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Abstract

The advanced next-generation sequencing (NGS) technologies have launched

a new era of all fields of genetics. However, the vast quantity of data

generated by NGS technologies also proposed great challenges to data

storage, transmission and analysis. In this thesis, we focus on the compression

of multiple data collections of short reads and assembled genome, we also

explore the relationship between compression, error correction and de novo

assembly of short reads data. First, we introduce an efficient clustering-based

reference selection algorithm for the compression of genome databases. This

method clusters the genomes into subsets of highly similar genomes using

MinHash sketch distance, then applies a two-level compression based on the

clustering result. The compression ratio gain of our approach can reach up to

20-30% in most cases for the datasets from NCBI, the 1000 Human Genomes

Project and the 3000 Rice Genomes Project.

Furthermore, we propose a new clustering-based method for the compression

of short reads datasets. Our approach transforms each file into a feature

vector for clustering, then compresses the files in the same group together

to increase the total number of detected overlappings during compression.

The experiments show that our method achieves 20%-30% improvements in

compression ratio than the previous one-by-one compression.

Finally, we review the relationship between reference-free compression,

MSA based error correction and de novo assembly of short reads data. We

demonstrate that high quality error correction can significantly reduce the

number of mismatched nucleotides during reference-free compression and

xv



Abstract

hence improve the final compression ratio. The experiment results verify

our estimation and show that the same error correction also has a positive

effect on de novo assembly in most cases. In addition, we also propose a path

graph based method for compression of short reads datasets.

xvi



Chapter 1

Introduction

Sequencing is the process of determining the order of nucleotides in DNA

molecules, which is the main driving force in biologic and medical research

(Zhu, Zhang, Ji, He & Yang 2015, Mardis 2011, Koboldt, Steinberg, Larson,

Wilson & Mardis 2013). The bases in DNA molecules include adenine(A),

guanine(G), cytosine(C) and thymine(T).

The release of the first high-throughput sequencing technology in the

mid-2000s (Margulies, Egholm, Altman, Attiya, Bader, Bemben, Berka,

Braverman, Chen, Chen et al. 2005, Shendure & Ji 2008), also referred as

Next Generation Seqeuncing (NGS), has heralded a 50,000-fold drop in the

cost of human genome sequencing for Human Genome Project (Goodwin,

McPherson & McCombie 2016), which undeniably reinvigorates the field of

bioinformatics research (Shendure & Ji 2008). In the past 15 years, NGS

technologies have gradually replaced Sanger Sequencing (Sanger, Nicklen &

Coulson 1977) to be the mainstream sequencing technology due to its lower

cost with continually decrease (Zhu, Zhang, Ji, He & Yang 2013): in 2001,

it takes around US$5000 to sequence one megabase of human genome DNA

data, until the end of 2015, the cost of human genome DNA sequence data

per megabase is US$0.3.

The advanced NGS technologies are not only developed with continually

decreasing cost but also increasing throughput, which have provoked a
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Chapter 1. Introduction

number of nation-wide and international genomic discovery projects in

biomedical (Lawrence, Stojanov, Mermel, Robinson, Garraway, Golub,

Meyerson, Gabriel, Lander & Getz 2014), genotyping (Danek, Deorowicz &

Grabowski 2014), and metagenomics assembly (Pell, Hintze, Canino-Koning,

Howe, Tiedje & Brown 2012) research, such as the 1000 genomes project

(Consortium et al. 2012), giant salamander genome sequencing (Yan, Lü,

Zhang, Yuan, Zhao, Huang, Wei, Mi, Zou, Xu et al. 2018), 3000 rice genomes

project (Wang, Mauleon, Hu, Chebotarov, Tai, Wu, Li, Zheng, Fuentes,

Zhang et al. 2018), ENCODE Project (ENCODE Project Consortium 2012),

and the 100,000 Genomes Project (England 2016).

The growth rate of NGS data generated by large scale projects has

outpaced the one predicted by Moore’s law, which results in petabytes of

sequence or reads data (e.g. NCBI Sequence Read Archive maintained over

14 petabytes NGS data as of Dec 2020). One of the biggest challenges

proposed by the vast quantity of NGS data is the economic storage and

transmission. Efficient compression is a potential way to solve that. The

general-purpose compression algorithms like gzip (http://www.gzip.org/)

and bzip2 (http://www.bzip.org) are frequently used for storage of genomic

data (Zhu et al. 2015). However, these algorithms did not efficiently utilize

the intrinsic features of NGS data such as repetitive subsequences, small

alphabet size (Deorowicz & Grabowski 2013, Wandelt, Bux & Leser 2014),

and especially the redundancy (overlapping) between reads. After the storage

and transferring of large scale NGS data become routine, several specialized

compression algorithms for NGS data have been developed and achieved

much higher compression ratio than general-purpose compression algorithms.

However, for compression of multiple datasets (files), the previous method

normally selects an external reference manually (for reference-based compression)

or compress files separately (for reference-free compression), which limits the

performance of large scale NGS data compression.

Though NGS data have already been distinguished by labels such as

species, read length, DNA/RNA sequencing data, the division based on

2



Chapter 1. Introduction

these is not accurate enough for dedicated compression. As existing labels

from human supervision are insufficient for the compression of NGS data

(including reads and genome data), groups the datasets with unsupervised

learning (Hastie, Tibshirani & Friedman 2009) is an optional solution.

The relationship between compression, error correction and de novo

assembly of NGS data is another fundamental problem, especially whether

compression can benefit from error-reduced input data.

The main objective of this thesis is the efficient compression of multiple

large-scale NGS data sets via unsupervised learning, and exploration of

relationship between data compression, error correction and de novo assembly

of short reads data.

1.1 Compression of Genome Sequence Data

Whole genome sequencing (WGS) is considered to be one of the most

comprehensive genetic tests in bioinformatics study (Lupski, Reid, Gonzaga-

Jauregui, Rio Deiros, Chen, Nazareth, Bainbridge, Dinh, Jing, Wheeler

et al. 2010). The assembled whole genome sequencing data is normally stored

in FASTA (Pearson & Lipman 1988) format file, which is a text-based format

for biological sequence comparison. It begins with an identifier and multiple

‘>’ (or ‘;’ in a few cases), followed by multiple lines of sequence data. The

sequence data is constructed by the standard IUB/IUPAC nucleic acids in

base pairs represented using single letter codes, an example of FASTA format

data is shown in Fig 1.1.

The size of whole genome data varies from different life forms and species,

e.g. 106 − 107 base pairs for gram positive bacteria, 108 − 1011 for flowering

plants and 109.5 for mammals. The total length of a human reference genome

is around 3 billion base pairs, which requires roughly 3 GB of memory (Ochoa,

Hernaez & Weissman 2015). With the advanced sequencing technologies,

more and more genomes are sequenced, the increasing size of NGS datasets

has produced great interests in compression of genome data.
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Chapter 1. Introduction

Figure 1.1: An example of FASTA format data

Before NGS technologies, the traditional genomic compression focused

on relatively small genomic data produced by Sanger sequencing (Sanger

et al. 1977). The traditional genomic compression focused on searching

complemented palindromes and approximate repeats among genomic data.

These algorithms can be classified into two types: substitutional based and

statistical based. The substitutional based compression methods record

highly repetitive subsequence and replace each subsequence in original

genome with encoded ones, BioCompress (Grumbach & Tahi 1993) and

BioCompress2 (Grumbach & Tahi 1994) utilize Lempel-Ziv style algorithms

(Ziv & Lempel 1977) to compress the repeats and palindromes, GenCompress

(Chen, Kwong & Li 2001) and DNACompress (Chen, Li, Ma & Tromp 2002)

identify both exact and approximate repeats, GeNML (Korodi, Rissanen,

Astola et al. 2007) encodes approximate repeats using normalized maximum

likelihood (NML) model. Statistical compression methods such as XM (Cao,

Dix, Allison & Mears 2007) construct a prediction model (e.g. high order

Markov chain) to compute the probability distribution of each base, then

apply encoding based on it. CTW-LZ (Matsumoto, Sadakane & Imai 2000)

can be considered as a hybird approach, which applies both LZ scheme (Ziv &

Lempel 1978) and context tree weighting (CTW) prediction model (Willems,

Shtarkov & Tjalkens 1995) for the compression.

With the continuing exponential accumulated genomic data produced
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by NGS technologies, traditional compression tools are impractical due to

memory usage and computation time. More and more recent compression

methods have been proposed, which mainly have two types: reference-free

and reference-based compression.

The reference-free methods such as BIND (Bose, Mohammed, Dutta &

Mande 2012) and DELIMINATE (Mohammed, Dutta, Bose, Chadaram &

Mande 2012) focus on the encoding strategy of bases (A,C,G,T) to achieve

higher compression efficiency on NGS data than the traditional methods.

As advanced sequencing technologies produced multiple genomic sequences

of each species, reference-based compression becomes a preferred option when

the similar genomic data is available. As its name indicates, reference-based

compression requires a reference sequence for the target sequence. For target

sequence X and a given reference sequence Y , the methods search common

substring between X and Y , then encode the common substring in X as

the corresponding position and length in Y . Since Brandon et al. attempt

to encode the difference between target and reference sequence (Brandon,

Wallace & Baldi 2009), several reference-based compression methods have

been proposed and achieved hundreds of folds compression ratio on human

genome data (Pavlichin, Weissman & Yona 2013, Deorowicz, Danek &

Grabowski 2013).

The advantage of reference-based compression is not only supported by its

performance on genomic data, but also mathematical theory: according to

Shannon’s source coding theorem (Shannon 1948), the mathematical limit

on how well X can be losslessly compressed via reference-free methods

is expressed as H(X), which is the entropy of X, for reference-based

compression, the mathematical limit equals H(X|Y ) = H(X) − I(X, Y ),

where I(X, Y ) denotes the amount of information obtained about X when

Y is observed or vice versa. As I(X, Y ) ≥ 0, it is clear that the

mathematical limit of reference-based compression is smaller than reference-

free compression, and the difference between mathematical limitation is

I(X, Y ), which can be considered as the similarity between X and Y .
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Although there is normally a high similarity between target genomes and

the reference of the same species, the compression ratio between target and

different reference sequences of still have a high variance. For instance, the

compression ratio for genome hg19 by GDC2 using seven different reference

genomes varied remarkably from 51.90 to 707.77 folds. The compression

ratio of other state-of-the-art methods with different reference genomes also

have high variance in experiment (Liu, Peng, Wong & Li 2017). Therefore,

grouping similar genomes and species reference identification within the

clusters are of great significance in the compression of large scale genome

databases.

In this thesis, we focus on the reference selection for multiple target

sequences via unsupervised learning.

1.2 Compression of Reads Data

The raw sequencing data generated by NGS is normally referred to as reads

data and stored in FASTQ format (Cock, Fields, Goto, Heuer & Rice 2009).

FASTQ format is also a text-based format that represents the biological

sequence data and quality score with ASCII character. A FASTQ file can

contain millions to billions of entries, each one consists of four parts:

1. A ‘@’ character followed by sequence identifier, sometimes a description

is also included.

2. A line of reads data (‘A’,‘C’,‘G’,‘T’,‘N’).

3. A ‘+’ symbol, optionally followed by the same sequence identifier as in

above.

4. A line of quality scores with the same number of read length, each one

represents the probability that the corresponding base is called correct.

An example of a FASTQ file with three sequences is depicted in Fig 1.2.

6



Chapter 1. Introduction

Figure 1.2: An example of FASTQ format data

The compression of raw sequencing data includes three parts, the

sequence identifier, reads data, and quality scores. Due to the different

characteristics of these three parts of data, most compression tools for NGS

data compress them independently or only compress one of them. As the

quality scores and reads data contain more information, existing methods

normally focus on optimizing the compression of these two parts.

For the compression of quality score, lossy compression is more preferred

due to the larger alphabets and higher entropy. Most of the compression

tools smooth the quality scores of the bases predicted to be correct (Yu,

Yorukoglu, Peng & Berger 2015, Ochoa, Hernaez, Goldfeder, Weissman &

Ashley 2016, Shibuya & Comin 2019), it has been proved that strategy can

achieve high compression ratio without affecting the downstream analysis

such as SNP calling (Cánovas, Moffat & Turpin 2014).

As a result of high-throughput sequencing technologies, the reads data

contain complicated redundancy such as standard/reverse-complementary

duplicate and overlap. Hence the key idea of compression of reads data

is utilizing the inter-similarity between the reads data in the same set,

which is referred as reference-free compression. A typical reference-

free compression method for reads data consists of three steps: Firstly, the

redundancy in reads data are searched by heuristic method. Then reads with

redundancy are merged into longer contigs. At last, the reads are encoded

with regard to contigs.
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Reference-free compression algorithms such as HARC (Chandak, Tatwawadi

& Weissman 2018), minicom (Liu, Yu, Dinger & Li 2019), PgRC (Kowalski

& Grabowski 2020b) have achieved a balance between practicability and

performance on single large scale reads set. However, the utilization

of redundancy between reads sets is still lacking. Current compression

algorithms tend to compression one single reads set each time, the intra-

similarity between different reads sets is normally ignored.

As it is have been previously proved that two reads are likely to have

a large overlap if they share some common features (Roberts, Hayes, Hunt,

Mount & Yorke 2004). We estimate that detecting reads sets with higher

similarity and then compress these reads together will significantly increase

the overall compression ratio.

In this work, we focus on improving the compression ratio of multiple

reads datasets via unsupervised learning.

1.3 Effect of Error Correction on Compression

and De Novo Assembly of NGS Data

High-throughput NGS technologies can generate hundreds of millions of reads

data in one single experiment (Cleary & Witten 1984). One of the most

essential downstream analysis of the massive amount of reads data is de

novo assembly, which is the process of merging reads data into longer contigs

without using reference genome.

