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many consecutive signals with a single hash value increases the size of the regions examined
during similarity identification without suffering from the curse of dimensionality. Using larger
regions can substantially reduce the number of possible matching regions that need to be
examined. RawHash is the first work that can accurately use hash values in the raw signal
domain, which enables using efficient data structures commonly-used used in the sequence
domain (e.g., hash tables in minimap2 [306]). Third, RawHash uses an existing algorithm,
known as chaining [306], to find the colinear matches of hash values between signals to identify
similar signal regions. These efficient and accurate mechanisms enable RawHash to perform
real-time genome analysis for large genomes.

While our proposed three key mechanisms have the potential to be used for various purposes
in raw signal similarity identification, we design RawHash as a tool for mapping nanopore raw
signals to their corresponding reference genomes in real-time. RawHash operates the mapping
in two steps 1) indexing and 2) mapping. First, in the indexing step, RawHash 1) converts the
reference genome sequence into expected signal values by simulating the expected behavior of
nanopores based on a previously-known model, 2) generates the hash values from these signals,
and 3) stores the hash values in a hash table for efficient matching. Second, in the mapping step,
RawHash 1) generates the hash values from the raw signals in a streaming fashion, 2) queries
the hash table from the indexing step with these hash values to find the matching regions in
the reference genome with the same hash value, and 3) performs chaining to find the similar

region between the reference genome and the raw signal of a read.

5.1.4 The Sequence Until Mechanism: Dynamically Stopping the En-
tire Sequencing Run

We propose a novel mechanism that can stop the entire sequencing run for certain appli-
cations (e.g., relative abundance estimation) when an accurate decision can be made without
sequencing the entire sample, which we call Sequence Until. Sequence Until utilizes Run Until
to fully stop the entire sequencing of all subsequent reads after sequencing a certain amount
of reads that is sufficient to make an accurate relative abundance estimation. Avoiding the
redundant sequencing of further reads that are unlikely to substantially change the relative
abundance estimation has the potential to significantly reduce the sequencing time and cost. To
utilize Sequence Until, RawHash integrates a confidence calculation mechanism that evaluates
the relative abundance estimations in real-time and fully stops the entire sequencing run if
using more reads does not change its estimation. To stop the entire sequencing run for further
reads, Run Until can be used to stop the entire sequencing run, which can enable the better
utilization of nanopores. We find that Sequence Until can be applied to other mechanisms (e.g.,

UNCALLED) that can perform real-time relative abundance estimations. Prior work [790]
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proposes a technique to terminate the sequencing process when species in the sample reach
a certain coverage depth. The key difference of Sequence Until is that it reduces the cost of
sequencing for relative abundance estimation and is based on our adaptive, accurate, and

low-cost confidence calculation during real-time abundance estimation.

5.2 RawHash Mechanism

We propose RawHash, a mechanism that can efficiently and accurately identify similarities
between raw nanopore signals of a read and a large reference genome in real-time (i.e., while
the read is sequenced). The raw nanopore signal of each read is a series of electrical current
measurements as a strand of DNA passes through a nanopore. The reference genome is a set of
strings over the alphabet A,C,G, T. RawHash provides the mechanisms for generating hash
values from both a raw nanopore signal and a reference genome such that similar regions

between the two can be efficiently and accurately found by matching their hash values.

5.2.1 Overview

Figure 5.1 shows the overview of how RawHash identifies similarities between raw nanopore
signals of a read and a reference genome in four steps. First, RawHash pre-processes both
1) the raw nanopore signal and 2) the reference genome into values that are comparable to each
other. For raw signals, RawHash segments the raw signal into non-overlapping regions such
that each region is expected to contain a certain amount of signal values that are generated
from reading a fixed number k of DNA bases. Each such region is called an event [286]. Each
event is usually represented with a value derived from the signal values in the segment. For the
reference genome, RawHash translates each substring of length k (called a k-mer) into their
expected event values based on the nanopore model.

The event values from the reference genome are not directly comparable to the event
values from raw nanopore signals due to variability in the current measurements in nanopores
generating slightly different event values for the same k-mer [286]. To generate the same
values from slightly different events that may contain the same k-mer information, the second
step of RawHash quantizes the event values from a larger set of values into a smaller set. The
quantization technique ensures that the event values within a certain range are likely to be
assigned to the same quantized value such that the effect of signal variation is alleviated, i.e.,
the same k-mer is likely assigned the same quantized value.

Due to the nature of nanopores, each event usually represents a very small k-mer of length
around k=6 bases, depending on the nanopore model [291]. Such a short k-mer is likely to exist
in a large number of locations in the reference genome, making it challenging to efficiently

identify the correct one. To make the events more unique (i.e., such that they exist only in
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a small number of locations in the reference genome), the third step of RawHash combines
multiple consecutive quantized events into a single hash value. These hash values can then be
used to efficiently identify similar regions between raw signals and the reference genome by
matching the hash values generated from their events using efficient data structures such as
hash tables.

Fourth, to map a raw nanopore signal of a read to a reference genome, RawHash uses a
chaining algorithm [291,306] that find colinear matching hash values generated from regions

that are close to each other both in the reference genome and the raw nanopore signal.
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Figure 5.1: Overview of RawHash.

5.2.2 Event Generation

Our goal is to translate a reference genome sequence and a raw nanopore signal into
comparable values. To this end, RawHash converts 1) each k-mer of the reference genome and
2) each segmented region of the raw signal into its corresponding event.
Sequence-to-Event Conversion. To convert a reference genome sequence into a form that
can be compared with raw nanopore signals, RawHash converts the reference genome sequence
into event values in three steps, as shown in Figure 5.2.

First, RawHash extracts all k-mers from the reference genome sequence, where k depends

on the nanopore. The k-mer model of a nanopore! includes the information about the expected

For many nanopore models, ONT provides the k-mer model including recent R10 and R10.4. These models
can also be generated by users [835].
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k-mer length of an event and the expected average event value for each k-mer based on certain
variables affecting the signal outcome of the nanopore’s current measurements.

Second, RawHash queries the k-mer model for each k-mer of the reference genome to
convert k-mers into their expected event values. Although the k-mer model of a nanopore
provides an extensive set of information for each possible k-mer, RawHash uses only the mean
values of events that provide an average value for the signals in the same event since these
mean values provide a sufficient level of meaningful information for comparison with the raw
nanopore signals.

Third, RawHash normalizes the event values from the same reference genome sequence
(e.g., entire chromosome sequence or a contig) by calculating the standard scores (i.e., z-
scores) of these events. RawHash uses these normalized values as event values since the same
normalization step is taken for raw signals to avoid certain variables that may affect the range

of raw signal amplitudes during sequencing [291,292].
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Figure 5.2: Converting sequences to event values based on the k-mer model of a nanopore.

Signal-To-Event Conversion. Our goal is to accurately convert the series of raw nanopore
signals into a set of values where each value corresponds to certain DNA sequences of fixed
length k, k-mers, and consecutive values differ by one base. To achieve this, RawHash converts
the raw signals into their corresponding values in three steps, as shown in Figure 5.3. First, to
accurately identify the distinct regions in the raw signal that correspond to a certain k-mer
from DNA, RawHash performs a segmentation step as described in a basecalling tool, Scrappie,
and used by earlier works UNCALLED and Sigmap. The segmentation step aims to eliminate
the factors that affect the speed of the DNA molecules passing through a nanopore, as the
speed affects the number of signal measurements taken for a certain amount of bases in DNA.
To perform the segmentation step, RawHash identifies the boundaries in the signal where the
signal value changes significantly compared to the certain amount of previously measured
signal values, which indicates a base change in the nanopore. Such boundaries are computed
using a statistical test, known as Welch’s t-test [303], over a rolling window of consecutive
signals. RawHash performs this t-test for multiple windows of different lengths to avoid the

variables that cause a change in the number of current measurements due to the varying speed
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of DNA through a nanopore, known as skip and stay errors [286]. Signals that fall within the
same segment (i.e., between the same measured boundaries) are usually called events since
each event contains the signals from a reading of a fixed amount of DNA bases, k-mers.

Second, since the number of signals that each event includes is not constant across different
events due to the stay and skip errors, RawHash generates a single value for each event to
quickly avoid these potential errors and other factors that cause variations from reading the
same amount of DNA bases. To this end, RawHash measures the mean value of the signals that
fall within the same segment and uses this mean value for an event.

Third, since the amplitudes of the signal measurements may significantly vary when reading
k-mers at different times, RawHash normalizes the mean event values using the event values
generated from the nanopore within the same certain time interval in a streaming fashion.
Although this time interval parameter can be modified in our tool, the default configuration of
RawHash processes the events of signals generated by the nanopore within one second. For
normalization, RawHash uses the same z-score calculation that it uses for normalizing the event
values generated from reference sequences as described earlier. RawHash uses these normalized

values as event values when comparing with the event values from reference sequences.
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Figure 5.3: Detecting events from raw signals.

5.2.3 Quantization of Events

Our goal is to avoid the effects of generating different event values when reading the same
k-mer content from nanopores so that we can identify k-mer matches by directly matching
events. Although the segmentation and normalization steps explained in Section 5.2.2 can avoid
the potential sequencing errors, such as stay and skip errors and significant changes in the
current readings at different times, these approaches still do not guarantee to generate exactly
the same event values when reading the same k-mer content. This is because slight changes in
the normalized event values may occur when reading the same DNA content due to the high
sensitivity and stochasticity of nanopores [286]. Thus, it is challenging to generate the same
event value for the same k-mer content after the segmentation and normalization steps. Since

these event values generated from reading the same k-mer content are expected to be close
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to each other [291], we propose a quantization mechanism that encodes event values so that

events with close mean values can have the same quantized value in two steps as shown in

Figure 5.4.
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Figure 5.4: Quantization of two event values.

First, to increase the probability of assigning the same value for similar event values,
RawHash trims the least significant fractional part of mean values by using only the most
significant Q bits of these mean event values from their binary format, which we represent as
E[1, Q] for simplicity where E is the event value and E[1, Q] gives the most significant Q bits
of E. We assume that the mean event values are represented by the standard single-precision
floating-point format with the sign, exponent, and fraction bits. This enables RawHash to
reduce the wide range of floating-point numbers into a smaller range without significantly
losing from the accuracy such that event values closer to each other can be represented by the
same value in the smaller range of values. We can perform this trimming technique without
significant sensitivity loss because we observe that these normalized event values mostly use
at most six digits from the fractional part of their values, leaving a large number of fractional
bits useless.

Second, to avoid using redundant bits that may carry little or no information in the most
significant Q bits of an event value, RawHash prunes p bits after the most significant two bits of
E[1, Q] such that 2 + p < Q and the resulting quantized value is E[1, 2]E[3 + p, Q]. For simplicity,
we show the quantized value of E as Eg ,,. By ignoring these p bits, we effectively pack Q bits
into Q - p bits without losing significant information from event values. We can perform such
a pruning operation because we observe that the normalized event values are usually in the
range [-3, 3] such that these p bits provide little information in distinguishing different event
values due to the small range of values. We note that these Q and p values are parameters to
RawHash and can empirically be adjusted based on the required sensitivity and quantization

efficiency. This quantization technique enables RawHash to assign the same quantized values
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for a pair of close event values, E and F, that may be generated from reading the same k-mer
such that Eg , = Fp , where |E - F| < € and € is small enough for two events to represent
the same k-mer content. RawHash always uses the most significant two bits as these two bits
consistently carry the most significant information of the normalized event values, including

the sign bit.

5.2.4 Generating the Hash Values

Our goal is to generate values for large regions of raw nanopore signals and reference
sequences such that these values can be used to efficiently and accurately identify similarities
between raw signals and a reference genome. To this end, RawHash generates hash values
using quantized values of events in two steps, as shown in Figure 5.5. First, to avoid finding a
large number of matches, RawHash uses the quantized values of n consecutive events to pack
them in n X (Q - p) bits while preserving the order information of these consecutive events.
RawHash uses several consecutive events in a single hash value because matching a single
event is likely to generate a larger number of matches for larger genomes as a single event
usually corresponds to a k-mer of 6 to 9 bases depending on the nanopore model [286]. It is
essential to use several consecutive events to reduce the number of matching regions between
raw signals and the reference genome by increasing the region that these consecutive events
span.

Second, to efficiently and accurately find matches between large regions of raw signals and
a reference genome using a constrained space, RawHash uses a low collision hash function
to generate a 32-bit hash value from n X (Q - p) bits of n consecutive quantized event values.
Since n X (Q - p) can be larger than 32, using such a hash function is likely to increase the
collision rate for dissimilar regions. To avoid inaccurate similarity identifications due to these
incorrect collisions, RawHash requires several matches of hash values within close proximity

for similarity identification, which we explain next.

5.2.5 Seeding and Mapping

To efficiently identify similarities, RawHash uses hash values generated from raw nanopore
signals and the reference genome in two steps. First, RawHash efficiently identifies matching
regions between raw nanopore signals and a reference genome by matching their hash values.
These hash values used for matching are usually known as seeds. Matching seeds enable
efficiently finding similar regions between raw nanopore signals and a reference genome.
Second, RawHash uses the chaining algorithm proposed in Sigmap [291] to identify the best
colinear matching seeds that are close to each other in both raw nanopore signal and a reference
genome. The region that the best chain of seed matches cover is the mapping position that

RawHash identifies as a similar region.
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Figure 5.5: Generating a hash value from n consecutive quantized event values.

The chaining algorithm is useful for two reasons. First, the chaining algorithm can tolerate
mismatches and indels as it allows gaps between seed matches, which enables finding similar
regions with many seed matches without requiring the entire region to match exactly. To
investigate this, we show the average gap length between a pair of anchors that RawHash finds
when mapping raw nanopore signals in various datasets in Table 5.1. Read and reference anchors
show the average gap length between a pair of anchors found in reads and the reference genome,
respectively. We find that the chaining algorithm can tolerate a large number of mismatches
and indels. Second, incorrect seed matches due to collisions or our quantization mechanism that
may generate the same quantized value for distinctly dissimilar events are likely to be filtered
in the chaining step due to the difficulty of finding colinear seed matches in highly dissimilar
regions. We note that we modify the original chaining algorithm in Sigmap by disabling the

distance coefficient as RawHash does not calculate the distance between seed matches.

Table 5.1: The average gap length between a pair of anchors in reads and a reference genome.

Tool SARS-CoV-2 E.coli Yeast Green Algae Human
Read Anchors 2537 4292 7931 148.58 200.06
Reference Anchors 20.06 3339 67.55 127.03 165.44

To efficiently map raw signals to a reference genome, RawHash provides efficient data
structures. To this end, RawHash uses hash tables to store the hash values generated from
reference genomes (i.e., the indexing step) and efficiently query the same hash table with the
hash values generated from the raw signal as the read is sequenced from a nanopore to find
positions in the reference genome with matching hash values. RawHash uses the events in

chunks (i.e., collection of events generated within a certain time interval) to find seed matches
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and perform chaining in a streaming fashion such that the chaining computation from previous
chunks (i.e., seed matches) is transferred to the next chunk if the mapping is unsuccessful for

the current chunk.

5.2.6 The Sequence Until Mechanism

Our goal with the Sequence Until mechanism is to reduce time and cost spent during sequenc-
ing by dynamically stopping the entire sequencing run if further sequencing is unnecessary
for an accurate analysis. To do so, Sequence Until aims to continuously determine if further
sequencing is unlikely to change the analysis outcome. Although Sequence Until is not limited
to a particular analysis type, we exemplify the workflow of Sequence Until by focusing on the
relative abundance estimation use case. Figure 5.6 shows the main steps in Sequnce Until.

First, Sequence Until continuously generates relative abundance estimations as new reads
are sequenced. After every n reads @, Sequence Until performs an estimation of the relative
abundance, producing a series of estimations as sequencing progresses.

Second, Sequence Until maintains the last ¢ estimation results @ to assess the consistency of
the abundance estimations. By focusing on a rolling window of the most recent estimations,
Sequence Until can effectively monitor the ongoing trends in the relative abundance estimations.

Third, Sequence Until employs a cross-correlation technique to detect outliers among the
last ¢ relative abundance estimations @. Cross-correlation helps to identify whether recently
sequenced reads significantly cause deviations from the general relative abundance estimation
pattern, indicating that additional sequencing might still provide valuable information. The
presence of outliers suggests that the sequencing process should continue, as further sequencing
might still refine the abundance estimations.

Fourth, when no outliers are detected among the last ¢ estimations, Sequence Until assumes
that the abundance estimations have reached consistency. In such cases, the Sequence Until
mechanism signals that the sequencing can be fully stopped (by using the Run Until functionality
in nanopore sequencers) @, as further reads are unlikely to alter the relative abundance results
substantially. This complete halt of sequencing helps to avoid redundant sequencing, thereby
reducing the overall sequencing time and cost.

The Sequence Until mechanism is particularly beneficial for applications where the goal
is to estimate the relative abundance of species accurately and efficiently. By dynamically
adjusting the sequencing run based on real-time analysis, Sequence Until enables reducing
unnecessary sequencing. This mechanism can be integrated into various sequencing workflows
and analysis tools other than RawHash, including those utilizing other real-time relative

abundance estimation tools [299].
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Figure 5.6: Overview of the Sequence Until mechanism.

5.3 Results

5.3.1 Evaluation Methodology

We implement RawHash as a tool for mapping raw nanopore signals to a reference genome.
Similar to regular read mapping tools, RawHash has two steps to complete the mapping process:
1) indexing the reference genome and 2) mapping raw signals. Although indexing is usually a
one-time task that can be performed prior to the mapping step, the indexing of RawHash can
be performed relatively quickly within a few minutes for large genomes (Table 5.3). RawHash
provides the mapping information using a standard pairwise mapping format (PAF). In our
implementation, we provide an extensive set of parameters that allow configuring several
options to fit RawHash for many other applications and nanopore models that we do not
evaluate, such as configuring details about the nanopore model (e.g., number of bases per
second), number of events that can be included in a single hash value, range of bits to quantize,
enabling seeding techniques such as minimizers and fuzzy seed matching. We also provide a
default set of parameters that we empirically choose for each common application of real-time
genome analysis. These default parameters are set to accurately and efficiently analyze 1) very
small (e.g., viral) genomes, 2) small and mid-sized genomes (i.e., genomes with less than a few
hundred million bases), 3) large genomes (e.g., genomes with a few billion bases such as a
human genome). We show the details regarding these parameter selections and the versions of
tools in Supplementary Tables S5.1, S5.2, and S5.3.

