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Summary 

From the beginning of sequencing the comparison of sequences has played a 

center role in bioinformatics. Here computer-based methods have successfully 

been deployed to enable efficient alignment of sequences, which has evolved 

ever since to meet the requirements set by new technologies and scientific 

curiosity. Today sequencing is used to answer various questions, leading to an 

immense amount of sequencing data being produced every day. Over the last 

decade we have seen more and more surveillance and diagnostics institutions 

that have started to include sequencing as part of their analysis tool package for 

microbial analysis.  

This trend of microbial sequence analysis has led to a number of bioinformatic 

methods to detect genes, compare genomes and discover novelty within 

microbes. Common for these methods were that they were computationally 

heavy, and for efficient and timely analysis it required large cluster computers to 

keep up with the sequencing data that were produced. This requirement has 

limited the use of sequencing as a general tool by many institutions, and placed a 

requirement for more efficient bioinformatic methods, if the trend of sequencing 

is to advance.  

The aim of this PhD was to develop new improved algorithms, that allows typing 

and phenotyping of microbial sequence data based on direct analysis of the raw 

sequence data. Difficulties and challenges have been explored by the 

development of new methods, as well as exploring methods and algorithms in use 

today. 
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In Clausen I it was investigated how de novo assembly could be avoided, while 

achieving the same concordances as the current methods, thus eliminating a 

major computational bottleneck in microbial sequence analysis at the time. This 

was shown through a benchmark of three methods: ResFinder (assembly + Blast), 

SRST2 (Clustering and Bowtie2) and KmerResistance (k-mer mapping). Among 

these methods, SRST2 and KmerResistance enabled direct analysis of the raw 

sequence reads, which enabled accurate analysis of sequence data, even at 

extreme depths where de novo assembly usually is not possible. 

 

In Clausen II a novel alignment method, KMA, was developed, that enabled direct 

alignment of raw sequence data towards redundant databases, without the need 

of prior similarity clustering. This enabled antimicrobial resistance (AMR) typing 

and multi locus sequence typing (MLST), where multimapping reads are often 

unavoidable due to the nature of the 2nd generation sequencing technologies. 

Multimapping sequences were resolved by the development of the ConClave 

algorithm, that allowed for specific and accurate assignment of sequences even 

for samples without unique matches. The computational efficiency and accuracy 

was compared to state of the art pipelines and alignment methods capable of 

analyzing raw sequence data directly, without the need of assembly. These 

methods included: SRST2, MGmapper, Bowtie2, BWA-MEM, Minimap2 and 

Salmon, where KMA performed better in terms of accuracy, memory usage and 

CPU hours. Additionally, the only dependencies of KMA is zlib development files 

and a Unix based terminal, which is not more than Bowtie2, BWA-MEM, 

Minimap2 and Salmon have. 
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In Clausen III we developed a method to phenotype Enterococci with linezolid 

resistance, as part of the surveillance of vancomycin resistant Enterococci (VRE) in 

Denmark. Linezolid resistance in Enterococci is mainly caused by mutations in 23s 

rRNA, which exists in four copies for E. faecalis and six copies in E. faecium, where 

mutations in one of these copies is enough to confer resistance. This feature of 

resistance mutations rendered de novo assembly methods insufficient, as the 

minor variants were masked by the majority of the alleles. In effect KMA was used 

to type these variants, as well as to identify transferable resistance genes within 

the isolates by aligning the raw sequence data directly. 

 

In Clausen IV a new metagenomic species composition method, CCMetagen, was 

developed, which use the ConClave algorithm to resolve reference sequences, 

and the consensus sequences generated by KMA to determine the appropriate 

level of taxonomy for each identified reference. The performance of CCMetagen 

was compared to state of the art metagenomic classifiers, such as: KrakenUniq, 

Kraken2 and Centrifuge. This study revealed that using the consensus sequences 

to assign taxonomy, rather than individual query sequences, provided a higher 

performance in terms of precision and F1 scores. 

 

In Clausen V we developed a method to perform phylogenic analysis based solely 

on MinION sequencing data, with the same accuracy as phylogenetic analysis 

based solely on Illumina sequencing data. Furthermore, it was proven that the 

sequence data of MinION could be efficiently combined with that of Illumina. 

These findings led to an easier transition between the 2nd and 3rd generation of 

sequencing, as the historical data produced with the 2nd generation sequencing 
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machines could be employed in future studies with the new 3rd generation 

sequencing data. 

 

New algorithms for mapping and alignment has been presented in this PhD thesis, 

together with applications that have had a direct effect on sequence analysis 

today. With the research conducted under this PhD, it is the hope that it will 

continue to inspire novel applications of microbial sequence analysis at novel 

research, clinical and surveillance institutions.  
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Sammenfatning 

Siden sekventeringens spæde start har sammenligning af sekvenser spillet en 

vigtig rolle in bioinformatik. Her er computer baserede metoder blevet anvendt 

med stor succes til at sammenligne sekvenser, hvilke er blevet udviklet lige siden 

for at tilgodese nye teknologier og tilfredsstille videnskabelig nysgerrighed. I dag 

er sekventering brugt til at besvare forskellige spørgsmål, hvilket har ledt til en 

overvældende mængde af sekvens data der bliver produceret hver dag. Over det 

sidste årti har vi set flere og flere overvågnings og diagnostik institutioner der har 

adopteret brugen af sekventering som en del af deres arsenal til analyse af 

mikrober. 

Denne tendens af mikrobiologisk sekvens analyse har ledt til udviklingen af flere 

bioinformatiske metoder til at detekterer gener, sammenligne genomer og 

udforske hidtil ukendte sekvens mønstre i mikrober. Tilfælles for disse metoder er 

at de er tunge computermæssigt, hvilket ofte kræver store klynge-computere for 

at levere effektiv og rettidig analyse af den sekvens data der bliver produceret 

hver dag. Dette krav har begrænset brugen af sekventering som et generelt 

værktøj for mange institutioner, og placeret et behov for nye bioinformatiske 

løsninger hvis denne tendens af daglig sekventering skal kunne udvikle sig. 