For the assembly short reads data generated by NGS technologies,

de Bruijn graph (Zerbino & Birney 2008) is widely used: In this data

representation, each unique k-mer in reads set is considered as a node and

the nodes with k − 1 overlaps are connected with edges, longer contigs

is then extracted from the path of constructed graph. De Bruijn based

assemblers show high efficiency on short reads data, however, it also suffers

from the errors in NGS data (Heydari, Miclotte, Demeester, Van de Peer &

Fostier 2017).
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Compare to Sanger sequencing, NGS technologies have a relatively high

error rate, the errors are mainly substitution errors and the rate ranges

from 0.26% to 12.86% on different platforms (Quail, Smith, Coupland,

Otto, Harris, Connor, Bertoni, Swerdlow & Gu 2012). Due to the

characteristics of de Bruijn graph, a single substitution error can lead up to

k erroneous nodes and corresponding edges. Most assembly tools (Zerbino &

Birney 2008, Allam, Kalnis & Solovyev 2015, Koren, Walenz, Berlin, Miller,

Bergman & Phillippy 2017) have built-in procedure to correct the errors

based on the detection of erroneous structures in constructed graph.

On the other hand, the substitution errors in NGS data also affect

the performance of reference-free compression: As mentioned before, the

compression tools merge reads into contigs and then encode reads with regard

into contigs, when single substitution error occurs in reads, the original

common subsequence between contigs and these reads will change to two

common subsequences partitioned by a base, which requires much more space

to encode than the original data.

Several methods have been proposed to correct the errors in NGS data.

Multiple Sequence Alignment (MSA) based error correction methods select

a subset of reads for each read r, then conduct alignment on r and the

subset of reads to detect the erroneous bases. State-of-the-art MSA based

error correction tools such as Karect (Allam et al. 2015) achieved over 99%

precision in experiments.

It can be seen that the de novo assembly, compression and error correction

of reads data have the same characteristic: most of these methods utilize the

high coverage of NGS data and the similarity between reads. However, the

research on the relationship between them is lacking.

In this work, we explore the effect of MSA based error correction on

reference-free compression and de novo assembly.

9
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1.4 Research Contributions

In this thesis, we focus on three research problems encountered by the vast

quantity of NGS data:

1. The compression of multiple genome sequences.

2. The compression of multiple reads datasets.

3. The effect of error correction on compression of reads data.

By dividing the datasets into subgroups with higher similarity via unsupervised

learning and applying compression based on that, we significantly improve

the compression ratio of genomics and reads data with relatively short

additional computation time. We also demonstrate the relationship between

reference-free compression, de Novo assembly and MSA based error correction

of short reads data.

Our contributions can be listed as the following:

• We introduced ECC (Tang, Liu, Zhang, Su & Li 2019), an efficient

clustering-based reference selection algorithm for the compression

of genome databases. This algorithm uses MinHash technique to

measure the difference between each reads dataset and constructs a

distance matrix based on that. Then it applies subtractive clustering

to determine the number of subgroups in datasets and K-medoids

clustering to determine the reference of each sequence. In the

compression stage, we design a two level compression structure based

on the clustering result: within each subgroup, all the genomes are

compressed with the centroid genome as reference except the centroid

genome itself. Then all the centroid genomes are considered as one

cluster and a final genome is selected to be the reference for compressing

other centroid genomes.

By comparing the performance of ECC with traditional single reference

compression on six state-of-the-art reference-based compression algorithms

10



Chapter 1. Introduction

and three collections of datasets, ECC can reach up to 20-30%

compression ratio gain on the datasets of 171, 1012 and 3128 GB. The

best compression ratio of 171Gb data increases from 351.74 folds to

443.51 folds.

• We proposed MRC (Tang & Li 2020), a novel clustering method

for compressing reads datasets. MRC transforms each reads dataset

into a feature vector and applies a variant of K-means clustering.

Then it compresses the reads dataset in the same group together. In

experiments, MRC outperforms the previous one-by-one compression

in compressing four collections of reads sets with four state-of-the-

art compression algorithms, the compression gain ranges from 4%

to 12% for the most efficient compression algorithms, the additional

computation time is less than 10% of the compression time.

• In our work, we review the common characteristics of de novo

assembly, compression and error correction. We found that high

quality MSA based error correction can significantly reduce the number

of mismatched nucleotides in reference-free compression, and hence

improve the final compression ratio. We also found that MSA based

error correction outperforms the built-in error correction procedure of

the assembly tools in most test cases.

We apply our methods and the previous compression tools in the same

area on the same datasets, then compare the compression ratio and speed

performance to evaluate the effect of our methods. The experiments results

show that our approach outperform the previous tools in most cases. We

also evaluate the accuracy of a part of clustering results via other methods

such as Principal Component analysis.
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1.5 Thesis Organization

This thesis is composed of six chapters and is structured as following. In

Chapter 1, we introduce our research problems and the background, the

objective and contribution made by this thesis. In Chapter 2, we review

the state-of-the-art algorithms related to our research problems, including

reference-based compression of genomic data, reference-free compression of

reads data, de novo assembly and error correction of short reads data. Then

Chapter 3 and Chapter 4 present our new methods ECC and MRC

respectively. ECC is a clustering-based approach for compression of multiple

genomic sequences and MRC is for selecting to-be-compressed-together reads

sets for compression of multiple reads sets. Chapter 5 presents our survey on

the relationship between compression, error correction and de novo assembly,

especially the improvements on reference-free compression brought by error-

reduced input data. Chapter 6 provides a summary of this thesis and

potential directions for my future research.
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Related Work and Literature

Review

In this chapter, we present the previous work that relates to our thesis.

We first review the previous methods for compression of genomic data in

Section 2.1. Then we review the previous methods for compression of short

reads data in Section 2.2. Finally, we survey the existing methods for de

novo assembly and error correction of short reads data in Section 2.3.

2.1 Reference-based Genome Compression

As mentioned before, reference-based compression is a more preferred

option for genomic data. The key idea of the existing reference-based

genome compression algorithms is to map subsequences in the target genome

sequence to the reference genome sequence (Zhu et al. 2013). Firstly, an index

such as a hash table or a suffix array is constructed from the reference genome

to reduce the time complexity of the search process. Then an encoding

strategy such as LZ77 (Ziv & Lempel 1977) is applied to parse the target

sequence to position number and length of the subsequence with regard to the

reference sequence or mismatched subsequence. For instance, a subsequence

in the target sequence is encoded as “102 72”, which stands for that this
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subsequence is identical to the subsequence from position 102 to 173 in the

reference genome.

For a set of target genome sequences, the similarity between the reference

sequence and the selected target sequence has a large effect on compression

ratio. And some specialized procedures are designed for the compression of

multiple genome sequences.

Existing attempts for reference selection in the compression of genome

sequence databases can be categorized into three types. The first category

selects a single reference genome to perform one-by-one sequential reference-

based compression on all target genomes, which is named straightforward

reference-fixed approach as in the previous section. Most of the reference-

based compression algorithms applied that on genome set compression and

select the single reference sequence randomly from the genome database, such

as HiRGC (Liu et al. 2017), GECO (Pratas, Pinho & Ferreira 2016), ERGC

(Saha & Rajasekaran 2015), iDoComp (Ochoa, Hernaez & Weissman 2014),

CoGI (Xie, Zhou & Guan 2015), RLZ-opt (Kuruppu, Puglisi & Zobel 2011),

RLZAP (Cox, Farruggia, Gagie, Puglisi & Sirén 2016). GDC (Deorowicz

& Grabowski 2011) and FRESCO(Wandelt & Leser 2013) select one single

reference with a heuristic technique and provide fast random access. MRSCI

(Wandelt & Leser 2015) proposes a compression strategy that splits string

set into references set and to-be-compressed set and then applies a multi-level

reference-based compression.

The second category of algorithms utilizes not only one fixed reference for

the compression of all sequences, but also the inter-similarity of the whole

sequence set. Then it parses the subsequences not only based on the initial

references but also the recorded pair. In other words, it considers all the

compressed sequences as a ‘potential reference’ for the current compression.

GDC2 (Deorowicz, Danek & Niemiec 2015) applies a two-level Ziv Lempel

factorization (Ziv & Lempel 1977) to compress large set of genome sequences.

MSC (Cheng, Wu, Law & Siu 2015) utilizes both intra-sequence and inter-

sequence similarities for compression via searching subsequence matches
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in reference sequence and other parts of the target sequence itself, the

compression order is determined by a recursive full search algorithm.

The third category of algorithms selects reference via unsupervised

learning. RCC (Cheng, Law & Siu 2017) performs clustering on the local

histogram of dataset and derives a representative sequence of each cluster as

the reference sequence for the corresponding cluster. A final representative

sequence is then selected from the representative sequence set. For each

cluster, the sequence data is compressed based on intra-similarity and inter-

similarity with reference to the corresponding representative sequence.

The performance of the first and second category of methods depends on

the reference sequence that selected manually, which requires prior knowledge

about sequence similarity to obtain a high compression ratio. The third

category of methods such as RCC (Cheng et al. 2017) enables reference

selection via unsupervised learning, however, the derivation of representative

sequence in RCC requires a large amount of time for assembly.The computation

time of RCC is O(N2L+ L2), where N is the number of sequences and L is

the average length of sequences. hence not suitable for large scale databases

in real experiments. In further experiments, the average compression time of

RCC on single human genome is longer than 4 hours and could not work on

large human or rice genome sequence set.

2.2 Short Reads Compression

Short reads data refer to the NGS data with fixed and small read length (36-

200bp). The compression of short reads data can be classified into two types:

reference-based compression and reference-free (de novo) compression.

Reference-based compression methods align the subsequqnce in target

reads sets to reference reads set and record the information for further

decompression. Reference-based algorithms such as pathenc (Kingsford

& Patro 2015), LWFQZip (Zhang, Li, Yang, Yang, He & Zhu 2015)

have demonstrated superior performance on reads data, however, due to
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the uncertain availability of proper reference data and time complexity

of sequence alignment, the practicability of reference-based compression is

restricted.

Compared to reference-based compression, reference-free compression

shows higher practicability and hence more preferred for short reads data.

The key idea of reference-free compression is to utilize the redundancy

information between the reads in the same set to form groups of reads

and de-novo assemble them into consensus sequences (contigs), and then

encode the reads with regard to these consensus sequences, some general

compression tools such as gzip, 7zip are used for final encoding. Existing

reference-free compression algorithms include reference-free algorithms such

as ReCoil (Yanovsky 2011), Quip (Jones, Ruzzo, Peng & Katze 2012),

Fqzcomp (Bonfield & Mahoney 2013) and Assembltrie (Ginart, Hui, Zhu,

Numanagić, Courtade, Sahinalp & David 2018).

SCALCE (Hach, Numanagić, Alkan & Sahinalp 2012) groups the reads

based on the longest core substring, then sorts reads based on the lexicographical

order with respect to the position of the core substring.

ORCOM (Grabowski, Deorowicz & Roguski 2014) groups reads via

canonical minimizers (called signatures in this method), then reorder the

reads to move overlapping reads possibly close to each other, in the last

phase, it produces several (interleaving) streams of data, then encode these

data by PPMD (Shkarin 2002) or variant of arithmetic coder (Salomon &

Motta 2010).

Mince (Patro & Kingsford 2015) implements a data-dependent bucketing

scheme to bucket similar reads together and reorder the reads in each bucket,

it also handles paired-end reads by concatenating the left and right ends of

the pair together in accordance with a user-provided library type.

HARC (Chandak et al. 2018) searches the maximum overlaps of the reads

in the set to locate their approximate positions in a genome and then creates

contigs from reads in the neighborhood of these positions in the genome.

SPRING (Chandak, Tatwawadi, Ochoa, Hernaez & Weissman 2019) is an
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advanced version from the same team of authors, improving HARC with

options such as compressing reads with arbitrarily long reads lengths.

FaStore (Roguski, Ochoa, Hernaez & Deorowicz 2018) and Minicom (Liu

et al. 2019) both group reads based on the redundancy information contained

in sub-string patterns called k-minimizers (Roberts et al. 2004); the reads

in these groups are then de-novo assembled or condensed into contigs for

referential encoding.

A more recently published method PgRC (Kowalski & Grabowski 2020b)

divides the whole set of reads into two groups: high-quality (without ‘N’ base)

and low-quality (with ‘N’ bases), then generates an approximate shortest

common superstring over each group via merging reads with suffix-prefix

overlapping to the existing string until no reads are left, which is referred

as pseudo genome construction (Kowalski, Grabowski & Deorowicz 2015).

PgRC 1.2 (Kowalski & Grabowski 2020a) is a multi-thread version of PgRC

with improvements in compression speed.

Overall, reference compression normally consist of three stages: (1)

reorder the reads or divide reads into subgroups to reduce computation time

in further stage (2) search overlapping between reads to merge reads into

longer contigs (3) Encode reads with regard to the corresponding contigs.

Reference-free compression achieved high compression ratio on single FASTQ

file. However, these methods focus on the inter-similarity in the same reads

set, the exploration of similarity between different reads sets is still lacking.

For compression of large collections (databases) of reads sets, optimization

for the current one-by-one approach is needed.
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2.3 De Novo Assembly and Error Correction

of Reads Data

2.3.1 De Novo Assembly

De novo sequence refers to constructing genomes from DNA fragments (short

or long reads). The de novo assembly of reads data is of prime importance

for the downstream analysis of NGS data (Miller, Koren & Sutton 2010).