We evaluate RawHash in terms of its performance, peak memory usage, accuracy, and esti-
mated benefits in sequencing time and cost compared to two state-of-the-art tools UNCALLED
and Sigmap. For performance, we evaluate the throughput and overall runtime of each tool in
terms of the number of bases they can process per second. Throughput determines if the tool
is at least as fast as the speed of DNA passing through a nanopore. For many nanopore models

(e.g., R9.4), a DNA strand passes through a pore at around 450 bases per second [291,292]. It
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is essential to provide a throughput higher than the throughput of the nanopore to enable
real-time genome analysis. To calculate the throughput, we use the tool that UNCALLED
provides, UNCALLED pafstats, which measures the throughput of the tool from the number
of bases that the tool processes and the time it takes to process those bases. Although theoreti-
cally, it is not possible to exceed the throughput of a nanopore due to the speed of raw signal
generation, for comparison purposes, such a limitation is ignored by UNCALLED pafstats. For
overall runtime, we calculate CPU time and real-time using 32 threads. CPU time shows the
overall amount of CPU seconds spent running a tool, while real-time shows the overall elapsed
(i.e., wall clock) time. All of these tools support multi-threading, where multiple reads can be
mapped simultaneously using a single thread for each read. For all of these tools, assigning a
larger number of threads enables processing a larger number of reads in parallel, similar to the
behavior of nanopore sequencers with hundreds to thousands of pores (i.e., channels). We note
that the throughput and mapping time per read values are not affected by the thread counts as
1) these are measured per read and 2) single thread performs the mapping of a single read.

For accuracy, we evaluate the correctness of the mapping positions that each tool provides
when compared to the ground truth mapping positions. To generate the ground truth mapping,
we use a read mapping tool, minimap?2 [306], to map the basecalled sequences of raw nanopore
signals to their corresponding whole-genome references. We use UNCALLED pafstats to com-
pare the mapping output of a tool with the ground truth mapping to find the number of true
positives or TP (i.e., correct mappings), false positives or FP (i.e., incorrect mappings), and false
negatives or FN (i.e., unmapped reads that are mapped in ground truth). Correct and incorrect
mappings are identified based on the distance of the mapping positions between ground truth
and the tool. To evaluate the accuracy, we calculate the precision (P = TP/(TP + FP)), recall
(R = TP/(TP + FN)) and the F; (F; = 2 X (P X R)/(P + R)) values.

For estimating the benefits in sequencing time and cost of each tool, we calculate the
average length of sequenced bases per read when using UNCALLED and RawHash and the
average number sequenced chunk of signals for Sigmap and RawHash. We compare RawHash
with Sigmap in terms of the number of chunks because Sigmap does not provide the number
of bases when a read is unmapped, while both tools provide the number of chunks used when
a read is mapped or unmapped. These chunks include a portion of the signal produced by
a nanopore within a certain time interval, which is by default set as one second of data for
both RawHash and Sigmap. The average length of bases and the number of chunks determine
the estimations of how quickly each tool can make a mapping decision to activate Read Until
before sequencing the remaining portion of a read, which indicates the potential savings from
overall sequencing time and cost.

We evaluate RawHash, UNCALLED, and Sigmap for three applications 1) read mapping,
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2) relative abundance estimation, and 3) contamination analysis. Read mapping aims to map the
raw signals to their corresponding reference genomes. Relative abundance estimation measures
the abundance of each genome relative to other genomes in the same sample by mapping
raw signals to a given set of reference genomes. Contamination analysis aims to identify if a
sample is contaminated with a certain genome (e.g., a viral genome) by mapping raw signals to
the reference genome that the sample may be contaminated with. For each tool, we use their
default parameter settings in our evaluation.

To evaluate each of these applications, we use real datasets that we list in Table 5.2. These
datasets include both raw nanopore signals in the FAST5 format and their corresponding
basecalled sequences in the FASTA format. We note that RawHash can also use POD5 files.
For relative abundance estimation, we create a mock community using all the read sets from
datasets D1 to D5, and the reference genome is the combination of reference genomes used
in these datasets. We slightly modify the reference genome we use in the relative abundance
estimation such that the sequence IDs in the reference genome provide additional information
about the species (e.g., taxonomy IDs) to enable calculating relative abundance in real-time. For
contamination analysis, we combine the SARS-CoV-2 read sets (D1) with human read sets (D5)
to identify if the combined sample is contaminated with the SARS-CoV-2 sample by mapping
raw signals in the combined set to the SARS-CoV-2 reference genome. For all evaluations, we

use the AMD EPYC 7742 processor at 2.26GHz to run the tools.

Table 5.2: Details of datasets used in our evaluation.

Organism Reads Bases SRA Reference Genome
#) (#) Accession Genome Size

Read Mapping
D1 SARS-CoV-2 1,382,016 594M CADDE Centre GCF_009858895.2 29,903
D2 E. coli 353,317 2,365M ERR9127551 GCA_000007445.1 5M
D3 Yeast 49,989 380M SRR8648503 GCA_000146045.2 12M
D4 Green Algae 29,933 609M ERR3237140 GCF_000002595.2 111M

D5 Human HG001 269,507 1,584M FAB42260 Nanopore WGS T2T-CHM13 (v2) 3,117M

Relative Abundance Estimation

D1-D5 2,084,762 5,531M D1-D5 D1-D5 3,246M
Contamination Analysis
D1 and D5 1,651,523 2,178M D1 and D5 D1 29,903

Dataset numbers (e.g., D1-D5) show the combined datasets. Base counts in millions (M).

Evaluating Sequence Until. Our goal is to avoid redundant sequencing to reduce sequencing

time and cost for relative abundance estimation. We find that the Run Until mechanism can
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be utilized to fully stop the sequencing run when the real-time relative abundance estimation
reaches a certain confidence level to achieve accurate estimations, which we call Sequence
Until. While a similar mechanism is evaluated to enrich the coverage depth of low-abundance
species [790] using Read Until, we evaluate the potential benefits of Run Until for low-cost rel-
ative abundance estimations. RawHash provides a set of parameters to adjust these parameters
related to Sequence Until.

We evaluate the benefits of Sequence Until by comparing 1) RawHash without Sequence
Until and 2) RawHash with Sequence Until in terms of 1) the difference in the relative abundance
estimations and 2) the estimated benefits in sequencing time and cost. To evaluate Sequence Until
in a realistic sequencing environment where reads from different species can be sequenced in a
random order, we randomly shuffle the reads in the relative abundance dataset and generate a
set of 50,000 reads with a random order of species so that we can simulate this random behavior.
We also find that Sequence Until can be applied to other mechanisms. To evaluate the potential
benefits of Sequence Until, we simulate the benefits when using UNCALLED with Sequence
Until and compare it with RawHash.

5.3.2 Performance and Peak Memory

Figure 5.7 shows the throughput of regular nanopores that we use as a baseline and the
throughput of the tools when mapping raw nanopore signals to each dataset for read mapping,
contamination analysis, and relative abundance estimation. Figure 5.8 and Tables 5.3 and 5.4
show the mapping time per read, and the computational resources required for indexing and
mapping, respectively. We make six key observations. First, RawHash and UNCALLED are
the only tools that can perform real-time genome analysis for large genomes, as they can
provide higher throughputs than nanopores for all datasets. Sigmap cannot perform real-time
genome analysis for large genomes as it can provide 0.7x and 0.6x throughput of a nanopore
for human genome mapping and relative abundance estimations, respectively. RawHash can
achieve high throughput as its seeding mechanism is based on efficiently matching hash
values compared to the costly distance calculations that Sigmap performs for matching seeds,
which shows poor scalability for larger genomes. Second, the throughput of UNCALLED is not
affected by the genome size as it provides a near-constant throughput of around 16X for all
applications. This is because UNCALLED uses FM-index [366] and a branching algorithm that
provides robust scaling with respect to the reference genome size [292]. Third, the throughput
of RawHash decreases with larger genomes as the seeding and chaining steps start taking
up a larger fraction of the entire runtime of RawHash. Fourth, RawHash provides an average
throughput 25.8x and 3.4X better than UNCALLED and Sigmap, while providing an average
mapping speedup of 32.1x and 2.1x per read, respectively. Higher throughput with faster
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mapping times suggests that the mapping time improvements of RawHash are mainly due
to its computational efficiency rather than the ability to sequence shorter prefixes of reads
than UNCALLED and Sigmap. Fifth, for indexing, Sigmap usually requires a larger amount of
computational resources in terms of both runtime and peak memory usage. Sixth, for mapping,
UNCALLED is the most efficient tool in terms of the peak memory usage as it requires at most
10GB of peak memory while 1) RawHash requires less than 12GB of memory for almost all the
datasets and 2) Sigmap requires significantly larger memory space than both tools. RawHash
has a larger memory footprint, ~ 52GB, than UNCALLED for large genomes. Although such
large memory requirements for larger genomes can lead to challenges in using RawHash for
mobile devices with limited computational resources, such a requirement can be mitigated by
using more efficient seeding techniques such as minimizers, which we leave as future work.
We conclude that RawHash provides significant benefits in improving the throughput and

performance for the real-time analysis of large genomes while matching the throughput of
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Figure 5.7: Throughput of each tool. Values inside the bars show the throughput ratio between
each tool and a nanopore.
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Figure 5.8: Average time spent per read by each tool in real-time. Values inside the bars show
the speedups that RawHash provides over other tools in each dataset.
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Table 5.3: Computational resources required in the indexing step of each tool.

Tool Contamination SARS-CoV-2 E.coli Yeast Green Algae Human Relative Abundance
CPU Time (sec)

UNCALLED 8.72 9.00 11.08  18.62 285.88  4,148.10 4,382.38

Sigmap 0.02 0.04 8.66  24.57 449.29 36,765.24 40,926.76

RawHash 0.18 0.13 2.62 4.48 3418  1,184.42 788.88

Real time (sec)

UNCALLED 1.01 1.04 2.67 7.79 280.27  4,190.00 4,471.82

Sigmap 0.13 0.25 9.31 2586 458.46 37,136.61 41,340.16

RawHash 0.14 0.10 1.70 2.06 15.82 278.69 154.68
Peak memory (GB)

UNCALLED 0.07 0.07 0.13 0.31 11.96 48.44 47.81

Sigmap 0.01 0.01 0.40 1.04 8.63 227.77 238.32

RawHash 0.01 0.01 0.35 0.76 5.33 83.09 152.80

Table 5.4: Computational resources required in the mapping step of each tool.

Tool Contamination SARS-CoV-2 E. coli Yeast Green Algae Human Relative Abundance
CPU Time (sec)

UNCALLED 265,902.26 36,667.26 35,821.14  8,933.52 16,769.09 262,597.83 586,561.54

Sigmap 4,573.18 1,997.84 23,894.70 11,168.96 31,544.55 4,837,058.90 11,027,652.91

RawHash 3,721.62 1,832.56  8,212.17  4,906.70 25,215.23  2,022,521.48 4,738,961.77

Real time (sec)

UNCALLED 20,628.57 2,794.76  1,544.68 285.42 2,138.91 8,794.30 19,409.71

Sigmap 6,725.26 3,222.32  2,067.02  1,167.08 2,398.83 158,904.69 361,443.88

RawHash 3,917.49 1,949.53 957.13 215.68 1,804.96 65,411.43 152,280.26
Peak memory (GB)

UNCALLED 0.65 0.19 0.52 0.37 0.81 9.46 9.10

Sigmap 111.69 28.26 111.11 14.65 29.18 311.89 489.89

RawHash 4.13 4.20 4.16 4.37 11.75 52.21 55.31

5.3.3 Accuracy

Table 5.5 shows the accuracy results of tools for each dataset and application. We make
four key observations. First, RawHash provides the best accuracy in terms of precision, recall,
and F; values compared to UNCALLED and Sigmap when mapping reads to large genomes (i.e.,
the human genome and the relative abundance estimation). RawHash can efficiently match
several events using hash values, which is specifically beneficial in reducing the number of
matching regions in large genomes and increasing the specificity due to finding longer matches
compared to UNCALLED and Sigmap.

Second, RawHash and UNCALLED can accurately perform contamination analysis while
Sigmap suffers from significantly lower precision and recall values. Due to the nature of
a contamination analysis, it is essential to correctly eliminate the genomes other than the
contaminating genome (precision) without missing the correct mappings of reads from the
contaminating genome (recall). Unfortunately, Sigmap cannot provide high values in any of
these categories, making it significantly unsafe for contamination detection.

Third, the precision of RawHash does not drop with the increased length in the reference
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Table 5.5: Mapping accuracy.

Dataset UNCALLED Sigmap RawHash
Read Mapping
D1 Precision 0.9547  0.9929 0.9868
SARS-CoV-2 Recall 0.9910 0.5540 0.8735
F 0.9725 0.7112 0.9267
D2 Precision 0.9816  0.9842 0.9573
E. coli Recall 0.9647 0.9504 0.9009
F 0.9731 0.9670 0.9282
D3 Precision 0.9459 0.9856 0.9862
Yeast Recall 0.9366 0.9123 0.8412
F 0.9412  0.9475 0.9079
D4 Precision 0.8836  0.9741 0.9691
Green Algae Recall 0.7778  0.8987 0.7015
F 0.8273  0.9349 0.8139
D5 Precision 0.4867 0.4287 0.8959
Human HG001 Recall 0.2379 0.2641 0.4054
F 0.3196 0.3268 0.5582

Relative Abundance Estimation

Precision 0.7683 0.7928 0.9484
D1-D5 Recall 0.1273 0.2739 0.3076
F 0.2184 0.4072 0.4645

Contamination Analysis

Precision 0.9378 0.7856 0.8733
D1, D5 Recall 0.9910 0.5540 0.8735
K 0.9637 0.6498 0.8734

Best results are highlighted with bold text.

genome due to the benefits of finding long matches, which provides a higher confidence in
read mapping.

Fourth, although RawHash does not provide the best accuracy when mapping reads to
genomes smaller than the human genome, its accuracy is on par with UNCALLED and Sigmap
for these genomes. UNCALLED and Sigmap can achieve high recall values as their mechanisms
are best optimized for accurately handling matches in relatively smaller genomes with fewer
repeats and ambiguous mappings [291,292]. We conclude that RawHash is the only tool that
can accurately scale to performing real-time genome analysis for large genomes, especially
with significantly high precision rates.

Relative Abundance Estimations. Table 5.6 shows the relative abundance estimations that
each tool makes and the Euclidean distance of their estimation to the ground truth estimation.
We make two key observations. First, we find that RawHash provides the most accurate relative

abundance estimations in terms of the estimation distance to the ground truth compared to
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UNCALLED and Sigmap. This observation correlates with the accuracy results we show in
Table 5.5 where RawHash provides the best overall accuracy for relative estimation, which
results in generating the most accurate relative abundance estimations. Second, although
Sigmap cannot perform real-time relative abundance estimation due to its throughput being
lower than a nanopore (Figure 5.7), Sigmap provides accurate estimations that are on par with
RawHash. This observation shows that while Sigmap provides mappings with more incorrect
positions due to lower precision than RawHash (Table 5.5), these reads with incorrect mapping
positions are mostly mapped to their correct species. We conclude that RawHash is the only tool
that can accurately be applied to analyze relative abundance estimations while matching the
throughput of nanopores at a large-scale based on the prior knowledge of the set of reference

genomes to map the reads.

Table 5.6: Relative abundance estimations.

Estimated Relative Abundance Ratios

Tool SARS-CoV-2 E.coli Yeast Green Algae Human Distance
Ground Truth 0.0929 0.4365 0.0698 0.1179 0.2828 N/A
UNCALLED 0.0026 0.5884 0.0615 0.1313 0.2161 0.1895
Sigmap 0.0419 0.4191 0.1038 0.0962 0.3390 0.0877
RawHash 0.1249 0.4701 0.0957 0.0629 0.2464 0.0847

Best results are highlighted with bold text.

5.3.4 Sequencing Time and Cost

Our goal is to estimate the benefits that each tool provides in reducing the sequencing
time and cost. To this end, we measure the average length of sequenced bases and the average
number of sequenced chunks per read. We make two key observations. First, RawHash provides
significant benefits in reducing the sequencing time and cost for large genomes (e.g., Green
Algae and Human) compared to UNCALLED, as RawHash can complete the mapping process
per read by using smaller prefixes of reads. Second, RawHash uses on average 1.58X more
chunks compared to Sigmap when mapping reads, which can proportionally lead to worse
sequencing time and cost for RawHash compared to Sigmap. We conclude that although
UNCALLED and Sigmap provide better advantages in reducing sequencing time and cost for
smaller genomes, RawHash can provide significant reductions in sequencing time and cost for

larger genomes compared to UNCALLED.
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Table 5.7: The average sequenced length of bases and the number of chunks.

Tool SARS-CoV-2  E. coli Yeast Green Algae Human
Average sequenced base length per read

UNCALLED 184.51 580.52 1,233.20 5,300.15  6,060.23

RawHash 513.95 1,376.14  2,565.09 4,760.59 4,773.58

Average sequenced number of chunks per read

Sigmap 1.01 2.11 4.14 5.76 10.40
RawHash 1.24 3.20 5.83 10.72 10.70

Best results are highlighted with bold text.

5.3.5 Benefits of Sequence Until

Simulated Sequence Until. Our goal is to estimate the benefits of implementing the Sequence
Until mechanism in UNCALLED and compare it with RawHash when they both use Sequence
Until under the same conditions. To this end, we use shuf in Linux to randomly shuffle the
mapping files that both RawHash and UNCALLED generate for relative abundance and extract
a certain portion of the randomly shuffled file to identify their relative abundance estimations
after 0.01%, 0.1%, 1%, 10%, and 25% of the overall reads in the sample are randomly sequenced
from nanopores.