Målet med denne PhD var at udvikle nye og forbedrede algoritmer, der tillader 

typning og phenotypning af mikrobiologiske sekvens data, baseret på direkte 

analyse af rå sekvens data. Udfordringer og vanskelligheder er blevet udforsket 

med udviklingen af nye metoder, ligesom metoder og algoritmer i brug i dag er 

blevet udforsket.  
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I Clausen I blev det undersøgt om de novo assembly kunne undgås uden at 

nedsætte metodens nøjagtighed, og på den måde eliminerer det der på det 

tidspunkt var en af de store flaskehalse i mikrobiel sekvens analyse. Dette blev 

påvist gennem et benchmark af tre bioinformatiske metoder: ResFinder (assembly 

og Blast), SRST2 (sekvens gruppering og Bowtie2) og KmerResistance (k-mer 

kortlægning). Blandt disse metoder, var SRST2 og KmerResistance i stand til at 

analyserer de rå sekvens data direkte, hvilket muliggjorde præcis analyse af 

sekvensdata, selv på prøver med så lav sekventerings dybde at de novo assembly 

normalt ikke er mulig. 

 

I Clausen II udviklede vi en ny metode, KMA, der gjorde direkte sammenligning af 

rå sekvens data mulig imod redundante databaser, uden behovet for en 

forlæggende database gruppering. Dette muliggjorde antimikrobiel resistens 

bestemmelse og MLST analyse af sekvens data, hvor multi-kortlagte sekvenser 

ofte var uundgåelige pga. begrænsninger i bag anden generations sekventerings 

teknologi. Problemet med multi-kortlagte sekvenser blev her løst med udviklingen 

af ConClave algoritmen, der tillader specifik and præcis placering af sekvenser selv 

for prøver når unikke matches ikke eksisterer. Den computermæssige effektivitet 

og præcision blev sammenlignet med de bedste metoder til at sammenligne rå 

sekvens data direkte, uden at være afhængig af de novo assembly. Disse metoder 

inkluderede: SRST2, MGmapper, Bowtie2, BWA-MEM, Minimap2 og Salmon. KMA 

udmærkede sig både i forhold til præcision, RAM og CPU forbrug. Ud over dette 

var KMA’s softwaremæssige afhængigheder begrænset til zlib development files 

og en Unix baseret terminal, hvilket ikke er mere end hvad Bowtie2, BWA-MEM, 

Minimap2 og Salmon har. 
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I Clausen III udviklede vi en metode til at phenotype Enterokokker med linezolid 

resistens, som en del af den overvågning der er af vancomycin resistente 

Enterokokker i Danmark. Linezolid resistens i Enterokokker er for det meste 

forårsaget af mutationer i 23s rRNA, som eksisterer i fire kopier for E. faecalis og i 

seks kopier for E. faecium, hvoraf en enkelt mutation i en af kopierne er 

tilstrækkeligt til at give resistens. Denne funktion af resistens mønstre gjorde 

brugen af de novo assembly utilstrækkelig, da disse mutationer ofte vil blive 

maskeret af de resterende kopier. Derfor blev KMA implementeret til at type 

disse varianter, samtidig med detektion af mobile resistens gener, ved at 

analyserer rå sekvens data direkte.  

 

I Clausen IV blev en ny arts fordelings metode udviklet, CCMetagen, som gør 

nytte af ConClave algoritmen til at identificerer reference sekvenser, mens 

konsensus sekvenserne genereret af KMA gjorde grundlag til at tildele en 

passende taksonomi til hver af de identificerede referencer. Ydeevnen af 

CCMetagen blev sammenlignet med de bedste metoder til metagenom analyse, 

hvoraf disse inkluderede: KrakenUniq, Kraken2 og Centrifuge. Dette studie 

afslørede at brugen af konsensus sekvenser til at tildele taksonomi, i stedet for 

traditionelle metoder baseret på enkelte sekvenser, gav en højere præcision og F1 

score.  

 

I Clausen V udviklede vi en metode til phylogenetisk analyse baseret udelukkende 

på MinION sekventerings data, der havde samme præcision som er kendt fra 

Illumina sekventerings data. Ydermere blev det påvist at sekventerings data fra 
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MinION kunne kombineres effektivt med Illumina sekvens data. Disse fund kan 

simplificerer overgangen mellem den anden og tredje generation af sekventerings 

teknologier, da sekvens data produceret på anden generations sekventerings 

maskiner kan kombineres med fremtidige studier med den nye tredje generations 

sekventerings data. 

 

Nye algoritmer til kortlægning og sammenligning er blevet præsenteret under 

denne PhD afhandling, sammen med anvendelser der har haft en direkte effekt 

på sekvens analyse i dag. Med forskningen bag denne PhD, er det et mål at den 

forbliver en inspiration til nye metoder i analysen af mikrobielle sekvens data der 

kan anvendes på forsknings, kliniske og overvågnings institutioner. 
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Problem statement 

The 20th century has become known as the century for advancements in 

electricity and electrical components. It has been theorized that the biological 

sciences will undergo the same evolution through the 21st century. Naturally the 

science of bioinformatics fits neatly in between these two centuries, where 

computational sciences and biology are combined. This advancement in 

bioinformatics has already taken its first massive steps, with the introduction of 

the 2nd and 3rd generation of sequencing, together with bioinformatic tools to 

analyze this vastly increasing amounts of sequence data. Routine surveillance of 

microbes has over the last years started to include sequencing as a standard 

method, likewise has sequencing and sequence analysis become a more frequent 

component in clinical diagnostics. This trend seems to continue at a pace were 

timely sequence analysis will become a bottleneck in the fight against infectious 

diseases.  

This PhD project are a part of the CGE vision to provide scientific foundation for 

the present and future of sequence analysis solutions, that are capable of keeping 

up the trends in microbial sequence analysis. Which includes global surveillance 

of microbes as well as tools for microbial diagnostics based on sequencing and 

sequence analysis.  

The research in this thesis focused on the optimization of mapping and alignment 

algorithms, as these for the majority of bioinformatic pipelines are the bottleneck 

for analysis of sequences. Additionally, it was shown how de novo assembly can 

be avoided by the application of the algorithms developed under this PhD, and for 

these cases remove the bottleneck of de novo assembly of raw sequence reads. 
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In short, the research conducted during this PhD contains the following 

objectives. 