For assembly of short reads, de Bruijn graph is introduced (Pevzner, Tang

& Waterman 2001) and widely used. In de Bruijn graph, each unique k-mer

is represented as a node and adjacent k-mers share overlapping with length

k−1, this presentation of data displays all k-mers and k−1 length overlapping

explicitly, in addition, as the structure is based on k-mers instead of reads,

the high redundancy in reads data is handled naturally without increasing

the number of nodes.

The assembly tools normally generate a de Bruijn graph that represents

all k-mers and k− 1 length overlappings in reads set first, then compute the

original genomic sequence via extracting path through the de Bruijn graph

(Minoche, Dohm & Himmelbauer 2011).

Velvet (Zerbino & Birney 2008) attached each node in de Bruijn

graph with a twin node to represent the reverse complement k-mers, then

remove the tips, bubbles and error corrections in graph, which shows great

performance on very short reads (25-50bp) data.

IDBA (Peng, Leung, Yiu & Chin 2010) designs an iterative de Bruijn

graph that iterates from small to large k values to achieve a balance between

handling erroneous reads and repeat regions, which produces longer contigs

with similar accuracy.

The strategy of SOAPdenovo (Li, Zhu, Ruan, Qian, Fang, Shi, Li, Li,

Shan, Kristiansen et al. 2010) specializes in de novo assembly of large

genomes from short reads sequences: error correction is conducted before

de Bruijn graph construction, then low-coverage nodes and bubbles are
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removed from constructed de Bruijn graph. SOAPdenovo2 (Luo, Liu, Xie,

Li, Huang, Yuan, He, Chen, Pan, Liu et al. 2012) is an updated version with

improvements in resolving repeat regions to reduce memory consumption in

graph construction.

SPAdes (Bankevich, Nurk, Antipov, Gurevich, Dvorkin, Kulikov, Lesin,

Nikolenko, Pham, Prjibelski et al. 2012) selects reads passed by h-path in

standard de Bruijn graphs with k ∈ [a, b] to construct standard de Bruijn

with k = b, which is referred as multi-sized de Bruijn graph. Then it

identifies bulge/tip/chimeric by detecting parallel paths in de Bruijn graph

and removes the corresponding reads. After that, accurate distance between

k-mers are derived via joint analysis of distance histograms, at last, a paired

assembly graph (inspired by partial de Bruijn graph) is constructed for final

assembly.

De Bruijn graph and its variants are ideal for de novo assembly of short

reads data. However, de Bruijn based approach assumes that most k-mers

from the genome are preserved in multiple reads, which does not hold for

long sequencing reads.

De novo assembly of long reads data is another essential topic for sequence

assembly. SGA (Simpson & Durbin 2012) uses the overlap-based string

graph model of assembly. Canu (Koren et al. 2017) applies sparse graphical

construction and graphical fragment assembly (Li 2016) to improve the

performance on single-molecule sequence data. Wengan (Di Genova, Buena-

Atienza, Ossowski & Sagot 2019) combines the exploitation of short and

long reads data to tackle assembly contiguity as well as consensus quality.

Flye (Kolmogorov, Yuan, Lin & Pevzner 2019) generates disjoints that

represent concatenations of multiple disjoint genomic segments instead of

contigs, then constructs repeat graph and extracts contigs that formed by

the path in graph. Peregrine (Chin & Khalak 2019) index reads via sparse

hierarchical minimizers to solve the computational burden of long reads

assembly. Recently, the advanced technologies produced promising long reads

data such as HiFi (Wenger, Peluso, Rowell, Chang, Hall, Concepcion, Ebler,
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Fungtammasan, Kolesnikov, Olson et al. 2019), which launched a new de novo

assembly era. Garg et al. (Garg, Fungtammasan, Carroll, Chou, Schmitt,

Zhou, Mac, Peluso, Hatas, Ghurye et al. 2019) combine accurate HiFi data

and long-range Hi-C data for chromosome-scale assembly. HiCanu (Wenger

et al. 2019) is a modification of Canu to leverage the full potential of HiFi

reads data via homopolymer compression.

2.3.2 Error Correction

Existing tools normally attempt to replace less-frequent nucleotides with

more-frequent ones based on sufficient coverage. The error correction

methods can be classified into three types: k-spectrum based, suffix

tree/array based and multiple sequence alignment(MSA) based.

k-mer frequency spectrum methods such as Reptile (Yang, Dorman

& Aluru 2010), Hammer (Medvedev, Scott, Kakaradov & Pevzner 2011),

Musket (Liu, Schröder & Schmidt 2013), Blue (Greenfield, Duesing, Papanicolaou

& Bauer 2014) slide a fixed-sized k-mer window along each entire reads to

generate k-mer spectrum. Then a threshold of number of k-mer appearances

is set to determine solid k-mers (also referred as error-free k-mers) and weak

k-mers (erroneous k-mers). Finally, these methods remove the weak k-mers

and correct reads based on solid k-mers. Bless (Heo, Wu, Chen, Ma &

Hwu 2014) detects solid k-mers via hash table and stores duplicate k-mers in

Bloom filters to reduce memory usage, which enables usage of longer k-mer.

Lighter (Song, Florea & Langmead 2014) samples k-mers randomly, using

a pair of Bloom filters to store the k-mers and solid k-mers of each read.

RECKONER (D�lugosz & Deorowicz 2017) applies KMC2 (Deorowicz, Kokot,

Grabowski & Debudaj-Grabysz 2015) for k-mer counting and core correction

strategy from BLESS2 (Heo, Ramachandran, Hwu, Ma & Chen 2016) with

improvement in utilizing quality score. The work of (Zhao, Xie, Bai, Chen,

Wang, Zhang, Wang, Zhao & Li 2018) models the frequencies k-mers in

Gamma and mixture of Gaussian distribution to determine solid k-mers,

then constructs a Bloom filter based on solid k-mers for error correction.
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Suffix tree/array-based methods (e.g. Hitec (Ilie, Fazayeli & Ilie 2011)

Racer (Ilie & Molnar 2013), Fiona (Schulz, Weese, Holtgrewe, Dimitrova,

Niu, Reinert & Richard 2014)) can be considered as a generalization of

k-spectrum with flexible k-values. A suffix array/tree of all reads suffixes

is built and the errors are corrected by using the k-mer frequency weights

associated with the suffix tree nodes. However, the memory requirement of

these methods restricts the applicability of these methods.

Although the k-spectrum methods are the easiest and fastest solutions,

they are unable to reliably detect the low coverage distinguish errors from

polymorphisms (Harismendy, Ng, Strausberg, Wang, Stockwell, Beeson,

Schork, Murray, Topol, Levy et al. 2009, Treangen & Salzberg 2012). Other

EC tools tend to detect and correct errors based on multiple sequence

alignment (MSA) or hybrid methodologies.

In MSA based methods, each read r is performed multiple alignment

of reads that selected with different strategies, such as share common or

similar k-mers with r. MuffinKmeans (Alic, Tomás, Torres, Medina &

Blanquer 2014) groups reads based on spectral clustering (Von Luxburg 2007)

before applying MSA. Karect (Allam et al. 2015) employs an improved

heuristic method that allows mismatch/indels to select candidate reads for

each read r to conduct multiple alignment on r and set a weight for each

r, then store the alignment result in partial order graph (POG). FMOE

(Huang & Huang 2017) first identifies overlapping reads by aligning a query

read simultaneously against multiple reads compressed by FM-index, then

corrects sequencing errors by k-mer voting from overlapping reads only. MEC

(Zhao, Chen, Li, Jiang, Wong & Li 2017) applies a two-layered MapReduce

technique to map reads with the identical k-mer into the same group, then

performs MSA on each group of reads.

Both error correction tools and the built-in procedure of de novo assembly

tools detect and correct the errors in data. Error correction tools tend

to utilize the frequency of k-mers in reads data, while de novo assembly

tools detect the erroneous structures in de Bruijn graph and modify the
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corresponding reads.

2.4 Summary

This chapter has reviewed existing methods for addressing the following

problems: reference-based compression of genome data, reference-free compression

of short reads data, de Novo assembly and error correction of reads data. In

addition, some limitations of existing method are discussed.
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Sketch Distance-based

Clustering of Chromosomes for

Large Genome Database

Compression

3.1 Introduction

In this chapter, we focus on unsupervised learning for the compression of

multiple genomes.

We propose ECC (Tang et al. 2019), an Efficient Clustering-based

reference selection algorithm for the Compression of genome databases.

Instead of using a fixed reference sequence by the literature methods, our

idea is to cluster the genome sequences of the database into subsets such

that genomes within one subset are more similar than the genomes in the

other subsets, and then select the centroid genome as reference within each

cluster for the compression. Then we select a final reference to compress

remaining centroid sequences.

We use the MinHash technique (Broder 1997, Ondov, Treangen, Melsted,

Mallonee, Bergman, Koren & Phillippy 2016) to measure the distance
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between sequences to construct a distance matrix of the genomes for the

clustering. For a genomic sequence L (e.g., a chromosome sequence),

MinHash first generates a set of constituent k-mers of L. Then the k-

mers are mapped to distinct hash values through a hash function H (the

set of hash values is denoted by H(L)). Then a small q number of the

minimal hash values is sorted. This set of q smallest hash values is called

a sketch of H(L) (Ondov et al. 2016), denoted by Sk(H(L)). So, MinHash

can map a long sequence (or a sequence set) to a reduced representation

of k-mers which is called a sketch. Given two long sequences L1 and

L2, MinHash uses some set operations on the sketches of L1 and L2 to

efficiently estimate the distance between the original L1 and L2 under

some error bounds. Recent studies have shown that sketch distance and

MinHash are very effective in clustering similar genomic sequences with wide

applications to genome assembly (Berlin, Koren, Chin, Drake, Landolin &

Phillippy 2015), metagenomics clustering (Rasheed & Rangwala 2013), and

species identification of whole genome sequences (Ondov et al. 2016).

The main steps of our ECC method are as follows:

1. Construct a distance matrix of the n genome sequences using the

pairwise sketch distance method Mash (Ondov et al. 2016).

2. Utilize unsupervised learning to cluster the genomes based on the

distance matrix, determine one reference sequence within each cluster

and take the remaining ones as target sequences.

3. Compress the target sequences within each cluster by a reference-based

compression algorithm, and select a final reference sequence for the

compression of the remaining reference sequences.

The key differences between ECC and other compression schemes for

sequence databases such as MSC (Cheng et al. 2015) and RCC (Cheng et al.

2017) include: (i) our estimation on pairwise sequence distances is based on

the sketch distance of the reduced k-mer sets (Broder 1997) instead of the

Euclidean distance between vectors of k-mer frequencies (Cheng et al. 2017);
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(ii) our initial setting of the centroid in the clustering is not randomly as

by RCC, but determined by the analysis on the whole database; (iii) the

reference selection within the clusters is also decided by the clustering method

instead of the reconstruction of the original target genome set by RCC.

The first difference implies that our approach is faster than the other

methods and makes the clustering applicable to large sequence sets (RCC

or MSC is limited to only short genome sequences due to its extremely

high computational complexity). The second point of difference prevents the

convergence to a local minimum for the K-medoids clustering method and

makes the clustering results stable. The third point implies that our method

compresses sequence set without the need to record additional information

in the result. GDC2 is so far the best reference-based algorithm for the

compression of the Human 1000 Genomes Database. The reference was

selected external to the database. However, when the user is unfamiliar

with the similarity between sequences in given set, the selection of one fixed

reference sequence may result in very poor performance on dissimilar target

sequences and a long running time in the compression. While the reference

selection by ECC is decided by the clustering step, and all the references are

internal genomes of the database which are required to be compressed.

In the experiments, we compared the performance on genome databases

between the straightforward reference-fixed compression approach and our

clustering approach ECC for the state-of-the-art reference-based compression

algorithms. Our approach achieved 22.05% compression gain against the

best case of the reference-fixed compression approach on a set of 60 human

genomes collected from NCBI, where the compression ratio increases from

351.74 folds to 443.51 folds. On the union set of the Human 1000 Genomes

Project and the 60-genome NCBI dataset, the compression ratio increases

from 2919.58 folds to 3033.84 folds. Similar performance improvement over

the rice genome database has also been observed.
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Matrix Construction

Sequence set

prepare sketch file for each sequence

compute the distance matrix of input sequence set

specify cluster number and initial centroids with

subtractive clustering

cluster sequence set with K-medoids clustering,

select reference of  each cluster

Clustering

Compression

Reference set Cluster set

Compress sequences in each set with corresponds

reference

Select final reference

r from reference set

Compressed Sequence Set

Figure 3.1: Workflow of our ECC approach for compressing a database of

genomic sequences
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3.2 Method

Our algorithm ECC consists of three stages: distance matrix construction for

chromosome sequences, chromosome sequences clustering and chromosome

sequences compression. A schematic diagram of the method is shown in

Figure 3.1.

3.2.1 Construction of Distance Matrix for a Set of

Chromosome Sequences

Let S = {S1, S2, · · · , Sn} be a collection of genomic sequences (i.e., a genome

database or a chromosome database). We use a MinHash toolkit called Mash

(Ondov et al. 2016) to compute pairwise sketch distances of the sequences to

form a distance matrix. By the tool Mash, a sequence Si is firstly transformed

into the set of its constituent k-mers, then all the k-mers are mapped to

distinct 32-bit or 64-bit hash values by a hash function. Denote the hash

values set of the constituent k-mers set from Si asH(Si), and denote the set of

q minimal hash values as Sk(H(Si), q), which is a size-reduced representative

of H(Si), and is called a sketch of H(Si). For two hash-value sets A and B,

the Jaccard index of A and B is defined as J(A,B) = |A∩B|
|A∪B| , and it can be

estimated by J ′(A,B) = |Sk(A∪B,q)∩Sk(A,q)∩Sk(B,q)|
|Sk(A∪B,q)| . The sketch distance dsk

between two sequences Si and Sj is defined as

dsk(Si, Sj) = −1

k
ln

2 ∗ J ′(H(Si), H(Sj))

1 + J ′(H(Si), H(Sj))
(3.1)

where the Jaccard index between Si and Sj is approximately computed using

the sketches of H(Si) and H(Sj). We construct a distance matrix M for

sequence set S with size n. M is a square matrix with dimension n× n that

contains all the pairwise sketch distances between these genomic sequences.