Table 5.8 shows the distance of relative abundance estimations after a certain portion of
the read is randomly sequenced from nanopores. We make two key observations. First, both
RawHash and UNCALLED can significantly benefit from Sequence Until by stopping sequencing
after processing a smaller portion of the entire sample since their estimations using smaller
portions are close to those using the entire set of reads (Table 5.6) in terms of their distance to
the ground truth. This suggests that many other tools can benefit from Sequence Until as their
sensitivity to relative abundance estimations may not significantly change while providing
opportunities for reducing the sequencing time and cost up to a certain threshold based on the
tool.

Second, RawHash can provide more accurate relative abundance estimations when using
only 0.1% of the reads than the estimation that UNCALLED provides using the entire set of
reads (Table 5.6). We conclude that Sequence Until provides significant opportunities in reducing
sequencing time and cost while more accurate tools such as RawHash can benefit further from
Sequence Until by using fewer portions of the entire read set than the portions that less accurate
tools would need to achieve similar accuracy.

Sequence Until with RawHash. Our goal is to evaluate Sequence Until when used in real-

time with RawHash for relative abundance estimation. Table 5.9 shows the relative abundance
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Table 5.8: Relative abundance with simulated Sequence Until.

Estimated Relative Abundance Ratios

Tool SARS-CoV-2 E.coli Yeast Green Algae Human Distance
Ground Truth 0.0929 0.4365 0.0698 0.1179 0.2828 N/A
UNCALLED (25%) 0.0026 0.5890 0.0613 0.1332 0.2139 0.1910
RawHash (25%) 0.0271 0.4853 0.0920 0.0786 0.3170 0.0995
UNCALLED (10%) 0.0026 0.5906 0.0611 0.1316 0.2141 0.1920
RawHash (10%) 0.0273 0.4869 0.0963 0.0772 0.3124 0.1004
UNCALLED (1%) 0.0026 0.5750 0.0616 0.1506 0.2103 0.1836
RawHash (1%) 0.0259 0.4783 0.0987 0.0882 0.3088 0.0928
UNCALLED (0.1%) 0.0040 0.4565 0.0380 0.1910 0.3105 0.1242
RawHash (0.1%) 0.0212 0.5045 0.1120 0.0810 0.2814 0.1136
UNCALLED (0.01%) 0.0000 0.5551 0.0000 0.0000 0.4449 0.2602
RawHash (0.01%) 0.0906 0.6122 0.0000 0.0000 0.2972 0.2232

Percentages show the portion of the overall reads used. Best results are highlighted with bold text.

estimations that RawHash makes with and without Sequence Until. We note that the estimations
we show for RawHash in Table 5.9 are different than the estimations in Table 5.6 since we
randomly subsample the reads in the relative abundance estimation dataset, as explained in
Section 5.3.1. We make two key observations. First, we observe that the distance between the
relative abundance estimations between these two configurations of RawHash is substantially
low. This indicates that our outlier detection mechanism can accurately detect the convergence
to the relative abundance estimations without using a full set of reads. Second, Sequence Until
enables accurately stopping the entire sequencing after processing 7% of the reads in the entire
set without substantially sacrificing accuracy. We conclude that Sequence Until has the potential
to significantly reduce the sequencing time and cost by using only fewer reads from a sample

while producing accurate results.

Table 5.9: Relative abundance with Sequence Until.

Estimated Relative Abundance Ratios in 50,000 Random Reads

Tool SARS-CoV-2 E.coli Yeast Green Algae Human Distance
RawHash (100%) 0.0270 0.3636 0.3062 0.1951 0.1081 N/A
RawHash + 0.0283 0.3539 0.3100 0.1946 0.1133 0.0118

Sequence Until (7%)

Percentages show the portion of the overall reads used.
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5.4 Discussion

We discuss the benefits we expect RawHash can immediately make, the limitations of
RawHash, and future work. We envision that RawHash can be useful mainly for two directions.
First, RawHash provides a low-cost solution for analyzing large genomes in real-time. Such an
analysis can be significantly useful when using nanopore sequencers with limited computational
resources to enable portable real-time genome analysis at a large scale.

Second, we expect that RawHash can also be useful for genome analysis that does not require

real-time solutions by reducing the time and energy that further steps in genome analysis may
require. One of the immediate steps after generating raw nanopore signals is their translation
to their corresponding DNA bases as sequences of characters with a computationally intensive
step, basecalling. Basecalling approaches are usually computationally costly and consume
significant energy as they use complex deep learning models [275, 684]. Although we do not
evaluate in this work, we expect that RawHash can be used as a low-cost filter [267] to eliminate
the reads that are unlikely to be useful in downstream analysis, which can reduce the overall
workload of basecallers and downstream analysis.
Future work. We find three key directions for future work. First, we find that our efficient
hash-based similarity identification mechanism can be used to efficiently find overlaps between
signals as the reads are sequenced in real-time. Although we observe that our indexing technique
is efficient in terms of the amount it requires to construct an index even for large genomes,
such an overlapping technique requires substantially more optimized indexing methods and
techniques that can efficiently find overlaps as more reads are sequenced and evolves the index.
Finding overlaps between signals can be beneficial in 1) providing enriched information to
basecallers to increase their accuracy and 2) identifying redundant signals that fully overlap
with already sequenced reads in an effort to generate assemblies from signals.

Second, since RawHash generates hash values for matching similar regions, it provides
opportunities to use the hash-based seeding techniques that are optimized for identifying
sequence similarities accurately without requiring large memory space, such as minimizers [306,
415], spaced seeds [315], syncmers [418], strobemers [310], and fuzzy seed matching as in
BLEND ([334]. Although we do not evaluate in this work, we implement the minimizer seeding
technique in RawHash. Our initial observation motivates us that future work can exploit these
seeding techniques with slight modifications in their seeding mechanisms to significantly
improve the performance of certain applications without reducing the accuracy.

Third, as advancements in sequencing technologies continue at a rapid pace [1], raw data
generated by sequencers is rapidly increasing in terms of volume and throughput, placing

increasing pressure on computational pipelines and raw nanopore signal analysis. To bridge
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the gap between analysis and sequencing, many acceleration efforts have targeted the computa-
tional bottlenecks of raw signal analysis by using GPUs [290,643] and co-designing algorithm
and hardware [138, 297]. RawHash can benefit from a hardware acceleration in two ways:
1) GPU acceleration and 2) acceleration with a a memory- or a storage-centric design. For
a GPU acceleration, RawHash can benefit from a GPU implementation as its low-cost and
accurate implementation can effectively be scaled to nanopore sequencers that include thou-
sands of nanopores such that these pores can be analyzed in parallel with an efficient GPU
implementation, which we leave as future work. However, as hardware acceleration increases
and minimizes the computational bottleneck, the adverse effect of the data movement is likely
to dominate the accelerated end-to-end execution latency. In such cases, to enable a substantial
end-to-end acceleration, a memory-centric or a storage-centric design can 1) eliminate the
overhead of data movement, 2) provide high parallelism capabilities, and 3) support the vast
volume of genomic data [689,710].

Limitations. We find four limitations of RawHash, which we believe can be improved with
further optimizations and better solutions. First, RawHash depends on previously generated
k-mer models to generate events from reference genomes. Although these k-mer models can
be trained and generated [835, 1049], this makes it challenging to adapt the most accurate
parameters for each k-mer model based on the nanopore model used for sequencing. A more
generic k-mer model that can accurately represent all nanopores is needed to easily adapt
RawHash to all possible nanopore models that may be released in the future.

Second, RawHash starts providing lower recall values as the genome size increases, which
indicates that a larger portion of correct reads cannot be mapped by RawHash due to the
increase in the number of false negatives. Although such an increase in false negatives does
not substantially affect some applications, such as contamination analysis, where providing
higher precision is more critical to correctly identify the contaminated sample, improving it is
useful to provide more accurate genome analysis overall.

Third, we perform our relative abundance estimations based on a priori knowledge of
reference genomes. While such an experiment can still be useful in practical scenarios, this is not
the common case in metagenomic analysis, where a sample is searched against a significantly
larger set of species. We expect that our mechanism can still scale to such metagenomic
analyses given that many metagenomic databases are efficiently constructed by including fewer
and useful information for each species [590], as opposed to our analysis, where we include
whole-genome references.

Fourth, we observe that the throughput of RawHash is expected to reach the throughput of
a nanopore when analyzing reference genomes slightly larger than a human genome. Such a

limitation can be alleviated by applying 1) seeding techniques that provide faster and more
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space-efficient searches in large spaces and 2) chaining algorithms that are optimized for
hash-based seed matches without the notion of distance between seeds, unlike the chaining
algorithm used in Sigmap, and 3) hardware acceleration, such as GPUs or memory-centric
designs, to enable parallel processing and reduce data movement overhead, thereby ensuring

RawHash can efficiently handle even larger genomes.

5.5 Summary

We propose RawHash, a novel mechanism that provides a low-cost and accurate approach
for real-time genome analysis for large genomes. RawHash can efficiently and accurately
perform real-time analysis of raw nanopore signals to identify similarities between the signals
and a reference genome in real-time at a large scale (e.g., whole-genome analysis for human
or communities with multiple samples). To efficiently and accurately identify similarities,
RawHash 1) generates events from both raw signals and the reference genome, 2) quantizes the
events into values such that slightly different events that correspond to the same DNA content
can have the same value, and 3) generates hash values from multiple events to efficiently
find matching regions between raw signals and a reference genome using hash values with
efficient data structures such as hash tables. We compare RawHash with the state-of-the-
art approaches, UNCALLED and Sigmap, on three important applications in terms of their
performance, accuracy, and estimated benefits in reducing sequencing time and cost. Our
results show that 1) RawHash is the only tool that can be accurately applied to analyze raw
nanopore signals at large scale, 2) provides 25.8X and 3.4X better average throughput, and
3) can map reads 32.1x and 2.1 faster than UNCALLED and Sigmap, respectively. We hope
that our findings will inspire future research to integrate real-time raw signal analysis in the
genome analysis pipeline, especially when analyzing larger genomes, to significantly reduce

the genome analysis latency as well as sequencing time and costs.
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S5 Supplementary Materials

$5.1 Configuration

S$5.1.1 Parameters

In Supplementary Table S5.1, we show the parameters of each tool for each dataset. In
Supplementary Table S5.2, we show the details of the preset values that RawHash sets in
Supplementary Table S5.1. For UNCALLED, Sigmap, and minimap2, we use the same parameter
setting for all datasets. For the sake of simplicity, we only show the parameters that we explicitly
set in each tool. For the descriptions of all the other parameters, we refer to the help message
that each tool generates, including RawHash.

We note that the parameter names shown in Supplementary Table S5.3 are different from
the parameters explained in Sections 5.2.3 and 5.2.4, although these parameters essentially
perform in the same way as explained in these sections, which we describe next. First, the
quantization parameter, Q in Section 5.2.3, is set using the -q parameter. Second, the value
of p in Section 5.2.3 (i.e., pruned bits) can be calculated as p = Q — I — 3 where [ is the least
significant [ bits of Q. We use [ instead of g due to its easier programmability in our tool. This [
value is set using the -1 parameter in RawHash. Third, the number of events packed together,
nin Section 5.2.4, is set using the -e parameter.

We set these -q, -1, and -e parameters empirically for three types of datasets: 1) viral
genomes, 2) small genomes (i.e., < 50M bases, and 3) large genomes (i.e., > 50M bases) using the
preset values -x viral, -x sensitive, and -x fast, respectively. In our empirical analysis,
we identify that accuracy and performance are significantly impacted by the values we set for
-e, —q and -1 for three reasons. First, e determines the number of quantized event values packed
in a single hash value. Packing a larger number of events improves the sensitivity as it becomes
more challenging to find larger consecutive matches of quantized event values than finding
a smaller number of consecutive matches. Finding a smaller set of matches can decrease the
time spent in seeding and chaining. Second, these values determine the level of quantization of
actual event values. Smaller -q and -1 values can lead to loss of information due to storing
only fewer bits that cannot be useful for identifying significantly different events. Larger -q
and -1 values can generate different quantized values for highly similar event values that may
be corresponding to the same DNA content. Third, the number of bits that we store for each
event, which are determined by -q and -1, impacts the number of events that can be packed in
a single 32-bit or 64-bit value. Packing a larger number of events in a single hash value directly

impacts sensitivity as discussed earlier in this paragraph (first point).
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Table S5.1: Parameters we use in our evaluation for each tool and dataset in mapping.

Tool Contamination SARS-CoV-2 E. coli Yeast Green Algae  Human  Relative Abundance
RawHash -x viral -t 32 -x viral -t 32 -x sensitive -t 32 -x sensitive -t 32  -xfast-t32  -x fast -t 32 -x fast -t 32
UNCALLED map -t 32

Sigmap -m -t 32

Minimap2 -X map-ont -t 32

Table S5.2: Corresponding parameters of presets (-x) in RawHash.

Preset (-x) Corresponding parameters Usage

viral -e5-q9-13 Viral genomes

sensitive -e6-q9-13 Small genomes (i.e., < 50M bases)
fast -e7-q9-13 Large genomes (i.e., > 50M bases)

S$5.1.2 Versions

Supplementary Table S5.3 shows the version and the link to these corresponding versions

of each tool that we use in our experiments.

Table S5.3: Versions of each tool.

Tool Version Link to the Source Code

RawHash 0.9 https://github.com/CMU-SAFARI/RawHash/tree/8042b1728e352a28fcc79c2efd80c8b631fe7bac
UNCALLED 2.2 https://github.com/skovaka/UNCALLED/tree/74a5d4e5b5d02fb31d6e88926e8a0896dc3475¢ch
Sigmap 0.1 https://github.com/haowenz/sigmap/tree/c9a40483264c9514587a36555b5af48d3f054f6f

Minimap2 2.24 https://github.com/1h3/minimap2/releases/tag/v2.24



https://github.com/CMU-SAFARI/RawHash/tree/8042b1728e352a28fcc79c2efd80c8b631fe7bac
https://github.com/skovaka/UNCALLED/tree/74a5d4e5b5d02fb31d6e88926e8a0896dc3475cb
https://github.com/haowenz/sigmap/tree/c9a40483264c9514587a36555b5af48d3f054f6f
https://github.com/lh3/minimap2/releases/tag/v2.24

Chapter 6

Better Noise Reduction for and
Robust Real-Time Mapping of

Raw Nanopore Signals

The previous chapter develops a noise reduction mechanism for matching the hash values
between raw nanopore signals. This chapter takes the next step and introduces 1) a new noise
reduction technique by building a better understanding of the characteristics of noise in raw
nanopore signals, 2) a more robust decision-making mechanism for read mapping, and 3) more

sensitive computations for chaining seed matches between raw nanopore signals.

6.1 Background and Motivation

Nanopore technology can sequence long nucleic acid molecules up to more than two million
bases at high throughput [1050]. As a molecule moves through a tiny pore, called a nanopore,
ionic current measurements are generated at a certain throughput (e.g., around 450 bases per
second for DNA [291, 292]). These electrical measurements, known as raw signals, can be
used to 1) identify individual bases in the molecule with computational techniques such as
basecalling [255] and 2) analyze raw signals directly without translating them to bases [266].

Computational techniques that can analyze the raw signals while they are generated at
a speed that matches the throughput of nanopore sequencing are called real-time analysis.
There are several mechanisms that can perform real-time analysis of raw nanopore signals to
achieve accurate and fast genome analysis [138,266,290-292,295,297-299,786-788]. Most of
these solutions have three main limitations. First, many mechanisms offer limited scalability or
support on resource-constrained devices due to their reliance on either 1) deep neural networks

(DNNGs) for real-time base translation, which are usually computationally intensive and power-
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hungry [680,786], or 2) specialized hardware such as ASICs or FPGAs [138,290,297]. Second,
while some mechanisms can directly analyze raw signals without base translation, offering
an efficient alternative for real-time analysis [291, 292], they often compromise accuracy or
performance when applied to larger genomes. Third, methods based on machine learning often
require retraining or reconfiguration [290,293,298], adding a layer of complexity and reducing
their flexibility for general use cases, such as read mapping to any genome.

Among the existing works, RawHash [266] is the state-of-the-art mechanism that can
accurately perform real-time mapping of raw nanopore signals for large genomes without
translating them to bases with a hash-based seed-and-extend mechanism [316]. Despite its
strengths in accuracy and performance, particularly for large genomes like the human genome,
RawHash exhibits several limitations that require further improvements. First, RawHash utilizes
a simple quantization algorithm that assumes the raw signals are distributed uniformly across
their normalized value range, which limits its efficiency and accuracy. Second, RawHash uses
a chaining algorithm similar to that used in Sigmap [291] without incorporating penalty
scores used in minimap?2 [306], which constrains its ability for more sensitive mapping. Third,
RawHash performs chaining on all seed hits without filtering any of these seed hits, which
substantially increases the workload of the chaining algorithm due to a large number of seed
hits to chain. Fourth, the decision-making mechanism in RawHash for mapping reads to a
reference genome in real-time relies on one of the mapping conditions being true (e.g., the ratio
between the best and second-best chain scores), which makes it more prone to the outliers that
can satisfy one of these conditions. A more robust and statistical approach that incorporates
features beyond chaining scores can provide additional insights for making more sensitive and
quick mapping decisions. Fifth, while the hash-based mechanism in RawHash is compatible
with existing sketching techniques such as minimizers [306,415], strobemers [310], and fuzzy
seed matching as in BLEND [334], the benefits of these techniques are unknown for raw
signal analysis as they are not used in RawHash. Such evaluations could potentially provide
additional insights on how to use the existing hash-based sketching techniques and reduce
storage requirements while maintaining high accuracy. Sixth, RawHash lacks the support
for recent advancements, such as the newer R10.4 flow cell version. The integration of these
features can accelerate the adoption of both real-time and offline analysis.

In this work, our goal is to address the aforementioned limitations of RawHash by improving
its mechanism. To this end, we propose RawHash2 to improve RawHash in six directions. First,
to generate more accurate and unique hash values, we introduce a new quantization technique,
adaptive quantization. Second, to improve the accuracy of chaining and subsequently read
mapping, we implement a more sophisticated chaining algorithm that incorporates penalty

scores (as in minimap2). Third, to improve the performance of chaining by reducing its workload,
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RawHash2 provides a filter that removes seeds frequently appearing in the reference genome,
known as a frequency filter. Fourth, we introduce a statistical method that utilizes multiple
features for making mapping decisions based on their weighted scores to eliminate the need
for manual and fixed conditions to make decisions. Fifth, we extend the hash-based mechanism
to incorporate and evaluate the minimizer sketching technique, aiming to reduce storage
requirements without significantly compromising accuracy. Sixth, we integrate support for
R10.4 flow cells and more recent file formats, POD5 and S/BLOWS5 [1051].