• The development of novel mapping and alignment algorithms 

targeted to analyze and solve the problems seen in microbial 

sequence analysis. 

• Validate the algorithms and implement them in an easy to use 

software package, KMA. 

• Implement the software package in various bioinformatic tools to aid 

research, surveillance and diagnostic institutions around the world. 
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0 - Introduction 

An exponential growing pressure has been placed on the science of 

bioinformatics ever since the introduction of sequencing in 1951 by Fred Sanger 

and Hans Tuppy, where the phenylalanyl chain of insulin 1 was sequenced.1 At the 

time sequencing itself were at a minimum, and thus the need for biological 

sequence analysis were barely existing. In order to identify the start of 

bioinformatics as a computational solution to biological sequence analysis, we 

have to fast forward to 1966 where the first proposals of computer-based analysis 

of sequence was revealed by W. Fitch.2 Which was effectively put to action in 

1970 by Saul B. Needleman and Christian D. Wunsch, with the development of the 

Needleman-Wunsch algorithm (NW).3 The NW led to sequence comparison in 

quadric time of any pair of sequences, whereas it had previously only been 

practiced to compare closely related sequences by eye-inspection.2,3  

This introduction of computer-based methods for biological sequence analysis 

effectively started the science of bioinformatics, which lead to an exponential 

increase in sequencing and the start of international sequence databases.4,5 This 

vast increase of sequence data meant that the quadric analysis time enabled by 

the NW was no longer sufficient, and the need for more efficient algorithms was 

needed. By 1983 the size of the public sequence repositories lead to the 

development of the first mapping algorithms in bioinformatics developed by W. 

Wilbur and D. Lipman, which lead to sequence comparison in near linear time by 

searching for exact matches of length k along the diagonal of the sequence 

alignment matrix proposed by Needleman and Wunsch.6 These exact matches 

later became known as k-mers, and where typically stored in hashmaps.7 The gaps 

between these exact matches were filled out using the NW, which gave a high 
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resolution of the sites where differences occurred. These mapping approaches 

was refined and by 1988 it resulted in the well-known fasta program suite and the 

establishment of NCBI.7 In 1990 fasta was replaced by BLAST, which is probably 

the most well-known sequence alignment tool used today, whereas the tool fasta 

is now known for the alignment format.8 

As the amounts of sequence information kept growing, the number of exact 

matches between sequences grew as well, which lead to the need of more 

efficient mapping algorithms. The idea of finding exact matches was kept, but 

rather than examining all occurrences of exact matches these were sought to be 

combined in a more efficient manner.9 This way of thinking lead to the 

development of SSAHA by Z. Ning, AJ. Cox and JC. Mullikin, where exact matches 

close to each other on the diagonal of dynamic programming matrix was 

combined to form long stretches of high similarity, which limited the number of 

exact matches to investigate.9 This approach were known as chaining, and is 

today a key element of sequence alignment, as separate pieces of exact matches 

were chained together to form longer stretches of concern to perform alignment 

on.10,11 

By 2005 a real gamechanger was introduced to the field of bioinformatics, where 

the 2nd generation of sequencing started to mature.12 This meant that in the years 

from 2005 to 2010 a large drop in sequencing prices were observed, together 

with a drastic drop in turnaround time from sample to completed sequencing.13 

Not only did this next generation of sequencing (NGS) result in a boost in the 

number of sequences, but resequencing of known organism where performed, 

revealing the within species diversity for several organisms.14 This turn of events 

did not just result in a vast increase of sequences in the public databases, but the 
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new way of sequencing also came with a number of new caveats to consider 

when performing alignment. This called for a paradigm shift in the way mapping 

were performed, where exact matches of length k were suddenly insufficient due 

to the rather short sequence output from the early 2nd generation sequencing 

machines, where read lengths were typically 30.15,16 

With the short sequence length insertions and deletions (indels) could be 

considered as rare events, where even small indels would result in insufficient 

alignment scores. This feature of the 2nd generation sequence data lead to the 

refinement of suffix arrays and Burrows Wheeler transformation, which to a large 

extent became known through the algorithms Bowtie and BWA.15,16 This meant 

that for almost a decade hashmaps were forgotten, although still used by BLAST,17 

and suffix arrays and the Burrows Wheeler transformation became the dominant 

data-structure used in sequence alignment.15,16,18–20  

By 2010 Illumina and Ion Torrent possessed most of the sequencing market, and 

the read lengths had been increased to 100-500 base pairs (bp), this turn of 

events meant that the theories behind BLAST and SSAHA were becoming practical 

again, where longer matches between sequences were tried optimized to 

perform sequence alignments. This lead to the development of Bowtie2, BWA-SW 

and BAW-MEM where chaining algorithms were optimized and based on 

mappings using suffix arrays and the Burrows wheeler transformation.18–20 

Unfortunately both the Bowtie2 and BWA-MEM algorithm were optimized for a 

single purpose proposed by Heng Li, the inventor of BWA, where the human 

genome were to be the golden standard genome to optimize mapping and 

alignment algorithms against.21 Which in broad terms meant that the reference 

genome of the reads were to be known and be highly similar to the sequence 
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reads obtained, while there was not put much effort into accurate mappings of 

duplicated regions.15,16,18–20 These assumptions were however quickly realized to 

be insufficient for microbial sequence analysis, where a reference genome were 

rarely known beforehand, and needed to be identified prior to the alignment 

algorithms of the decade.22,23 

Bioinformaticians had to this point relied on identification of 16S rRNA to identify 

the likely organism, but as the potential reference genomes for microbes were 

still vastly increasing, it became clear that relying solely on the 16S to identify a 

reference sequence were insufficient.23,24 Especially when taking into account that 

only about 20% of the Escherichia coli makes up the core genome, thus limiting 

the accuracy of using only one gene to classify the entire speices.25,26 This lead to 

a number of algorithms used to identify the species of a sequence sample,23,24,27–32 