The elements of M are defined as:

Mij =

⎧⎨
⎩
0 i = j

dsk(Si, Sj) i �= j

i, j ∈ [1, n]

(3.2)
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It is clear that M is a symmetric matrix (i.e., Mij = Mji). It can also

be understood that the calculation of the sketch distance between two long

sequences is much more efficient than the calculation by using k-mer feature

vector direct comparison. The efficiency becomes significant, especially in

the construction of the whole distance matrix M .

3.2.2 Clustering of Chromosomes from the Distance

Matrix

Clustering is the process of grouping a set of samples into a number of

subgroups such that similar samples are placed in the same subgroup. Here

our clustering is to ensure a higher similarity between each reference-target

pair for achieving an outstanding compression performance. An important

step in the process of clustering is to determine the number of clusters in the

data. We take a subtractive clustering approach (Chiu 1994, Dhanachandra,

Manglem & Chanu 2015) to decide the number of clusters in the distance

matrixM , and then use theK-medoids clustering method (Park & Jun 2009)

to group the n number of genomic sequences into K number of clusters.

Subtractive Clustering to Determine the Number of Clusters K

Most clustering algorithms require the number of clusters as a parameter.

However, the cluster number for a set of genomic sequences is normally

unknown. We utilize a modified subtractive clustering algorithm to specify

the cluster number.

Subtractive clustering is an extension of the Mountain method (Yager

& Filev 1994). It estimates cluster centroid based on the density of points

in the data space. We apply the exponential function for the Mountain

Value Calculation. Given a sequence set S, the corresponding sketch distance

matrix M with dimension n × n and a threshold percentage ε ∈ (0, 1), the

process to determine the number of clusters is:

1. Create the empty cluster centroid set O. Compute the mountain value
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of each sample Si:

Mt(Si) =
∑n

j=1 e
−Mij

2. Let o = argmaxni=1 Mt(Si), add So to O.

3. Update the mountain value of each remaining sequence by:

Mt(Si) = Mt(Si)− e−Mio

4. Repeat step 2 and step 3 until Mt(Si) < εMtmax or |O| ≥ √
n.

5. Return centroids set O and cluster number K= |O|.

K-medoids Clustering of the Collection of n Genomic Sequences

K-medoids is a partition-based cluster analysis method. K-medoids iteratively

finds the K centroids and assigns every sample to its nearest centroid (Park

& Jun 2009), which is similar to K-means (MacQueen et al. 1967) but

more effective for handling outliers. It divides the data set S into K non-

overlapping subgroups C that contains every element of S and selects a

centroid sequence Oi from each subgroup:

Definition 3.1 For a set of sequence S = {S1, · · · , Sn}, the corresponding

cluster set C = {C1, C2, · · · , CK} and centroid sequence set O = {O1, O2, · · · , OK}
satisfies the following requirements: Ci ⊆ S,C1∪C2∪· · ·∪CK = S,Ci∩Cj = ∅
for i �= j, Oi ∈ Ci.

The cluster set C is determined via minimizing the cost function λ as

follows:

λ(S) =
K∑
i=1

∑
Sa∈Ci

dsk(Sa, Oi)

Though K-medoids is efficient, it has some drawbacks. The clustering

result highly depends on the setting of the initial centroids. To improve the

stability and quality of clustering result, instead of arbitrarily selecting the

initial centroids by the standard K-medoids, we use the centroid set O as

computed by subtractive clustering in the previous section.
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Given a sequence set S, sketch distance matrix M , cluster number K and

centroid sequence set O, the K-medoids proceeds by the following steps:

1. Set O as the initial centroid sequence set.

2. Associate each Si to the centroid Oj with minimum sketch distance,

also associate Si to cluster Cj.

3. Recalculate the new centroid of each cluster based on its elements:

Oj = argmin
Sa∈Cj

∑
Sb∈Cj

dsk(Sa, Sb)

4. Repeat steps 2 and 3 until C and O no longer change or reach a pre-set

number of iterations.

5. Return cluster set C and cluster centroid set O.

3.2.3 Compression

Chromosome sequences set S is compressed based on the cluster set C and

centroids set O computed by K-medoids. First, use Oi as the reference

sequence for the other sequences in cluster Ci. Then select a final reference

R from the centroid set as the reference for the other centroid sequences:

r = argmin
Oi∈O

∑
Oj∈O

dsk(Oi, Oj)

In detail, all the sequences in cluster Ci is compressed using Oi as the

reference sequence except Oi itself. Then all the reference sequences except

R are compressed using R as the reference sequence. The final reference

R can be compressed by the block-sorting compression (bsc) algorithm

(http://libbsc.com/) or other reference-free compression algorithms.

All non-centroids sequences will be compressed with centroid sequences

as reference and centroid sequences (except R) will be compressed with R

as reference, only one final reference sequence R will remain uncompressed.
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It is clear that the same number of sequences is compressed in ECC as in

straightforward approach.

All reference-based compression algorithms can take this clustering

approach to compress a set of genomic sequences. The pseudo-code of our

compression method is presented in Algorithm 1.

Algorithm 3.1 Compression of n genomic sequences

Input Sequence set S = {Si}ni=1. Distance Matrix M . Cluster set C =

{Ci}Ki=1, Cluster centroid set O = {Oi}Ki=1.

1: L ←an array with K integers

2: count ← 1

3: for i = 1 to n do

4: if Si �∈ O then

5: g ← the id of cluster that corresponds to Si

6: compress Si with Og

7: else

8: L[count] ← i

9: count ← count+ 1

10: r ← argmin
i∈L

∑
j∈L Mij

11: R ← Sr

12: for i = 1 to K do

13: if L[i] �= r then

14: compress SL[i] with R

Decompression

The decompression process is the reverse process of compression. All

the sequences except R require a reference to decompress. Firstly, R is

decompressed; then the reference sequence of each cluster is decompressed

by R, all the remaining sequences in the cluster are decompressed by the

reference sequence in its cluster. As the process is invertible, the compression
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scheme is lossless as long as the used reference-based compression algorithm

is lossless.

3.2.4 Data

To assess the performance of our proposed method ECC, we compare the

compression ratio based on ECC result with the reference-fixed compression

approach on multiple genome databases.

These include: a set of 60 human genome sequences (denoted by dataset-

60) from National Center for Biotechnology Information (NCBI) 1with a file

size of 171GB, a set of 1152 human genome sequences (dataset-1152) from

the 1000 Genomes Project (Siva 2008) and NCBI with a file size of 3,128GB,

and a set of 2818 rice genomes (dataset-2818) from the 3000-rice project

(Wang et al. 2018) with a file size of 1,012GB.

3.3 Experiment and Results

This section describes our experimental results on dataset-60, dataset-1152

and dataset-2818 to evaluate the performance of our approach. In particular,

the compression ratio and running time of our algorithm are presented and

discussed in comparison with the reference-fixed compression approach.

3.3.1 Test Methodology

Our algorithm was implemented in the C++11 language. All experiments

were conducted on a machine running Red Hat Enterprise Linux 6.7 (64 bit)

with 2 × Intel Xeon E5-2695 processors (2.3GHz,14 Cores), 128 GB of RAM.

Six state-of-the-art reference-based compression algorithms were tested

on the three genome databases to understand the performance improvement

achieved by our clustering approach in comparison with the reference-fixed

compression approach. These compression algorithms are HiRGC (Liu,

1https://www.ncbi.nlm.nih.gov/genome
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Table 3.1: Compression ratio for the H. sapiens dataset-60 (171GB)

Reference Compression ratio with algorithm

HiRGC iDoCompGDC2 ERGC NRGC SCCG

GCA 000004845 339.80 184.20 238.98 11.00 122.67 225.35

hg19 346.80 26.78 242.60 128.11 137.41 265.03

YH 351.74 134.13 237.39 108.26 123.24 228.20

GCA 000252825 241.01 92.65 230.45 102.62 176.08 122.25

Huref 245.79 140.84 224.47 69.59 177.85 123.26

ECC clustering

result

443.51 238.68 248.11 293.24 184.13 313.60

Ratio gain* 22.05% 22.83% 2.22% 56.31% 3.41% 15.49%

Bold text indicates the highest compression ratio of an algorithm, blue text

indicates the best case of fixed single reference compression result.

*The ratio gain of ECC against the best case.
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Table 3.2: Compression ratio gain of ECC against different cases on H.

sapiens dataset-60 (171GB)

Reference Compression ratio with algorithm

HiRGC iDoCompGDC2 ERGC NRGC SCCG

GCA 000004845 24.70% 22.83% 3.68% 96.25% 33.38% 28.14%

hg19 23.14% 88.78% 2.22% 56.31% 25.37% s15.49%

YH 22.05% 43.81% 4.32% 63.08% 33.07% 27.23%

GCA 000252825 46.59% 61.18% 7.12% 65.00% 4.37% 61.02%

Huref 45.53% 41.00% 9.53% 76.27% 3.41% 60.70%

Peng, Wong & Li 2017), iDoComp (Ochoa et al. 2014), GDC2 (Deorowicz,

Danek & Niemiec 2015), ERGC (Saha & Rajasekaran 2015),NRGC (Saha

& Rajasekaran 2016) and SCCG (Shi, Chen, Luo & Chen 2018). All the

algorithms that are compatible with multi-cores computing were executed

with 4 cores.

We also attempted to test the performance of RCC (Cheng et al. 2017)

on the same genome databases. However, it was not runnable for the

compression of long genome sequences (such as human and rice) due to its

time complexity— RCC was taking longer than 10 hours to compress only

four human genome sequences.

For GDC2, as its two-level compression structure tends to compress all

the target sequences using the same reference, we compress the datasets using

the final reference selected by ECC, and the compression order of GDC2 is

also adjusted in accordance with the ECC clustering result.

As mentioned before, the performance of a reference-based algorithm
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on the NGS dataset is highly dependable on the option of the reference

sequence. To reduce the variance from an arbitrary selection, we randomly

selected multiple reference sequences from the target dataset and obtain the

compression performance with each of them for the compression algorithms

(the randomly selected reference file itself is not compressed, so all experiments

compress the same number of genome sequences).

To measure the performance improvement, we denote the compression

ratio with fixed single reference as CS and the compression ratio on same

dataset with ECC as CE, and introduce a relative compression ratio gain as:

G = (1− CS

CE

)× 100%

A larger value of compression ratio gain indicates a more significant

improvement.

3.3.2 Gains of Compression Performance

Our proposed ECC method outperforms the reference-fixed compression

approach in all cases on dataset-60 (see Table 3.1). The compression

gains against the best results by the reference-fixed compression approach

are 22.05%, 22.83%, 2.22%, 56.31%, 3.41%, 15.49% for HiRGC, iDoComp,

GDC2, ERGC, NRGC, and SCCG respectively. On dataset-60, HiRGC,

iDoComp, ERGC and SCCG gained more compression improvement, while

the effect of ECC on NRGC and GDC2 is relatively smaller. Moreover,

HiRGC, iDoComp, SCCG and GDC2 achieved higher compression ratio on

this database than ERGC and NRGC in general.

We added the 1092 human genomes from the 1000 Genome Project to

dataset-60 (denoted by H. sapiens dataset-1152) and conducted another

round of experiments. Performance details are summarized in Table 3.3

for HiRGC, iDoComp and GDC2 which are the three algorithms of the

highest compression performance on dataset-60. The overall compression

performance is higher than on dataset-60. Through ECC, iDoComp

gained 15.86% compression performance against the best reference-fixed
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compression case, while HiRGC gained 7.95%. The ratio gain of GDC2

is only 3.77%, but more importantly, ECC helped GDC2 avoid 3 of the 7

time-consuming cases in the reference-fixed approach.

Table 3.3: Compression ratio on H. sapiens dataset-1152 (3128GB)

Reference Compression ratio with algorithm

HiRGC iDoComp GDC2

HG00096 991.77 485.35 2919.58

NA18856 889.32 437.05 2805.19

GCA 000004845 784.84 53.94 2901.44

GCA 000252825 504.41 114.40 2897.76

GCA 000365445 13.07 / /

hg19 1046.84 68.36 /

hg38 826.31 52.03 /

result of ECC 1137.21 576.84 3033.84

Ratio gain* 7.95% 15.86% 3.77%

’/’ indicates a running time longer than 500 hours. Bold text indicates

the highest compression ratio of an algorithm, blue text indicates the

best case of fixed single reference compression result.

*The ratio gain of ECC against the best case.

