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ABSTRACT
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Mohammed H. K. Alser
Ph.D. in Computer Engineering
Advisor: Can Alkan
Co-Advisor: Onur Mutlu
June 2018

Our understanding of human genomes today is affected by the ability of modern
computing technology to quickly and accurately determine an individual’s entire
genome. Over the past decade, high throughput sequencing (HTS) technologies
have opened the door to remarkable biomedical discoveries through its ability to
generate hundreds of millions to billions of DNA segments per run along with a
substantial reduction in time and cost. However, this flood of sequencing data
continues to overwhelm the processing capacity of existing algorithms and hard-
ware. To analyze a patient’s genome, each of these segments - called reads - must
be mapped to a reference genome based on the similarity between a read and
“candidate” locations in that reference genome. The similarity measurement,
called alignment, formulated as an approximate string matching problem, is the
computational bottleneck because: (1) it is implemented using quadratic-time
dynamic programming algorithms, and (2) the majority of candidate locations
in the reference genome do not align with a given read due to high dissimilar-
ity. Calculating the alignment of such incorrect candidate locations consumes an
overwhelming majority of a modern read mapper’s execution time. Therefore, it
is crucial to develop a fast and effective filter that can detect incorrect candidate
locations and eliminate them before invoking computationally costly alignment
algorithms.

In this thesis, we introduce four new algorithms that function as a pre-
alignment step and aim to filter out most incorrect candidate locations. We
call our algorithms GateKeeper, Slider, MAGNET, and SneakySnake. The first
key idea of our proposed pre-alignment filters is to provide high filtering accuracy
by correctly detecting all similar segments shared between two sequences.

il
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The second key idea is to exploit the massively parallel architecture of modern
FPGAs for accelerating our four proposed filtering algorithms. We also develop
an efficient CPU implementation of the SneakySnake algorithm for commodity
desktops and servers, which are largely available to bioinformaticians without the
hassle of handling hardware complexity. We evaluate the benefits and downsides
of our pre-alignment filtering approach in detail using 12 real datasets across dif-
ferent read length and edit distance thresholds. In our evaluation, we demonstrate
that our hardware pre-alignment filters show two to three orders of magnitude
speedup over their equivalent CPU implementations. We also demonstrate that
integrating our hardware pre-alignment filters with the state-of-the-art read align-
ers reduces the aligner’s execution time by up to 21.5x. Finally, we show that
efficient CPU implementation of pre-alignment filtering still provides significant
benefits. We show that SneakySnake on average reduces the execution time of
the best performing CPU-based read aligners Edlib and Parasail, by up to 43x
and 57.9x, respectively. The key conclusion of this thesis is that developing a fast
and efficient filtering heuristic, and developing a better understanding of its ac-
curacy together leads to significant reduction in read alignment’s execution time,
without sacrificing any of the aligner’ capabilities. We hope and believe that our
new architectures and algorithms catalyze their adoption in existing and future

genome analysis pipelines.

Keywords: Read Mapping, Approximate String Matching, Read Alignment, Lev-
enshtein Distance, String Algorithms, Edit Distance, fast pre-alignment filter,
field-programmable gate arrays (FPGA).



OZET

YASAMIN KODUNU ANLAMAYT DAHA 1YI

ALGORITMALAR VE DONANIM TASARIMLARIYLA
HIZLANDIRMAK

Mohammed H. K. Alser
Bilgisayar Miihendisligi, Doktora
Tez Danigmani: Can Alkan

Ikinci Tez Damsmant: Onur Mutlu
Haziran 2018

Giiniimiizde insan genomlar1 konusundaki anlayisimiz, modern bilisim teknolo-
jisinin bir bireyin tiim genomunu hizli ve dogru bir sekilde belirleyebilme
yeteneginden etkilenmektedir. Gectigimiz on yil boyunca, ytiksek verimli dizileme
(HTS) teknolojileri, zaman ve maliyette Onemli bir azalma ile birlikte, tek
bir caligmada yiiz milyonlardan milyarlarcaya kadar DNA parcasi iiretme ka-
biliyeti sayesinde dikkat cekici biyomedikal kegiflere kapi agmigtir.  Ancak,
bu dizileme verisi bollugu mevcut algoritmalarin ve donanimlarin iglem kapa-
sitelerinin siirlarini zorlamaya devam etmektedir. Bir hastanin genomunu analiz
etmek icin, ”okuma” adi verilen bu parcalarin her biri referans genomundaki aday
bolgelerle olan benzerliklerine bakilarak, referans genomu iizerine yerlegtirilir.
Yaklagik karakter dizgisi eslestirme problemi seklinde formiile edilen ve hizalama
olarak adlandirilan benzerlik hesaplamasi, iglemsel bir darbogazdir ¢iinkii: (1)
ikinci dereceden devingen programlama algoritmalar1 kullanilarak hesaplanir ve
(2) referans genomundaki aday bolgelerin biiyiik bir boliimii ile verilen okuma
parcas1 birbirlerinden yiiksek diizeyde farklilik gosterdiklerinden dolayr hiza-
lanamaz. Bu sekilde yanlig belirlenen aday bolgelerin hizalanabilirligin hesa-
planmasi, gliniimiizdeki okuma haritalandirici algoritmalarin ¢aligma siirelerinin
biiyiik boliimiinii olugturmaktadir. Bu nedenle, hesaplama olarak maliyetli bu
hizalama algoritmalarini caligtirmadan once, dogru olmayan aday bolgeleri tespit
edebilen ve bu bolgeleri aday bolge olmaktan c¢ikaran, hizli ve etkili bir filtre
geligtirmek ¢ok onemlidir.

