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Abstract

A-mer counting is the process of counting k length substrings in a sequence. It is an important step 
in many bioinformatics applications including genome assembly, sequence error correction, and 
sequence alignment. Even though generating A-mer histograms seems simple and straightforward, 
processing large datasets efficiently with limited resources, especially memory, is very 
challenging. As the advancements in next-generation sequencing technologies have resulted in a 
tremendous growth of genomic data, it is inevitable for /r-mer counters to be faster and more 
efficient. A lot of work has been done in the past decade to optimize A-mer counting.

Frigate, a fast and efficient tool capable of counting and querying A-mers is presented. Its in­
memory design utilizes multithreaded, lock-free data structures to improve performance. Thread 
synchronization is handled using the compare-and-swap technique. The parallel processing 
pipeline of Frigate is the result of careful performance engineering and design. Frigate was 
developed with the emphasis on values of k less than 20, aiming to maximize performance by 
employing different algorithms for different ranges of k values.

The performance of Frigate was compared with six state-of-the-art A-mer counters: Jellyfish, DSK, 
Gerbil, CHTKC, KMC2, and KMC3, using two real-world datasets. The experiments were carried 
out for k values of 10, 15, and 17 using a different number of threads in the range [1, 32]. The 
results show that Frigate achieves a comparable performance or up to 2-3x speedup compared to 
its competitors, especially for large datasets. The A-mer counters were analyzed based on the 
running time, amount of memory used, and scalability. The correctness of Frigate was evaluated 
by comparing the A-mer frequency histogram with those of other A-mer counters.

Frigate is written in C and freely available at https: github.com Gunavaran, frigate under MIT 
license.

Keywords: JGmer counting, Genome analysis, Performance engineering, Parallel computing
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1 INTRODUCTION
Genomics is the study of an organism's genome (complete set of DNA). Genomic research 

has made impressive strides in the medical field by facilitating researchers to study the 

role of genetic factors in complex diseases (e.g., cancer) and drug response. The 

availability of large-scale DNA sequence data and computational power to process such 

large-scale data are the primary factors that made genomics possible.

1.1 DNA and DNA Sequencing

A DNA molecule consists of two strands that form a double helix structure (see Figure 

1.1). Each strand is composed of nucleotides and each nucleotide contains a sugar, a 

phosphate group, and a nitrogenous base. There are four different types of nitrogenous 

bases: adenine (A), cytosine (C), guanine (G), and thymine (T). The biological 

information required for an organism to develop, survive, and reproduce is stored in these 

bases. DNA sequencing is the process of determining the order of these bases which is 

crucial for genomic research.

Figure 1.1: DNA double helix structure 
Source: See Appendix II
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1.2 A-mers and A-mer Counting

A-mers are substrings of length A. Given the DNA sequence ACGAGGTACGA, the 

following set of4-mers can be generated: {ACGA, CGAG, GAGG, AGGT, GGTA, GTAC. 
TACG, ACGA} (see Figure 1.2). Suppose the length of the sequence is L, the total number 
of resulting A-mers is (L - A + 1).

A-mer counting is the process of finding the frequency of each A-mer. Performing 4-mer 
counting on the DNA sequence ACGAGGTACGA would produce {ACGA: 2, CGAG: 1, 
GAGG: \,AGGT: 1, GGTA: 1, GTAC: 1, TACG: 1}.

DNA Sequence ACGAGGTACGA

ACGA

CGAG

GAGG

A G G T-<4-mers
G G T A

GTAC

T A C G

A C G A

Figure 1.2: All possible 4-mers in a DNA sequence

A-mer counting is a fundamental step in many bioinformatics applications that process 

and analyze the DNA sequence data. Some of its applications are:

• Genome assembly [ 1 ], [2]

• Sequence error correction [3], [4]

• Repeat detection [5], [6]

• Multiple sequence alignment [7]

• Genome size prediction and estimation of genomic characteristics [8], [9]
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1.3 The Problem

Human Genome Project [10] which was the first attempt to decipher the human genome 

was a 13-year long project (1990 - 2003) and cost S2.7 billion. However, with the 

development of massively parallel Next Generation Sequencing (NGS) technologies [11], 
the human genome can be sequenced within hours at the cost of a few thousand dollars. 
The high-throughput sequencing ability of NGS at a very low cost has resulted in the 

availability of large-scale genomic data which is continuously growing in size. Thus, it is 

inevitable for tools that process sequence data (such as A-mer counters) to be faster and 

more efficient.

Even though the problem of A-mer counting seems simple and straightforward, it is very 

challenging when time and resource efficiency are brought into the picture. Hundreds or 

even thousands of gigabytes of data need to be processed while utilizing limited hardware 

resources, especially memory, within a reasonable amount of time. A straightforward 

approach would be to use a hash table/dictionary where A'-mers would be the keys and 

their corresponding counts would be the values. However, the majority of the systems do 

not have sufficient memory to store the entire counting data structure in memory when 

processing hundreds of gigabytes of input data.

Data amplification when extracting A'-mers from sequence reads is another challenge in A'- 

mer counting. A read of length L contains L-k + 1 A'-mers. For example, assuming that 

one byte is used to store a character, a read of length 100 requires 100 bytes of memory 

space. However, the 20-mers extracted from that read, 81 in total, require 1620 bytes of 

memory space which is a 16.2x increase in volume.

A lot of research has been done in the past decade to optimize A-mer counting (e.g., 

Jellyfish [ 12], Gerbil [13], DSK [ 14], and KMC3 [ 15]). The majority of the existing A-mer 

counters focus on large A values (A >= 20) and optimize the algorithms to perform better 

for large A values [13]. Promising results (often for A values of 28 and 55) have been 

presented by many A-mer counters by adapting different optimization techniques.

<f%
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However, such techniques often impose undesirable overhead when processing small A 

values (A < 20), leaving a gap that needs to be bridged.

1.4 Motivation

Since k-mer counting is one of the fundamental preprocessing steps in many 

bioinformatics applications, accelerating A-mer counting would benefit a wide range of 

applications. Even though A-mer counting for large k values is becoming popular, there 

are ample applications that rely on small k values [3], [9].

Except for a few A-mer counting tools (e.g., KMC2 and KMC3), the rest of the tools use 

a single algorithm for counting A-mers of all sizes. Instead of employing a single A-mer 
counting algorithm for all A values, using different yet suitable algorithms/optimization 

techniques for different ranges of A values would maximize the performance.

1.5 Objectives

The primary objectives of this research are listed below.

• Develop an efficient data representation and storage mechanism that minimizes 

I/O overhead for DNA sequence data.

• Design a cache-efficient parallel processing pipeline to load, count and store A- 
mers and their counts.

• Develop an open-source tool capable of counting and querying A-mers in a shared 

memory environment.

• Evaluate the correctness and performance of the developed tool using real-world 

datasets.

1.6 Contribution

Here, I present Frigate, a fast in-memory tool for counting and querying A-mers in a shared 

memory environment. Frigate is written in C and freely available at 

https://github.com/Gunavaran/frigate under MIT license. It is evident from the results
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that Frigate has a comparable or better performance compared to state-of-the-art k-mer 
counters.