On the rice genome dataset-2818, through our ECC clustering approach,

HiRGC gained 13.89% compression performance against the best case by the

reference-fixed compression approach, iDoComp gained 21.22%, and GDC2

gained 2.48% (Table 3.5). The compression ratio gain of HiRGC is more

stable than on the first two human genome databases. A reason is that all

the genomes in the rice database were aligned to the sequenced rice cultivars:
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Table 3.4: Compression ratio gain of ECC against different cases on H.

sapiens dataset-1152 (3128GB)

Reference Compression ratio with algorithm

HiRGC iDoComp GDC2

HG00096 12.79% 15.86% 3.77%

NA18856 21.80% 24.23% 7.54%

GCA 000004845 30.99% 90.65% 4.36%

GCA 000252825 55.64% 80.17% 4.49%

GCA 000365445 98.85% / /

hg19 7.95% 88.15% /

hg38 27.34% 90.98% /

93-11 (indica variety) (Stein, Yu, Copetti, Zwickl, Zhang, Zhang, Chougule,

Gao, Iwata, Goicoechea et al. 2018). Hence this dataset has a higher inter-

similarity and the variance from the random selection of the fixed reference is

smaller. Compression ratio gain of ECC against different cases on H. sapiens

dataset-1152 (3128GB)

From these comparisons, we can understand that our ECC clustering

approach can make significant compression improvement for most of the

state-of-the-art algorithms and can avoid selecting some inappropriate

references such as the 3 extremely time-consuming cases of GDC2 on the

human dataset-1152.

3.3.3 Speed Performance

Running time is an essential factor for measuring the applicability of an

algorithm in the compression of large-scale genome databases.The running
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Table 3.5: Compression ratio on the Oryza sativa dataset-2818(1,012GB)

Reference Compression ratio with algorithm

HiRGC iDoComp GDC2

B035 79.31 77.62 529.40

CX319 73.76 81.55 537.09

IRIS 313-10010 69.93 64.74 519.43

IRIS 313-10776 70.97 77.10 533.81

IRIS 313-9937 71.39 66.42 535.31

result of ECC 92.10 103.52 550.77

Ratio gain* 13.89% 21.22% 2.48%

Bold text indicates the highest compression ratio of an algorithm, blue text

indicates the best case of fixed single reference compression result.

*The ratio gain of ECC against the best case.
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Table 3.6: Compression ratio gain of ECC against different cases on Oryza

sativa dataset-2818(1,012GB)

Reference Compression ratio with algorithm

HiRGC iDoComp GDC2

B035 13.89% 25.02% 3.88%

CX319 19.91% 21.22% 2.48%

IRIS 313-10010 24.07% 37.46% 5.69%

IRIS 313-10776 22.94% 25.52% 3.08%

IRIS 313-9937 22.49% 35.84% 2.81%

Table 3.7: Reference selection time of ECC (in hours)

Dataset dataset-60 dataset-1152 dataset-2818

number of genomes 60 1152 2818

total running time 0.023 0.830 0.759
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Table 3.8: Compression time of each algorithm on the three datasets

Algorithm Compression time (in hours) for

dataset-60 dataset-1152 datset-2818

reference-fixed ECC reference-fixed ECC reference-fixed ECC

HiRGC 1.18 0.98 15.12 13.94 2.91 2.82

iDoComp 6.54 2.82 102.94 29.77 15.58 10.34

GDC2 110.73 117.82 129.24 126.43 25.29 23.61

The time by the reference-fixed approach is the average running time of several fixed

single-reference cases by each algorithm, please see the supplementary file for the

time range of all the cases and compression time by ERGC, SCCG and NRGC.
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time of ECC includes two parts: reference selection time (only depending on

the input sequence set) and the compression time (depending on the input

sequence set and the reference-based compression algorithm).

As shown in Table 3.7, ECC took 0.02, 0.83, 0.76 hours on the reference

selection part for dataset-60, dataset-1152 and rice genome dataset-2818

respectively. But the compression time for these three datasets are 0.98,

13.94, 2.82 hours (Table 3.8) by HiRGC, which is the fastest algorithm in the

compression. The reference selection time is much shorter than the sequence

compression time.

We have also observed that the total time of reference selection and

compression by ECC is highly competitive with the reference-fixed compression

approach. In fact, the compression time via ECC after the reference selection

is shorter than the compression time of the reference-fixed compression in

most cases except GDC2 on the dataset-1152 (Table 3.8).

3.4 Summary

In this chapter, we introduced ECC, a clustering-based reference selection

method for the compression of genome databases. The key idea of this

method is the calculation of a MinHash sketch distance between chromosome

sequences to group the chromosome sequences into subsets of similar

sequences. Within each cluster, the reference chromosome is best updated

according to the shortest sketch distance to the centroid chromosome. This

algorithm is universal for genome sequence sets of the same species. We

have demonstrated that the six state-of-the-art reference-based compression

algorithms all achieved a substantial improvement after the clustering of the

genome sequences, with similar amounts of compression time consumed by

the reference-fixed approach.
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Availability of data and materials

All data associated with this study are available in the Supplementary Data

file. The C++ codes of our algorithm are available at https://github.com/Tao-

Tang/ECC.
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Chapter 4

Unsupervised Learning for

Compression of Short Reads

Databases

In the section, we focus on unsupervised learning for the compression of

large-scale reads datasets.

4.1 Introduction

We propose a novel clustering method (named MRC — Multiple Reads

Sets Clustering) for compressing reads datasets databases. MRC constructs

feature vectors based on the minimizer frequencies of each reads set, then

applies K-means clustering recursively to divide the reads datasets into

subgroups with higher inter-similarity than the original reads datasets. Then

the compression of these clustered reads datasets is carried out group-

by-group instead of one-by-one separately. Compared to the previous

straightforward one-by-one compression for large collections of FASTA files,

our method utilizes the similarity between reads in different reads to achieve

better performance.

We evaluate MRC on various benchmark databases to demonstrate that
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the method improves the compression ratio as compared to the original

algorithms in all cases.

4.2 Theoretical Analysis

For a set of n number of reads data sets to be compressed. An easy question

is whether we can concatenate the n data sets together as a single large data

set for compression. A difficulty is the extremely high usage of main memory,

with no guarantee of compression performance improvement. A challenging

question is how to convert a large reads data set into a characteristic feature

vector and how to cluster these n vectors to find small groups of similar data

sets to merge for compression.

Intuitively in theory, merging similar data sets for compression is

potentially useful for performance improvement. Denote a reads set as

Y , the assembled consensus sequence(s) from Y as Y . The key idea of

reference-free compression is to merge these reads into consensus sequence(s)

and record each read with regard to the consensus sequence(s). Denote the

information of reads set Y after compression as I(Y ), I(Y ) = I(Y )+I(Y |Y ).

When Y is split into two sets Y1 and Y2. Then I(Y1) + I(Y2) = I(Y1) +

I(Y1|Y1) + I(Y2) + I(Y2|Y2). Under the ideal condition (optimal solution

for consensus sequences construction and no correction for mismatching

bases), the consensus sequence(s) Y1, Y2 ⊆ Y , I(Y ) = I(Y1) + I(Y2)− I(Y1 ∩
Y2) ≤ I(Y1) + I(Y2). I(Y |Y ) can be considered as the information of |Y |
records, where each record contains the position of one read in Y (assume

no mismatching and all reads have the same length), with an encoding

method such as Lempel-Ziv parsing (Ziv & Lempel 1977), the average record

length of each compression can be considered as constant, hence I(Y |Y ) ≈
I(Y1|Y1) + I(Y2|Y2), I(Y ) ≈ I(Y1) + I(Y2) − I(Y1 ∩ Y2) ≤ I(Y1) + I(Y2).

Compressing two sets together will reduce the compressed size in comparison

with compressing them one-by-one separately, and the amount of reduced size

should have a positive relationship with the size of the intersection set of the
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consensus sequences generated from the two sets.

Multiple methods have been proposed to search the matched substring

between sequence data (Liu, Wong & Li 2020). For reference-free compression

algorithms, the focus is on utilizing the similarity consensus and sequence

redundancy information among the reads. The main idea is to search

the overlapping sub-strings in the pairs of reads through a ‘seed-extension’

strategy, in which a short common subsequence between two reads are used

as the ‘seed’, then the ‘seed’ is extended, although there are some other

ideas of taking suffix-prefix overlapping (e.g. PgRC), or some without the

explicit extending process (e.g. minicom). Another effective search strategy

is based on the concept of minimizers (Roberts et al. 2004). A minimizer

of a string is the lexicographically smallest k-mer of the string, which is

widely used in processing of reads data (Liu, Zhang, Zou & Zeng 2020). It

is a useful concept to identify sequence similarity — it has been previously

proved (Roberts et al. 2004) that two reads are likely to have a large overlap

if they share a k-minimizer.

Hence for a high-performance compression of multiple reads datasets,

we should increase the occurrence of k-minimizer redundancy and should

combine only those reads datasets of more similar reads together.

With these foundations, we propose to detect the k-minimizer substring

for every read in each data set, and use these k-minimizers as features and

their frequencies in the data set as feature values to transform each data set

into a feature vector. Unsupervised clustering algorithms are then applied

to these vectors to find similar data sets and merge them. Table 4.1 is an

example to illustrate the high similarity between two sequences (reads) when

they share the same minimizer.

A real example (Table 4.2) of the feature vector is presented below

(only the first 10 elements of the feature vector displayed). The vector

is transformed from a huge reads set named ERR532390, which contains

10831122 reads of length 100 with a total file size of 4.27GB. Each feature

value in the vector is the percentage of reads in this data set containing
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Two sequences G T A C T G A T T G C A C T G A

3-mers and

3-minimizers

(in bold)

G T A T G C

T A C G C A

A C T C A C

C T G A C T

T G A C T G

A G T T G A

Table 4.1: Two sequences that share the same minimizer

Table 4.2: First 10 elements of the feature vector transformed from a reads

set
IDs of 8-minimizers 0 1 2 3 4 5 6 7 8 9

Normalized frequency 0.56 0.43 0.61 0.79 0.57 0.15 0.28 0.34 0.74 0.42

the same specific minimizer. For instance, feature values 0.56 and 0.43

suggest that there are 0.56% of the reads in ERR532390 containing minimizer

AAAAAAAA (feature ID 0) and 0.43% of the reads containing minimizer

AAAAAAAC (feature ID 1), where k=8.

If the amount of common k-mers with similar feature values between

two data sets is big, then the two data sets should be merged to hold an

excessive proportion of reads containing the same minimizer sub-strings to

create immense sequence redundancy for boosting compression performance.

4.3 Method

Let R = {R1, R2...Rn} be a collection (database) of reads datasets, Ri =

{ri1, ri2..rij}, where rij denotes a single read sequence, rij[l] ∈{A,C,G,T,N}
for l = 1, 2, . . . , L where L is the length of the reads.

The proposed algorithm MRC consists of three stages: transformation

of a reads set into a feature vector, clustering of the feature vectors, and

group-by-group compression.
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1. Transformation of a reads set into a feature vector: A feature

space with n feature vectors is constructed, each of them is transformed

from a reads set Ri using the minimizers as features and the minimizers’

frequency as feature values.

2. Clustering of the feature vectors: A variant ofK-means clustering,

that is, a K-means clustering with a limit on cluster size is applied to

the feature space to divide the original set R into subgroups.

3. Group-by-group compression: The reads datasets in each subgroup

are compressed together by state-of-the-art compression algorithms

with additional information recorded for lossless decompression.

4.3.1 Transformation of a Reads Set into a Feature

Vector

For a reads set Ri, the reads are classified into two types: the reads

without ‘N’ and the others. During transformation, only reads without

‘N’ is considered. The set of reads without ‘N’ from Ri is denoted as

Ri = {ri1, ri2..}, rij[l] ∈ {A,C,G, T}. Via an encoding function, each k-mer

(subsequence s with length k) in rij can be mapped to a 2 × k bit integers,

such as f(s) =
∑a=k

a=1 φ(s[a] · 4a−1), φ(A) = 0, φ(C) = 1, φ(G) = 2, φ(T ) = 3.

In de novo compression, the overlap search between reads normally

focuses on finding one suitable overlapping for merging and encoding (to

reduce computation time) instead of searching all possible overlaps among

reads. To fit the procedure of de novo compression, we extract one

representative k-mer from each read.

The lexicographically smallest k-mer (minimizer) of each read is selected

as the representative k-mer for the read, and counts the frequency of each

unique k-mer in the reads set to estimate the similarity between reads

datasets. Here we use a normalized frequency as feature value. For a

reads set Ri, the corresponding feature vector Vi = {vi1, vi2..vi4k}, vij =
frequency of minimizer with valuej in Ri

|Ri| , the value of minimizer s is computed using
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f(s) =
∑a=k

a=1 φ(s[a]) · 4k−a, φ(A) = 0, φ(C) = 1, φ(G) = 2, φ(T ) = 3. In order

to reduce storage usage, only the frequency of minimizers that appears at

least one time is recorded in implementation. Table 4.3 is an example of the

minimizers and corresponding feature vector of a set of 10 reads with k=2.

Table 4.3: Example of the minimizers and corresponding feature vector of a

set of 10 reads with k=2
Sequence Minimizer(s) Mapped value f(s)

G T C G C C G A CC 5

A T T G T C G G AT 3

G A C G A A T C AA 0

C T G T T G C A CA 4

A G G T C C G C AG 2

G T C A A G C A AA 0

G G T C T C T A CT 7

C G A G T T C G AG 2

T G T T G T G C GC 9

A C C T A T C G AC 1

Example of minimizers in a reads set with k=2 and the corresponding

values f(s).

Minimizer AA AC AG AT CA CC CG CT GA GC

Frequency 2 1 2 1 1 1 0 1 0 1

Frequency of each minimizer in above reads set.

Feature AA CA GA TA AC CC GC TC AG CG GG TG AT CT GT TT

Value 0.2 0.1 0.2 0 0.1 0.1 0 0.2 0 0.1 0 0 0 0 0 0

Normalized feature vector of the above reads set.