Bu tezde, on hizalama agamasi olarak iglev goren ve yanlig aday konumlarinin
cogunu filtrelemeyi hedefleyen dort yeni algoritma sunuyoruz. Algoritmalarimizi
GateKeeper, SLIDER, MAGNET ve SneakySnake olarak adlandiriyoruz.
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Onerilen 6n hizalama filtrelerinin ilk temel fikri, iki dizi arasinda paylasilan
tim benzer segmentleri dogru bir sekilde tespit ederek yiiksek filtreleme
dogrulugu saglamaktir. Ikinci temel fikir, onerilen dort filtreleme algoritmamizin
hizlandirilmas: i¢cin modern FPGA’larin ¢ok biiyiik Olgekte paralel mimarisini
kullanmaktir. SneakySnake’i esas olarak biyoinformatisyenlerin mevcut olan, do-
nanim karmagikhgi ile ugrasmak zorunda olmadiklar: emtia masaitistii ve sunucu-
larmda kullanabilmeleri icin geligtirdik. On okuma filtreleme yaklagimimizin
avantaj ve dezavantajlarini 12 gercek veri setini, farkli okuma uzunluklar1 ve
mesafe egikleri kullanarak ayrintili olarak degerlendirdik. Degerlendirmemizde,
donanim On hizalama filtrelerimizin egdeger CPU uygulamalarina gore iki ila
i¢ derece hizli olduklarmmi gosteriyoruz. Donanmim o6n hizalama filtrelerim-
izi son teknoloji okuma hizalayicilariyla entegre etmenin hizalayicinin ¢aligma
siiresini diizenleme mesafesi esigine bagl olarak 21.5x. Son olarak, on hiza-
lama filtrelerinin etkin CPU uygulamasimnin hala onemli faydalar sagladigimi
gosteriyoruz. SneakySnake’in en iyi performansa sahip CPU tabanli okuma
ayarlayicilar1 Edlib ve Parasail’in yiirtitme stirelerini sirasiyla 43x ve 57,9x’e
kadar azalttigim gosteriyoruz. Bu tezin ana sonucu, hizli ve verimli bir fil-
treleme mekanizmas1 geligtirilmesi ve bu mekanizmanin dogrulugunun daha iyi
anlagilmasi, hizalayicilarin yeteneklerinden higbir gey odiin vermeden, okuma
hizalamasinin caligma stiresinde onemli bir azalmaya yol acmaktadir. Yeni mimar-
ilerimizin ve algoritmalarimizin, mevcut ve gelecekteki genom analiz planlarinda

benimsenmelerini katalize ettigimizi umuyor ve buna inaniyoruz.

Anahtar sézcikler: Haritalamayr Oku, Yaklagik Dize Eslestirme, Hizalamay1
Oku, Levenshtein Mesafesi, String Algoritmalari, Mesafeyi Diizenle, hizli 6n hiza-
lama filtresi, Alan programlanabilir kap: dizileri (FPGA).
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Chapter 1

Introduction

Genome is the code of life that includes set of instructions for making everything
from humans to elephants, bananas, and yeast. Analyzing the life’s code helps,
for example, to determine differences in genomes from human to human that are
passed from one generation to the next and may cause diseases or different traits
(10, 11, 12, 13, 14, 15]. One benefit of knowing the genetic variations is better
understanding and diagnosis diseases such as cancer and autism [16, 17, 18, 19|
and the development of efficient drugs [20, 21, 22, 23, 24]. The first step in
genome analysis is to reveal the entire content of the subject genome — a process
known as DNA sequencing [25]. Until today, it remains challenging to sequence
the entire DNA molecule as a whole. As a workaround, high throughput DNA
sequencing (HTS) technologies are used to sequence random fragments of copies
of the original molecule. These fragments are called short reads and are 75-300
basepairs (bp) long. The resulting reads lack information about their order and
origin (i.e., which part of the subject genome they are originated from). Hence the
main challenge in genome analysis is to construct the donor’s complete genome

with respect to a reference genome.



During a process, called read mapping, each read is mapped onto one or more
possible locations in the reference genome based on the similarity between the
read and the reference sequence segment at that location (like solving a jigsaw
puzzle). The similarity measurement is referred to as optimal read alignment (i.e.,
verification) and could be calculated using the Smith-Waterman local alignment
algorithm [26]. However, this approach is infeasible as it requires O(mn) running
time, where m is the read length (few hundreds of bp) and n is the reference length
(~ 3.2 billion bp for human genome), for each read in the data set (hundreds of

millions to billions).

To accelerate the read mapping process and reduce the search space, state-
of-the-art mappers employ a strategy called seed-and-extend. In this strategy, a
mapper applies heuristics to first find candidate map locations (seed locations)
of subsequences of the reads using hash tables (BitMapper [27], mrFAST with
FastHASH [28], mrsFAST [29]) or BWT-FM indices (BWA-MEM [30], Bowtie 2
[31], SOAP3-dp [32]). It then aligns the read in full only to those seed locations.
Although the strategies for finding seed locations vary among different read map-
ping algorithms, seed location identification is typically followed by alignment
step. The general goal of this step is to compare the read to the reference seg-
ment at the seed location to check if the read aligns to that location in the genome
with fewer differences (called edits) than a threshold [33].

1.1 Research Problem

The alignment step is the performance bottleneck of today’s read map-
per taking over 70% to 90% of the total running time [34, 27, 28]. We
pinpoint three specific problems that cause, affect, or exacerbate the long align-
ment’s execution time. (1) We find that across our data set (see Chapter 9), an
overwhelming majority (more than 90% as we present i