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Abstract 
Campylobacters are the most common cause of bacterial gastrointestinal infection in humans 

both in Denmark and worldwide. The transmission of Campylobacter can happen through 

multiple sources from food, animal reservoirs and the environment.  

To effectively prioritize food safety intervention against Campylobacter, it is important to know 

the most common sources, which can be found through source attribution models. The models 

investigated in this project are supervised classification machine learning algorithms. These 

models learn pattern associated with genetic variation in isolates from different sources and 

thereby predicts the probability of a human case originates from a specific source.  

 

The models are based on whole-genome sequencing and the bioinformatic tools cgMLST and 

k-mer were used as input feature. cgMLST gave an average accuracy of 0.866 (95 % CI: 0.86-

0.88) for the logit boost algorithm and predicted 59.9 % of the human cases. A different number 

of k were tested of which 6mer (random forest algorithm) were best with an average accuracy 

of 0.896 (95 % CI: 0.89-0.90) and 99.6 % predicted cases. Both models predicted chicken as 

the most common source (39.7 and 41.7 %) followed by broilers and cattle. 

 

Even though the result of this project was promising each of the bioinformatic tools to have 

some handling difficulties. For cgMLST, a high number of missing values had to be imputed, 

where the size of the k-mers matrices was too huge for modelling. Further investigations are 

therefore needed before the use of cgMLST and k-mer are optimal to use for source attribution 

models for Campylobacter and the challenge is to find the balance between data handling and 

the accuracies of the source attribution models. 
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Dansk sammendrag 
Campylobacter er den mest almindelige årsag til bakterielle mave-tarm infektioner i mennesker 

både i Danmark og på verdensplan. Mennesker kan smittes fra flere forskellige kilder lige fra 

mad og dyr til forurenet vand. For effektivt at prioritere forskellige indsatsområder for 

nedbringelsen af Campylobacter tilfælde er det vigtigt at vide hvorfra smitten kommer hvilket 

kan gøres med et smittekilderegnskab.  

  

Modellerne som er undersøgt, er superviserede klassifikations machine learning algoritmer. 

Disse algoritmer bliver trænet til at genkende mønstre som er associerede med den genetiske 

variation som findes i isolater fra forskellige smittekilder. Denne læring benyttes derefter til at 

forudsige sandsynligheden for at et smittetilfælde stammer fra en specifik kilde. 

  

Input dataene brugt i modellerne er baseret på hel-genom sekventering, hvor cgMLST og k-

mer er de benyttede bioinformatiske værktøjer.  

cgMLST gav en gennemsnitlig nøjagtighed på 0.866 (95 % CI: 0.86-0.88) for logit boost 

algoritmen og forudsagde 59.9 % af de menneskelige infektioner. For k-mer blev forskellige k-

værdier testet hvoraf 6mer (random forest algoritmen) var den bedste med en gennemsnitlig 

nøjagtighed på 0.896 (95 % CI: 0.89-0.90) og 99.6 % forudsagte menneskelige infektioner. I 

begge modeller var kyllingekød den mest forudsagte kilde (39.7 og 41.7 %) og var efterfulgt af 

levende slagtekyllinger og køer. 

  

Resultater fundet i dette projekt ser fornuftige ud sammenlignet med tidligere studier, så gav 

begge bioinformatiske værktøjer nogle håndteringsmæssige problemer. cgMLST gav en stor 

mængde manglede værdier som skulle importeres før modellen kunne bygges. For k-mers 

med k-værdi højere end syv var størrelsen på matricerne for store til at modellen kunne 

bygges. Så før cgMLST og k-mers kan være optimale input i en smittekilderegnskabs model, 

behøves noget videre arbejde, og det vil være vigtigt at finde en balance mellem nøjagtigheden 

af modellerne og hvor meget håndtering af data der skal til. 