1.7 Thesis Outline

The rest of the document is organized as follows: Section 2 explores the relevant literature, 
Section 3 describes the methodology in detail, Section 4 presents and discusses the results 

and finally, Section 5 concludes the document.
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2 LITERATURE REVIEW
Properties of the A-mer counting problem make it an ideal research topic for experts in 

different fields of computer science. The A-mer counting problem requires huge amounts 

of data to be processed in minimal time with the limited available resources, especially 

main memory. Hence, it demands combined efforts from a wide range of computer science 

fields such as parallel and distributed computing, data compression, data storage, and 

performance engineering. K-mer counting has gained popularity in the last decade and a 

significant number of algorithms/tools have been developed to efficiently count the A- 
mers. Efforts have been made to improve the performance through different approaches 

such as utilizing better data structures, data compression techniques to minimize the I/O 

overhead, efficient multithreaded processing pipelines, and incorporating modem 

hardware (e.g. GPUs).

Hashing and sorting are two popular approaches used in A-mer counting tools. Hashing- 

based tools store the A-mer counts in a hash table where A-mers are the keys and their 
corresponding counts are values. Sorting-based approaches sort the A-mers before 

counting them. It brings all the occurrences of the same A-mer to consecutive memory 

locations which results in fast counting. AT-mer counting tools can also be categorized as 

disk-based or in-memory approaches. Disk-based approaches have become more popular 

and often outperform their in-memory counterparts. Unlike main memory, disk space is 

rarely considered a limited resource in modem computers. Disk-based approaches first 

partition the A-mers into multiple temporary files and then count the individual files 

independently. The A-mer counts of each temporary file are later merged if required.

2.1 In-memory Approaches

Jellyfish [12] is one of the earliest attempts to successfully accelerate A-mer counting. It 

employs multithreading, lock-free data structures (queues and a hash table), and data 

compression schemes to reduce the execution time and memory consumption. A 

multithreaded, lock-free hash table with open addressing is used to store the A-mers and 

their corresponding counts. To save memory, a bit-packed data structure is used to store

6



the A-mers instead of being aligned with computer words. Thread synchronization is 

achieved through compare and swap (CAS) instruction (which will be discussed later in 

Section 3). If the memory is not enough to count the whole dataset, intermediate results 

(hash tables) are written to the disk as files containing the (key, value) records. Once all 
the A-mers are counted, these intermediate files are merged. To facilitate the merging 

process and also to efficiently query the A-mer counting results, the hash table is sorted 

before being written to the disk. Jellyfish is often used as the benchmark to compare the 

performance of other A-mer counters.

CHTKC [16] is another hashing-based algorithm for A-mer counting. CHTKC uses a 

single reader thread to load blocks of sequence data from the disk and store them in a 

buffer. Multiple counter threads are used for counting the A-mers and finally, a single 

writer thread is used to store the counting results back in the disk. CHTKC outperforms 

Jellyfish primarily through better hash table design. It uses a lock-free hash table (similar 
to Jellyfish) and chaining is used to resolve collisions. Figure 2.1 demonstrates the hash 

table structure. A pre-allocated array of nodes is used to store the A-mers and their 
corresponding counts. A node also stores the index of the next linked node (to resolve 

collisions through chaining). The hash table array stores the indices of these nodes. In 

Figure 2.1, threads Tl, T2, and T3 extract A-mers from the sequence data and the 

corresponding index in the hash table array is calculated using (1), a simple hash function.

(I*)index(M) = mod L (1)

where L is the size of the array in Figure 2.1, A/is the A-mer and A/, is the ;-th integer when 

M is encoded using n unsigned integers. Threads TI and T2 are inserting A-mers that do 

not exist in the hash table yet. Hence, new nodes are requested from the pre-allocated node 

array and the indices of those nodes are stored in the hash table array. Thread T3 conflicts 

with thread T2 as both of them are mapped to the same index of 322. Hence, after thread 

T3 updates node 232, it is linked to node 150. Once the node array is full and new nodes

7



no longer be obtained, the hash table is written to the disk. The remaining sequence 

data are stored in the disk in compressed form and are counted with the next new batch.

can

Sequences Hash Table !
i!

Block-Tl
i

CCATGCCAT 
CGAAAT.......

n
!:

^ 531 CGGA 111 0! i

jT1 :ACCCCGGA -j—1 
AAATTT...... :

j+ I
Block-T2 !j:

ACTACGTTT i 
GCATG... ~>-L T2

I ''v 
i

CTCCAACGT I 
CCCGG.-tt

:^ 150 ACGT 8 232
/ i

200 i_____ L
B!ock-T3

[
4

0321
j§150 i

201T3 !0 \323
232 CCGG 1 0GGCCCCTA 

ATTCCG..... \399 300 L

Figure 2.1: CHTKC hash table structure 
Source: see Appendix II

2.2 Disk-based Approaches

Disk-based A-mer counters typically have two phases: (1) distributing the A-mers among 

multiple temporary files/partitions and (2) performing A-mer counting on each partition 

individually. When sequence reads are partitioned, the volume of the data amplifies 

substantially which results in significant I/O overhead. Hence, a lot of work has been done 

on efficiently distributing and storing the A-mers on the disk.

DSK [14] is a disk-based algorithm that utilizes hash tables for A-mer counting. To the 

best of my knowledge, DSK is the first successful attempt to partition the A-mers into 

temporary files and store them in the disk before processing (counting) each temporary 

file one after the other. DSK distributes the A-mers among multiple partitions in several 
iterations. The total number of iterations is decided by the total number of A-mers, the
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amount of memory used to store a A'-mer, and the allocated disk space. Similarly, the 

number of partitions is calculated using the total number of A’-mers, memory required to 

store a A-mer and its count, total number of iterations, and allocated memory. DSK’s 

performance was improved further by integrating multi-threading and an SSD.

The concept of minimizers to efficiently store DNA data was first introduced in [17] and 

was adopted into A-mer counting for the first time in MSPKmerCounter [18]. 
MSPKmerCounter is a disk-based algorithm based on the idea of Minimum Substring 

Partitioning (MSP). Minimum substring (aka minimizer) t of a A'-mer is a substring of 

length in (m < k) such that t is lexicographically the smallest m-mer. In Figure 2.2, the 

DNA sequence is split into 17-mers and the minimum substring of all those 17-mers is 

AACC.

DNA Seq. ACT GATT ATT AACCGT ACAAA

f ACT GATT ATT |a ACC 

CT GATT ATTjAACC
T GATT ATT ^A ACC

i
GATT ATT A ACC 

ATT ATTjAACC

G T A

G T A C
;17-mers G T A C A

G T A C A A

l G T A C A A A

Minimum substring

Figure 2.2: Minimum substring

Given a DNA sequence, MSP breaks it into super A’-mers. A super A'-mer is a substring of 

maximal length such that all the A’-mers in the substring share the same minimizer. 