Compared to RawHash, our extensive evaluations on five genomes of varying sizes and six
different real datasets show that RawHash2 provides higher accuracy (by 10.57% on average
and 20.25% at maximum) and better read mapping throughput (by 4.0X on average and 9.9x at

maximum).

6.2 RawHash2 Mechanism

RawHash is a mechanism to perform mapping between raw signals by quickly matching
their hash values. RawHash2 provides substantial improvements over RawHash in six key
directions. First, to generate more accurate and distinct hash values from raw signals, RawHash2
improves the quantization mechanism with an adaptive approach such that signal values are
quantized non-uniformly based on the characteristics of a nanopore model. Second, to provide
more accurate mapping, RawHash2 improves the chaining algorithm in RawHash with more
accurate penalty scores. Third, to reduce the workload in chaining for improved performance,
we integrate a frequency filter to quickly eliminate the seed hits that occur too frequently.
Fourth, to make more accurate and quick mapping decisions, RawHash2 determines whether
a read should be mapped at a specific point during sequencing by using a weighted sum of
multiple features. Fifth, to reduce the storage requirements of seeds, RawHash2 incorporates
and evaluates the benefits of minimizer sketching technique. Sixth, RawHash2 includes support

for the latest features introduced by ONT, such as new file formats and flow cells.

6.2.1 Adaptive Quantization

To improve the accuracy and uniqueness of hash values generated from raw nanopore
signals, RawHash2 introduces a new adaptive quantization technique that we explain in four
steps.

First, to enable a more balanced and accurate assignment of normalized signal values
into quantized values (i.e., buckets), RawHash2 performs a bifurcated approach to define two
different ranges: 1) fine range and 2) coarse range. These ranges are useful for fine-tuning the
boundaries of normalized signal values, s falling into a certain quantized value, g(s) within the

integer value range [0, n], as the normalized distribution of signal values is not uniform across
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all ranges. Second, within the fine range, normalized signal values are quantized into smaller
intervals to enable a high resolution, f;, for quantization due to the larger number of normalized
signal values that can be observed within this range. The boundaries of the fine range, (finin
and fiax), are empirically defined to enable robustness and high accuracy applicable given a
flow cell (e.g., R9.4) and parameters to RawHash2 to enable flexibility. Third, the normalized
signal values outside the fine range (i.e., the coarse range) are quantized into larger intervals
with low resolution, ¢, = (1-f;) X 0.5, to enable a more balanced load of quantized values across
all ranges by assigning more signal values within this range into the same quantized value.
Fourth, depending on the range that a normalized signal is in, its corresponding quantized
value is assigned as shown in Equation 6.1. The adaptive quantization approach can enable a
more balanced and accurate distribution of quantized values by better distinguishing closeby

signal values with high resolution and grouping signals more efficiently in the coarser range.

Ln X (fr X fr(:a;ji”]l;;zn) if finin < s < fimax
q(s) = n X (fy + ¢y X 3) if s < finin (6.1)

InX(fr+cr+crXs) ifs> finax

6.2.2 Chaining with Penalty Scores

To identify the similarities between a reference genome (i.e., target sequence) and a raw
signal (i.e., query sequence), the series of seed hits within close proximity in terms of their
matching positions are identified using a dynamic programming (DP) algorithm, known as
chaining. Using a chaining terminology similar to that of minimap2 [306], a seed hit between a
reference genome and a raw signal is usually represented by a 3-tuple (x, y, w) value, known
as anchor, where w represents the length of the region that a seed spans, the start and end
positions of a matching interval in a reference genome and a raw signal is represented by
[x - w+1,x] and [y - w+ 1, y], respectively. The chain of anchors within close proximity is
identified by calculating the optimal chain score f(i) of each anchor i, where f(i) is calculated
based on predecessors of anchor i when anchors are sorted by their reference positions. To
calculate the chain score, f(i), with dynamic programming, RawHash performs the following

computation as used in Sigmap [291].

f(i) = max { max{f(j) + a(. i}, wi} (6.2)

where «(j, i) = min { min{y; - yj, xj - Xj}, wi} is the length of the matching region between
the two anchors. Although such a design is useful when identifying substantially fewer seed

matches using a seeding technique based on distance calculation as used in Sigmap, RawHash
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identifies a larger number of seed matches as it uses hash values to identify the matching
region, which is usually faster than a distance calculation with the cost of reduced sensitivity.

To identify the correct mapping regions among such a large number of seed matches,
RawHash2 uses a more sensitive chaining technique as used in minimap2 by integrating the

gap penalty scores such that the chain score of an anchor i is calculated as shown in Equation 6.3:

£ = max { max{fG) + (. 1) = fU. D wi (63)

where f(j, 1) = ye((yi — ¥j) — (xi — xj)) is the penalty score calculated based on the gap
distance, [, between a pair of anchors i and j where y¢(l) = 0.01 - w - || + 0.5log, |I|. Based on
the chain score calculation with gap costs, RawHash2 integrates similar heuristics, mapping
quality calculation, and the same complexity when calculating the chaining scores with the

gap penalty as described in minimap2 [306].

6.2.3 Frequency Filters

RawHash2 introduces a two-step frequency filtering mechanism to 1) reduce the computa-
tional workload of the chaining process by limiting the number of anchors it processes and
2) focus on more unique and potentially meaningful seed hits. First, to reduce the number of
queries made to the hash table for identifying seed hits, RawHash2 eliminates non-unique
hash values generated from raw signals that appear more frequently than a specified threshold.
Second, RawHash2 evaluates the frequency of each seed hit within the reference genome
and removes those that surpass a predefined frequency threshold, which reduces the overall

workload of the chaining algorithm by providing a reduced set of more unique seed hits.

6.2.4 Weighted Mapping Decision

RawHash performs mapping while receiving chunks of signals in real-time, as provided by
nanopore sequencers. It is essential to decide if a read maps to a reference genome as quickly
as possible to avoid unnecessary sequencing. The decision-making process in RawHash is
based on a series of conditional checks involving chain scores. These checks are performed in
a certain order and against fixed ratios and mean values, making the decision mainly rigid and
less adaptive to variations.

To employ a more statistical approach that can generalize various variations between
different data sets and genomes, RawHash2 calculates a weighted sum of multiple features
that can impact the mapping decision. To achieve this, RawHash2 calculates normalized ratios
of several metrics based on mapping quality and chain scores. These metrics are 1) the ratio
of the mapping quality to a sufficiently high mapping quality (i.e., 30), 2) mapping quality

ratio between the best chain and the mean quality of all chains, and 3) the ratio of the chain
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score between the best and the mean score of all chains. These ratios are combined into a
weighted sum as follows: wgym = ;-1 17 X w;j, where r; is a ratio of a particular metric, and
w; is the weight assigned for that particular metric. The weighted sum, wgym,, is compared
against a predefined threshold value to decide if a read is considered to be mapped. RawHash2
maps a read if the weighted sum exceeds the threshold. Such a weighted sum approach allows
RawHash2 to adaptively consider multiple aspects of the data and eliminates the potential
effect of the ordering of these checks to achieve improved mapping accuracy while maintaining

computational efficiency.

6.2.5 Minimizer Sketching

RawHash provides the opportunity to integrate the existing hash-based sketching tech-
niques such as minimizers [306,415] for 1) reduced storage requirements of index in disk and
memory and 2) faster mapping due to fewer seed queries and hits.

To reduce the storage requirements of storing seeds in raw signals and due to their
widespread application, RawHash2 integrates minimizers in two steps. First, RawHash2 gener-
ates hash values for seeds in both the reference genome and the raw signal. Second, within each
window comprising w hash values, the minimum hash value is selected as the minimizer. These
minimizer hash values can be used to find similarities using hash tables (similar to RawHash
that uses hash values of all k-mers) while significantly reducing the number of hash values that

need to be stored and queried during the mapping process as opposed to storing all k-mers.

6.2.6 Support for New Data Formats and Flow Cells

To enable better and faster adoption, RawHash2 incorporates support for 1) recent data
formats for storing raw signals, namely POD5 and SLOWS5 [1051] as well as the existing FAST5
format, and 2) the latest flow cell versions due to two main reasons. First, transitioning from
the FAST5 to the PODS5 file format is crucial for broad adoption, as POD5 is the new standard
file format introduced by Oxford Nanopore Technologies (ONT). Second, integrating the newer
flow cell versions is challenging as it requires optimization of parameters involved in mapping
decisions as well as segmentation. RawHash2 enables mapping the raw signals from R10.4 flow
cells by optimizing the segmentation parameters for R10.4 and adjusting the scoring parameters

involved in chaining settings to enable accurate mapping for R10.4 flow cells.

6.3 Results

6.3.1 Evaluation Methodology
We implement the improvements we propose in RawHash2 directly on the RawHash
implementation. Similar to RawHash, RawHash2 provides the mapping information using a

standard pairwise mapping format (PAF).
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We compare RawHash2 with the state-of-the-art works UNCALLED [292], Sigmap [291],
RawHash [266] in terms of throughput, accuracy, and the number of bases that need to be
processed before stopping the sequencing of a read to estimate the benefits in sequencing
time and cost. We provide the release versions of these tools in Supplementary Table S6.6.
For throughput, we calculate the number of bases that each tool can process per second per
CPU thread, which is essential to determine if a calculation in a single thread is at least as
fast as the speed of sequencing from a single nanopore (i.e., single pore). In many commonly
used nanopore sequencers, a nucleic acid molecule passes through a pore at around 450 bases
and 400 per second with sampling rates of 4 KHz and 5 KHz for DNA in R9.4.1 and R10.4.1,
respectively [292, 294]. Since each read is mapped using a single thread for all tools, the
throughput calculation is not affected by the number of threads available to these tools. Rather,
this throughput calculation shows how many pores a single thread can process and how many
CPU threads are needed to process the entire flow cell with many pores (e.g., 512 pores in a
MinION flow cell). To show these results, we calculate 1) the number of pores that a single
thread can process by dividing throughput by the number of bases sequenced per second per
single pore and 2) the number of threads needed to cover the entire flow cell.

For accuracy, we analyze three use cases: 1) read mapping, 2) contamination analysis, and
3) relative abundance estimation. To identify the correct mappings, we generate the ground
truth mapping output in PAF by mapping the basecalled sequences of corresponding raw signals
to their reference genomes using minimap2 [306]. We use UNCALLED pafstats to compare
the mapping output from each tool with their corresponding ground truth mapping output to
calculate precision (P = TP/(TP + FP)), recall (R = TP/(TP + FN)), and F1 (F1 = 2 X (P X R)/(P + R))
values, similar to RawHash [266]. For read mapping, we compare the tools in terms of their
precision, recall, and F-1 scores. For contamination analysis, the goal is to identify if a particular
sample is contaminated with a certain genome (or set of genomes), which makes the precision
metric more important for such a use case. For this use case, we compare the tools in terms
of their precision in the main paper and show the full results (i.e., precision, recall, and F1)
in Supplementary Table S6.1. For relative abundance estimation, we calculate the abundance
ratio of each genome based on the ratio of reads mapped to a particular genome compared
to all read mappings. We calculate the Euclidean distance of each estimation to the ground
truth estimations generated based on minimap2 mappings of corresponding basecalled reads.
We estimate the relative abundances based on the number of mapped reads rather than the
number of mapped bases as we identify that larger genomes usually require sequencing a larger
number of bases to map a read, which can lead to skewed estimations towards larger genomes.

To estimate the benefits in sequencing time and the cost per read, we identify the average

sequencing length before making the mapping decision for a read. For all of our analyses, we use
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the default parameters of each tool as we show in Supplementary Table S6.4. Table 6.1 shows the
details of the datasets used in our evaluation and their corresponding sequencing run settings.
The Basecaller Model column shows the details about the basecaller model and the version
we use. Except for the D7 dataset, all other datasets include the basecalled sequences within
their corresponding FASTS5 files or the corresponding accession numbers available at NCBIL
We provide the scripts to extract these basecalled sequences on the GitHub page of RawHash2.
For the D7 dataset, we provide the necessary commands to run Dorado for basecalling on the
GitHub page. Although RawHash2 does not use the minimizer sketching technique by default
to achieve the maximum accuracy, we evaluate the benefits of minimizers in RawHash2, which
we refer to as RawHash2-Minimizer. Since the evaluated versions of UNCALLED, Sigmap, and
RawHash do not provide the support for the R10.4 dataset, we show the corresponding results
with the R10.4 dataset without comparing to these tools. When comparing RawHash2 to other
tools, we use FASTS5 files containing raw signals from R9.4 flow cells on an isolated machine
and SSD. We use the AMD EPYC 7742 processor at 2.26GHz to run the tools. We use 32 threads
for all the tools.

Table 6.1: Details of datasets used in our evaluation.

Organism  Device Flow Cell Transloc. Sampling Basecaller Reads Bases SRA Reference Genome
Type Type Speed Frequency Model #) (#) Accession Genome Size
Read Mapping
D1 SARS-CoV-2 MinION R9.4.1 e8 (FLO-MIN106) 450 4000 Guppy HAC v3.2.6 1,382,016 594M CADDE Centre GCF_009858895.2 29,903
D2 E. coli GridION R9.4.1 e8 (FLO-MIN106) 450 4000 Guppy HAC v5.0.12 353,317 2,365M ERR9127551 GCA_000007445.1 5M
D3 Yeast MinION R9.4.1 e8 (FLO-MIN106) 450 4000 Albacore v2.1.7 49,989 380M SRR8648503 GCA_000146045.2 12M
D4 Green Algae PromethION R9.4.1 e8 (FLO-PRO002) 450 4000 Albacore v2.3.1 29,933 609M ERR3237140 GCF_000002595.2 111M
D5 Human MinION R9.4.1 e8 (FLO-MIN106) 450 4000 Guppy Flip-Flop v2.3.8 269,507 1,584M FAB42260 T2T-CHM13 (v2) 3,117M
D6 E. coli GridION R10.4 8.1 (FLO-MIN112) 450 4000 Guppy HAC v5.0.16 1,172,775 6,123M ERR9127552 GCA_000007445.1 5M
D7 S. aureus GridION R10.4 8.1 (FLO-MIN112) 450 4000 Dorado SUP v0.5.3 407,727 1,281M  SRR21386013 GCF_000144955.2 2.8M
Contamination Analysis
D1 and D5 ‘ 1,651,523 2,178M D1 and D5 D1 29,903
Relative Abundance Estimation
D1-D5 ‘ 2,084,762 5,531M D1-D5 D1-D5 3,246M

Multiple dataset numbers in contamination analysis and relative abundance estimation show the combined datasets.
D1-D5 datasets are from R9.4, and D6 and D7 are from R10.4. Human reads are from Nanopore WGS.
Base counts in millions (M).

6.3.2 Throughput

Figure 6.1 shows the results for 1) throughput per single CPU thread and 2) number of
pores that a single CPU thread can analyze as annotated by the values inside the bars. We
make three key observations. First, we find that RawHash2 provides average throughput
26.5%, 19.2%, and 4.0x better than UNCALLED, Sigmap, and RawHash, respectively. Such a
speedup, specifically over the earlier work RawHash, is achieved by reducing the workload of
chaining with the unique and accurate hash values using the new quantization mechanism
and the filtering technique (see the filtering ratios in Supplementary Table S6.3). Second, we

find that RawHash2-Minimizer enables reducing the computational requirements for mapping
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raw signals and enables improving the average throughput by 2.5x compared to RawHashz2,
while the other computational resources, such as the peak memory usage and CPU time in
both indexing and mapping, and the mean time spent per read are also significantly reduced
as shown in Supplementary Tables S6.2 and Supplementary Figure S6.1. Third, RawHash2-
Minimizer requires at most 7 threads for analyzing the entire flowcell for any evaluated dataset,
while RawHash2 requires at most 2 threads for smaller genomes and 9 to 26 threads for
Green Algae and human. This shows that RawHash2 and RawHash2-Minimizer can reduce
computational requirements and energy consumption significantly compared to 28 threads
required, on average, regardless of the genome size for UNCALLED, which is critical for
portable sequencing. We conclude that RawHash2 and RawHash2-Minimizer significantly
reduce the computational overhead of mapping raw signals to reference genomes, enabling

better scalability to even larger genomes.

MRawHash2 [ RawHash2-Minimizer [l RawHash [l UNCALLED [ Sigmap
106
10°
104
103
102
10?1

Throughput (bp/sec)

SARS-CoV-2 E. coli Yeast Green Algae Human Contamination Relative
Abundance

Figure 6.1: Throughput of each tool. Values inside the bars show how many nanopores (i.e.,
pores) that a single CPU thread can process.

6.3.3 Accuracy

Table 6.2 shows the accuracy results for read mapping, contamination analysis, and relative
abundance estimation based on their corresponding most relevant accuracy metrics (results
with all metrics are shown in Supplementary Table S6.1 and Figure 6.2). We make two key
observations. First, we find that RawHash2 provides 1) the best accuracy in terms of the F1
score in all datasets for read mapping, 2) the best precision for contamination analysis, and
3) the most accurate relative abundance estimation. This is mainly achieved because 1) the
adaptive quantization enables finding more accurate mapping positions while substantially
reducing the false seed hits due to less precise quantization in RawHash, and 2) the more
sensitive chaining implementation with penalty scores can identify the correct mappings more
accurately.

Second, RawHash2-Minimizer provides mapping accuracy similar to that of RawHash2 with

an exception for the human genome and better accuracy than RawHash, providing substantially
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Table 6.2: Accuracy.