which would then allow for multi locus sequence typing (MLST) to identify a 

proper set of reference genomes for the sample.33,34 Among the algorithms 

developed the most popular became Kraken, which acknowledged that the sole 

purpose of the algorithm would be to identify the species composition of a given 

sequence sample, and where exact differences were not a concern.28 This lead to 

the idea that mapping could be used on its own without alignment, which would 

decrease the computational time drastically, while allowing for a smaller memory 

footprint at the cost of an increased false positive rate.28,32 As opposed to Bowtie2 

and BWA-MEM, Kraken reinvestigated the use of hashmaps to find k-mer 

matches marked with the lowest common ancestor (LCA) of that k-mer, to 

investigate the LCA of each sequence read in a sample.28,29,32  

As an alternative to the LCA algorithm the “winner takes it all” strategy was 

proposed by Ole Lund in the method KmerFinder, where matching k-mers was 
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pooled together and assigned to the reference sequence containing the most k-

mer matches.35 This strategy proved useful to identify close reference sequences, 

which enabled SNP analysis together with the basal identification of the host 

species of a whole genome sequence (WGS) sample.23  

The pooling of k-mers did however result in a poor performance when used on 

metagenomic samples, as the pooling resulted in a quick saturation of possible 

template sequence matches, as k-mers co-occurring between present template 

sequences began to emerge. A similar effect was observed with Kraken, however 

to a lesser degree as the k-mers from each query sequence were considered 

together instead of pooling them on a per sample basis as KmerFinder, where the 

saturation of Kraken were revealed by choosing references closer to the root of 

the tree of life.36 As a reaction to this saturation more sophisticated LCA methods 

where developed, which included chaining and alignment to heighten the 

precision of the methods.30,31 This chain of events where then further described  

by Nasko et al. 2018, showing that with the increased size of public sequence 

databases it was no longer a problem to assign sequences to an ancestor.36 This 

higher proportion of assigned sequences were however provided by a loss of 

specificity, where it was shown that using an older version of the RefSeq database 

lead to a higher number of assignments to species level rather than assigning 

every sequence to genus or phylum level. With this evidence Nasko et al. 

concluded that k-mer based methods were rendered insufficient with the growing 

amounts of sequence data, although this research rather showed that the 

mapping approach conducted by Kraken was insufficient, while having nothing to 

do with k-mers.29,37 By extend of this research, it can be deducted that if the 

current trends in the amount sequence data were to continue, even the more 
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sophisticated methods such as Centrifuge and Kaiju would suffer the same faith as 

Kraken, as the short reads provided by the 2nd generation sequencing machines 

would be more and more likely to co-occur between more and more reference 

sequences.38  

To circumvent this problem of saturation with Kraken, two new flavors of the 

Kraken algorithm were developed, Kraken2 (+ Bracken) and KrakenUniq.29,32,37  In 

comparison to the original Kraken algorithm that assigned the LCA to each query 

sequence, Bracken was developed to postprocess this output and use Bayesian 

probability theory to reassign the LCA to more specific ancestors, by using the 

information from all assigned sequences in each sample.37 KrakenUniq refined the 

mapping algorithm first proposed in Kraken, by putting higher weight on unique 

k-mers which forced to the LCA algorithm to traverse further down the 

taxonomical tree to find a more likely LCA. The unique k-mer matches were 

afterwards used to determine the confidence of matched reference sequences, 

by estimating the template coverage of identified reference sequences, and this 

way limit the amount of false positives while increasing the specificity.29 

Along the development of methods to solve the co-occurrence problem with 

increasing sequence database sizes, the 3rd generation of sequencing started to 

mature. Common for the technologies in this generation were longer reads, 

higher error-rates and shorter turnaround time, where Oxford Nanopore 

Technologies (ONT) and Pacific BioSciences (PacBio) are the two main 

producers.39,40 For ONT specifically portable sequencing was enabled with the 

MinION sequencing machine together with low startup costs, where the MinION 

could be purchased for around 1000$.41 This development of long error-prone 

reads led to a paradigm shift for mapping and alignment methods, where the 
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mapping of a sequence read of 10000 bps could almost always be placed 

unambiguously in a reference genome,42–44 and would certainly limit the 

ambiguity of species identification earlier mentioned by Nasko et al. 2018.36 The 

higher error-rates of 5-15% did, however, render the golden standard methods 

for reference alignment insufficient in terms of computational efficiency, where 

methods like Bowtie2 and BWA-MEM required ~50 times longer processing time 

per kbp, when compared to sequence alignment with the Illumina 

technologies.42–44 Ironically the longer processing times was mainly due to the 

mapping procedures performed using suffix arrays and the Burrows Wheeler 

transformation, rather than the alignment itself which were now required more 

frequent as long exact matches were limited by the higher error-rates.42–44 The 

inefficiency of the suffix arrays where caused by an excessive use of recaching 

memory when making look-ups to determine the approximate origins of the 

sequence reads.42,44 To minimize the page faults, several new mapping strategies 

were investigated, with special focus on the data-structures to perform look-ups 

on.42–48 Common for these methods were the application of hashmaps and hash-

based data-structures, that were found to be the most efficient way to enable a 

computationally efficient mapping of the longer sequence reads performed by the 

3rd generation sequencing technologies.  

One key element in the world of microbial sequence analysis was however missed 

during this new development of mapping algorithms, where large sequence 

database continued to exist with many closely related alleles needed to type 

antimicrobial resistance (AMR) and perform MLST analysis, where such closely 

related alleles could now match ambiguously due to the higher error-rates of the 

3rd generation sequencing technologies.49,50 
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This chain of events starting in 1951 with Fred Sanger has resulted in a need for 

new mapping algorithms that enable accurate and efficient detection and analysis 

of closely related sequences, without saturation and where sequence pattern 

redundancy is inevitable. As these problems are dominant in the world of 

microbial sequence analysis, the need extends into an optimization of the 

sequence patterns seen in microbes rather than the complex eukaryotic 

organisms such as the human genome. For microbial sequence analysis most 

problems can be solved currently, but the analysis often requires de novo 

assembly of sequence data together with an ensemble of bioinformatic pipelines 

complicating analysis, thus placing a demand of large cluster computers for an 

efficient daily sequence analysis. For an efficient deployment of sequence analysis 

on an everyday basis for novel institutions, decreasing the costs and limit the 

dependencies is a key concern. Ultimately with the current trend of ONT with on-

site sampling and sequencing, the bioinformatic analysis should follow, meaning 

that on-site analysis should be enabled with computational powers matching that 

of a laptop.40,51 

With this PhD the afore mentioned demands of microbial sequence analysis have 

been met, enabling cheap startup and inclusion of sequence analysis on a day to 

day basis, existing alongside the currently used methods. 