Consider the example in Figure 2.3. The DNA sequence is split into seven 16-mers. The 

first four 16-mers share the minimizer ACAC while the remaining three share the 

minimizer ACCC. Assuming that each character requires 1 byte of memory, it requires 

112 bytes (16*7) to store all the 16-mers. Instead of splitting them into individual 16- 
mers, MSP splits them into two super A-mers (CTGACACTTGACCCGTGGT,

9



CACTTGACCCGTGGTCAT). To store these super A'-mers, only 37 bytes are required, 
which is a significant reduction in the required amount of memory. This property 

substantially reduces the 170 cost.

DNA Seq. CT 6ACACTT GACCCGT GGT CAT

C T G ACACTT GACCCGT 
ACACTT GACCCGT G 
ACACTT GACCCGT GG 
A C A C T T GACCCGT GGT 

CACTT GACCCGT GGT C 
ACTT GACCCGT GGT CA 

CTT GACCCGT GGT CAT

T G<
G

i
i!
!

:CT GACACTT GACCCGT GGT CACTT GACCCGT GGT CAT

L I
2) .h—

Partition
‘ACAC"

Partition
“ACAG"

Partition
"ACCC”

• • • •

Figure 2.3: Minimum substring partitioning

After generating the super A-mers, those with the same minimizer are stored in the same 

partition (disk file). The size of the minimizer, say p, plays an important role. Smaller p 

will increase the probability of consecutive A'-mers having the same minimizer. However, 

it might lead to an unbalanced distribution of A-mers and the largest partition might not fit 

into the main memory. Larger p will facilitate the distribution of partition sizes to be more 

even at the cost of reducing the probability of consecutive A'-mers sharing the same 

minimizer. Hence, choosing the right size of the minimizer is crucial. After the 

partitioning phase, a hash table is used to perform A-mer counting where A-mers are the 

keys and their corresponding counts are the values. Another important property of this 

approach is that all the occurrences of the same A-mer are in the same partition. Hence the 

partitions can be counted individually and there is no need to merge the files.

10



The major drawback of MSPKmerCounter is that the distribution of partition sizes is far 
from uniform. Partitions associated with certain minimizers tend to be huge. For example, 
it was observed that the partition associated with the minimizer AAA....A is usually larger 
than the rest. Since the amount of main memory required is proportional to the largest 

partition, this is a major concern. KMC2 [19] came up with the idea of signatures to 

overcome this issue. Essentially, signatures are minimizers with additional restrictions. 
One such restriction is that signatures should not start with AAA nor ACA as such 

minimizers lead to an unbalanced distribution of partition sizes. These restrictions help 

signatures to keep the size of the largest bin and the total size of all the bins as small as 

possible, and the number of bins is neither too large nor too small. After the partitioning 

phase, KMC2 employs radix sort. However, instead of sorting the A-mers. (A, x) mers are 

sorted. (A, x)-mers are (A + x 'j-mers in canonical form where 0 < x' < x. It helps improve 

the sorting process and reduces peak memory usage. Figure 2.4 shows the high-level 

workflow of the KMC2 algorithm.

KMC3 [15] is the successor of KMC2. KMC3 follows the same processing scheme as 

KMC2, however, with improvements to the radix sort and A-mer partitioning.

11



Figure 2.4: KMC2 parallel processing workflow 
Source: See Appendix II

Gerbil [13] is another disk-based A-mer counter that uses hash tables for counting. Gerbil 

used two disks, one to store the input dataset and the final A-mer counts (input/output disk) 
and the other to store the temporary files created during the counting process (working 

disk). Similar to other disk-based counters, Gerbil has two phases: distribution and 

counting. In the distribution phase, minimizers are used to ensure that all occurrences of 

a A'-mer are stored in the same temporary file. The workflow of the distribution phase is 

shown in Figure 2.5. A set of reader threads load the sequence data from the disk to the

j Splitter1©1 ParserInput/Output Dusk Reader
| Splitter WriterL

Reader || Parser SplitterReedBundte super-men

Figure 2.5: Workflow of Gerbil’s distribution phase 
Source: See Appendix 11
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main memory. Next, the data is transformed into an internal read bundle format by a set 

of parser threads. Finally, a set of splitter threads compute the minimizers, and a writer 
thread stores the super A-mers in the working disk.

CPU-Hasherl^,-------------
. j Splitter .______

iCPU-Hasherj ---------------- pWp Reader
^ j Splitter -----------

Input/Output Disk

Writer

| GPU-Hashef]k-mer counts

Figure 2.6: Workflow of Gerbil's counting phase 
Source: See Appendix II

The workflow of the counting phase is illustrated in Figure 2.6. A reader thread loads the 

super A-mers from the working disk to the main memory. A set of splitter threads extract 

the A-mers from the super A- mers. Each A-mer is assigned to one of multiple hasher threads 

based on the hash value of the A-mer which ensures that all the occurrences of the same A- 

mer are assigned to the same hasher thread. Each hasher thread maintains a local hash 

table and updates the A-mer counts based on the A-mers received from the splitter threads. 

Once a temporary file has been processed completely, a writer thread writes the contents 

of all the local hash tables to the input/output disk. Gerbil also supports GPU integration 

which further reduces the running time.

Table 2.1 summarizes the different aspects of A-mer counters and their contribution.

13



Table 2.1: Summary of A-mer counting tools

Tool/Algorithm Disk In- Sorting Hashing Contribution
memory

1. Jellyfish X X Multi-threaded, lock-free 

hash tables.

2. CHTKC X Efficient hash table design.X

3. DSK X X Disk-based, low memory 

counting.

MSPKmerCounter4. X X Minimum substring 

partitioning.

KMC25. X X Signatures and (A, .v)-mers.

KMC36. X X Improved radix sort and 

signatures.

Efficient processing 

pipeline and hash table 

design. GPU integration.

Gerbil X X7.

2.3 Approximate A-mer Counters

Unlike the above-mentioned tools which perform exact A-mer counting, another group of 

A-mer counters which approximate the A-mer frequencies has also been proposed. K-mer 

counters that perform exact counting need to process and store all the A-mers either in 

memory or disk. Consequently, the amount of memory' required will grow linearly with 

the input data size, making exact A-mer counters inefficient for large datasets. Even though 

approximate A-mer counters tradeoff accuracy for less memory' usage and execution time, 

the error percentage is not significant. ntCard [20], an approximate A-mer counter.
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achieved orders of magnitude faster execution compared to DSK with less than a 1 % error 

rate. Some of the approximate A-mer counters are KmerEstimate [21], KmerStream [22], 
KmerGenie [23] and Squeakr [24],

2.4 Distributed A-mer Counting

Distributed-memory solutions are becoming popular in the bioinformatics domain due to 

the large amount of data being produced by NGS technologies. Approaches based on Big 

Data frameworks such as Apache Hadoop and Apache Spark have been proposed as 

solutions to problems involving large-scale biological data [25]—£27]. Several distributed 

£-mer counters have also been proposed in recent years [28]—[30]. Shared-memory 

solutions suffer from the limitations in the number of processing units and the size of main 

memory, especially when processing large datasets. Distributed approaches have access 

to more resources in clusters or supercomputers. Jellyfish took about a day to count 22- 
mers for a 3TB dataset from the 1000 Genome Project [31]. However, Bloomfish, a 

distributed A:-mer counter, managed to count 22-mers for a 24 TB dataset in just an hour.