Dataset Metric RH2 RH2-Min. RH UNCALLED Sigmap
SARS-CoV-2 F1 0.9867 0.9691 0.9252 0.9725 0.7112
E. coli F1 0.9748 0.9631 0.9280 0.9731 0.9670
Yeast F1 0.9602 0.9472 0.9060 0.9407 0.9469
Green Algae F1 0.9351 0.9191 0.8114 0.8277 0.9350
Human F1 0.7599 0.6699 0.5574 0.3197 0.3269
Contamination Precision 0.9595 0.9424 0.8702 0.9378 0.7856
Rel. Abundance Distance 0.2678 0.4243 0.4385 0.6812 0.5430

Best results are highlighted .

better performance results as discussed in Section 6.3.2. Such an accuracy-performance trade-
off puts RawHash2-Minimizer in an important position when a slight drop in accuracy can
be tolerated for a particular use case when a substantially better throughput is needed. For
the relatively lower accuracy that RawHash2 and RawHash2-Minimizer achieve compared
to minimap2, we believe the accuracy gap is due to the increased difficulty in distinguishing
the chain with the correct mapping position among many chains with similar quality scores,
potentially due to the false seed matches in repetitive regions. Although our in-house evaluation
shows that accuracy can substantially be improved further by enabling the correct chains to
be distinguished more accurately than the incorrect chains with more sensitive quantization
parameters, this comes with increased performance costs due to increased seed matches and
chaining calculations. Future work can focus on designing more sensitive filters to improve the
accuracy for larger and repetitive genomes by eliminating seed matches from such false regions.
We conclude that RawHash2 is the most accurate tool regardless of the genome size, while
the minimizer sketching technique in RawHash2-Minimizer can provide better accuracy than

RawHash and on-par accuracy to all other tools while providing the best overall performance.

6.3.4 Sequencing Time and Cost

Table 6.3 shows the average sequencing lengths in terms of bases and chunks that each tool
needs to process before stopping the sequencing process of a read. Processing fewer bases can
significantly help reduce the overall sequencing time and potentially the cost spent for each
read by enabling better utilization of nanopores without sequencing the reads unnecessarily.
Figure 6.3 shows the combined results of each tool in terms of throughput, F-1 Score (i.e.,
accuracy), and average sequencing length for each dataset. The dotted lines in each triangle show
the ideal combined result. Each edge of the triangle shows the best result for the corresponding
metric, as shown in the figure. For the edge that shows the F-1 score, the best point is 1.0. All

tools have F-1 scores between 0 and 1, as shown in Table 6.2. For the other two edges, which
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Figure 6.2: Read mapping accuracy results in terms of F1 score, precision, and recall across
different datasets. The dotted triangles show the best possible results, where each edge shows
the best result for its corresponding metric.

show throughput and average sequencing length, the best result is determined based on the
highest result we observe for that dataset. We adjust all other results using these highest results
so that the adjusted throughput and average sequencing length values are always between 0

and 1. We make three key observations.

Table 6.3: Average length of sequencing per read.

Dataset RH2 RH2-Min. RH UNCALLED Sigmap
SARS-CoV-2 443.92 460.85  513.95 184.51 452.38
E. coli 851.31 1,030.74 1,376.14 580.52 950.03
Yeast 1,147.66 1,395.87 2,565.09 1,233.20 1,862.69
Green Algae 1,385.59 1,713.46 4,760.59 5,300.15  2,591.16
Human 2,130.59 2,455.99 4,773.58 6,060.23  4,680.50
Contamination 670.69 667.89  742.56 1,582.63 927.82
Rel. Abundance 1,024.28 1,182.04 1,669.46 2,158.50 1,533.04

Best results are highlighted .

First, RawHash2 reduces the average sequencing length by 1.9x compared to RawHash
mainly due to the improvements in mapping accuracy, which enables making quick decisions
without using longer sequences. Second, as the genome size increases, RawHash2 provides the

smallest average sequencing lengths compared to all tools. Third, when the average length of
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sequencing is combined with other important metrics such as mapping accuracy in terms of F1
score and throughput, RawHash2 provides the best trade-off in terms of all these three metrics
for all datasets as shown in Figure 6.3. We conclude that RawHash2 is the best tool for longer
genomes to reduce the sequencing time and cost per read as it provides the smallest average

sequencing lengths, while UNCALLED is the best tool for shorter genomes.

[[] RawHash2 [] RawHash2-Minimizer [[] rawHash [] uncaLLED [T sigmap
SARS-CoV-2 E. coli Yeast Green Algae

Throughput Throughput Throughput Throughput

Human Contamination Relative Abundance
Throughput Throughput

Figure 6.3: Combined results in terms of throughput, F-1 score (i.e., accuracy), and average
sequencing length across different datasets. The dotted triangles show the best possible results,
where each edge shows the best result for its corresponding metric.

6.3.5 Evaluating New File Formats and R10.4

Impact of Different File Formats on Performance. Table 6.4 shows the overall execution
time when using different raw signal file formats: FAST5, POD5, and BLOW5 [1051]. To evaluate
the direct impact of these formats, we run RawHash2 (RH2) and RawHash2-Minimizer (RH2-
Min.) 1) using a single thread (i.e., single thread for the entire execution including both file 10
and mapping), 2) using an isolated SSD on a PClI-e interface, 3) using the same compression
type (i.e., zstd) for all file formats, and 4) clearing the disk cache before each execution. When
using a single thread, we confirm that the underlying libraries for FAST5, POD5, and BLOW5
are not aggressively using more threads than what is allocated to them, as the thread utilization
is reported as 0.99 (i.e., 99%) by the time -v command for the entire execution.

We note that even if we use multiple threads when running RawHashz2, the file IO step
(i.e., reading from or writing to a file) always uses a single thread and is overlapped with
the mapping step (i.e., either the read or write operation is run in parallel together with the

mapping step by using one thread where the mapping step takes rest of the allocated threads).
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The design is due to the pipelining implementation strategy we adopt, similar to the minimap2
implementation [306]. We note that if RawHash2 is run using a single thread, none of these
steps overlap with each other, and they run sequentially using only one thread, which is our
evaluation setting we show in Table 6.4.

We find that POD5 and SLOWS5 significantly speed up total elapsed time compared to
FASTS. These results indicate that a large portion of the overhead spent for reading from a file
can be mitigated with approaches that can perform faster compression and decompression, as

these signal files are mostly stored in a compressed form.

Table 6.4: Comparison of overall execution time when using different file formats in RawHash2
in a single-threaded mode.

Tool E. coli Yeast

Elapsed Time (mm:ss)

RH2-FAST5 19:27  08:35
RH2-POD5 16:55 07:33
RH2-BLOW5 17:32 07:38

RH2-Min.-FAST5 12:13  03:56
RH2-Min.-POD5 09:42  02:56
RH2-Min.-BLOWS5  10:16  03:02

R10.4 Accuracy and Performance. In Table 6.5, we show the accuracy and performance
results in terms of throughput and mean time spent per read when using R10.4 flow cells. For
comparison purposes between R10.4 and R9.4, we include the results from R9.4 flow cells for E.
coli. We do not show the R9.4 results for S. aureus, since we do not have raw signals from the
same sample for this dataset.

We find that RawHash2 can perform fast analysis with reasonable accuracy that can be
useful for certain use cases (e.g., contamination analysis) when using raw signals from R10.4,
although RawHash2 achieves lower accuracy with R10.4 than using R9.4. This is likely because
1) we use a k-mer model optimized for the R10.4.1 flow cell version rather than R10.4, and
2) minimap?2 can provide more accurate mapping due to improved accuracy of these basecalled
reads. Future work can focus on generating a k-mer model specifically designed for R10.4 to
generate more accurate results. We exclude the accuracy results for R10.4.1 as the number of
events found for R10.4.1 is around 35% larger than that of R10.4, which leads to inaccurate
mapping. We suspect that our segmentation algorithm and parameters are not optimized
for R10.4.1. Our future work will focus on improving these segmentation parameters and
techniques to achieve higher accuracy with R10.4.1 as well as RNA sequencing data. We believe
this can be achieved because RawHash2 1) is highly flexible to change all the parameters

corresponding to segmentation and 2) can map accurately without requiring long sequencing
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lengths (Table 6.3), which can mainly be useful for RNA read sets. We conclude that RawHash2

can provide accurate and fast analysis when using the recent features released by ONT.

Table 6.5: Accuracy and performance results when using R10.4 and R9.4 datasets

Flow Cell RH2 RH2-Min.

Read Mapping Accuracy (E. coli)

F1 0.9748 0.9631
R9.4 Precision 0.9904 0.9865
Recall 0.9597 0.9408
F1 0.8960 0.8389
R10.4 Precision 0.9506 0.9325
Recall 0.8473 0.7623

Read Mapping Accuracy (S. aureus)

F1 0.7749 0.6778
R10.4 Precision 0.8649 0.8167
Recall 0.7018 0.5793

Performance (E. coli)

R9.4 Throughput [bp/sec] 303,382.45 659,013.57

Mean time per read [ms] 2.161 1.099

R10.4 Throughput [bp/sec] 175,351.94  480,471.75

Mean time per read [ms] 6.598 2.505
Performance (S. aureus)

R10.4 Throughput [bp/sec] 256,680.4  617,308.7

Mean time per read [ms] 5.478 2.243

6.4 Summary

We introduce RawHash2, a tool that provides substantial improvements over the previous
state-of-the-art mechanism RawHash. We make five key improvements over RawHash: 1) more
sensitive quantization and chaining, 2) reduced seed hits with filtering mechanisms, 3) more
accurate mapping decisions with weighted decisions, 4) the first minimizer sketching technique
for raw signals, and 5) integration of the recent features from ONT. We find the RawHash2
provides substantial improvements in throughput and accuracy over RawHash. We conclude
that RawHash2, overall, is the best tool for mapping raw signals due to its combined benefits in
throughput, accuracy, and reduced sequencing time and cost per read compared to the existing
mechanisms, especially for longer genomes. We hope that, with the substantial improvements
in performance and accuracy RawHash2 provides, it leads to 1) wider adoption of real-time
and raw nanopore signal analysis and 2) more accurate techniques for reducing the noise in

signals to achieve faster and more accurate analysis.
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S6 Supplementary Materials

S$6.1 Accuracy

$6.1.1 Read Mapping Accuracy

In Supplementary Table S6.1, we show the read mapping accuracy in all metrics (i.e., F1,

Precision, and Recall) for all datasets.

Table S6.1: Read mapping accuracy in all metrics: F1, Precision, and Recall.

Dataset Metric RH2 RH2-Min. RH UNCALLED Sigmap
F1 0.9867 0.9691 0.9252 0.9725 0.7112
SARS-CoV-2 Precision 0.9939 0.9868 0.9832 0.9547 0.9929
Recall 0.9796 0.9521 0.8736 0.9910 0.5540
F1 0.9748 0.9631 0.9280 0.9731 0.9670
E. coli Precision 0.9904 0.9865 0.9563 0.9817 0.9842
Recall 0.9597 0.9408 0.9014 0.9647 0.9504
F1 0.9602 0.9472  0.9060 0.9407 0.9469
Yeast Precision 0.9553 0.9561 0.9852 0.9442 0.9857
Recall 0.9652 0.9385 0.8387 0.9372 0.9111
F1 0.9351 0.9191 0.8114 0.8277 0.9350
Green Algae Precision 0.9284 0.9280 0.9652 0.8843 0.9743
Recall 0.9418 0.9104 0.6999 0.7779 0.8987
F1 0.7599 0.6699 0.5574 0.3197 0.3269
Human Precision 0.8675 0.8511 0.8943 0.4868 0.4288
Recall 0.6760 0.5523  0.4049 0.2380 0.2642
F1 0.9614 0.9317 0.8718 0.9637 0.6498
Contamination Precision 0.9595 0.9424 0.8702 0.9378 0.7856
Recall 0.9632 0.9212 0.8736 0.9910 0.5540
F1 0.4659 0.3375 0.3045 0.1249 0.2443
Rel. Abundance Precision 0.4623 0.3347 0.3018 0.1226 0.2366
Recall 0.4695 0.3404 0.3071 0.1273 0.2525

Best results are highlighted .
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S6.2 Performance

$6.2.1 Runtime, Peak Memory Usage, and Throughput

Supplementary Table S6.2 shows the computational resources required by each tool during
the indexing and mapping steps. To measure the required computational resources, we collect
CPU time and peak memory usage of each tool for all the datasets. To collect these results,
we use time -v command in Linux. CPU time shows the total user and system time. Peak
memory usage shows the maximum resident set size in the main memory that the application
requires to complete its task. To measure the CPU threads needed for analyzing the entire
MinION Flowecell with 512 pores, we divide 512 with the number of pores that a single thread
can process (as shown with the values inside the bars in Figure 6.1) and round up the values to

provide the maximum number of threads needed.
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Table $6.2: Computational resources required in the indexing and mapping steps.

Dataset RH2 RH2-Min. RH UNCALLED Sigmap
Indexing CPU Time (sec)
SARS-CoV-2 0.12 0.06 0.16 8.40 0.02
E. coli 2.48 1.61 2.56 10.57 8.86
Yeast 4.56 3.02 4.44 16.40 25.29
Green Algae 27.60 17.73 24.51 213.13 420.25
Human 1,093.56 588.30 809.08 3,496.76 41,993.26
Contamination 0.13 0.06 0.15 8.38 0.03
Rel. Abundance 747.74 468.14 751.67 3,666.14 36,216.87
Indexing Peak Memory (GB)
SARS-CoV-2 0.01 0.01 0.01 0.06 0.01
E. coli 0.35 0.19 0.35 0.11 0.40
Yeast 0.75 0.39 0.76 0.30 1.04
Green Algae 5.11 2.60 5.33 11.94 8.63
Human 80.75 40.59 83.09 48.43 227.77
Contamination 0.01 0.01 0.01 0.06 0.01
Rel. Abundance 152.59 75.62 152.84 47.80 238.32

Mapping CPU Time (sec)

SARS-CoV-2 1,705.43 1,227.05 1,539.64 29,282.90 1,413.32
E. coli 1,296.34 787.49 7,453.21 28,767.58 22,923.09
Yeast 545.77 246.37 4,145.38 7,181.44 7,146.32
Green Algae 2,135.83 657.63 22,103.03 12,593.01 26,778.44
Human 100,947.58 = 21,860.05 1,825,061.23 245,128.15  6,101,179.89
Contamination 3,783.69 2,332.28 3,480.43 234,199.60 3,011.78

Rel. Abundance 250,076.90 = 62,477.76 4,551,349.79 569,824.13 15,178,633.11

Mapping Peak Memory (GB)

SARS-CoV-2 4.15 4.16 4.20 0.17 28.26
E. coli 4.13 4.03 4.18 0.50 111.12
Yeast 4.38 4.12 4.37 0.36 14.66
Green Algae 6.11 4.98 11.77 0.78 29.18
Human 48.75 25.04 52.43 10.62 311.94
Contamination 4.16 4.14 4.17 0.62 111.70
Rel. Abundance 49.14 25.82 54.89 8.99 486.63

Mapping Throughput (bp/sec)

SARS-CoV-2 552,561.25 = 885,263.48 694,274.92 9,260.31 602,380.96
E. coli 303,382.45 659,013.57 72,281.32 7,515.76 13,750.97
Yeast 150,547.61 394,766.80 28,757.15 7,471.48 11,624.82
Green Algae 28,742.46 98,323.70 9,488.79 10,069.41 2,569.89
Human 8,968.78 = 37,086.38 2,099.35 7,225.67 236.45
Contamination 563,129.81 884,929.30 696,873.20 9,343.95 601,936.49
Rel. Abundance 9,501.37 36,919.79 962.79 8,437.70 196.48
CPU Threads Needed for the entire MinION Flowcell (512 pores)
SARS-CoV-2 1 1 1 25 1
E. coli 1 1 4 31 17
Yeast 2 1 9 31 20
Green Algae 9 3 25 23 90
Human 26 7 110 32 975
Contamination 1 1 1 25 1
Rel. Abundance 25 7 240 28 1173

Best results are highlighted .
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$6.2.2 Mapping Time per Read

Supplementary Figure S6.1 shows the average mapping time that each tool spends per read
for all the datasets we evaluate. The mapping times spent per read are provided by each tool as
PAF output with the mt tag. We use these reported values to calculate the average mapping

time across all reads reported in their corresponding PAF files.

BMRawHash2 [@ RawHash2-Minimizer [l RawHash [ll UNCALLED M Sigmap
104
103
102
10!
100

Avg. Time Per Read (ms)
=
<

SARS-CoV-2 E. coli Green Algae Human Contamination Relative

Abundance

Figure S6.1: Average time spent per read by each tool in real-time. Values inside the bars show
the speedups that RawHash2 provides over other tools in each dataset.

$6.2.3 Ratio of Filtered Seeds from Frequency Filter

Supplementary Table S6.3 shows the ratio of seed hits filtered out by the frequency filtered
in RawHash2. We calculate these ratios in three steps. First, for each seed (i.e., a hash value
that RawHash2 constructs from raw signals), we perform a query to the hash table that is used
as an index. If the hash value exists, the table returns a list of genomic regions that share the
same hash value. Each region counts as a seed hit, and the list length indicates the number of
seed hits. Second, for all seeds generated from raw signals, we count 1) the overall number of
seed hits and 2) the number of seed hits filtered out by frequency filter. We note that if the list
length (i.e., number of seed hits) returned after querying a particular seed is above a certain
threshold (defined by our frequency filter), all seed hits within the same list are filtered out.
Third, we calculate the ratio of filtered seed hits to the total seed hits and report these ratios in

Supplementary Table S6.3.

Table S6.3: Ratio of filtered seed hits from frequency filter.

Dataset Average Filtered Ratio
SARS-CoV-2 0.0627
E. coli 0.5505
Yeast 0.5356
Green Algae 0.8106
Human 0.5104
E. coli (R10.4) 0.6895

S. aureus (R10.4) 0.6003
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$6.3 Configuration

S$6.3.1 Parameters

In Supplementary Table S6.4, we show the parameters of each tool for each dataset. In
Supplementary Table S6.5, we show the details of the preset values that RawHash2 sets in
Supplementary Table S6.4. For UNCALLED [292], Sigmap [291], and minimap2 [306], we use the
same parameter setting for all datasets. For the sake of simplicity, we only show the parameters
we explicitly set in each tool. For the descriptions of all the other parameters, we refer to the

help message that each tool generates, including RawHash2.

Table S6.4: Parameters we use in our evaluation for each tool and dataset in mapping.