  



 8 

1 Clausen I – Benchmarking of methods for identification of 

antimicrobial resistance genes in bacterial whole genome data 

The research article in this chapter covers a benchmark of three methods ability 

to detect resistance genes in WGS data sequenced on Illumina machines. The 

methods benchmarked were ResFinder52,53, SRST254 and KmerResistance55, each 

representing their own approach of detecting transferable resistance genes. 

Where SRST2 and KmerResistance both enabled direct analysis of the raw 

sequencing reads, thus eliminating the need for a prior de novo assembly required 

by ResFinder.  

This study proved that methods based on direct analysis of raw sequence reads 

provided results which was as accurate as the results provided by conventional 

assembly and BLAST17 methods, represented by ResFinder.53 Additionally the 

direct analysis of raw reads provided a higher sensitivity that allowed for AMR 

detection even at extremely low sequencing depths. By circumventing the need of 

de novo assembly, it was additionally observed that the computational needs to 

analyze WGS samples were drastically decreased, thus leading to more 

computationally efficient methods.  

Since the publication of this article, KmerResistance has been updated to include 

alignments (v2), by utilizing KMA38 to search for resistance genes and 

identification of the sample host, instead of the inbuild mapping approach by the 

original KmerResistance. An independent benchmark by Yu Wan 

(https://www.microbialsystems.cn/en/post/comparing_ariba_srst2_kmerresistan

ce/) has been performed of KmerResistance2 towards SRST254 and ARIBA56, 

revealing a high concordance of the three methods, supporting the findings in this 

research article. 
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The article has been published in Journal of Antimicrobial Chemotherapy. 
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2 Clausen II – Rapid and precise alignment of raw reads against 

redundant databases with KMA 

For 50 years alignment has played a center role in bioinformatics, which has 

resulted in numerous attempts to perfect mapping and alignment algorithms.7–

9,15–20,42,43,45,46,48,57–63 However, these methods these can be roughly be divided into 

two categories; general purpose database alignment tools such as the BLAST 

flavors and reference based alignment tools such as Bowtie2, BWA-MEM and 

Minimap2. Even with the vast number of available alignment methods, none were 

designed with microbial sequence analysis in mind. This led to implementations 

mostly guided towards mapping and aligning the human genome, which did not 

meet the criteria for analyzing microbial sequence data, were highly redundant 

databases such as AMR and MLST databases are a key concern. Even though 

BLAST is a general-purpose sequence database search tool, it lacks speed and 

outputs all possible alignments of each query sequence. In this way letting the 

user identify the relevant alignments. Where the relevant alignments might hide 

between thousands of candidates, with identical alignment scores and statistics. 

This chapter covers the development of a new alignment strategy through 

Clausen II, which introduces a novel scoring approach, ConClave, that enables the 

selection of the most likely alignments for each query sequence when 

multimapping sequences is a concern. 

As previous alignment methods have been optimized for other purposes two 

pipelines, SRST254 and MGmapper64,  were used to compare the performance of 

the developed method, KMA, as well as the methods they were based on, 

Bowtie218 and BWA-MEM20. Additionally Minimap242 was included due its high 

popularity, although it was built to align 3rd generation sequence reads towards 
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the human genome. The different flavors of Kraken28,29,32 was not included in this 

study, as these were sole mapping methods, thus not including alignment. 

Additionally the Kraken flavored methods require taxonomical labelling, which 

were not possible to give for the AMR genes and were uninformative for the 

MLST alleles. Instead Salmon65 was included, which although developed for 

transcript prediction, solves some of the same problems as seen for the 

redundant databases in microbial sequence analysis. 

The resulting method KMA showed an advantage over the other methods in both 

computational efficiency as well as accuracy. Deciphering the algorithms 

presented here and collected in KMA, shows that an additional mapping step 

before alignment greatly increased the accuracy of the method, where this were 

mostly due to the introduction of the ConClave algorithm. The remaining of the 

algorithm uses chaining and alignment similar to the benchmarked methods, but 

were implemented with the bottlenecks of microbial sequence analysis in mind. 

This means that KMA, despite its efficiency in microbial sequence analysis would 

be inferior to the other methods when aligning the human genome. 

As the ConClave algorithm contributed the majority of the novelty presented in 

Clausen II, it is described in greater detail here than what can be found in the 

published research article. 

 

Let Tm be the set of maximum scoring template sequences, according to a 

mapping or alignment function f(ti) for all template sequences ti in a given 

database T, as presented in equation (1). 
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𝑇𝑚 ∈ max
𝑖 ∈ 𝑇

{ 𝑓(𝑡𝑖) }        (1) 

 

We can then define the ConClave score C(t) for each template sequence in the 

database T, as being the sum of the maximum scores provided by f(tk) for all input 

sequences K that exceed the threshold , as presented in equation (2). 

 

𝐶(𝑡) ∈ ∑ max {
𝑓(𝑡𝑘)       𝜏 ≤ 𝑓(𝑡𝑘)

0                   𝑒𝑙𝑠𝑒
𝑘 ∈ 𝐾

       (2) 

 

With equation (2) we then choose the most likely template sequence(s) Sk for 

each input sequence k, as the template sequence(s) contained within the set of 

the highest ConClave scores C(ti) among the highest scoring template sequences 

for that input sequence Tm, as presented in equation (3). 

 

𝑆𝑘 ∈ max
𝑖 ∈ 𝑇𝑚

{ 𝐶(𝑡𝑖) }        (3) 

 

By the nature of the ConClave algorithm, this can be implemented by updating 

the ConClave scores dynamically and save Tm for each input sequence 

temporarily. Afterwards Sk can be computed efficiently by re-iterating the input 

sequences, and choose a proper set Sk  for each input sequence k. Generally Sk will 

contain only one sequence, however the possibility of having more than one 

template sequence in Sk do exist by having equal ConClave scores. In these cases 
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KMA will pick the first template sequence present in Tm, to provide a consistent 

platform independent result, as is the case for the rest of the KMA algorithm.  