To reduce processing time and avoid potential problems such as curse
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of dimensionality (Bellman 1966) or overfitting (Tetko, Livingstone &

Luik 1995), m features are selected from the original 4k: the variance of each

feature {v1j, v2j...vnj} is computed, then m features with highest variance are

selected. Finally, a set of m-dimensional n vectors is generated, denoted by

V = {V 1, V 2...V n}.

4.3.2 Clustering of the Feature Vectors

Clustering is the process of grouping a set of points (feature vectors)

into a number of subgroups such that similar points are placed in the

same subgroup. Here our clustering is to ensure higher similarity in each

subgroup that are to be compressed together to achieve better performance

of compression.

A critical part of this stage is the size of a cluster. As mentioned before,

the reads datasets in each cluster will be compressed as a single file by state-

of-the-art algorithms, however, the complexity of most algorithms is larger

than O(|Ri|), which causes sharply increasing compression time with respect

to the number of reads. Hence the total size of each cluster should be limited

to control compression time. We apply a variant of K-means clustering to

ensure the efficiency and practicability for the method.

Variant of K-means Clustering

K-means is a method that divides n points into K clusters in which each

point belongs to the cluster with the nearest centroid (Jain 2010). The main

difference between our clustering process and the standard K-means is as

follows:

1. The K-means clustering is applied on reads datasets recursively with

K set as 2 until the size of all clusters is less than or equal 3.

2. When a cluster with size 1 is generated, one object from another cluster

will be tried to add to this size 1 cluster, the criterion is shown in

Algorithm 4.1.
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The clustering process is shown as Algorithm 4.1.

Algorithm 4.1 Optimized K-means clustering

1: Input: vector set V = {V 1, V 2...V n}, threshold λ, cluster set C;

2: C ← ∅;
3:

4: procedure Clustering(V )

5: if |V | ≤ 3 then

6: Add V to C;

7: else

8: c1, c2 ← result of K-means on V with K=2

9: if |c1|+ |c2| ≥ 4 AND (|c1| == 1 OR |c2| == 1) then

10: a ← id of cluster with size 1, b ← id of the other cluster;

11: cb[min] ← the vector in cb with minimum distance to

12: ca[0];

13: if distance(ca[0], cb[min]) ≤ λ· minimum distance

14: between cb[min] and other vectors in cb then

15: add cb[min] to ca;

16: remove cb[min] from cb;

17: Clustering(c1);

18: Clustering(c2);

19: Clustering(V );

20: return C;

4.3.3 Group-by-group Compression

For each cluster Ci ∈ C, Cij represents the jth vector in Ci, which

corresponds to one specific reads set in R.

The corresponding reads datasets of each Ci is merged together in order,

denote the array of reads number of reads datasets in each cluster by L =

L[1...l]. The
∑i−1

a=1 L[a]th to
∑i−1

a=1 L[a + 1]th reads in the merged set are
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Table 4.4: Example of the first 10 features of feature vectors from two clusters

in the database of 21 reads datasets

Cluster Reads set Feature vector

A

1 0.2990.1040.0070.0350.0490.0320.0090.0250.0230.108

2 0.3000.1050.0070.0350.0510.0310.0090.0250.0240.109

3 0.2970.1050.0070.0340.0480.0310.0070.0250.0230.109

B
1 0.1480.0670.0210.0630.0700.0510.0210.0460.0440.102

2 0.1400.0630.0220.0720.0690.0510.0210.0470.0450.101

the reads of the ith reads set in cluster. The merged set is then compressed

under the order preserving mode. The name and read number of each reads

set are recorded. The decompression process is the reverse process of the

compression. First, the compressed file of each merged set is decompressed,

then each reads set is restored using the recorded read number.

4.4 Result and Performance Analysis

Compression experiments were conducted at a computing cluster running

Red Hat Enterprise Linux 6.7 (64 bit) with 2 Intel Xeon E5-2695 processors

(2.3GHz,14 Cores), 128 GB of RAM. Four state-of-the-art compression

algorithms, FaStore (Roguski et al. 2018), SPRING (Chandak et al. 2019),

minicom (Liu et al. 2019) and PgRC1.2 (Kowalski & Grabowski 2020a), were

tested on four collections of reads datasets to understand the performance

improvement achieved by our clustering approach in comparison with

compressing the set separately via the same compression algorithm. PgRC1.2

and minicom focus on compression of the sequencing reads only, while

FaStore and SPRING retain all data in the FASTQ files. All algorithms
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Table 4.5: Four collections of reads data sets

Collections number of reads datasets total size (in GB) length of reads

database-17 17 48.57 101

database-21 21 135.68 100

database-50 50 71.04 50

database-100 100 197.97 36

More information of each file can be found in Supplementary Data

were executed with the order preserving mode, other parameters follow the

default setting (e.g. 24 threads for minicom, 8 threads for PgRC1.2).

Details about the collections of reads data sets are shown in Table 4.5.

The original data were downloaded from http://ftp.sra.ebi.ac.uk/vol1/fastq/.

The URLs of each file are listed in Supplementary Data.

4.4.1 Compression Performance Gains

To measure the performance improvement brought by MRC, we define

performance gain as:

gain =

(
1− Compressed size with MRC

Compressed size of one-by-one compression

)
× 100%

A higher value of gain indicates more compression improvement.

Table 4.6 shows the compression results by minicom and PgRC1.2 using

the ‘one-by-one’ approach or the ‘MRC’ approach. The best compression

algorithm PgRC1.2 can compress the 48.57 gigabytes of database-17 into 1.01

gigabytes, achieving 48.09 folds of compression ratio, when the straightforward

one-by-one approach is taken. The compression ratio is improved to 54.86
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Table 4.6: Compressed file size (in byte) comparison between the

straightforward one-by-one approach and our MRC approach (with k = 7

for the setting of k-minimizer)

Collection minicom PgRC1.2

one-by-one with MRC gain one-by-one with MRC gain

database-17 1184071680 1053224960 11.05% 1087246442 950620160 12.57%

database-21 6074501120 5800316800 4.47% 6263079421 5722808320 8.63%

database-50 3714529280 3548344320 4.41% 3006844741 2880102400 4.22%

database-100 9593702400 9485285120 1.13% 8828937571 8355092480 5.37%

Collection SPRING FaStore

straightforward with MRC gain straightforward with MRC gain

database-17 8628849779 8484075520 1.68% 9666709566 9437614080 2.37%

database-21 23029063680 22549555200 2.08% 25241707218 24566077440 2.68%

database-50 13646202880 13519677440 0.93% 15492111069 15372031320 0.78%

database-100 28880547840 28573671680 1.06% 23964221072 23478440608 2.03%
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folds when the clustering approach MRC is used. In fact, PgRC1.2 achieves

an average performance gain of 7.69% on the four databases when MRC

is used. Specifically, the gains are respectively 8.63%, 4.22%, 5.37%, and

12.57%, revealing a positive correlation with the average file size in each

database (database-17: 2.86GB, database-21: 6.46GB, database-50: 1.42GB,

database-100: 1.97GB). For minicom, the improvement is 11.05%, 4.51%,

4.47%, 1.13% for the four databases and 5.29% on average.

The improvements on SPRING and FaStore are lower than the other two

algorithms, which range from 0.78% to 2.68% on different databases. The

main reason is that SPRING and FaStore also compress the identifier and

quality score (i.e., compressing the FASTQ format files), as the compression

performance of quality scores is mainly dependent on the rate of smoothed

quality scores. The increase in the overlapping redundancy between reads

provided by MRC does not contribute to the compression. How to convert

quality scores in a reads set into a characteristic feature vector is a topic for

investigation.

Overall, as shown in Table 4.6, our proposed MRC method outperforms

over compressing reads datasets separately in all cases.

4.4.2 3D Visualization for the Clusters of Reads Data

Sets after Transformation

By the feature extraction and selection of MRC, a reads set is converted into

a vector with m dimensions. To assess the effectiveness of our clustering

method, we apply Multi-Dimensional Scaling (Cox & Cox 2008) on the

original feature spaces of database-17, database-21, database-50, database-

100 (see Figure 4.1 a, c, e, g), in comparison with the feature vectors

constructed by MRC (the cluster labels marked in Figure 4.1 b, d, f, h). It

can be seen that the clusters from MRC matches the distance space computed

by Multi-Dimensional Scaling, suggesting that MRC is effective for selecting

subgroups of high similarity for compression of multiple reads datasets.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.1: 3D visualisation of the feature space after Multi-Dimensional

Scaling from (a) database-17, (b) database-17 by clustering of MRC; (c)

database-21, (d) database-21 by clustering of MRC; (e) database-50, (f)

database-50 by clustering of MRC; (g) database-100, (h) database-100 by

clustering of MRC
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4.4.3 PCA Analysis on the Feature Vectors Converted

from the Reads Datasets

Table 4.7: Minimizers of high importance in our PCA analysis

database-21 database-50 database-100

v w minimizer v w minimizer v w minimizer

12 0.725 AAAAATA 15 0.725 AAAAATT 1 0.627 AAAAAAC

6 0.723 AAAAACG 22 0.694 AAAACCG 27 0.626 AAAACGT

4 0.710 AAAAACA 25 0.650 AAAACGC 25 0.581 AAAACGC

29 0.708 AAAACTC 27 0.646 AAAACGT 2 0.577 AAAAAAG

2 0.697 AAAAAAG 0 0.621 AAAAAAA 39 0.572 AAAAGCT

17 0.694 AAAACAC 38 0.614 AAAAGCG 13 0.563 AAAAATC

15 0.665 AAAAATT 24 0.607 AAAACGA 26 0.558 AAAACGG

18 0.664 AAAAAGT 11 0.601 AAAAAGT 38 0.552 AAAAGCG

0 0.657 AAAAAAA 37 0.599 AAAAGCC 20 0.551 AAAACCA

13 0.655 AAAAATC 21 0.577 AAAACCC 41 0.541 AAAAGGC

v indicates the mapped ID of a feature, w represents an importance

score of a feature, a higher score indicates a more important feature.

Our PCA analysis results are also displayed in Figure 4.2.

To get deeper insights into the roles of the minimizers in the clustering,

Principal Component Analysis (Abdi & Williams 2010) is conducted on the

feature vectors converted from each database to compare the importance

of each feature. Principal Component Analysis (PCA) is a method to

reduce the dimension of data by maximizing the variance of each dimension

(Alpaydin 2020). By PCA, the original data (with dimension n × m, each

column fj is a feature vector, j ∈ [1,m]) is transformed to an n × p

matrix where p ≤ min(m,n), each column vector corresponds to one

component ci = (ci1, ci2...cim), i ∈ [1, p], ci represents the direction of the i-th

maximum variance of the original data, the absolute value of cij represents the

magnitude of vector projection of feature fj onto ci, which can be considered
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Figure 4.2: 3D Visualisation of the feature space after Principal Component

Analysis from (a) database-17 (b) database-21; (c) database-50 (d) database-

100

(a) (b)

(c) (d)
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as the importance of feature j for ci. Each ci explains an amount of the

variance of original matrix, the percentage of variance explained by ci is

denoted as vri.

The new components are efficient for data analysis but not interpretable

enough. In order to understand which features are more important

for clustering, we measure the importance of feature fj through wj =∑p
a=1 |caj| × vra, j ∈ [1,m]. The features with the highest importance for

each database and the corresponding minimizers are listed in Table 4.7.

Interestingly, some databases share common features. For example, the

features with mapped IDs 0, 2, 15, 25, 27, and 38 occurred in more than

one database, which can be considered as representative minimizers of these

databases worth of further investigation.

4.4.4 Time Complexity and Speed Performance

Running time is an essential factor for measuring the applicability of an

algorithm. For MRC, the time complexity of the compression depends on

the compression algorithm. Here we present the time complexity for the

transformation and feature vector construction. Let L and NR denote the

read length and total number of reads in a collection of reads set R. The

computation of the minimizers of the reads takes O(NR(L − k + 1)) time,

where k is the length of the minimizers. The computation of the variance

of each feature and sorting based on the value of variance takes O(mfn +

mf logmf ) time, where mf is the number of minimizers that appears at least

one time in the datasets. In the worst case, mf = 4k, the time complexity

is O(4kn + 2k4k log 2). The standard K-means clustering takes O(tKned),

where t is the number of iterations, ne is the number of vectors, d is the

dimension of vectors. In the worst case (assumingK-means splits the original

data into two clusters with size 1 and ne − 1 each time), the clustering stage

will apply n − 3 K-means with K = 2, d = m,ne = n, n − 1..., 4, the time

complexity is O(2
∑ne=n−3

ne=4 td) = O((n + 1)(n − 3)tm). As NRL and 4k is

much larger than n2m in normal cases, the running time of stages 1 and 2
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Table 4.8: Transformation and clustering time of MRC (in second), red

indicates the shortest compression time of each dataset.

Stage database-17 database-21 database-50 database-100

Transformation+Clustering 149.54 492.98 321.16 850.63

Compression (by minicom) 1866.94 18682.44 5051.15 8786.49

Compression (by PgRC1.2) 1203.26 7543.40 4168.48 8565.72

Compression(by SPRING) 1936.84 5283.13 2325.19 11207.65

Compression(by FaStore) 2963.19 18870.07 15058.386 50333.904

are mainly related on NR, L and k. When k is fixed, the running time has

a positive linear relationship with NRL, which is the total size of database.

The actual speed of our method on different databases fits the analysis.

To achieve the performance of our algorithm in the compression of

multiple reads datasets, we test the running time of MRC on the four

databases. As mentioned before, the running time of MRC can be divided

into two parts: transformation+clustering (only depending on the input

databases) and compression (depending on both input set and compression

algorithm).