Tool Contamination SARS-CoV-2 E. coli (R9.4) Yeast Green Algae Human Rel. Abundance E. coli (R10.4) S. aureus (R10.4)
RawHash2 -x viral ~depletion -t 32 -x viral -t 32 -X sensitive -t 32 -x sensitive -t 32 -X sensitive -t 32 -x fast -t 32 -x fast -t 32 -x sensitive ~r10 -t 32 -x sensitive -r10 -t 32
RawHast -x viral -w3 ~depl| 32 -xviral -w3 -t 32 -x sensitive -w3 -t 32 -x sensitive -w3 -t 32 -x sensitive -w3 -t 32 -x fast-w3 -t32 -xfast-w3-t32 -x sensitive -r10 -w3 -t32 -x sensitive ~r10 -w3 -t 32
RawHash -x viral -t 32 -x viral -t 32 -x sensitive -t 32 -X sensitive -t 32 -x fast -t 32 -x fast -t 32 -x fast -t 32 NA NA
UNCALLED map -t 32 NA NA

Sigmap -m -t 32 NA NA

Minimap2 -x map-ont -t 32

Table S6.5: Corresponding parameters of presets (-x) in RawHash2.

Preset Corresponding parameters Usage

viral -e 6 -q 4 -max-chunks 5 -bw 100 -max-target-gap 500 Viral genomes
—-max-target-gap 500 —min-score 10 —chain-gap-scale 1.2 —chain-skip-scale 0.3

sensitive -e 8 -q 4 —fine-range 0.4 Small genomes (i.e., < 500M bases)

fast -e 8 -q 4 -max-chunks 20 Large genomes (i.e., > 500M bases)

Other helper parameters

depletion —best-chains 5 -min-mapq 10 —w-threshold 0.5 Contamination analysis
—-min-anchors 2 -min-score 15 —chain-skip-scale 0

r10 -k9 -seg-window-length1 3 —seg-window-length2 6 —seg-threshold1 6.5 For R10.4 Flow Cells
-seg-threshold2 4 —seg-peak-height 0.2 —chain-gap-scale 1.2
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S$6.3.2 Versions

Supplementary Table S6.6 shows the version and the link to these corresponding versions

of each tool and library we use in our experiments and in RawHash2, respectively.

Table S6.6: Versions of each tool and library.

Tool Version Link to the Source Code
RawHash2 2.1 https://github.com/CMU-SAFARI/RawHash/releases/tag/v2.1
RawHash 1.0 https://github.com/CMU-SAFARI/RawHash/releases/tag/v1.0
UNCALLED 2.3 https://github.com/skovaka/UNCALLED/releases/tag/v2.3
Sigmap 0.1 https://github.com/haowenz/sigmap/releases/tag/vo.1
Minimap2 2.24 https://github.com/1h3/minimap2/releases/tag/v2.24
Library versions
FAST5 (HDF5) 1.10 https://github.com/HDFGroup/hdf5/tree/db30c2d
POD5 0.2.2 https://github.com/nanoporetech/pod5-file-format/releases/tag/0.3.10

S/BLOW5 1.2.0-beta https://github.com/hasindu2008/slow51lib/tree/e0dodof
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Chapter 7

Enabling New Applications
by Overlapping and Assembling

Raw Nanopore Signals

Throughout the previous three chapters, we built a detailed understanding of the effects of
noise and the limitations this noise puts on the heuristics and algorithms designed to handle
noise. In this chapter, after better handling and understanding of this noise for raw nanopore
signals, we enable a new application in raw nanopore signals by introducing a new technique,
Rawsamble, that can find all-vs-all overlapping of reads to build de novo assemblies from raw

signals. We discuss new directions that can be enabled by Rawsamble.

7.1 Background and Motivation

Nanopore sequencing technology [225-247] can sequence long nucleic acid molecules of up
to a few million bases at high throughput [255,820,1050]. As a molecule moves through a tiny
pore, called a nanopore, ionic current measurements, called raw signals, are generated [229].
Nanopore sequencing provides three unique key benefits.

First, nanopore sequencing enables stopping the sequencing of single reads or the entire
sequencing run early, known as adaptive sampling or selective sequencing [264], while raw
signals are generated and analyzed during sequencing, called real-time analysis. Adaptive
sampling can substantially reduce the sequencing time and cost by avoiding unnecessary
sequencing. Second, raw nanopore signals retain more information than nucleotides, such
as methylation, and can be useful for many applications [1052]. Third, compact nanopore
sequencing devices enable on-site portable sequencing and analysis, which can be coupled

with real-time analysis [1053].
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Existing works that analyze raw nanopore signals [138, 264-288,290-302] mainly utilize
deep learning mechanisms [267-284] to translate these signals into nucleotides, a process called
basecalling. Basecalling mechanisms usually 1) are designed to use large chunks of raw signal
data for accurate analysis [291] and 2) have high computational requirements [255,297]. This
can impose limitations to enable 1) accurate real-time analysis [291] and 2) portable sequencing
with constrained resources [297].

To fully utilize the unique benefits of nanopore sequencing, it is necessary to analyze
raw signals with 1) high accuracy and low latency for adaptive sampling and 2) low resource
usage for portability and efficiency. To achieve this, several mechanisms focus on analyzing
raw nanopore signals without basecalling [138,264-266,290-302].1 Although raw nanopore
signal mapping to a reference genome is widely studied to achieve relatively accurate and fast
mapping of raw signals [138,264-266, 291, 292,295,297,299-302], none of these works without
a reference genome.

When a reference genome is not available, a genome can be constructed from scratch, called
de novo assembly construction [250]. To construct a de novo assembly, similar regions between
all read pairs are identified, called all-vs-all overlapping, instead of identifying similarities between
reads and a reference genome. [255,305,334]. However, an all-vs-all overlapping between raw
nanopore signals remains unsolved due to several unique challenges [229,822-824].

First, it is challenging to identify similarities between a pair of noisy raw signals as compared
to a noisy raw signal and an accurate signal generated from a reference genome, an approach
commonly used in earlier works for read mapping [265, 266, 291, 292, 295]. This is because
converting reference genomes to their expected raw signal values is free from certain types of
noise that raw nanopore signals contain (e.g., stochastic signal fluctuations [229] and variable
speed of DNA molecules moving through nanopores [823, 824]), while none of the raw signals
are free from such noise in all-vs-all overlapping.

Second, existing raw signal analysis works lack the mapping strategies typically used in
all-vs-all overlapping, such as reporting multiple mappings (i.e., overlaps) of a read to many
reads. This is because these works are mainly designed to stop the mapping process as soon
as there is an accurate mapping for a read to minimize the unnecessary sequencing [292].
For all-vs-all overlapping, pairwise mappings of a read to many reads (instead of a single
mapping) must be reported while avoiding certain trivial cyclic pairwise mappings to construct
an assembly [305].

Third, read overlapping can increase the space requirements for storing and using indexing.
This is because a read set is likely to be sequenced such that its overall number of bases is

larger than the number of bases in its corresponding genome. Such an increased index size

'We use the raw signal analysis term specifically for these mechanisms in the remainder of the paper.



7.2. METHODS 144

can raise the computational and space demands for read overlapping. It is essential to provide
high-throughput and scalable computation to enable real-time downstream analysis for future
work (as discussed in Section 7.4).

Our goal is to enable 1) raw signal analysis without a reference genome and 2) new use cases
with raw nanopore signal analysis, such as assembly from overlapping raw signals, by addressing
the challenges of accurate and fast all-vs-all overlapping of raw nanopore signals. To this end,
we propose Rawsamble, the first mechanism that enables fast and accurate overlap finding
between raw nanopore signals. The key idea in Rawsamble is to re-design the existing state-
of-the-art hash-based seeding mechanism [265,266] for raw signals with more effective noise
reduction techniques and useful outputting strategies to find all overlapping pairs accurately,
which we explain in three key steps.

First, to enable identifying similarities between a pair of noisy raw signals accurately,
Rawsamble filters raw signals to select those substantially distinct from their surrounding
signals. Such non-distinct and adjacent signals are usually the result of a certain error type in the
analysis, known as stay errors [266,291,299]. Although similar filtering strategies [266,291,299]
are exploited when mapping raw signals to reference genomes, Rawsamble performs a more
aggressive filtering to avoid storing the erroneous portions of signals in the index to enable
accurate similarity identification from the sufficiently distinct regions of signals. Second, to
find multiple overlaps for a read, Rawsamble identifies highly accurate chains from seed
matches based on their chaining scores and reports all of these chains as mappings, as opposed
to choosing solely the best mapping as determined by weighted decisions among all such
chains [265]. Third, to prevent trivial cycles between a pair of overlapping reads, Rawsamble
ensures that only one of the overlapping reads in each pair is always chosen as a query
sequence, and the other is always chosen as a target sequence based on a deterministic ordering
mechanism between these reads. These steps enable Rawsamble to find overlaps between raw

signals accurately and quickly.

7.2 Methods

7.2.1 Overview

Rawsamble is a mechanism to find overlapping pairs between raw nanopore signals (i.e.,
all-vs-all overlapping) for constructing de novo assemblies without basecalling, as shown
in Figure 7.1. To achieve this, Rawsamble builds on the state-of-the-art raw signal mapper,
RawHash2 [265,266]. Rawsamble extends RawHash2 to support all-vs-all raw signal overlap-
ping in four key steps: First, to enable efficient and accurate indexing from the noisy raw signals
(@), Rawsamble aggressively filters the raw input after the signal-to-event conversion to avoid

nanopore-related errors. Second, to improve the accuracy of overlapping (@), Rawsamble
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adjusts the minimum chaining score to avoid false chains, ensuring that only high-confidence
overlaps are considered. Third, to enable finding useful and long connections from many over-
laps, Rawsamble adjusts the output strategy such that 1) all chains rather than only the best
chain are reported and 2) cyclic overlaps are avoided. Fourth, we introduce a new assembler to
output the assembled sequences after performing de novo assembly from raw signal overlaps
(€)). Rawsamble enables the use of existing de novo assemblers such as miniasm [305] as it
provides the overlap information in a standardized format that these assemblers use.

1 Input (Indexing Step): Input (Overlapping Step):
Raw Signals Raw Signals

App - -

[ Signal-to-Event Conversion ] [ Signal-to-Event Conversion ]
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=
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Figure 7.1: Overview of Rawsamble. We use colors for the inputs, steps, and outputs to highlight
the parts that Rawsamble modifies over RawHash2.

7.2.2 Constructing an Index from Noisy Raw Signals via Aggressive
Filtering
Rawsamble identifies overlapping regions between raw nanopore signals using a hash-
based seeding mechanism that operates in two steps. First, to enable quick matching between
raw signals, Rawsamble enables constructing an index directly from raw nanopore signals

instead of using an existing reference genome sequence. While converting reference genomes

to their expected raw signal values to store them in an index is mainly free from certain
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types of noise that raw nanopore signals contain (e.g., stochastic signal fluctuations [229]
and variable speed of DNA molecules moving through nanopores [823, 824]), noise in raw
nanopore signals can cause challenges to find accurate matches between raw signals when
these signals are stored in an index. Second, to reduce noise stored in the hash tables and
enable accurate similarity identification when both signals are noisy, Rawsamble aggressively
filters raw signals as shown in Figure 7.2. The filtering mechanism iteratively compares two
adjacent signals, s; and s;, and removes the second signal, s;, if the absolute difference between
the two adjacent signals is below a certain threshold T. This filtering generates a list of filtered
signals that aggressively aims to reduce the impact of stay errors during sequencing. Although
similar filtering approaches are used in prior works [265,266,291] to reduce the stay errors (e.g.,
by aiming to perform homopolymer compression of raw signals [299]), Rawsamble employs
a substantially larger threshold (i.e., aggressive) for filtering to minimize noise both in the
index and during mapping. By applying the aggressive filtering technique, Rawsamble ensures
that only high-quality, informative events are used in indexing to improve the accuracy and

efficiency of the overall overlapping mechanism when both signals are noisy.

[ Signal-to-Event Conversion ]
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A 4

[ Aggressive Filtering ]
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Figure 7.2: Filtering in Rawsamble. Values in gray boxes show the filtered signals as their
values are close to the previous signal (in a blue box) that is not filtered out.

7.2.3 Adjusting the Chaining Mechanism for Overlapping

To reduce the number of chains that do not result in mapping (i.e., false chains) and
construct longer chains, Rawsamble adjusts the chaining mechanism [265,306] in two ways.
First, Rawsamble constructs chains between seed matches (i.e., anchors) with longer gaps by
adjusting the maximum gap length between anchors. This adjustment is needed because the
filtering mechanism results in a sparser list with potentially long gaps between signals. Second,
to ensure that only high-confidence chains are considered as overlaps among many pairwise
overlapping regions, Rawsamble sets a higher minimum chaining score for overlapping than
mapping, which effectively filters out spurious matches. These adjustments to the chaining

mechanism enable Rawsamble to construct long and accurate chains between noisy and sparse
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raw signals, improving the overall sensitivity of the overlapping process and further downstream

analysis such as de novo assembly construction.

7.2.4 Adjusting the Mapping Strategy

Rawsamble adjusts the mapping strategy used in RawHash2 in two ways. First, Rawsamble
generates pairwise mappings of a read to many reads (instead of a single mapping per read). To
achieve this, Rawsamble identifies all valid chains based on their chaining scores and reports
all such chains between raw signals. This enables overlapping a single raw signal with multiple
other raw signals. Second, Rawsamble filters out trivial cyclic overlaps between two reads. To do
so, Rawsamble avoids reporting overlapping signal pairs both as query and target in the mapping
output, which can complicate the de novo assembly construction process [305,440,1054]. To
avoid these trivial cyclic overlaps, Rawsamble uses a pre-defined and deterministic ordering
between raw signals (e.g., based on the lexicographic ordering of read names). By comparing
raw signals deterministically, Rawsamble guarantees that only one of each pair of overlapping
reads is processed as a query sequence while the other is treated as a target sequence. Reporting
all chains while avoiding cyclic overlaps between raw signals allows for a comprehensive
representation of the overlapping regions, which is useful for constructing accurate and long

assemblies.

7.2.5 Signal Assembly from Overlaps

Rawsamble provides the overlapping information between raw signals using the Pairwise
mApping Format (PAF) [305], which can be used by existing assemblers like miniasm [305]
to construct an assembly as an assembly graph for output in Graphical Fragment Assembly
(GFA) [305,1055] format.

To output the sequence of assembled signals directly from identified overlaps along with
the assembly graph in GFA format, Rawsamble provides a new assembler, Rawasm [1056].
This assembler can be useful for facilitating complete de novo assembly without requiring
basecalling or to aid the basecalling process in several ways, as we discuss in Section 7.4.

Rawasm is implemented as a small extension to miniasm, introducing three key modifi-
cations to enable outputting the assembled signals. First, to read raw signals and store the
assembled signals in standard raw signal file formats, Rawasm supports all major raw signal file
formats: FAST5, POD5, S/BLOWS5 [1051]. Second, to improve memory efficiency and reduce the
significant I/O burden associated with reading and writing raw signal files, which are typically
larger and stored in complex compressed formats compared to basecalled sequences, Rawasm
implements several optimizations. Unlike miniasm, which keeps all unitigs in main memory
until the GFA file is written, Rawasm overlaps the graph building and writing processes. When

the signals for a unitig are trimmed for outputting, and their positions within the unitig are
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calculated, Rawasm updates the output and frees up the corresponding memory. This approach
minimizes memory usage and I/O delays to improve efficiency and reduce I/O overhead. Third,
to output the assembled signals without losing the additional important metadata associated
with raw signals, Rawasm generates a new raw signal file for each unitig in the assembly
graph by concatenating the original signals that construct the corresponding unitig. The con-
catenation mechanism trims and arranges the signals based on the start and end positions
used for constructing the unitig as provided by the assembly graph, similar to miniasm. Since
each raw signal may contain different metadata (e.g., signal variables determined based on the
characteristics of a nanopore channel), Rawasm keeps this metadata associated with each raw
signal.

The overlapping information that Rawsamble generates can be used by any assembler that
takes Pairwise mApping Format (PAF) [305] as input, including Rawasm and miniasm [305].
Although any such assembler can construct assemblies from PAF and output the resulting
assembly information in GFA, Rawasm is the first implementation to enable outputting the

resulting assembly signals directly after from the resulting GFA.

7.3 Results

7.3.1 Evaluation Methodology

We implement the improvements we propose in Rawsamble on the RawHash2 implemen-
tation [265]. Similar to RawHash2 and minimap2 [306], Rawsamble provides the mapping
information in the standard Pairwise mApping Format (PAF) [305]. We basecall the signals on
two different hardware setups using Dorado’s 1) high accuracy (HAC) and super high accuracy
(SUP) models with an NVIDIA RTX A6000 GPU [1057], and 2) fast (Fast) and high accuracy
(HAC) models with an Intel Xeon Gold 6226R CPU [1058]. We use Dorado’s 1) Fast model on
a CPU to show the best performance (i.e., speed) that a CPU-based basecalling can provide
and 2) SUP model on a GPU to show the best accuracy that basecalling provides along with
its associated increased computational cost. We use PODS5 files for all datasets, as suggested
by Dorado [272] for optimal performance. Since no prior works can overlap reads using raw
signals, we compare Rawsamble to minimap2, the current state-of-the-art read overlapper
for basecalled sequences using the datasets shown in Table 7.1. We use datasets both with
high sequencing depth of coverage (D1 to D3) and low coverage (D4 and D5) to evaluate the
capability to construct assemblies in both scenarios.

We evaluate computational requirements in terms of overall run time with 32 CPU threads
and peak memory usage. We use 32 CPU threads since the average thread utilization of CPU-
based basecalling is around 32. We report the elapsed time, CPU time (when using only CPUs

without GPUs), and peak memory usage of 1) minimap2 with and without basecalling and
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Table 7.1: Details of datasets used in our evaluation.