 

The article was published in BMC Bioinformatics 
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3 Clausen III – LRE-Finder, a Web tool for detection of the 23S 

rRNA mutations and the optrA, cfr, cfr(B) and postA genes 

encoding linezolid resistance in Enterococci from whole-

genome sequences 

Vancomycin resistance is an increasing concern in the public health sector around 

the world, which has led to routine sequencing of vancomycin resistant organisms 

for surveillance purposes.66 The national surveillance of vancomycin resistant 

Enterococci (VRE), led to a collection of 1473 sequenced VRE isolates in the years 

2015 to 2018. From this collection it was speculated whether linezolid could be 

used as an alternative treatment in cases of VRE.  

As VRE isolates were already subjected to sequencing, a new bioinformatic 

method was needed in order to phenotype the VRE isolate with linezolid 

resistance. Linezolid resistant Enterococci (LRE) are mainly caused by mutations in 

the V domain of 23S rRNA, although transferrable resistance can occur, where 23S 

rRNA exists in four copies for E. faecalis and six for E. faecium. In order to confer 

resistance only one of these copies needs to contain a resistance baring mutation, 

thus basing the analysis on minor variant calling. A previous concern has been 

placed on this topic, as de novo assembly methods has a tendency to split the 

assembly at repeat regions, and thus result in only one assembled version of the 

23S rRNA. Where the majority of variants will determine the single nucleotide 

position, and mask out possible minor variants.67 It was theorized that KMA38 

could be used to detect minor variants in 23S along the detection of transferable 

genes constituting to Linezolid resistance in Enterococci. This study proved the 

ability of KMA to detect minor variants as well as transferable genes in WGS data, 
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as well as linezolid as an alternative to vancomycin in case of VRE in Denmark. The 

resulting method, LRE-Finder, has enabled an efficient analysis of linezolid 

resistance in Enterococci, with the bottleneck of the bioinformatic analysis being 

unzipping of the raw sequence data. This does however require that the program 

is used command line, as upload might be the limiting factor when using the web-

server. This provides a method that runs in seconds with minor computational 

needs. This method additionally matches the mutations patterns seen in e.g. HIV 

and Malaria, where mixed infections are common. 

 

The article has been published in Journal of Antimicrobial Chemotherapy. 
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4 Clausen IV – CCMetagen: comprehensive and accurate 

identification of eukaryotes and prokaryotes in metagenomic 

data 

As described by Nasko et al. 2018, co-occurring pieces of sequences pose a major 

threat to the accuracy of metagenomic classifiers, which causes current classifiers 

to traverse the taxonomical topology and assign query sequences at a broader 

taxonomy.36 From Clausen II it was shown that even for databases containing a 

high degree of redundancy, the ConClave algorithm was able to precisely place 

query sequences at specific template sequences.38 The research article in this 

chapter describes the application of the ConClave algorithm, through KMA, to 

work as a metagenomic classifier, and how the other features of KMA may be 

used to achieve a high performance metagenomic classifier. 

When performing metagenomic sequence analysis there is an increased chance of 

sequencing organisms that have not been sequenced before, and thus these 

organisms will not exist in current databases. Some of these will remain 

unclassified when using a reference-based classifier, while others may share some 

level of similarity to other organisms in the database. The latter case is caught by 

the implementation in the ConClave based Metagenomics pipeline 

(CCMetagen),68 where the quality of each identified reference sequence is 

evaluated and used to assign taxonomy at a fitting level. Intuitively, reference 

sequences identified with a high template identity when calling the consensus 

sequence is more likely be of the same species, as opposed to a reference 

sequence with a low template identity, which is more likely to share genus or 

phylum. This scheme of assigning an LCA, makes CCMetagen able to assign a more 
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robust taxonomy based on the combination of several query sequences, as 

opposed to current methods relying on single sequences to do so.  

In this study CCMetagen achieved a higher performance in terms of concordance 

both on in silico and in vitro datasets. However, Kraken232 and KrakenUniq29 were 

however more computational efficient, where the difference between them and 

CCMetagen was mostly caused by the inclusion of alignment by CCMetagen. 

 

The article has been published in BMC Genome Biology. 
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5 Clausen V - MINTyper: A method for generating phylogenetic 

distance matrices with long read sequencing data 

The 3rd generation of sequencing is maturing and comes with a number of 

advantages compared to the sequencing data associated with the 2nd generation. 

Among these, longer sequences are provided together with drastically reduced 

sequencing time. However, as the technology has not matured yet, some 

drawbacks are still associated with the 3rd generation of sequencing. Due to the 

high error rates, different typing analyses such as MLST has proven to be 

inefficient, although phenotyping and assemblies have shown promising 

results.39,44,50,69  

From a surveillance perspective, SNP-analysis provides a high resolution of 

potential outbreaks and is frequently applied in the field of genomic 

epidemiology. This analysis procedure has over the years lead to sequencing of a 

large number of historical isolates, that can be included in such analysis to check 

whether or not the current outbreak strain is new or might be identical to or have 

evolved from a strain in a previously recorded outbreak. The bottleneck for this 

analysis remains at the sequencing of isolates, for which the 2nd generation 

sequencing methods is at least a 1-2 day process. However, this requires the 

collection of several samples to make sequencing feasible, as multiplexing is 

required for microbial sequencing to keep the per sample sequencing costs down. 

With ONT MinION it is possible to sequence isolates in a matter of hours, where 

multiplexing is usually carried out in about ten samples rather than forty to 

hundreds as for Illumina. This feature of the ONT MinION sequencing technology 

can thus bring down the time from sample to results drastically, when outbreak 

investigations are to be carried out. 
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The research article in this chapter describes a complete pipeline to not only 

allow for phylogenetic analysis of ONT MinION data alone, but also how MinION 

data can be incorporated with the current historical data mostly composed of 

Illumina data.  

 

The article has been submitted to NAR Genomics and Bioinformatics, and is 

currently available at bioRiv. 
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RESULTS AND DISCUSSION

Automated reference detection

The best matching reference for our dataset of 12 STA410
E. coli was identified as ”Escherichia coli strain AMA1167
chromosome, complete genome” with a reference length of
4767526 bases. This result was anticipated, as this reference
sequence is the published complete genome from the same
danish outbreak as six of the input samples (13).