MRC took 149.54, 492.98, 321.16, 850.63 seconds on the transformation

and clustering stage for database-17, database-21, database-50 and database-

100 respectively (Table 4.8), while the shortest compression time taken by

the four algorithms on these databases are 1203.26, 5283.13, 2325.19, 8565.72

seconds. The transformation and clustering time is much shorter than the

compression time.

4.5 Summary

In this work, we introduced MRC, a clustering-based algorithm for the

compression of reads datasets. The key idea of this method is the

measurement of the similarity between reads datasets based on minimizer

frequency and the application of a variant K-means clustering to group the
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reads datasets into subsets with a high similarity between each other. Reads

datasets in each cluster are compressed together with additional information

recorded to enable decompressing separately.

This algorithm is applicable for reads datasets with the same reads length.

We have demonstrated that MRC achieved a substantial improvement in all

cases compared to the original state-of-the-art compression algorithms. In

addition, analysis of the time complexity on real databases shows that the

time complexity of our algorithm is linear in practice, the time of additional

preprocessing and clustering stage are much less than the compression time.

Availability

Supplementary information is available for this chapter at here. The C++

codes of our algorithm are available at https://github.com/ttan6729/MRC.
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Chapter 5

Assembly-improved

Compression of Genomic Short

Reads via Error Correction

5.1 Introduction

In this chapter, we focus on the relationship between de novo (reference-

free) compression, error correction and de novo assembly of short reads data,

especially the effect of error reduced input data on de novo compression.

As mentioned before, most of the methods for de novo compression, MSA

based error correction and de novo assembly utilize overlapping between reads

based on k-mers in different ways (see Figure 5.1). Multiple methods were

designed for searching matched substring (overlaps) between sequence data

(Liu, Wong & Li 2020). Based on their relationships, it is estimated that

error correction can reduce the number of mismatched nucleotides without

decreasing the quality of de novo assembly, therefore, we propose to do error

correction before compression to improve the performance of reference-free

compression.

Here we test the performance of state-of-the-art compression algorithms

on the original and corrected data of four collections of reads sets, then

61



Chapter 5. Assembly-improved Compression of Genomic Short Reads via
Error Correction

Figure 5.1: Common characteristics of reference-free compression, error

correction and de novo assembly

compare the assembling results. To understand the compression performance

on multiple reads sets, we proposed PMRC, a Path graph based approach

for Multiple Reads Sets Compression. The experiments show that high

precision error correction method is able to reduce the number of mismatched

nucleotides during compression, which increases the final compression ratio.

We found that about 11-28% improvement in compression ratio is achieved

on these databases. The same error correction also increases the quality of

de novo assembly on most tested reads sets.

In the rest of this chapter, we comment on the relationships between these

methods and introduce our method for the compression of multiple reads

sets. We then present the detailed performance of de novo compression and

de novo assembly results on the error-corrected data. We conclude that error

correction is efficient for improving the quality of genome assemblies.
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5.2 Error Correction and Compression

Reference-free compression tools normally construct a data structure for

specific k-mers (e.g., prefix, suffix, other specific positions, minimizer

(Roberts et al. 2004)) in each read, then search overlapping between reads

using k-mer as seed, and merge overlapped reads into longer contigs, encode

each read with regard to the contigs to achieve high compression ratio.

Due to the characteristics of reference-free compression, compressing reads

sets with overlaps together can increase the total number of matched

subsequences other than compressing them separately, which will improve the

final compression ratio. It can also be found that reference-free compression

algorithms utilize the redundancy between reads data (Tang & Li 2020) in a

similar way with MSA based error correction tools.

The performance of reference compression is seriously limited by the

mismatched nucleotides between reads. When reads share common subsequence

containing a few distinct nucleotides, the compression encoding costs more

in comparison with when the mismatched nucleotides do not exist. In

fact, mismatched nucleotides occur frequently in reference-free compression

(e.g., 1513802 mismatched bases in the compression of SRR354183.fastq via

minicom (Liu et al. 2019), a set of 5575465 reads with length 100). Extra

space in the final encoding is required which decreases the compression ratio.

For instance, as shown in the example below, read A can be encoded as ”1

10”, while read B needs to be encoded as ”1 4 G 6 10”.

Example of a consistent overlapping (A); and an overlapping containing a

pair of mismatched bases (B).

Most state-of-the-art compression algorithms simply record the mismatched

nucleotides for lossless compression, however, the reasons for occurrence of
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mismatched bases are seldom explored.

Currently, reference-free compression focuses on short reads data (reads

with length 36-200bp), which mainly suffers from substitution errors (Allam

et al. 2015). Substitution errors are those bases that are wrongly called and

hence substituted by other bases. Due to substitution error, the original

sequence is replaced with the same sequence except a few bases.

MSA based error correction and reference-free compression share a similar

strategy: merging subsets of reads generated by heuristic method (normally

based on identical k-mer) into longer contigs, mismatched nucleotide will

occur during that process. Then the reference-free compression methods

record the mismatched nucleotide for lossless compression, while MSA based

EC tools check each mismatched nucleotide and conduct correction on a

part of them. Though the merging process has different goals: reference-

free compression tends to find long overlapping to increase compression

ratio and MSA based error correction keeps higher similarity in each subset

to ensure the accuracy of correction. These two types of methods are

complementary to each other, here we focus on the effect of MSA based error

correction on reference compression, that is, high quality error correction

can significantly reduce the number of mismatched nucleotides and hence

improve the performance of compression.

5.3 Error Correction and Genome Assembly:

Current Observations

In the previous section, we have demonstrated that MSA based error

correction method can improve the performance of de novo compression.

However, it is unclear that whether error correction will affect the quality of

de novo assembly.

As mentioned before, de Bruijn graph is a preferred option for short reads

assembly due to its great practicability in handling short reads data. Once

the graph is constructed, longer sequences can be extracted from the path
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Figure 5.2: Example of de Bruijn based assembly of corrected and

uncorrected data. (a) A set of 17 reads with potential errors. (b) The de-

Bruijn graph based on reads set, red arrows indicates chimeric connection,

yellow arrows indicates “tip” (nodes that disconnected on one end). (c) The

assembly result based on original set, include redundant (the first three) and

short (the last) contigs. (d) The assembly result based on original set after

removing erroneous structures. (e) The MSA and corresponding correction,

only the alignment of corrected reads are shown. (f) The de-Bruijn graph

based on corrected reads set. Erroneous connection and nodes are removed.

(g) The assembly result based on corrected set with continuous contigs.
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directly.

However, short reads data always suffer from substitution errors, which

complicates the construction: a de Bruijn graph is based on k-mer of

each read, one single substitution error will lead to up to k erroneous

nodes and corresponding edges in graph. These incorrect k-mers cause

erroneous structures such as dead ends (tips), parallel paths (bubbles) and

spurious connections (chimeric connections) (Heydari, Miclotte, Van de Peer

& Fostier 2019) in graph, which result in more fragmented assembly.

In order to handle the errors in reads data, many assembly tools include

built-in algorithms for error correction. A naive approach is to remove the low

coverage nodes and the corresponding arcs, however, this can only correct

genuine errors instead of the biological variants and randomly distributed

errors (Zerbino & Birney 2008). In addition, important information may

be lost during that. The error correction in state-of-the-art assembly tools

are normally based on graph topology: identify the erroneous structures and

remove the corresponding nodes.

Instead of removing the erroneous k-mers, MSA based EC tools identify

erroneous k-mers based on the result of alignment and replace these k-mers

with higher frequent ones via modifying a few nucleotides.

In most cases, the effect of correction on assembly is similar to removing

erroneous k-mers: After correction, the nodes of original k-mers may

disappear (if that k-mer no longer exists in reads set); as the corrected k-

mers normally already exist in reads set, no new nodes will be generated.

The difference between the de Bruijn graph based on corrected data and

the one after removing the erroneous structures will be insignificant, and the

corresponding assembly result will be similar.

One example is shown in Fig 5.2: for a set of 17 reads A-G, the constructed

de Bruijn graph Fig 5.2b contains one chimeric connection (K→H→E) and

one “tip” (P→L) which will be detected by built-in algorithms of de novo

assembly and node H, P will be removed. In MSA based alignment (Fig 5.2d),

read H is transformed to L and P is transformed to K, corrected reads
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are mapped to existing nodes, Q is transformed to a unique sequence after

correction and assembled to O. At last, the result of erroneous structures

removing Fig 5.2(d) and MSA based error correction Fig 5.2(g) is only

different in the last nucleotide of the second sequence.

5.4 Correction-integrated Method for Multiple

Reads Sets Compression: An advancement

for Both Data Compression and Genome

Assembly

For a set of n reads sets R = {R1, R2...Rn}, denote the jth read of Ri as rij.

As the performance of reference-free compression mainly depends on the

length of encoded overlaps between reads data, compressing the reads sets

that have similar reads together can improve the overall compression ratio.

Here we propose an approach for selecting the to-be-compressed-together

reads sets for compression of larger reads databases, which is named PMRC

(Path graph based Multiple Reads sets Compression). PMRC consists of

three stages: distance matrix construction, construct path graph, divide path

graph into groups.

1. Distance Matrix Construction: Transform each Ri into a feature

vector based on the normalized (w, k)-minimizer frequency of reads in

Ri, construct an n× n distance matrix based on the feature vectors.

2. Path graph Construction: Construct a complete graph based on

the distance between feature vectors, then construct path graph based

on it.

3. Divide path graph into groups: Split path graph into groups via

cutting off a part of edges.
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5.4.1 Distance Matrix Construction

Minimizer is the lexicographically smallest k-mer in a sequence. The (w, k)-

minimizer of a sequence is denoted as the k-minimizers of each (w + k − 1)

length subsequence in this sequence (Roberts et al. 2004), an example of

(4, 3)-minimizer is shown as above. Minimizer is widely used in processing

of reads data (Liu, Zhang, Zou & Zeng 2020).

Here for each reads set Ri, we compute the (w, k)-minimizers of reads

that without ‘N’ letter, then count the frequency of each unique k-mer that

occurs in all (w, k)-minimizers. Each minimizer s is mapped to a unique

2× k bit integers by f(s) =
∑a=k

a=1 φ(s[a] · 4a−1), φ(A) = 0, φ(C) = 1, φ(G) =

2, φ(T ) = 3. The original Ri is transformed into a feature vector Vi =

{Vi1, Vi2..Vi4k}, Vij =
F (Ri,j)
|Ri| , F (Ri, j) = frequency of minimizer with value j in (w, k)−

minimizers of Ri. A set of n feature vectors is generated from n reads

sets, for each feature {v1j, v2j..vnj}, we denote the maximum and minimum

values of this feature as vmax, vmin, each feature value vij of this feature

is normalized by norm(vij) = vmin +
vij−vmin

vmax−vmin
, the normalized feature

values range from 0 to 1. Then the m features with the highest variance

are selected from normalized feature set as final feature space, denoted by

V = {V 1, V 2...V n}, Vi = {V i1, V i2...V im}.
Then a distance matrix D with dimension n×n is computed as following:

Dij =

⎧⎨
⎩
0 i = j

Euclidean distance between Si and Sj i �= j

i, j ∈ [1, n]

(5.1)

5.4.2 Path Graph Construction

Firstly, a complete graph (undirected graph in which every pair of distinct

vertices is connected by a unique edge) with vertices v1, v2..vn is constructed

based on the distance matrix D in the first stage, the edge between vi, vj is

denoted as eij, the weight of eij is denoted by wij = e−D[i][j], wij ∈ [0, 1].
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sequences A T C C T G A T G

subsequence

with

minimizers

(in bold)

A T C C T G

T C C T G A

C C T G A T

C T G A T G

(4, 3)-minimizer of a length 9 sequence

A path graph is a graph with two degree 1 vertices and all other vertices

are with degree 2, here we construct the path graph as following:

1. Define the set of all existing edges as E, set p as an array with length

n, w(i) indicates the highest weight among edges that connect node i

in E.

2. Select the edge eab with maximum weight in E, remove eab, eba from E.

3. If w(a) ≤ (b), p[1] = b, p[2] = a, else p[1] = b, p[2] = a, set current

vertex id c = p[2], remove all edges that connect vp[1] from E, set i as

3.

4. Find the edge ecd with weight w(c), p[i] = d, increment i, remove all

edges that connect vc from E, set current vertex id c = d.

5. Repeat step 4 until i equals n.

The order of vertices in path graph are represented as p, an array of vertices.

5.4.3 Divide Path Graph into Groups

In the second stage, the vertices array p of path graph is generated. As the

complexity of most compression algorithms exceeds O(NL), where N and L

are the read number and read length of reads set, to reduce the compression

time, the total size of each to-be-compressed-together reads sets needs to

be limited, in PMRC, it is achieved via dividing the sets into groups with

limited size.

69



Chapter 5. Assembly-improved Compression of Genomic Short Reads via
Error Correction

The division of path graph includes two steps: first, divide path graph

into clusters with higher inter-similarity by cutting off edges with low weight,

for vertices array p and the corresponding edges, the first part of division is

as following:

1. Define vertices array cur g as [ ], add vp[1], vp[2] to cur g, define set of

vertices array G1 = ∅, define c as 2.

2. Threshold e = 0.9 − 2
|cur g|+5

, cur w = wp[c−1]p[c], if wp[c]p[c+1] ≥ e ·
cur w or wp[c]p[c+1] ≥ average weight of edges in path graph, jump to

step 3, else jump to step 4.

3. Add vp[c+1] to cur g, increment c.

4. Add cur g to G1, cur g = [vp[c+1]], increment c.

5. Repeat step 2 until c equals length of p.

In the second step, each set in G1 is divided into groups with size less than

or equal to 3, define set of vertices set G2 = ∅, then for each group g in G1,

the process is as following:

1. Define cur g = ∅, c = 2, add g[1], g[2] to cur g, cur w = wg[1]g[2].

2. e = 6
10−|cur g| , if |cur g| ≤ 3 and wg[c]g[c+1] ≥ cur w · e, jump to step 3,

else jump to step 4.