2.5 A-mer Counters Utilizing Modern Hardware

Latest k-mer counters also make use of modem hardware such as graphics processing units 

(GPUs), field-programmable gate arrays (FPGAs), and byte-addressable non-volatile 

memories (NVMs). GPUs are massively parallel systems capable of running thousands of 

threads simultaneously. GPU-based A'-mer counters aim to hide the PCIe latency and 

improve the compute to global memory ratio. A'-mer counters Gerbil and KMC2-GPU 

[32] have proved that better performance can be achieved by integrating GPUs. KMC2- 

GPU achieved over 4x speedup compared to its CPU counterpart. Compared to GPUs, 

FPGA-based accelerators are power efficient and highly customizable. Mcvicar et al. have 

presented the design and implementation of a high-performing FPGA-based A'-mer counter 

in [33]. NVMs are emerging memory technologies that combine the non-volatility of disk 

drives and speed approaching that of DRAM [34]. They are being investigated to replace
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the existing memory technologies especially in systems that process large amounts of data. 

In [35], authors have presented a k-mer counter that exploits both NVMs and GPUs.

Even though distributed environments and new hardware integration provide a better 

performance, they have not been widely adopted into bioinformatics research mainly 

because of availability constraints. This research focuses on developing a shared-memory 

solution for exact k-mer counting.
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3 METHODOLOGY

1Counter_0 Writer_0 j

Z Writcr l }■Counter_I EL“=>> Reader
\

FASTQ file
“==$> Counter n ; Writern^l’td

i__ ii'-i
Counter array

Binary' outputK-mcr queues
files

Figure 3.1: Parallel processing pipeline of Frigate

Frigate is a shared-memory tool that can perform A-mer counting sequentially or 

parallelly. The parallel processing pipeline of Frigate is illustrated in Figure 3.1. The three 

major steps in A-mer counting are reading the data from the disk, counting the frequency 

of A-mers, and writing the counting results back to the disk. Frigate uses a single reader 

thread and multiple counter and writer threads. The reader thread extracts the sequence 

reads from the FASTQ file (the FASTQ format is described later in this chapter) and 

distributes them uniformly among the A-mer queues. There is a one-to-one mapping 

between the A-mer queues and the counter threads. Counter threads extract the A-mers 

from the reads and update the counter array that is used to hold the A-mer frequencies. 

Once all the A-mers have been counted, both the counter threads and the reader thread act 
as writer threads to store the output of A-mer counting on the disk. The rest of this chapter 

is dedicated to explaining the design of each component and how they coordinate with 

each other to maximize performance.

3.1 FASTQ Files

FASTQ is a text format that is widely used to store biological sequence data. Each entry 

in a FASTQ file consists of four lines (see Figure 3.2):

1. A sequence identifier

2. The sequence or read

3. A separator (“+” sign)

| UMAW
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4. The quality scores

1 @fragaria_vesca.1 1 length=150
CTCTTAAT CT CTTTT GT CAT CAT GCACACCT CAAG AT G ACGCCAGC AT G ACCT CAATTT 

- TCTGGTATAATT GT GTTATATATAC AC AT GATAAAGTATTAT CC ATATATAACCT GT CT CTTA 
. TACACAT CT CGGAGCCCACGAGACAGTT 

► +fragaria_vesca.1 1 length=150
' AAA-AAFF<FFFJJJJJFFJJFJFFJFJJJ-7-FAJJFFJJFFJJJJJ<JJJJJJJJJJJJJFJFJJJJ<JJJF 

* FFJJJJJJJJJJFJJAJJJJFJFJJFJ<FAFJJJFJFF-F<7FAAFJJJJ<JFFJJAJ-<FAJJJJF-7-AA-

2

3

4
7
@fragaria_vesca.2 2 length=150
GTATTACAT C AAT CT CAGTAT CAGG AG AATTAT GC AGT G AGACGTTTT GGGT GAT G AAG 
GAATAT GGAGT GCAGAACT CTT GGACTACAACT GT CT CTTATACACAT CT CCGAGCCCA 
CG AG ACAT CT CAGG AT CT CGTAT GCCGT CTT C 
+fragaria_vesca.2 2 Iength=t50
AAFAFFJJJJJJJJ-<FJJJJFJJJJJJJJJAJJJJJJJJJFJJAJJJJJF<AJJJJJJJJJJJJJJJJJJJJJJJ
JJFJJJJJJJFJJ<FJFF-FJJJJJJJJJJJJJJJJJFJFJJJJJJJJJFJAAFFJ<7F-AJFJJAFJJFJFJF

Figure 3.2: Two sample entries in a FASTQ file

In k-mer counting, we are interested in only the actual sequence (line-2). Hence, every 

fourth line starting from line-2 (assuming that line-1 is the first line) needs to be extracted 

from the FASTQ file by the reader thread.

3.2 Reader Thread and K-mer Queues

data arrayflag

Figure 3.3: Structure of an entry in a A-mer queue

The k-mer queue is used as the medium of communication between the reader thread and 

the counter threads. A single entry in a A*-mer queue consists of a flag and a data array of 

sufficient size to store the sequence reads as shown in Figure 3.3. Once the reader thread 

writes new data onto the data array, it would set the corresponding flag to notify the 

counter thread that new data is available to be processed. Once the counter thread has 

completed processing the sequence read in the data array, it would reset the flag to notify 

the reader thread that the data array can be replaced with new data. The default number of 

entries per A-mer queue is five, however, it can be modified as per requirement. This

fz,u\
| UB*A»V |
318



wflVEKsmr ofmomtww. m umu
MORATIJMI

design eliminates the need for synchronization between the reader and counter threads 

which results in faster execution.

Suppose all the A-mer queues are full and the reader thread has no free slots to write new 

data, the reader thread would act as a counter thread without idling. It would count A-mers 

from a number of reads equal to half the size of a A-mer queue before returning to being a 

reader thread.

3.3 Binary Encoding

In FASTQ files, each character is stored in one byte of memory. However, the four 
alphabets (A, C, G, and T) can be represented using only 2 bits. The counter threads 

encode each character as follows: {A:00, C:01: G: 10: T:11}, while extracting the A-mers 

from the sequence reads in the A-mer queue. Figure 3.4 shows how the 12-mer 

CTCTTAAGCTCTis binary encoded.

o

1 byte

Figure 3.4: Binary' encoding of a 12-mer

This encoding reduces the data volume fourfold. Further, binary encoded A-mers can be 

processed as integers rather than as strings. Processing integers is typically faster than 

processing strings.

T H 5100
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3.4 Counter Array

0 4k-l
• • •

Figure 3.5: Structure of counter array

Frigate uses a linear array to store the A-mer counts as shown in Figure 3.5. There is a one- 

to-one mapping between every distinct A-mer and counter array index, i.e. every unique 

k-mer will be stored in a unique memory location. For a given A, the total number of 

possible A-mers is 4*. Hence, the size of the linear array should be 4* as well. Frigate stores 

the binary encoded A-mers in unsigned integers of sufficient size. The value of the 

unsigned integer decides the corresponding array index in which the A-mer will be stored. 