I llumina vs. ONT

The resulting output from running the MINTyper program
with the12 ST410 E. coli isolates wereadistance matrix and a
Newick file for each of the three runs: One with no pruning or
motif masking, one with prune length = 3 and DCM masking
using fast Q8 ONT data, and one with using hac m Q10 ONT
data along with pruning). The SNP discrepancies between the
Illumina reads and the ONT MinION reads can be seen in
Table 1.

Table 1. Overview of the number of SNPs differences between the consensus

sequences generated by sequencing the same isolate on an Illumina

platform and ONT MinION platform while performing recombination

mitigating pruning but not any DCM methylation masking on fast Q8 data,

recombination mitigating pruning and DCM methylation masking on fast Q8

data and recombination mitigating pruning but not any DCM methylation

masking on hac mQ10 data. All pruning lengths were set a 3 SNPs.

Isolate Name ∆ SNP Q8 ∆ SNP Q8 with masking ∆ SNP Q10
Ec01 ST410 CT587 31 0 0
Ec02 ST410 CT587 31 0 0
Ec03 ST410 CT587 31 0 0
Ec04 ST410 CT587 31 0 0
Ec05 ST410 CT587 31 0 0
Ec06 ST410 CT587 31 0 0
Ec07 ST410 CT527 34 1 4
Ec08 ST410 CT611 31 0 0
Ec09 ST410 CT512 33 2 3
Ec10 ST410 CT596 31 0 0
Ec11 ST410 CT523 33 0 3
Ec12 ST410 CT278 32 0 0

The results of Table 1 shows that 10 out of 12 isolates had
completely identical consensussequencesafter DCM masking
and SNP pruning was used with fast base-called Q8 data.
Sample Ec07 ST410 CT512 and Ec09 ST410 CT527 had 1
and 2 SNPs in difference, respectively.

As expected, the hac m Q10 data no longer
had most of the SNPs caused by the DCM sites.
However, Ec07 ST410 CT512, Ec09 ST410 CT527 and
Ec11 ST410 CT527 still observed 3-4 SNPs.

Phylogenetical relationship

The generated Newick files from analyzing a mix of
illumina and different types of base-called ONT data can
be seen in table 1 have been visualized using FigTree. The
phylogenetical trees can be seen in Figure 1, Figure 2 and
Figure 3. It was known from previous studies that six of the
isolates (Ec01-Ec06) were from a local outbreak in Denmark,
whereas the other six isolates (Ec07-Ec12) were acquired by
different patients visiting foreign countries.

The structural composition of the calculated phylogenetical
trees was found not to be completely identical. In Figure
1, where only KMA alignment was used to determine the
phylogenetical relationships, the closely related MinION

Figure 1. A visual representation of the generated distance matrix for the
12 isolates using fast Q8 MinION data and Illumina data, where no DCM
masking or recombination pruning was used. Isolates Ec01-Ec06 are from
an outbreak in Denmark, and Ec07-Ec12 originates from different foreign
countries. A pairwise clustering of the isolates has occurred.

sequences and Illumina sequences have clustered separately.
When working with closely related samples from the same
local outbreak a few SNPs might be the only genetical
difference. In situations like this the increased error rate in
MinION sequences can result in an incorrect clustering. In
Figure 2, where both DCM masking and SNP pruning was
used, the MinION and Illumina sequences has clustered in
pairs according to their sample numbers. Ideally, sequences
from the different platforms should cluster together in pairs,
since their consensus sequences should be identical.

In both Figure 1 and Figure 2 the isolates acquired
independently in foreign countries cluster together correctly.
This is due to their phylogenetical differences being greater
than the margin of error introduced in the MinION
sequencing. Additionally, when closely comparing the roots
of these six isolates between the two trees, is is observed that
the roots in Figure 2 are more separated which could indicate
a clearer, more precise phylogenetical result.

In Figure 3 it is observed that the compositional structure
is correct, and that the numerical distances are the same as in
Figure 1.

Loss of data

When performing either SNPpruning or methylation masking
data isexcluded from theanalysis. Since theerrors in theONT
MinION sequences are derived at the sequencing/base-calling
stage, the best option to make a good phylogenetical analysis
is to try to only look at the correctly sequenced parts of the
isolates. In this experiment, we both substituted insignificant
base-calls (lower case base-call letters), DCM motifs and
SNPs in proximity of 3 bases of each other, to ”N”. When
using MINTyper with no motif masking or pruning on fast Q8
MinION data, thus only changing the insignificant base-calls,
a total of 4259673 / 4767526 (89.35%) bases were included
in the distance matrix. When masking the DCM motifs and
performing SNP pruning on fast Q8 MinION data a total
of 3504455 / 4767526 (73.50%) bases were included in the
distance matrix.
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Figure 2. A visual representation of the generated distance matrix for the
12 isolates using fast Q8 MinION data and Illumina data, where both DCM
masking and pruning of SNPs in proximity of 3 bases were used. Isolates
Ec01-Ec06 are from an outbreak in Denmark, and Ec07-Ec12 originates from
different foreign countries.. The relative SNP distances between the isolates
are the nearly the same as in Figure 1, but the total number of included base
pairs in the matrix is reduced, as can seen from the lenght of the scale bar.

Figure 3. This figure shows the visual representation of the generated
distance matrix for the 12 isolates using high accuracy base-called MinION
data (Q10) and Illumina data. Here we observe that the total number of
included base pairs resemble that of Figure 1. Additionally, the structural
errors found in Figure 1 are not observed when using the hac m Q10 data.

Naturally, losing data will always lead to a less confident
result. However, as was shown in Figure 2, we can actually
produce more accurate phylogenetical results when masking
and pruning, even when it meansdropping basesamounting to
15.85% of the total reference length. Thus, in the case of SNP
typing analysis, it is more important to have a high quality of
data rather than a high quantity.