3. Add g[c+ 1] to curg, increment c.

4. Add curg to G2, cur g = {g[c+ 1]}, increment c.

5. Repeat step 2 until (|g| − c) ≤ 2.

6. If |cur g|+ (|g| − c) ≤ 3, add g[c+ 1], g[c+ 2] to cur g, then add cur g

to G2, else add cur g and {g[c+ 1], g[c+ 2]} to G2.
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Then the corresponding reads sets of vectors in each group of G2 will be

compressed together in order preserving mode. The read number and file

name of each reads sets will be recorded for further decompression. In

decompression process, the compressed file of each group will be decompressed,

then each reads set is restored using the recorded read number.

5.5 Advancement: Error-corrected Compression

of Reads Databases and their Assembly

Performance

We test the performance of reference-free compression and de novo assembly

on the data corrected by MSA based EC tools, the performance of our

approach PRMC is also tested. We conduct experiments at a computing

cluster running Red Hat Enterprise Linux 6.7 (64 bit) with 2 Intel Xeon

E5-2695 processors (2.3GHz, 14Cores), 128 GB of RAM.

Four databases of reads sets were collected to test the effect of error

correction on reference-free compression and de novo assembly. Details about

the collections of reads data sets are shown in Table 5.1. The original data

were downloaded from http://ftp.sra.ebi.ac.uk/vol1/fastq/. The URLs of

each file are listed in Supplementary Data.

5.5.1 Compression Ratio Gain

Two state-of-the-art compression algorithms, minicom (Liu et al. 2019) and

PgRC1.2 (Kowalski & Grabowski 2020a), were tested on four collections

of reads sets to understand the performance improvement achieved by

our method PMRC and MSA based error correction in comparison with

compressing the uncorrected set separately via the same compression algorithm.

Both algorithms were executed in order preserving mode, other parameters

follow the default setting (e.g. 24 threads for minicom, 8 threads for

PgRC1.2). The C++ codes of PMRC are freely available from
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Table 5.1: Four collections of reads data sets

Collections number of reads sets total size (in GB) length of reads

database-33 33 102.39 101

database-47 47 208.97 100

database-50 50 71.04 50

database-100 100 197.97 36

More information of each file can be found in Supplementary Data

https://github.com/ttan6729/PMRC.

Here to evaluate the improvement in compression ratio, we select Karect

(Allam et al. 2015), which corrects the four selected datasets without change

in the original size of each reads set, that is, the size of all corrected data in

the table is exactly the same as original data.

The performance improvement is measured by performance gain, which

is defined as:

gain = 1− CS1

CS2

× 100%

CS1 = Compressed size with PMRC on corrected data.

CS2 = Compressed size of one-by-one compression on

uncorrected data.

A higher value of gain indicates more compression improvement.

Table 5.2 shows the compressed size of the same algorithms using

uncorrected databases+one-by-one approach and corrected databases (by

Karect (Allam et al. 2015))+PMRC approach.

It can be seen that Karect+PMRC achieved substantial improvement on

uncorrected data with one-by-one approach: for PgRC1.2, the improvements
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Table 5.2: Compressed file size (in byte) comparison between the

straightforward one-by-one approach and error correction (via Karect) +

PMRC approach

Collection minicom PgRC1.2

one-by-one Karect+PMRC gain one-by-one Karect+PMRC gain

database-33 3370577920 2563737600 23.94% 3257922008 2355886080 27.69%

database-47 8162744320 6541660160 19.86% 8060349515 6239426560 22.59%

database-50 3714529280 3366123520 9.38% 3006844741 2683299840 10.76%

database-100 9593702400 8971356160 6.49% 8828937571 7807191040 11.57%

are 23.94%, 19.86%, 9.38%, 6.49% on databases-33, 47, 50, 100 respectively

and 14.92% on average, for minicom, the improvements are 27.69%, 22.59%,

10.76%, 11.57% respectively and 18.15% on average. The improvements

are more significant on databases with longer reads. In addition, the

improvement on PgRC1.2 is a bit higher than minicom. The main reason is

that PgRC1.2 requires overlaps without mismatched bases for high quality

reads (reads that without ‘N’), hence more sensitive to the corrected bases

with no mismatch.

Overall, Karect+PMRC outperforms one-by-one approach without correction

in all cases.

In order to gain deeper insight into the effect of error correction, we

count the number of mismatched nucleotides of uncorrected and corrected

(by Karect) reads set during the compression process of minicom. As shown

in Table 5.3, the number of mismatched nucleotides of corrected data is much

less than the uncorrected data in the same reads set.

The results in Table 5.2 and 5.3 verify our previous estimation: error

correction will significantly reduce the number of mismatched nucleotides of

reference-free compression and hence improve the compression ratio.
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Reads set Number of mismatched nucleotides

original corrected

ERR532390 1 31049795 5946148

ERR532394 1 63378199 18256422

SRR067591 2091817 405840

SRR354180 1866568 72884

SRR354181 1396543 72058

SRR354182 1445706 60300

SRR354183 1513802 85801

SRR361240 9000536 2738571

Table 5.3: Number of mismatched nucleotides of minicom

5.5.2 Effect on De Novo Assembly

To assess the impact of error correction on de novo assembly results, the

corrected and uncorrected reads sets from the four databases in Table 5.1

are assembled using SPAdes (Bankevich et al. 2012). SPAdes implements a

built-in error correction procedure that removes erroneous k-mers through

the identification of parallel paths (‘bubbles’ and ‘tips’) in de Bruijn graph.

User can disable this procedure using “only-assembler” mode (by default

this procedure is enabled). Here to understand the effect of MSA based

error correction and the built-in error correction of de novo assembly tools,

the uncorrected data is assembled in default and “only-assembly” mode

respectively, the data corrected by Karect is assembled in “only-assembly”

mode. The resulting assemblies were evaluated using QUAST (Gurevich,

Saveliev, Vyahhi & Tesler 2013) and detailed reports are provided in the

supplementary file.

Here we show the NGA50 values of each reads set in Table 5.4. The

NGA50 value indicates the length of the assembled contigs which are

considered as subsequences that contain no major structural assembly errors,

a higher NGA50 value implies a less fragmented assembly and hence higher
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Table 5.4: NGA50 of the assembled by SPAdes in different modes and with

correction of Karect in advance
id Name SPAdes (only

assembly)

SPAdes (correction and

assembly)

Karect+SPAdes (only

assembly)

1 SRR354182 108313 113327↑↑ 110217↑
2 SRR361240 1570 1800 ↑↑ 1950 ↑↑
3 SRR361242 4658 5170 ↑↑ 5511 ↑↑
4 SRR361244 2554 2889 ↑↑ 3087 ↑↑
5 SRR387478 95978 109436 ↑↑ 109332 ↑↑
6 SRR387479 74802 75374 = 77924 ↑
7 SRR401414 1713 1684 ↓ 1724 =

8 SRR401415 1842 1864= 1870 =

Symbols in this table are based on their value relative to the NGA50 value of uncorrected data

(“only-assembly” mode) as follows: ↓↓−10% <↓< 0% < = < 3% <↑< 10%↑↑

quality. For reads sets 2 to 5, both the built-in correction and Karect have

larger than 10% improvement. The improvements are larger than 3% for

reads set 1 and less than 3% for reads set 8. Remarkably, for reads set 7,

built-in correction leads to lower NGA50 value and Karect only has less than

3% improvement. For reads set 6, the improvement of built-in correction is

less than 3%.

Compared with built-in correction of SPAdes, the NGA50 values of Karect

are a bit higher on reads set 6,7,8 (3.38%, 2.38%, 0.32%) and show more

significant improvements on reads set 2,3,4 (8.33%, 6.60%, 6.85%). For

reads set 1 and 5, Karect slightly decrease the NGA50 values (-2.74%, -

0.10%). Overall, MSA based error correction has a positive effect on de

novo assembly in comparison with de novo assembly and its built-in error

correction procedure.
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Table 5.5: Computation time of PMRC and compression time of PgRC1.2

and minicom on each corrected database (in second).

Stage database-33 database-47 database-50 database-100

PMRC 675.46 760.13 263.45 821.24

Compression (by minicom) 11935.08 23557.64 5051.15 8786.49

Compression (by PgRC1.2) 2870.7 9712.13 4168.48 8565.72

5.5.3 Complexity Analysis and Speed Performance

Running time is an essential factor for measuring the applicability of an

algorithm. For PMRC, the computation time relates to the number of reads

set n, total reads in the reads sets |R|, length of each read L (assume all

the reads have the same length) and value of w, k,m. In the first stage, the

computation of (w, k) minimizers of each read takes O(|R|[(L− k+1)+ k+

(L−w+1)]) = O(|R|(2L−w+2)) time (compute values of all k-mers first and

then find k-mer with smallest value in (L−w+1) subsequences, the selection

of m features from 4k unique k-mers requires O(4kn + 2k4k log 2), then the

construction of distance matrix will take O( (n
2−n)m
2

). In the second stage,

(n − 1) steps will be performed with complexity O(n), O(n − 2)..O(2), the

total time complexity is O(n
2+n−2

2
). In the third stage, the time complexity

is O(I), where I is the number of iterations, in the worst case, I = n
2
− 1

and complexity is O(n
2
) − 1. Hence the total time complexity of PMRC is

O(|R|(2L−w+2)+4kn+2k4k log 2+ n2(m+1)−n(m−2)
2

−2), as |R|(2L−w+2)

and 4kn are normally much larger than mn, the running time of PMRC

mainly depends on |R|L (the total size of reads sets) and |R|w.

Table 5.5 reports the running time of PMRC and compression time of two

compression algorithms, it can be seen the additional computation time of

PMRC is much shorter than the fastest compression algorithms on the same

database.
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5.6 Summary

We have shown that MSA based error correction can be successfully used

in improving the performance of reference-free compression on short reads

datasets: the corrected substitution errors increase the number of continuous

overlaps between reads data, hence the number of mismatched nucleotides is

reduced, which results in improvement in final compression ratio. In addition,

compression of multiple reads sets can benefit from proper selection of to-be-

compressed-together reads sets.

By comparing the assembling results of original data and corrected data,

we show that error correction normally have a positive effect on de novo

assembly, the state-of-the-art EC tools have a better performance than built-

in error correction procedure of de novo assembly tools in terms of the quality

of assembly.

Availability

The supplementary file can be downloaded from here. The C++ codes of

our algorithm are available at https://github.com/ttan6729/PMRC.
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6.1 Conclusions

Next-generation sequencing (NGS) technologies have generated terabytes of

data over the past 15 years. The high-throuput NGS data has enabled a

comprehensive analysis of genomes and dramatically accelerated biological

and biomedical research. The wealth data also proposed computational

challenges for data storage and analysis. Efficient compression tools for NGS

data are crucially needed.

In this thesis, we introduce Efficient methods for the compression of large

collections of genomes and reads datasets. We also demonstrate and verify

the relationship between de novo assembly, error correction and reference-free

compression.

In Chapter 3, we present ECC, a clustering-based reference selection

algorithm for the reference-based compression of genome data. It measures

the difference between genome sequences via MinHash distance, then

clusters the genome sequences into subsets with higher inter-similarity than

the original set. In experiments, ECC outperforms the previous one-

by-one approach on compressing three datasets using six state-of-the-art

compression algorithms. It achieved 2.22% to 22.83% compression ratio gain

in different cases.
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Then we introduce MRC as shown in Chapter 4. MRC is a clustering

method for compressing multiple reads datasets. It transforms each file into

a feature vector based on the k-minimizer frequency, then applies a variant

of K-means clustering to determine the to-be-compressed-together files. We

have shown that MRC obtains 4.22% to 12.57% compression ratio gain

on 17-100 reads sets using state-of-the-art de novo compression algorithm.

Moreover, the additional computation time is much shorter than the original

compression time.

In Chapter 5, we explore the relationship between compression, error

correction and de novo assembly of short reads data. We demonstrate

that high quality error correction can improve the performance of reference-

free compression via significantly reducing the number of mismatched

nucleotides during compression. The experiments on four datasets verified

our estimation. We also found that MSA based error correction has a positive

effect on de novo assembly in most cases.

6.2 Future Work

There are some potential problems and research directions that relate to this

thesis, which are summarized as following.

1. Although our method ECC provides an efficient reference selection

scheme for reference-based compression, there are some other facets

worth of investigation for further improvement. First, ECC is unable

to handle dynamic genome sequence dataset. When new sequence is

added to the compressed dataset, it can only be compressed with the

final reference in previous compression. There are two possible ways

to solve that: 1. Store the sketch set information of existing centroid

sequences and update the clustering result based on new sequence. 2.

Select the reference for new sequence via heuristic method. In addition,

we did not exploit the structure of representative sequences of each

dataset provided.
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2. MRC used a variant K-means clustering method to divide reads sets

into groups. In experiments, groups with only one element will occur,

which may lose potentially suitable subgroups that to be compressed

together. We implement a procedure to rebalance cluster size, however,

it may affect the accuracy of the clustering result. We will investigate

the methods that can naturally avoid single element group.

3. We prove that de novo compression can benefit from error reduced

input data. However, this improvement requires the available error

correction tools. How to design built-in error correction procedure

for de novo compression tools is another challenging problem. As

the primary purpose of de novo compression and error correction is

different, the procedure needs to achieve a balance between reducing

mismatched nucleotide during compression and keeping precision of

error correction.
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