For example, the 6-mer TTAGCA will be encoded as 111100100100 and can be stored in 

a 16-bit unsigned integer. The decimal value of 111100100100 is 3876. Hence, the 

frequency of TTAGCA will be stored in the array index 3876.

The primary advantage of this approach is that it is sufficient to store only the A-mer 
counts. The corresponding A-mers can be derived from the array index. Furthermore, the 

counter array has 0(1) access time complexity. However, this approach does suffer from 

the exponential increase in the counter array size with increasing A value. Since Frigate 

focuses on small A values (A < 20), modem systems do have sufficient memory to hold the 

linear array (assuming 1 or 2 bytes to store the counts).

3.5 Lock-free Counting

The traditional lock-based synchronization techniques often suffer from performance 

degradation due to convoying and priority inversion. Frigate uses Compare and Swap 

(CAS) instruction, a lock-free counting approach, to synchronize the multiple counter 

threads accessing the counter array. Thread synchronization using CAS primitives is 

typically faster than locking [36].
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Algorithm 1: Cas 

Inputs: address, old, new

BEGIN ATOMIC
current <r value at address 

2 if current = old
set address to new 
return TRUE 

5 else return FALSE

1

3
4

END ATOMIC

CAS function takes three inputs: (1) memory location. (2) old value, and (3) new value, 
as shown in Algorithm 1. It reads the value at the given memory location and compares it 

with the second parameter (the old value). If both are equal, it would then replace the value 

in the memory location with the third parameter (the new value). If the memory7 location 

is successfully updated with the new value, it would return TRUE else return FALSE. All 

these steps are done atomically. Algorithm 2 shows how CAS operation is used to 

increment the counter array in Frigate.

Algorithm 2: INCREMENT 

Inputs: kjner

index = ExC0DE(k_mer)1
do2

old_value = counter array [index] 
while !Cas (&counter_array[index], old_ralue, old_value + l )

3
4

21



3.6 Canonical /T-mer Counting

Knowledge about the structure of DNA is necessary to understand what canonical A-mers
are.

The DNA molecule has two strands where the base pairs are complements to each 

other. Nucleobase ‘A’ always pairs with‘T’ and vice versa. Nucleobase *C’ always 

pairs with ‘G’ and vice versa.

2. When reading the nucleobases, the strands are read in opposite directions (from 5’ 
end to 3’ end) (see Figure 3.6).

1.

For any observed sequence, its reverse complement exists in the opposite strand and either 

of them could have been sequenced. For example, in Figure 3.6, the left strand contains 

the 6-mer TACAGT and its reverse complement ACTGTA exists in the opposite strand. 

Encountering a sequence means that its reverse complement also exists in the data. Hence, 
instead of considering/storing a A-mer and its reverse complement separately, 
bioinformatics applications use the lexicographically smaller of the two known as the 

canonical A-mer. Frigate performs canonical A-mer counting by default (similar to other 

A-mer counters) and follows the lexicographic order A < C < G < T. Non-canonical A-mer 

counting can also be carried out by setting the relevant flag (-d) in the command line 

arguments.

Reverse complementary 6-mers

Figure 3.6: Structure of DNA with the complementary pairs 
Source: See Appendix II
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Finding the canonical A- mer of a given k- mer is one of the computationally intensive tasks 

in k-mer counting. Finding the canonical A-mer is a three-step process.

Step J: Reverse the characters in the A'-mer.
Step 2: Complement each character.

Step 3: Compare the original A-mer and its reverse complement.

Steps involved in finding the canonical sequence of the 6-mer TACAGT are presented in 

Figure 3.7. After generating the reverse complement ACTGTA, the A-mer and its reverse 

complement are compared. Since ACTGTA is lexicographically smaller, it is chosen as the 

canonical A-mer.

Frigate processes the A-mers in the same order as they appear in the read. The first A-mer 
of every read is binary encoded one character at a time and stored in an unsigned integer 
of sufficient size. While encoding each character, the reverse complement of the A-mer is 

also generated simultaneously and stored in a separate unsigned integer.

TACAGTOriginal k-mer

T G A C A T
\ \ \
ACTGTA

Reverse

Complement

TACAGT > ACTGTACompare

Figure 3.7: Steps involved in finding the canonical sequence of TACAGT 

There is only a single character difference between adjacent A-mers. Once the first A-mer 

is binary encoded, the remaining A-mers and their reverse complements can be generated 

easily through bitwise operations. Let us look at an example for a better understanding.
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Consider the read TGAACGCAATGC and let us assume that we are performing 6-mer 

counting. The first 6-mer is TGAACG and its reverse complement is CGTTCA. The steps 

involved in encoding both are illustrated in Figure 3.8. 12 bits are required to store a 6- 

mer. Hence two 16-bit unsigned integers are used to store the encoded A-mers. The 

corresponding bits are set using the operators ‘bitwise OR" (|) and ‘left shift’ («). When 

encoding and storing ‘T’ in the variable, its complement ‘A’ is stored simultaneously in 

the variable that stores the reverse complement. All six characters are encoded similarly.

Once the first A-mer and its reverse complement are binary encoded, the remaining A-mers 

and their reverse complements can be generated through simple bitwise operations. 
Suppose that the first A-mer has been encoded, Frigate encodes the next A-mer in three 

steps.

Reverse complementOriginal k-mer
: 00 00 00 00 00 00 00 0000 00 00 00 00 00 00 00

AT ;
100 00 00 00 00 00 00 0000 00 00 00 0000 00

I 00 I 00 1 00 100 I 00 S 00 Oi 00
C3

1E1 00 j 00 | 00 | 0000 00 11

TA
loo 00 00 00 00 01 001100 00 0000 00 11 10 00

01 10 11 11 01 0000 0011 10 00 00 01 1000 00
CGTTCATGAACG

Figure 3.8: Encoding the first A-mer of a read and its reverse complement 

Step 1: Reset the bits in the indices (2A-2) and (2A-1) from right to 0s using 

bitwise AND 

Step 2: Left shift by 2 bits
Step 3: Set the last two bits based on the next alphabet using bitwise OR
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Similarly, the reverse complement of the next A'-mer is generated in two steps.

Step 1. Reset the bits in the indices (2k-2) and (2k-1) from right to Os using bitwise 

AND

Step 2: Set the bits in the indices (2k-2) and (2A-1) from right based on the next 
alphabet using bitwise OR

The second k- mer of the read TGAACGCAA TGC is GAACGC. Generating binary encoded 

GAACGC (second k-mer) from TGAACG (first k-mer) is shown in Figure 3.9. In step 1, 

the first two bits corresponding to 4T' are set to 00. In step 2, the integer is left shifted by 

two places to make room for the new character ‘C’ at the rightmost end. In step 3, the last 
two bits are set according to the new character to be appended, which is C.