Interestingly, if we only employ SNP pruning and instead
use the methylation-aware high-accuracy Q10 MinION data,
we are able to include 4276863/4767526 (89.71%) bases in
the distance matrix. On top of this, as demonstrated in Figure
3, the structural errors found in Figure 1 no longer appears,
and a greater fraction of base pairs are able to be included in
the analysis.

CONCLUSION

After performing three separate experiments of MINTyper’s
ability to calculate phylogenetic distance matrices of a set
of 12 E. coli isolates, it was found that by employing
KMA alignment, recombination mitigating pruning and DCM
methylation motif masking that ONT MinION long reads
produced accurate phylogenetical results. It was found that in
all 12 isolates thesamesystematic errorswereoccurring in the
MinION fast Q8 data, and by masking the DCM motifs and
pruning SNPs in close proximity or using all of these errors
could be removed in 10 out of 12 samples with only one and
two errorsobserved in thetwo remaining isolates. Running the
analysis using methylation-awarehigh-accuracy Q10 MinION
data instead of fast Q8 found four and three SNPs for three
of the same isolates and an additional two SNPs on a third
sample. These additional SNPs might havebeen true positives
which were filtered out during the DCM masking of the fast
Q8 run.

Even though the post-alignment masking function of the
consensus sequences resulted in a 15.85% reduction the
number of bases included in the distance matrix when using
fast Q8 data, the phylogenetical analysis of the isolates’
compositional relationship improved. Ideally, the base-calling
errors should not occur, and when using data of a higher
quality no motifs had to be excluded from the analysis.
However, generating MinION data of a quality greater than
fast Q8 can be extremely time consuming, and thus simply
masking out error-generating motifs can be an effective tool
when a phylogenetical analysis of quickly generated MinION
reads is desired. Until the sequencing technology improves to
allow for consistent, quick and precise sequencing and base-
calling, MINTyper’s approach to apply long read sequencing
data of lesser quality in outbreak detection has the potential to
be a game changer in thefield of genomic epidemiology.

USAGE AND WEBSERVICE

The source code for MINTyper can be found at:
https://github.com/MBHallgren/MINTyper.

A webserver service of MINTyper can be found at:
https://cge.cbs.dtu.dk/services/MINTyper/.

The data set used in this article was uploaded to ENA
project accession no. PRJEB38543.
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6 Perspectives 

Through the last decade NGS has become a more frequent technology in 

research, surveillance and clinical institutions.70,71 This trend has placed pressure 

on new improved algorithms to analyze these vastly increasing amounts of 

sequence data. Prior to this PhD the majority of sequence analysis methods 

required large cluster computers in order to ensure timely and accurate results, 

so that the correct measures could be made in time. With this PhD most of these 

bottlenecks regarding computational efficiency has been optimized to such an 

extent, that large cluster computers are no longer a requirement for WGS analysis 

of microbes. In direct effect of this institutions such as SSI has recently acquired a 

new computer capable of analyzing the sequence load for approximately 2000$, 

where this trend is likely to spread across surveillance and clinical institutions 

worldwide. Similarly, KCRI has in the last years tested this efficacy by making a 

small cluster-computer composed of 5 standard laptops, to analyze their 

sequence data. This impact on the sequence analysis has been ensured through 

the work in Clausen I-III, where it was proven how standard WGS analyses could 

be carried out in seconds, such as AMR, MLST and targeted SNP typing.  

For metagenomic analysis we do, however, still see relatively large computational 

requirements where software like CCMetagen requires 128 GB of memory and 

approx. 20 CPU minutes to analyze metagenomic sequence samples.68 This places 

a large requirement on memory usage, which is mostly due to the large index 

sizes of the whole genome species databases needed to analyze the species 

composition in metagenomes. Although local computers can be setup to hold 

these databases in memory, it is likely that it will consume most of the RAM block 

and make parallelization inefficient. To circumvent this problem shared memory 
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has been investigated, and through KMA it is now possible to put these databases 

into shared memory, so that several processes can access the index at once. This 

enables analysis of a large number of samples at once and limits the disk access as 

the databases will reside in memory. Alternatively, the index can be analyzed 

directly from the disk at the sacrifice of computational speed. Although 

maturation of the algorithms is still needed for metagenomic species analysis, it 

can be carried out on local computers with the research conducted in Clausen IV. 

Identification of AMR factors, virulence genes, etc. can however be carried out in 

minutes with less than 1 GB of memory. 

It is likely that the 3rd generation of sequencing will become the dominant source 

of sequence data within the next few years, as sequence prices now match that of 

Illumina and the error-rate continues to follow a downward trajectory. With the 

research provided in Clausen V, this transition has been eased, as it was proven 

that the sequence data provided through ONT can be united with historical data 

produced on the 2nd generation sequencing platforms. With the faster turnaround 

times provided through ONT in combination with MINTyper produced in Clausen 

V day to day surveillance has been enabled, which will aid to contain outbreaks in 

the future. 

The algorithms developed under this PhD have already made its impact across 

research, clinical and surveillance institutions around the world.66,68,72–96 The 

implementations of these algorithms have prolonged the lifespan of the web-

servers at CGE, which can now handle more than 450 000 submissions every year. 

Overseas, a similar organization exists, where PATRIC have chosen to use KMA in 

their metagenomic AMR and virulence gene identification pipeline.95  
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In conclusion this PhD has paved the future of microbiological sequencing, by 

enabling fast and accurate sequence analysis methods. 
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Typing and phenotyping based on direct sequencing of samples 
 
Since the beginning of time, the transfer of knowledge from one generation to the 
next has played a center role for all living organisms. If we dive into the microbial 
world, this information is past on through the organisms genetic material (DNA), 
and can even be shared between organisms. This feature of microbial organisms  
allows us to understand how they function, whether or not they are pathogen, if 
they are part of an outbreak and reveal treatment options, simply by reading their 
genetic material. Today we can read this genetic material through sequencing, 
where the analysis of these sequences has the opportunity to better fight  
infectious diseases.  
Through this PhD thesis it is discussed and solutions are found to how these  
microbial sequences are to be analyzed, so that outbreaks can be limited, epidemics 
avoided and solutions be found in a timely and efficient manner. These methods 
have already made its impact on the way sequence analysis is carried out today, 
while several of the methods presented here have been deployed both at clinical, 
surveillance and research institutions around the world.  
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