Organism  Device Reads  Bases Avg. Read Estimated SRA
Type #) #) Length Coverage (X) Accession

D1 SARS-CoV-2 MinIlON 10,001 4.02M 402 135x CADDE Centre
D2 E. coli GridION 353,948 2,332M 6,588 445X ERR9127551
D3 Yeast MinION 50,023 385M 7,698 32X SRR8648503
D4 Green Algae PromethION 30,012 622M 20,731 5.6X ERR3237140
D5 Human MinlON 270,006 1,773M 6,567 0.6X FAB42260

Base counts in millions (M). Coverage is estimated using corresponding reference genomes.

All datasets are generated using ONT’s R9.4.1 e8 flow cells (450 bp/sec translocation speed with
4000 signals/sec sampling frequency).

All of the datasets are basecalled using Dorado (HAC) v3.3.

2) Rawsamble. For Rawsamble, we additionally report throughput (average number of signals
analyzed per second per single CPU thread) to provide insights about its capabilities for real-
time analysis. To measure performance and peak memory usage, we use the time -v command
in Linux when running Rawsamble, minimap2, and Dorado. For average speedup and memory
comparisons of Rawsamble against other methods, we use the geometric mean to reduce the
impact of outlier data points on the average calculation.

We evaluate Rawsamble based on two use cases: 1) read overlapping and 2) de novo assembly.
We generate read overlaps from 1) raw signals using Rawsamble and 2) basecalled sequences
(with Dorado’s HAC model) of corresponding strands of raw signals using minimap2. To
evaluate all-vs-all overlapping, we calculate the ratio of overlapping pairs 1) shared by both
Rawsamble and minimap2, 2) unique to Rawsamble, and 3) unique to minimap2. For de novo
assembly, we use miniasm [305] to assemble the read overlaps that Rawsamble and minimap?2
generate in a PAF file. We use miniasm because it enables us to evaluate the impact of overlaps
that Rawsamble and minimap? finds by using the same assembler for both of them. To identify
the roofline in terms of the assembly contiguity given a dataset, we use a highly accurate
assembler as gold standard for our evaluations. To do this, we use Dorado’s most accurate
model (i.e., SUP) to construct highly accurate reads and use Flye [514] to construct assemblies
from these reads, as suggested in the guidelines by ONT [1059]. This approach enables us to
evaluate the gap between the assemblies that Rawsamble generates and the golden standard
assembly that can be constructed from the same datasets.

To evaluate the assemblies constructed from the overlaps that Rawsamble and minimap2
generate, we use several metrics that are mainly related to the contiguity of the assemblies.
These metrics are 1) the total length of unitigs (Total Length), 2) the number of nucleotides
in the largest assembly graph component (Largest Comp.), 3) unitig length at which 50% of

the assembly is covered by unitigs of equal or greater length (N50), 4) area under the Nx curve
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to generate a more robust evaluation of contiguity (auN) [1060], 5) longest unitig length, and
6) the number of unitigs. We use Bandage [1061] to visualize these assemblies.

We provide the parameter settings and versions for each tool as well as the details of the
preset parameters in Rawsamble in Supplementary Tables S7.2 (parameters), S7.3 (details of
presets), and S7.4 (versions). We provide the scripts to fully reproduce our results on the GitHub
repository at https://github.com/CMU-SAFARI/RawHash, which contains the corresponding
release version of Rawsamble we show in Supplementary Table S7.4. We provide the detailed
reasoning behind the choice of Flye in order to generate the gold standard in Supplementary

Material S7.

7.3.2 Performance and Memory

Throughput. Table 7.2 shows the throughput (i.e., signals processed per second per CPU
thread) that Rawsamble reports. Our goal is to estimate the number of CPU threads needed
to achieve a throughput faster than the throughput of a single sequencer. Using as few CPU
threads as possible is useful to 1) provide better scalability (i.e., analyzing a larger amount of data
with the same computation capabilities) and 2) reduce the overall computational requirements
and corresponding energy consumption (i.e., analyzing the same amount of data with less
computational capabilities). The latter is especially essential for resource-constrained devices
(e.g., devices with external and limited batteries). The throughput of a single nanopore is
around 5,000 signals per second [272], and the entire sequencer is usually equipped with 512
nanopores. This means a single sequencer’s throughput is around 2,560,000 signals per second
(5,000%x512) [1062]. We find that Rawsamble provides an average throughput of 2,432,561 signals
per second per CPU thread. This means Rawsamble can achieve an analysis throughput faster
than a single sequencer’s throughput by using an average of two CPU threads. This shows that
the overlapping mechanism of Rawsamble is fast enough for performing real-time overlapping

tasks using very few CPU threads.

Table 7.2: Rawsamble Throughput (signals processed per second per CPU thread).

D1 D2 D3 D4 D5
SARS-CoV-2 E. coli Yeast Green Algae  Human

Throughput 2,065,764 2,720,702 2,128,800 1,668,065 3,579,472

Computational resources. Table 7.3 shows the computational resources of the different
approaches. Inside the parentheses provided with the minimap2 results, we provide the ratio
between the reported result and the corresponding Rawsamble result (if higher than 1X,

Rawsamble is better).
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Table 7.3: Comparison of various tools across different organisms in terms of elapsed time,
CPU time, and peak memory usage. The values in parentheses represent the ratio of the result
shown in the cell compared to the corresponding result of Rawsamble (values higher than 1x
indicate that Rawsamble performs better). We highlight the cells that Rawsamble provide a

better and worse results with colors.

Organism  Tool Elapsed time CPU time Peak
(hh:mm:ss) (sec) Mem. (GB)

D1 Rawsamble 0:00:03 33 1.07
SARS-CoV-2 Minimap2 0:00:01 (0.33x) 19 (0.58x)  0.16 (0.15x)
Minimap2 + Dorado CPU (Fast) 0:01:45 (35.00%) 3,227 (97.79X)  44.93 (41.99x%)

Minimap2 + Dorado CPU (HAC) 0:05:45 (115.00x) 5,457 (165.36X) 57.98 (54.19x)

Minimap2 + Dorado GPU (HAC) = 0:01:41 (33.67X) NA 0.8 (0.75X%)

Minimap2 + Dorado GPU (SUP)  0:25:47 (515.67X) NA 1.23 (1.15%)

D2 Rawsamble 1:12:44 132,758 6.72
E. coli Minimap2 0:14:25 (0.20x) 25,721 (0.19%)  26.73 (3.98X)
Minimap2 + Dorado CPU (Fast) 7:17:05 (6.01X) 583,358 (4.39%)  50.43 (7.50X)

Minimap2 + Dorado CPU (HAC) 32:26:12 (26.76X) 1,335,697 (10.06X)  38.0 (5.65X)

Minimap2 + Dorado GPU (HAC) 0:36:14 (0.50X) NA = 26.73 (3.98%)

Minimap2 + Dorado GPU (SUP) 1:30:30 (1.24X%) NA  26.73 (3.98%)

D3 Rawsamble 0:01:18 2,241 6.39
Yeast Minimap2 0:00:21 (0.27X) 290 (0.13X)  5.25 (0.82X)
Minimap2 + Dorado CPU (Fast) ~ 0:54:04 (41.59x) 71,796 (32.04x)  56.13 (8.78x)

Minimap2 + Dorado CPU (HAC) 3:13:56 (149.18X) 193,640 (86.41X) 65.43 (10.24x)

Minimap2 + Dorado GPU (HAC)  0:04:33 (3.50x) NA  5.25(0.82x)

Minimap2 + Dorado GPU (SUP) 0:10:33 (8.12X) NA 5.92 (0.93%)

D4 Rawsamble 0:07:57 14,064 8.67
Green Algae Minimap2 0:00:47 (0.10%) 882 (0.06X) 8.7 (1.00%)
Minimap2 + Dorado CPU (Fast) 1:16:35 (9.63%) 79,606 (5.66X)  50.88 (5.87X)

Minimap2 + Dorado CPU (HAC) ~ 4:30:07 (33.98x) 286,362 (20.36X)  64.07 (7.39x)

Minimap2 + Dorado GPU (HAC) 0:06:01 (0.76X) NA 8.7 (1.00%)

Minimap2 + Dorado GPU (SUP) 0:14:54 (1.87X) NA 8.7 (1.00%)

D5 Rawsamble 0:28:56 51,975 6.0
Human Minimap2 0:01:52 (0.06X) 1,372 (0.03x)  20.21 (3.37%)

Minimap2 + Dorado CPU (Fast)
Minimap2 + Dorado CPU (HAC)
Minimap2 + Dorado GPU (HAC)
Minimap2 + Dorado GPU (SUP)

6:42:24 (13.91x)
23:27:18 (48.64X)
0:20:24 (0.71x)
1:05:48 (2.27x)

802,983 (15.45x)
1,219,043 (23.45X)
NA

NA

81.98 (13.66X)
46.12 (7.69x)
20.31 (3.38x)
20.21 (3.37x)

We make three key observations. First, Rawsamble provides a substantial speedup and
lower peak memory usage compared to minimap2 when combined with Dorado’s fast model
on a CPU by, on average, 16.36X (elapsed time), 16.45% (CPU time), and 11.73X (peak memory
usage). When using Dorado’s HAC model, Rawsamble provides even better results on average
by 59.70% (elapsed time), 36.93x (CPU time), and 11.23X (peak memory usage), since running
the HAC model is computationally more costly than running the fast model.

Second, Rawsamble achieves an average: 1) speedup of 1.99x (HAC) and 7.40x (SUP), and
2) reduced peak memory usage of 1.53x (HAC) and 1.70x (SUP), compared to GPU-based
basecalling followed by minimap2. Although basecalling with GPUs followed by overlapping
is usually faster in most cases when using the HAC model (Minimap2 + Dorado GPU (HAC)
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in Table 7.3), Rawsamble still achieves better average speedup due to the substantial speedup it
provides for the D1 dataset. Although comparing the results between CPUs and GPUs is not ideal
due to the massive parallelism that GPUs provide compared to CPUs, Rawsamble still provides
comparable and even better performance even with the limited parallelism (i.e., 32 threads) it
uses on CPUs compared to the parallelism that GPUs provide (e.g., a few tens of thousands of
threads). This shows that Rawsamble can provide even faster results when accelerated with
GPUs (outside the scope of this work) based on its comparison when basecalling is done using
CPUs and GPUs.

Third, minimap2, without considering the resources that basecalling requires, is more
resource-efficient than Rawsamble as it takes on average 0.16X (elapsed time), 0.12x (CPU
time), and 1.11X (peak memory usage) of those Rawsamble takes. This is mainly expected as
analyzing raw signals requires additional steps (e.g., signal-to-event conversion), more memory
due to sequencing depth (as opposed to a reference genome), and incurs noise that requires
less efficient parameter settings for Rawsamble (e.g., the window parameter in minimizers)
when analyzing raw signals compared to minimap2. Future work can focus on processing
these raw signals more accurately to reduce the limits for adjusting parameters that can impact
performance and memory usage.

We conclude that Rawsamble can perform read overlapping with higher throughput that can
be useful when focusing on real-time analysis and better computational resources than CPU-
based basecalling followed by minimap2. We find that Rawsamble’s speed is mainly dependent
on the amount of bases stored in the hash table, as the speed decreases with increasing the
number of locations that need to be analyzed in the index per read. To resolve this scalability
issue, future work should focus on designing indexing and filtering methods that provide a
limitation on the volume of signals stored in the index and processed during the overlapping
step. These results can also be useful when basecalling raw signals using GPUs to reduce the

computational overhead that GPU-based basecalling requires, which we discuss in Section 7.4.

7.3.3 All-vs-All Overlapping Statistics

Table 7.4 shows the all-vs-all overlapping statistics between Rawsamble and minimap2,
where each row sums to 100%. We make two key observations. First, on average, 36.57%
of overlap pairs generated by Rawsamble are shared with the overlap pairs that minimap2
generates. This shows that a large fraction of overlapping pairs does not require basecalling to
generate identical overlapping information identified by minimap2 after basecalling. Second,
although Rawsamble can find a substantial amount of overlap pairs identical to the overlaps
minimap2 finds, specifically for the D1 dataset, there are still overlapping pairs unique to

Rawsamble (16.25% on average) and minimap2 (47.17% on average), mainly due to the decreased
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shared overlaps as the genome size increases. These differences are likely due to differences
in 1) certain parameters (e.g., chaining scores) and 2) increased noise inherent in raw signals
compared to basecalled sequences, which can become more pronounced in genomes with
greater size, complexity, or repetitiveness. Additionally, as observed in an earlier work [523],
constructing contiguous assemblies is not dependent on finding as many overlapping pairs
as possible. Instead, contiguous assemblies can still be constructed using a smaller but useful
portion of overlapping pairs. We conclude that Rawsamble provides a mechanism that shares a
large portion of overlaps with minimap2, while the shared portions decrease as the genome

size increases.

Table 7.4: All-vs-all Overlapping Statistics. Percentages show the overlapping pairs that are
1) unique to Rawsamble, 2) unique to minimap2, and 3) reported in both tools (Shared Overlaps).

Organism Unique to Unique to Shared
Rawsamble (%) Minimap2 (%) Overlaps (%)

D1 SARS-CoV-2 11.55 15.27 73.18
D2 E. coli 8.33 50.62 41.05
D3 Yeast 24.94 35.17 39.89
D4 Green Algae 3.76 78.64 17.61
D5 Human 32.69 56.18 11.13

7.3.4 De novo Assembly Evaluations

To evaluate the impact of differing reported overlaps between Rawsamble and minimap2,
we construct de novo assemblies from these overlaps. Table 7.5 shows the statistics of these
de novo assemblies. We do not provide the assembly statistics for the D1 dataset as miniasm
cannot generate an assembly using the overlaps from Rawsamble and minimap2, potentially
due to the small size of the genome. We make three observations.

First, we find that the overlaps found using Rawsamble can form long paths during assembly
that lead to assembly constructions and large connected components. Rawsamble is the first
work that enables de novo assembly construction directly from raw signal overlaps
without basecalling, which has several implications and can enable future work, as we discuss
in Section 7.4.

Second, we observe that the unitigs generated from Rawsamble overlaps are usually less
contiguous compared to those generated from minimap2 overlaps, based on all the metrics
we show in Table 7.5 and Supplementary Figures S7.1-S7.4. Compared to the gold standard
assemblies generated using highly accurate basecalled reads and a state-of-the-art assembler, we

find that Rawsamble can still achieve a significant portion of the assembly contiguity, especially
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for the D2 dataset (E.coli). For example, Rawsamble constructs unitigs with the longest unitig
length of 2.7 million bases, which is over half the length of the E. coli genome, whereas the gold
standard assembly produces a single unitig covering the entire genome. This indicates that
Rawsamble can achieve substantial contiguity relative to the gold standard without
basecalling.

Third, for the larger genomes in the D4 and D5 datasets, we find that Rawsamble can
construct longer unitigs compared to those generated by minimap2 and, notably, achieves
better contiguity than the gold standard assemblies in the D5 dataset. The coverage of these
datasets is substantially lower than that of other datasets. This suggests that Rawsamble can
find more useful overlaps leading to longer paths in the assembly for the cases when coverage
is relatively lower (e.g., coverage of less than or around 5x in Table 7.1). Basecalled sequences
may generate more contiguous assemblies when the coverage is higher. We conclude that
Rawsamble generates useful overlapping information, enabling the construction of assemblies
directly from raw signals. This approach achieves substantial contiguity and, in some cases

(e.g., at low coverage), provides superior contiguity compared to minimap2 and gold standard

assemblies.
Table 7.5: Assembly Statistics.

Dataset Tool Total Largest N50 auN Longest Unitig
Length (bp) Comp. (bp) (bp) (bp) Unitig (bp) Count
D2 Rawsamble 14,525,505 4,841,669 1,535,079 1,309,738 2,722,499 31
E. coli minimap2 10,434,542 5,207,206 5,204,754 5,194,738 5,207,206 4
Gold standard 5,235,343 5,235,343 5,235,343 5,235,343 5,235,343 1
D3 Rawsamble 13,898,208 362,050 41,118 48,106 161,883 396
Yeast minimap?2 23,755,455 1,611,876 134,050 150,908 464,054 282
Gold standard 11,963,521 11,835,059 640,934 623,210 1,073,346 68
D4 Rawsamble 3,448,899 448,422 93,111 108,818 252,038 50
Green Algae minimap2 2,117,190 198,709 63,310 88,906 198,709 55
Gold standard 106,479,288 2,255,807 452,774 538,136 1,667,975 420
D5 Rawsamble 1,850,419 493,004 51,300 116,049 364,113 48
Human minimap?2 747,607 65,951 19,476 22,103 48,424 61
Gold standard 8,365,210 367,305 19,329 29,697 150,470 592

7.4 Discussion and Future Work

Limitations. Our evaluation demonstrates that Rawsamble achieves high throughput, making
it a viable candidate for real-time analysis while constructing de novo assemblies. However,
there are still two main challenges to fully utilize real-time de novo assembly construction
during sequencing. First, the hash-based index should be constructed and updated dynamically

in real-time while sequencing is in progress. Although Rawsamble provides the mechanisms for
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storing multiple hash tables that can be constructed for each chunk of raw signals generated in
real-time, it is not computationally feasible to dynamically update the index for all sequenced
signals as the memory and computational burden increases with each hash table generated.
Such an approach requires a decision-making mechanism to dynamically stop updating the
index after sequencing a certain amount of signals. The stopping mechanism should be accurate
enough to ensure that the current state of the index provides sufficient information to find the
overlaps between the already sequenced signals and the new signals generated after the index
construction. Second, the assembly graph should be constructed and updated dynamically while
the new overlap information is generated in real time. This is challenging as the intermediate
steps for generating the unitigs (e.g., the transitive reduction step [532]) in assembly graphs
may not work optimally without the full overlap information, as it is likely to remove graph
connections that can be useful with new overlap information. It might be feasible to use graph
structures that are more suitable for streaming data generation, such as de Bruijn graphs, for
assembly construction purposes [1063-1065].

Rawsamble can find overlaps only between reads coming from the same strand, as it lacks
the capability to construct the reverse complemented version of the signals to identify the
matches on the other strands. This potentially leads to gaps in the assembly and construction
of the unitigs from both strands. Designing a mechanism that can reverse complement raw
signals without basecalling is future work.