TGAACG
00 00 11 10 00 00 01 10

©ft
10 00 00 01 1000 00 00

©ft
10 00 00 01 1000 00

©ft
GAACGC

0110 00 00 01 1000 00

Figure 3.9: Encoding consecutive A-mers through bitwise operations

The workflow of generating the reverse complement of the second A-mer is shown in
removed by right shifting. In step 2, the firstFigure 3.10. In step 1, the last two bits are 

bits are set according to the new character to be added, which is G.

r0F^| UERARY 1
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c G T T c A
00 00 01 10 11 11 01 00

©n

@0
G C G T T C

Figure 3.10: Encoding the reverse complements of consecutive A-mers 
through bitwise operations

Except for the first A-mer, the remaining ones in a sequence read and their reverse 

complements can be encoded similarly. Processing adjacent A-mers consecutively makes 

Frigate more cache efficient and also benefits from prefetching. Further, it eliminates the 

need to encode each character of every A-mer.

3.7 Storing Tf-mer Counts on the Disk

Once all the sequence reads are processed completely, a set of writer threads store the 

content of the counter array in the disk. After completing the counting phase, both the 

reader and counter threads act as writer threads. Unlike most of the A-mer counters. Frigate 

allows multiple threads to write the A-mer frequencies to the disk in separate files. Both A- 

mers and their frequencies are stored in the disk. Since only the A-mers with non-zero 

frequencies (or frequencies above a certain threshold) need to be stored, the counter array 

should be traversed to filter the non-zero frequencies. This can be achieved via two 

approaches,
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Approach_J: Allocate an equal size, consecutive memory' locations to each thread.

Approach__2: Allocate multiple, small segments of memory' distributed throughout 

the array to each thread.

The division of work among four threads based on Approach_l and Approach_2 is shown 

in Figure 3.11.

4*-I0

(a) Approach_l
Thrcad_0

(b) Approach_2
1 | Thread _ 3Thread_l

Figure 3.11: Two approaches for dividing the work among four writer threads.

The £-mers are not uniformly distributed in the counter array and often, the number of 

non-zero counts in each segment decreases as we move towards the end of the array. Since 

the number of non-zero counts is proportional to the number of disk writes, Approach_l 

suffers from workload imbalance while Approach_2 does not.

Thread_2

To justify our claim, both approaches were implemented and tested on two real-world data 

sets F. vesca and H. sapiens with eight writer threads for £=15. Figure 3.12 shows the

12050. j Approech-1 
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Figure 3.12: Number of non-zero counts encountered by eight writer threads after 15-mer counting lorF.
(left) and H. sapiens (right) datasets.vesca
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number of non-zero counts encountered by each thread for both approaches when 

traversing the counter arrays after the counting phase. It is evident from the graphs that 

Approach_2 has a better workload balance than Approach_l. Hence, Frigate uses 

Approach_2 to store the A-mer counts in the disk.

All the occurrences of the same A-mer being stored in one file eliminates the need for 

merging the individual files generated by each writer thread.

3.8 Querying tf-mers

In addition to counting, Frigate is also capable of performing A-mer queries. A file 

containing query A-mers is taken as the input and A'-mers and their counts are displayed as 

the output. Since the A-mer counts are stored in multiple files, the output file corresponding 

to a A-mer must be identified before querying. As the writer threads follow a definite 

pattern when traversing the counter array, the correct output file can be identified through 

simple mathematical computations as shown in Algorithm 3.

Algorithm 3: Query

Inputs: query Janer, chunkjsize, total^writers

1 binary_kmer = ENCODE (queiyJan er)
2 filejd = (binaryJaner / chunkjsize) % total_writers
3 file_ptr = READ(fileJd)
4 return Binary-Search(/j/<? jptr, binary Janer)

Here, queiy Janer is the A-mer to be found, chunkjsize is the size of the small segment 
mentioned in Approach_2 above and total writers is the number of writer threads used.

stored in a metafile during theThe details regarding chunkjsize and total writers 

counting stage. Once the correct file has been found, a binary search is performed to find

are

the A-mer. Storing the A-mer counting results in multiple files of nearly equal size reduces

the search space and facilitates the search.
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3.9 Frigate Tool and its Functionalities 

The implementation of Frigate 

ht_tps.//github.com/Gunavaran/frigate Frigate 

libraries for multi-threading. Some of the limitations of Frigate

Only Linux based operating systems are supported 

• Accepts only FASTQ format inputs

The largest k value to be counted depends on the available main memory space

It provides four main functionalities: count, histogram, dump, and query.

1. Count

The count functionality allows counting the frequency of £-mers. The command 

for count functionality is:
./frigate count [options] <input_file> <output_file>

The list of available options is presented in Table 3.1.

along with its documentation is available at 

is written in C and uses POSIX thread
are:

Table 3.1: Available options for count functionality

Parameter Description Default

single FASTQ file<input_file>

preferred name for the output file(s)<output_file>

10A’-mer length-k

# CPU coresnumber of threads-t

size of RAMmax amount of RAM in GB-m
2exclude A’-mers with count less than-1

disable canonical counting-d
falseverbose mode; displays the parameter settings-v

| USAARY 1a
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2. Histogram

The histogram functionality computes (key, value) pairs where keys are 

frequencies and values are the number of distinct k-mers which have the specific 

frequency values. For example, (5, 4566) means 4566 distinct A-mers appear 5 

times in the input data. A sample output of histogram functionality is shown in 

Figure 3.13. The command for histogram functionality is:
./frigate histogram <output_file> <histo_file>

The k-mer length need not be specified as it stored in the metafile while counting.

1 : 0
2 : 13794072
3 : 11254012
4 : 9655736
5 : 8169112
6 : 6845456
7 : 5744220
8 : 4863537
9 : 4157407
10 : 3579905

Figure 3.13: A sample output of histogram functionality

3. Dump
The dump functionality converts the output file to 

sample output of dump functionality is shown in Figure 3.14. The command for

a readable ASCII format. A

dump functionality is:
./frigate dump <output_file> <dump_file>
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AAAAAAAAACCACAA
aaaaaaaaaccacac
aaaaaaaaaccacag
aaaaaaaaaccacat
aaaaaaaaaccacca
AAAAAAAAACCACCC 
AAAAAAAAACCACCG 
AAAAAAAAACCACCT 
AAAAAAAAACCACGA 
AAAAAAAAACCACGC 
AAAAAAAAACCACGG 
AAAAAAAAACCACGT 
AAAAAAAAACCACTA 
AAAAAAAAACCACT C 
AAAAAAAAACCACT G

110
70
41
51
56
32
22
67
41
31
17
38
85
70
36

Figure 3.14: A sample output of dump command

4. Query
The query functionality takes a file containing a list of A-mers and returns the 

frequency of each A-mer. The command for query functionality is:
./frigate query <output_file> <query_file>

H 0F 4/5*
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4 RESULTS

4.1 Experimental Setup

The performance of Frigate compared with Jellyfish v2.3 [12], DSK v2.3.3 [14], 
Gerbil [13], KMC2 [19], KMC3 [15], and CHTKC [16]. The experiments were conducted 

on a machine with the configurations shown in Table 4.1. Each experiment was conducted 

three times and average running times were calculated. Suppose the execution time

was

obtained from one iteration varied significantly from the remaining two iterations, it is 

omitted when calculating the average running time.