We evaluate Rawsamble using raw signals generated from ONT’s R9.4 flowcells to show

that overlapping information between raw signals can be used to construct de novo assemblies.
We leave optimizations for newer flow cell versions (e.g., R10.4.1) for future work.
New Directions for Future Work. We identify several new directions for future work.
First, integrating the overlapping information with basecalling can provide accuracy benefits
for basecallers. Existing basecallers are designed to basecall individual reads without such
overlapping information. Such a combined approach can provide additional useful features for
the underlying machine learning models in basecallers to improve the basecalling accuracy.
Second, de novo assembly construction enables identifying the reads that do not provide useful
information for assembly if they are fully contained by other overlapping read pairs [305].
Identifying these potentially useless reads early on provides the opportunity to avoid basecalling
them, which can improve the overall execution time of basecalling by filtering out such reads.
Third, de novo assembly construction from raw signals provides new opportunities to design
new basecallers that can basecall the assembled signals. Such a basecaller has the potential to
substantially improve the performance, as it enables basecalling fewer long unitigs instead of
many shorter reads.

While Rawsamble enables new directions in raw signal analysis, particularly for de novo
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assembly, several challenges and opportunities for future work remain. Addressing these
challenges has the potential to enable new use cases and applications in raw signal and

basecalled sequence analyses.

7.5 Summary

We introduce Rawsamble, the first mechanism that can find overlaps between two sets of
raw nanopore signals without translating them to bases. We find that Rawsamble can 1) find
overlaps while meeting the real-time requirements with an average throughput of 2,432,561
signals/sec per CPU thread, 2) reduce the overall time needed for finding overlaps (on average by
16.36x and up to by 41.59X) and peak memory usage (on average by 11.73X and up to by 41.99x)
compared to the time and memory needed to run state-of-the-art read mapper (minimap2)
combined with the Dorado basecaller running on a CPU with its fastest model, 3) share a
large portion of overlapping pairs with minimap2 (36.57% on average), and 4) construct long
assemblies from these useful overlaps. We find that we can construct assemblies of half the
length of the entire E. coli genome (i.e., of length 2.7 million bases) directly from raw signal
overlaps without basecalling. Finding overlapping pairs from raw signals is critical for enabling
new directions that have not been explored before for raw signal analysis, such as de novo
assembly construction from overlaps that we explore in this work. We discuss many other new
directions that can be enabled by finding overlaps and constructing de novo assemblies.

We hope and believe that Rawsamble enables future work in at least two key directions.
First, we aim to fully perform end-to-end genome analysis without basecalling. This can be
achieved by further improving tools such as Rawsamble to construct de novo assemblies directly
from raw signals such that these assemblies are consistently better than those generated from
basecalled sequences in all cases. Second, we should rethink how we train and use modern
neural network-based basecallers by integrating additional useful information (e.g., overlaps or

assemblies of signals) generated by Rawsamble into these basecallers.



S7. SUPPLEMENTARY MATERIALS 157

S7 Supplementary Materials

$7.1 Visualizing Assemblies

Supplementary Figures S7.1, S7.2, S7.3, and S7.4 show the assembly graphs created with
miniasm in GFA formats. To construct these assembly graphs with miniasm, we provide
the overlap information that Rawsamble and minimap2 provide as a PAF file [305]. We use
Bandage [1061] to visualize these assembly graphs. To provide the scale between unitigs
generated using the same dataset, we annotate the longest contig in each assembly graph with

their lengths.
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Figure S7.1: Visualization of the assembly graphs generated using Rawsamble and minimap2
overlaps from the D2 (E. coli) dataset.
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Figure S7.2: Visualization of the assembly graphs generated using Rawsamble and minimap2
overlaps from the D3 (Yeast) dataset.
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Figure S7.3: Visualization of the assembly graphs generated using Rawsamble and minimap2

overlaps from the D4 (Green Algae) dataset.
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Figure S7.4: Visualization of the assembly graphs generated using Rawsamble and minimap2

overlaps from the D5 (Human) dataset.
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S7 Generating a Gold Standard Assembly

To generate a gold standard assembly using R9.4 Simplex reads, we explore two approaches.

First, we use the raw basecalled sequences directly with a set of state-of-the-art assemblers
identified from recent benchmarks [1066-1069], namely Hifiasm [505], Verkko [519], LJA [517],
HiCanu [507], and Flye [514].

Second, we apply error correction to the reads using the HERRO tool [866] developed by
Oxford Nanopore Technologies (ONT), which is also integrated into the latest versions of
Dorado as dorado correct. HERRO corrects erroneous R9.4 and R10.4 data, enabling their use
as a replacement for accurate PacBio HiFi reads required by state-of-the-art hybrid assembly
approaches. Supplementary Table S7.1 shows the estimated sequencing depth of coverage
before and after the HERRO correction for each dataset.

For the high-coverage D2 E.coli dataset, Hifiasm outputs a fragmented assembly,
while Verkko requires extensive parameter tuning (specifically in terms of coverage,
—unitig-abundance, and —base-k) to achieve desirable contiguity and completeness. LJA
produces an almost perfect assembly when a minimum length filter of 30kbp is applied to the
corrected reads, as suggested by the HERRO paper. Flye performs comparably to LJA without
the need for error correction.

For the other datasets, with or without error correction, most assemblers either fail to
produce assemblies or generate suboptimal results, except for Flye. We attribute this to their
sensitivity to inaccuracies in the uncorrected reads and the reduced coverage after correction.
Supplementary Table S7.1 shows how the coverage levels change after correction for each
dataset. Notably, Flye works well (and sometimes even slightly better) with uncorrected reads,
highlighting its robustness to noisy ONT reads.

Based on these observations, we select Flye as the assembler to generate the gold standard
assemblies in our evaluations, given its ability to handle noisy ONT reads without the need for
error correction and its consistent performance across different datasets. Therefore, we use

Flye to construct the gold standard assemblies from the basecalled reads in our study.

Table S7.1: Coverage levels before and after error correction for each dataset.

Dataset Coverage Before Correction Coverage After Correction
D2 E. coli 445% 240%
D3 Yeast 32X 12x
D4 Green algae 5.6X 3.7%

D5 Human 0.6X 0.002x
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$7.1 Configuration

S$7.1.1 Parameters

In Supplementary Table S7.2, we show the parameters of each tool for each dataset. In
Supplementary Table S7.3, we show the details of the preset values that Rawsamble sets in
Supplementary Table S7.2. For minimap2 [306], we use the same parameter setting for all

datasets. For miniasm [305], we use the default parameter settings for all datasets.

Table S7.2: Parameters we use in our evaluation for each tool and dataset in mapping.

Tool D1 SARS-CoV-2 D2E. coli D3 Yeast D4 Green Algae D5 Human
Rawsamble -x ava-viral -t 32 -xava-t32 -xava-t32 -x ava -t 32 -x ava —chain-gap-scale 0.6 -t 32
Minimap2 -x ava-ont —for-only -t 32

Dorado CPU (Fast) basecaller -x cpu dna_r9.4.1_e8_fast@v3.4

Dorado CPU (HAC) basecaller -x cpu dna_r9.4.1_e8_hac@v3.3

Dorado GPU (HAC) basecaller dna_r9.4.1_e8 hac@v3.3

Dorado GPU (SUP) basecaller dna_r9.4.1_e8_sup@v3.3

Miniasm

Table S7.3: Corresponding parameters of presets (-x) in Rawsamble.

Preset Corresponding parameters Usage

ava-viral -e 6 -q 4 -w 0 —sig-diff 0.45 —fine-range 0.4 ~min-score 20 ~min-score2 30 —min-anchors 5 Viral genomes
-min-mapq 5 -bw 1000 —max-target-gap 2500 —max-query-gap 2500 —chain-gap-scale 1.2 —chain-skip-scale 0.3

ava -e 8 -q 4 -w 3 —sig-diff 0.45 —fine-range 0.4 -min-score 40 —min-score2 75 Default case
—-min-anchors 5 -min-mapq 5 -bw 5000 -max-target-gap 2500 -max-query-gap 2500

S$7.1.2 Versions

Supplementary Table S7.4 shows the version and the link to these corresponding versions

of each tool.

Table S7.4: Versions of each tool and library.

Tool Version Link to the Source Code

Rawsamble 2.1 https://github.com/CMU-SAFARI/RawHash/releases/tag/v2.1
Minimap2  2.24 https://github.com/1h3/minimap2/releases/tag/v2.24

Dorado 0.7.3 https://github.com/nanoporetech/dorado/releases/tag/v0.7.3

Miniasm 0.3-r179 https://github.com/1h3/miniasm/releases/tag/v@.3

Rawasm main https://github.com/CMU-SAFARI/rawasm

Flye 2.9.5 https://github.com/mikolmogorov/Flye/releases/tag/2.9.5
HERRO 0.1 https://github.com/1lbcb-sci/herro
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Chapter 8

Conclusions and Future

Directions

In summary, the goal of this dissertation is twofold: 1) understand how various sources of noise
in sequencing data and its analysis impact the performance, accuracy, efficiency and scalability
of genome analysis; and 2) develop new techniques to tolerate or reduce noise for faster, more
accurate, and real-time analysis of genomic sequencing data. To this end, we propose a series
of novel algorithms and methods that improve the efficiency and effectiveness of key steps in
the genome analysis pipeline.

First, we introduce BLEND (Chapter 4), a novel noise-tolerant hashing mechanism for
fuzzy seed matching, enabling quick identification of highly similar genomic sequences. Our
evaluations show that BLEND significantly improves the performance and memory usage of
read overlapping and mapping, providing substantial benefits for assembling and analyzing
high-coverage genomic data.

Second, we develop RawHash (Chapter 5), the first mechanism that performs accurate
and scalable real-time analysis of raw nanopore signals for large genomes. RawHash uses a
unique quantization technique that effectively reduces noise in raw signals, enabling a hash-
based search mechanism that bypasses the computationally intensive basecalling step. Our
evaluations demonstrate that RawHash matches the throughput of nanopore sequencers while
providing high accuracy and scalability for large genomic datasets.

Third, we propose RawHash2 (Chapter 6), an improved version of RawHash that provides
better noise reduction in raw nanopore signals and increases the robustness of mapping deci-
sions. RawHash2 incorporates more sensitive quantization and chaining algorithms, weighted
mapping decisions, and frequency filters, which collectively improve both the accuracy and

throughput of real-time mapping of raw nanopore signals.
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Fourth, we introduce Rawsamble (Chapter 7), a novel mechanism that enables all-vs-all
overlapping of raw nanopore signals, facilitating the construction of de novo assemblies directly
from raw signals without basecalling. Rawsamble achieves significant speedups and reductions
in memory usage compared to traditional basecalling and overlapping pipelines, paving the
way for new applications in raw signal analysis.

Finally, based on the insights developed throughout this work, we emphasize the importance
of integrating noise-tolerant techniques and real-time analysis mechanisms in future genome
analysis pipelines. We argue that these advancements can 1) improve the efficiency and accuracy

of current methodologies and 2) enable new applications and directions in the field of genomics.

8.1 Future Research Directions

This dissertation opens up several promising avenues for future research. In this section, we

review potential directions for extending and enhancing the work presented in this dissertation.

8.1.1 Integration of Overlapping and Assembly Information into Base-
calling

Integrating overlapping and assembly information with basecalling is a potential direction
for future work. By combining the overlapping and assembly information that Rawsamble
generates with existing basecalling methods, it is possible to provide additional features to
the machine learning models used in basecallers. This integration can improve the accuracy
and performance of basecalling, especially in noisy datasets, by leveraging the contextual
information provided by overlapping and assembly of raw signals. Enhancing basecallers with
this additional context may lead to more accurate sequence interpretations and better overall

genomic analyses.

8.1.2 Real-Time De Novo Assembly Construction

Building upon the capabilities of Rawsamble, future work can explore the real-time con-
struction of de novo assemblies during sequencing. A real-time de novo assembly construction
involves dynamically updating 1) the hash-based index and 2) assembly graph as new raw
signals are sequenced. Enabling immediate identification and assembly of genomic sequences
without waiting for the completion of sequencing can 1) reduce the overall time and compu-
tational resources required for assembly and 2) enable new directions for adaptive sampling.
However, implementing real-time assembly poses challenges, such as managing data structures
efficiently in real-time and handling the continuous stream of incoming data. Addressing these
challenges can significantly accelerate genomic assembly processes and benefit time-sensitive

applications.
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8.1.3 Performing Further Steps Fully Using Raw Nanopore Signals
Without Basecalling

Developing new algorithms and techniques for raw signal analysis is crucial to include many
downstream steps of genome analysis without relying on basecalling. Developing techniques to
directly process and interpret raw signals for applications such as variant calling, metagenomics,
and functional genomics can reduce computational overhead and improve the speed of these
analyses. By bypassing the basecalling step, it is possible to leverage the rich information
contained in raw signals, potentially increasing accuracy and sensitivity in detecting genomic
features. This approach is particularly beneficial in time-sensitive applications where rapid

results are crucial.

8.1.4 Exploring Hardware Acceleration for Raw Signal Analysis

Given the large data volumes and massive parallelism in genome analysis, exploring hard-
ware acceleration for raw signal analysis is an important direction. Implementing the algorithms
used in raw signal analysis on suitable hardware, such as GPUs [300,301], FPGAs [138,297,302],
or processing-in-memory (PIM) architectures [890, 908,910, 982], could significantly improve
the performance of analysis while reducing the overall energy consumption. By leveraging
specialized hardware, it is possible to achieve higher throughput and lower latency, which
are critical for processing large volumes of genomic data efficiently, especially for portable

sequencing devices where computational resources are limited.

8.1.5 Integrating BLEND in RawHash

Integrating the BLEND mechanism in RawHash is a potential avenue for improving the
sensitivity and accuracy of raw nanopore signal analysis. By incorporating BLEND’s fuzzy
seed matching capabilities, RawHash can improve its ability to identify similar regions in noisy
datasets. This integration may lead to better handling of the variability and noise inherent
in raw signals. Additionally, it can reduce the computational cost associated with processing

noisy data, making the analysis more efficient.

8.2 Concluding Remarks

In this dissertation, we address critical challenges in genome analysis by developing new
techniques to tolerate and reduce noise in sequencing data. We build a detailed understanding
of how noise affects the computational mechanisms in genome analysis and propose solutions
that improve the speed, accuracy, and scalability of key steps in the genome analysis pipeline.
We introduce four novel mechanisms—BLEND, RawHash, RawHash2, and Rawsamble —that

collectively enable faster, more accurate, and scalable genome analysis. We hope that the
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methods and insights presented in this dissertation will inspire future research and lead to the

development of more efficient and innovative approaches to genome analysis.



Appendix A

Other Works of the Author

During my Ph.D. studies, I was involved in various other projects across different fields, focusing
mainly on genome analysis acceleration, metagenomics, basecalling, and genome assembly.
As a first and co-first author, I contributed to several fields in genome analysis and its
acceleration. I was a co-first author of AirLift [502], a fast and comprehensive technique
that significantly reduces the computational overhead of remapping genomic data between
reference genomes. I also co-led the paper entitled Accelerating Genome Analysis via Algorithm-
Architecture Co-Design [262], which reviews recent advancements in genome analysis accelera-
tion and highlights the integration of multiple steps using suitable architectures to improve
performance and efficiency. In genome assembly and polishing, I was the first author of
Apollo [257], an assembly polishing algorithm that is both sequencing-technology-independent
and scalable to large genomes. Apollo was designed to improve the accuracy of genome as-
sembly polishing by utilizing reads from all available sequencing technologies within a single
run. [ was also the first author of ApHMM [593], a flexible acceleration framework that reduces
computational and energy overheads associated with profile hidden Markov models (pHMM:s)
used in bioinformatics applications, including assembly polishing we developed in Apollo.
As a co-author, I contributed to several papers in acceleration of genome analysis with
hardware and software co-design. I was involved in GenASM [490], a framework that ac-
celerates approximate string matching, a key step in genome sequence analysis, providing
significant performance and power benefits. I contributed to GenStore [689], an in-storage
processing system that improves read mapping performance by reducing data movement and
computational overheads, and SeGraM [598], a universal hardware accelerator designed for
both sequence-to-graph and sequence-to-sequence mapping, addressing critical bottlenecks
in genomic mapping pipelines. In the metagenomics field, I contributed to MegIS [710], an

in-storage processing system designed to reduce data movement overhead in metagenomic
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analysis. I was involved in Demeter [195], a fast and energy-efficient food profiler using hy-
perdimensional computing in memory, which significantly improves throughput and reduces
memory usage while maintaining accuracy.

My work in basecalling and nanopore sequencing includes contributions to 1) RUBI-
CON [275], a framework for designing efficient deep learning-based basecallers, 2) Target-
Call [267], a pre-basecalling filter that eliminates wasted computation by discarding off-target
reads before the basecalling process, and 3) RawAlign [295], a tool designed for accurate, fast,
and scalable raw nanopore signal mapping by combining seeding and alignment. I also con-
tributed to Swordfish [711], a framework for evaluating deep neural network-based basecalling
using computation-in-memory with non-ideal memristors, which explores hardware/software
co-design solutions to address accuracy loss due to hardware limitations. We also proposed
GenPIP [684], an in-memory genome analysis accelerator that tightly integrates basecalling
and read mapping to reduce inefficient computation and data movement.

I worked on FastRemap [503], a tool for quickly remapping reads between genome assem-
blies, which significantly improves the efficiency of genome assembly processes. Moreover,
I contributed to Molecules to Genomic Variations [261], a comprehensive overview of intelli-
gent algorithms and architectures designed to accelerate genome analysis at the population
level. In the area of computational biology tools and infrastructure, I worked on a systematic
review titled Packaging and Containerization of Computational Methods [1070], which describes
and compares software packaging and containerization platforms used in omics research,
highlighting the need for easier installation and greater usability of biomedical research tools.

I also worked on the acceleration of virtual-to-physical address mapping with Utopia [1071],
which proposes a hybrid virtual-to-physical address mapping scheme that enhances address
translation performance.

I am currently involved in several works that are available as preprint. I am involved in
SequenceLab [1072], a comprehensive benchmark of computational methods for comparing
genomic sequences, which provides an in-depth analysis of the heterogeneity among widely-
used methods, and MetaFast [1073], which enables fast metagenomic classification through
seed counting and edit distance approximation to improve accuracy-runtime tradeoffs in

metagenomic analysis.
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