Table 4.1: Test machine configuration

Processor Intel Xeon(R) E7-4820 v3 @ 1.90GHz

Threads per core 2

Cores per socket 10

No. of sockets 4

64 GBMain memory

1.8 TBHDD

To compare the performance of A-mer counters, canonical A-mer counting was performed 

on two real-world datasets Fragaria vesca (FV) and Homo sapiens (HS) (see Table 4.2). 

Additional information related to the datasets is presented in Appendix I.
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Table 4.2: Datasets
Organism Genome 

Size (Mb)
No. of 

bases (Gb)
FASTQ file 

size (GB)
Average read 
length (bases)

No. of reads

F. vesca (FV) 214 4.5 10.9 353 12,803.137

H. sapiens (HS) 2,991 123.7 292.1 151 819,148,264

Both small (FV) and large (HS) datasets were chosen to understand the impact of dataset 

size on the performance and behavior of A-mer counters. Note that, unlike the HS dataset, 
the entire FV dataset can be fit into the main memory.

The ambiguous nucleotides in DNA sequence datasets are denoted using the alphabet 

in FASTQ files. Similar to the existing A-mer counters, Frigate also ignores all the A-mers 

that contain these ambiguous nucleotides when counting.

Singleton A-mers (A-mers that appear only once in the dataset) are ignored when storing 

the counts on the disk. Singleton A-mers often result from sequencing errors [37]. It is very 

unlikely for a A-mer to appear only once when sequenced with high coverage. Further, 

these singleton A-mers are often uninformative for the majority of the bioinformatics 

applications that utilize A-mer counting. Since the percentage of singleton A-mers is high, 

storing their counts would impose a significant overhead. Out of the 255,498,9 IS distinct 

A-mers resulted from 15-mer counting for FV dataset, 75,473,967 (29.5%) were singleton 

A-mers. Similarly, out of the 585,126,337 distinct A-mers resulted from 15-mer counting 

for HS dataset, 313,172,922 (53.5%) were singleton A-mers. However, singleton A-mers 

can be included in the count by modifying the command line arguments of Frigate.

Since the counter array size is fixed for a particular k value. Frigate does not achieve any
to additional memory. Conversely, other A-mer

were
performance gain from having
counters benefit from it. Hence, for a fair comparison, all the A-mer counting tools

available in the test machine. Since ICMC3,

access

given access to the entire memory space
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CHTKC, and DSK suffered from a large number of page faults, they were exposed to only 

40GB of main memory.

4.2 Execution Time

Tables 4.3 - 4.8 present the running times of seven different A-mer counters using a 

different number of threads for two datasets FV and HS, and k values of 10, 15, and 17. 

These A values were selected to evaluate Frigate’s performance for varying counter array 

sizes. Note that CHTKC and Gerbil require more than two threads, and sequential running 

times are not included for the HS dataset because of excessive time consumption. 
Execution times in bold indicate the best results for each thread count.

Table 4.3: K-mer counting execution time (in sec) for F. vesca (k = 10)

No. of
Jellyfish DSK Gerbil CHTKC KMC2 KMC3 Frigate

threads

6001 6,674 77 7674

750 3,253 76 492 74

29 27 27584 1,570 176 4564

20749 12 12603 1,143 918

9 19115 9975 6222316
1910 1171 47252 88132

Table 4.4: K-mer counting execution time (in sec) for H. sapiens (A = 10)

No. of FrigateKMC3KMC2CHTKCGerbilDSKJellyfish
threads

2,0591,6271.62688,21415,614' 2
1,5241,5711,4699.9235.62744,03217,4934
1,4881,5771,47116,7565,06028,85516,1978
1,4821.6301,4712,5135,47122,46110,99716
1,4741,6211,4691,7085,12919,3898,08432
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Table 4.5: K-mer counting execution time (in sec) for F. resca (k = 15)

No. of
Jellyfish DSK Gerbil CHTKC KMC2 KMC3threads Frigate

1 1,599 6,510 531 617 276
2 965 3,508 383 442 197
4 546 1,695 174 973 183 203 121
8 277 948 79 937 102 115 66
16 148 573 51 179 68 74 39
32 83 496 44 80 52 59 26

Table 4.6: AT-mer counting execution time (in sec) for H. sapiens (k = 15)

No. of
Jellyfish DSK Gerbil CHTKC KMC2 KMC3 Frigate

threads

37,383 85,3772 9,375 4,8008,000

4,600 3,07136,095 40,868 5,311 24,901 4,8254

4,899 1,8304,9S226,398 4,241 18,7768 25,075
4,346 1,6103,963 4,78119,340 4,31916,80016

1,5614,1515,2471,7254,29715,87110,69232

Table 4.7: £-mer counting execution time (in sec) for F. vesca (k = 17)

No. of FrigateKMC3KIVIC2CHTKCGerbilDSKJellyfish
threads

8236525596,7541,9861
4644513923,3891,1642
2842071871,8491981,7791,2394
1871161061,192819363798
11767672504648117716
7949491144339710832
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Table 4.8: /T-mer counting execution time (in sec) for H. sapiens (k = 17)
No. of

Jellyfish DSK Gerbil CHTKC KMC2threads KMC3 Frigate

2 59,792 74,916 8,192 9,726 7,611
4 27,330 40,215 7,572 94,028 4,516 5,148 6,842
8 11,505 24,556 4,702 23,475 3,903 4,149 3,607
16 6,115 16,602 4,130 5,475 3,890 3,912 1,694
32 4,077 13,246 4,095 2,283 4,057 3,583 1,681

Frigate has a comparable or better performance compared to the other k-mer counters. 

When the dataset is large (HS dataset), Frigate achieves up to 2-3x speedup compared to 

its competitors. KMC2, KMC3, and Gerbil perform slightly better for the FV dataset when 

k= 17. It occurs primarily because these k-mer counters suffer less I/O overhead because 

of small data size while Frigate deals with a large number of cache miss due to large 

counter array size. DSK is clearly the slowest. It was also observed that disk-based k-mer 

counters spend a larger portion of their running time on the distribution phase compared 

to the counting phase. For the HS dataset, KMC3 spent ~73% of the running time on the 

distribution phase when k=\l.

The running times of different A'-mer counters for the HS dataset are graphically illustrated 

in Figure 4.1 and Figure 4.2. The running times above 60,000s have been omitted from 

the plots for better visualization. It is evident from the graphs that A-mer counters that 

perform better consistently for all thread values (Gerbil, KMC2, KMC3, and Frigate) do 

not scale well beyond 8 cores for the larger dataset (note that when *= 17, Frigate scales 

well up to 16 threads). When the number of counter threads is increased, the rate at which 

the reader thread loads data from the disk becomes a bottleneck. To overcome this 

limitation, counter threads were allowed to read directly from the disk. However, it led to 

degraded performance when executed with a large number of threads (16 or 32).
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The execution times of CHTKC for the HS dataset 

threads are used. However, when executed with 

significantly higher running times compared to Frigate. Another interesting observation is 

the abrupt reduction in running times of CHTKC when the number of threads is increased 

from 8 to 16.

are the closest to Frigate when 32

4 or 8 threads, CHTKC displays

45,000

40,000

_co

o 35,000
8
in

.£
(D
! 30,000
cp
cc

* 25,000

20,000

15,000

10,000

5,000

0 3216842
No. of threads

—a— CHTKC —»-KMC2 -B-KMC3 Frigate—*— DSK —• GerbilJellyfish

Figure 4.1: Running times for HS dataset (A-15)
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Figure 4.2: Running times for HS dataset (Af=1 7)

In almost all the cases, Gerbil, KMC2, and KMC3 have similar performances. However, 

when k=l 0, as seen in Table 4.3 and Table 4.4, KMC2 and KMC3 perform ~3x faster than 

Gerbil as KMC2 and KMC3 use a separate in-memory algorithm when A'<14.
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Frigate requires only less than 2GB of RAM to cany out i-tne, counting when *-15 (less 

than 10 MB when k~\0 and less than 20GB when A=17). However, the other A-mer

counters were given access to the entire memory space (40GB for DSK, KMC3, and 

CHTKC). When those k-mer counters were allowed to use only the same amount of 

memory as Frigate, an increase in execution times was observed. Table 4.9 shows the

difference in execution times for the HS dataset with 32 threads and a k value of 15. While 

Gerbil and KMC3 exhibit a slight increase, a significant increase in execution time can be 

observed for CHTKC and KMC2. KMC2 did not finish execution even after 24 hours.

Table 4.9: Comparison of A-mer counting execution times (in sec) for H. sapiens (A* = 15) with 2GB
memory

# threads Gerbil CHTKC KMC2 KMC3

32 4,297 1,725 5,247 4,151

4,9164,752 >86,40032 (2 GB) 4,770

4.3 Performance of Writing Output

As Frigate employs multiple writer threads, the time spent on writing the counting results 

to the disk is minimized. After 17-mer counting for the FV dataset, a single writer thread 

took 61 seconds while 32 writer threads took only 19 seconds to write the A-mer counts to 

the disk (see Figure 4.3).

<><*-
; • ::JHARY
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Figure 4.3: Time taken by different number of threads to write the A*-mer counts to the 
disk after 17-mer counting of FV dataset

4.4 Result Validation

To evaluate the correctness, the A'-mer frequency histogram (the total number of distinct 

A-mers with each given frequency) of Frigate was compared with those of Jellyfish, DSK, 

Gerbil, CHTKC, KMC2, and KMC3 for the FV dataset using the frequency range [2,255] 

and k values of 15 and 17. Frigate exactly matched the results produced by the other k- 
The A-mer frequency histogram for the FV dataset is provided in Table 4.10.mer counters.
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Table 4.10: K-mer frequency histogram for FV dataset (*=15)

No. of distinct k-mers
Freq.

Jellyfish DSK Gerbil CHTKC I KMC2 KMC3 Frigate
28,038,487 28,038,487 28,038,4872 28,038,487 28,038,487 28,038,487 28,038,487
13,243,796 13,243,796 13,243,796 13,243,7963 13.243,796 13,243,79613,243,796

7.532.0047,532,004 7,532,004 7,532,004 7,532,004 7,532,0044 7,532,004

5,085,4735,085,473 5,085,473 5,085,473 5.085,4735,085.473 1 5,085,4735
4,068,1184,068,1184,068,118 4,068,118 4,068.1184,068,118 4,068.1186
3,758,6513,758,6517 3,758,651 3,758,651 3,758,651 3,758,6513,758,651
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5 CONCLUSION AND FUTURE WORK

K-mer counting is an essential comDonent ^ ,. . „
„ide range of appiications wouid benefit JaI “ *

““aerating l‘mer counting. Even though
,hC Pr°blem °f *'mer C°"n,in8 i$ “> straightforward fern a„ algofiifimi,: of

view, it becomes a challenging task when time and resource efficiency are brought into 
,he picture. The need for processing hundreds or even thousands ofgigaby.es ofdat. while

utilizing limited resources such as main memory within a limited time makes k-mer

counting an interesting research area for experts in the field of computer science.

K-mer counting has attracted a lot of interest in the past decade. K-mer counting 

algorithms that are optimized for large values of k impose additional overheads for small 

k values. In this thesis, I introduced Frigate, a tool for efficient counting and querying 

mers. Frigate is designed with an emphasis on k values less than 20 with a vision of using 

different algorithms for different ranges of k values to achieve optimal performance. 

Frigate is capable of both sequential and parallel processing. The processing pipeline of 

Frigate makes it cache efficient and the CAS technique is used to reduce the cost of thread 

synchronization.

The results clearly show that Frigate outperforms state-of-the-art £-mer counters m many
2-3x times speedup, especially for large datasets, whileinstances achieving up to 

consuming less memory space, 
the disk and main memory becomes a bottleneck when a lar^e

It was also observed that the rate of data transfer between
number of threads are used

for A-mer counting.

The first version of Fng.te presented here only supports the Linux ope,.ting system » 

FASTQ file format. Support for other operating systems (e.g, Windows *” 

other file formats (e.g.. FASTA, will be added in the •»

expanded by incorporating new algorithms fo, processing ™ ^ md

of Frigate can be improved by incotporating dam 

vectorization. Integrating GPUs is also a possibility
reduce the time consumed on

y 9,*

iJ
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I

computing the canonical k-mers. The goal is to make Frigate an efficient toolset capable 

of performing a wide range of operations in the domain of bioinformatics.
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APPENDICES

Appendix I: Datasets

F. vesca files were downloaded from the following URLs:

http://www.ebi.ac.uk/ena/data/view/SRX030576 (SRR072006, SRR072007) 
http://www.ebi.ac.uk/ena/data/view/SRX030575 (SRR072005, SRR072010, 
SRR072011, SRR072012)
http://www.ebi.ac.uk/ena/data/view/SRX030577 (SRR072008, SRR072009) 
http://www.ebi.ac.uk/ena/data/view/SRX030578 (SRR072013, SRR072014, 
SRR072029)

H. sapiens files were downloaded from the following URLs:

https://dnanexus-md.s3.amazonaws.com/NA12878- 
xten/reads/NAl 2878D_HiSeqX_Rl .fastq.gz 
https ://dnanexus-md. s3. amazonaws. com/N A12878- 
xten/reads/NA 12878D_HiSeqX_R2.fastq.gz
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Appendix II: List of sources

Figure Source
https://letstalkscience.ca/educational-resourcesbackgrounders/radiation-effects-on-cells-Figure 1.1

dna

Figure 2.1 [16]

Figure 2.4 [19]

Figure 2.5 [13]
Figure 2.6 [131

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.pinterest.com%2F 
pin%2F53 6561743081402667%2F&psig=AOvVaw2k- 

QX8HtaTHyJdIcCIvZNF&ust= 1620117116948000&source=images&cd=vfe&.ved 
_______ =0C AlQjRxqFwoTCIC Y1 dyMrfACFQAAAAAdAAAAABAD_______

Figure 3.6
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