  



 

 

3 

 

Content 

PREFACE ....................................................................................................................................................... 1 

ABSTRACT .................................................................................................................................................... 1 

DANSK SAMMENDRAG .............................................................................................................................. 2 

CONTENT ...................................................................................................................................................... 3 

LIST OF FIGURES ........................................................................................................................................ 4 

LIST OF TABLES .......................................................................................................................................... 4 

LIST OF ABBREVIATIONS .......................................................................................................................... 5 

1 INTRODUCTION ................................................................................................................................... 6 

2 BACKGROUND ..................................................................................................................................... 7 

2.1 CAMPYLOBACTER .................................................................................................................................. 7 

2.2 BIOINFORMATIC TOOLS........................................................................................................................ 10 

2.2.1 Multilocus Sequence Typing ....................................................................................................... 10 

2.2.2 K-mer .............................................................................................................................................. 11 

2.2.3 SNP ................................................................................................................................................ 12 

2.3 SOURCE ATTRIBUTION MODELS .......................................................................................................... 13 

3 METHOD .............................................................................................................................................. 15 

3.1 DATA DESCRIPTION AND COLLECTION................................................................................................. 15 

3.2 BIOINFORMATIC TOOLS........................................................................................................................ 15 

3.3 SOURCE ATTRIBUTION MODEL – MACHINE LEARNING ........................................................................ 17 

3.3.1 Feature reduction and pre-processing ...................................................................................... 18 

3.3.2 Source imbalance ......................................................................................................................... 18 

3.3.3 Machine learning model .............................................................................................................. 18 

4 RESULTS ............................................................................................................................................. 21 

4.1 DATA SETS ........................................................................................................................................... 21 

4.2 BIOINFORMATIC TOOLS........................................................................................................................ 22 

4.3 MODEL SELECTION .............................................................................................................................. 23 

4.3.1 Seven loci MLST and cgMLST ................................................................................................... 23 

4.3.2 Model selection for k-mer ............................................................................................................ 24 

4.4 MODEL CONSTRUCTION ...................................................................................................................... 25 

4.5 PREDICTION OF HUMAN CASES ........................................................................................................... 27 

5 DISCUSSION ....................................................................................................................................... 28 

5.1 DATASET .............................................................................................................................................. 28 

5.2 EVALUATION OF BIOINFORMATIC TOOLS ............................................................................................. 29 

5.3 EVALUATION OF MODELS AND PREDICTIONS....................................................................................... 32 

5.4 IMPACT ................................................................................................................................................. 34 

6 CONCLUSION ..................................................................................................................................... 35 

REFERENCES ............................................................................................................................................. 36 



 

 

4 

 

APPENDIX A................................................................................................................................................ 40 

APPENDIX B................................................................................................................................................ 41 

APPENDIX C................................................................................................................................................ 42 

APPENDIX D................................................................................................................................................ 43 

APPENDIX E ................................................................................................................................................ 43 

 

List of figures 
Figure 1. Circular representation of the C. jejuni NCTC11168 genome (Parkhill et al. 2000) . 9 

Figure 2. Allelic profiles of the first five sequence type (ST) for C. jejuni/coli (PubMLST n.d.)

 .............................................................................................................................................10 

Figure 3. Example of k-mer where k = 7. ..............................................................................11 

Figure 4. Principle of phylogeny based on SNPs (Leekitcharoenphon 2020). .......................12 

Figure 5. Principle of linear combination where three mers are summed to one variable. .....17 

Figure 6. Overview of the machine learning approach (Munck et al. 2020). ..........................19 

Figure 7. Phylogenetic tree of the data set. Isolates are annotated by the source. ...............23 

Figure 8. Boxplot of accuracies from the 10-fold loop in the model selection of genome 

MLST. ..................................................................................................................................24 

Figure 9. Boxplot of accuracies from the 10-fold loop in the model selection of k-mers. .......25 

Figure 10. Distribution of predicted sources in percentage. ..................................................28 

Figure 11. Example of the problem that occurs when combining mers into variables. ..........31 

 

List of tables 
Table 1. The theoretical number of variables with different k and different reducing method.

 .............................................................................................................................................16 

Table 2. The number of Campylobacter samples in the dataset by source and year. ...........21 

Table 3. The number of isolates used for the seven loci MLST model. .................................22 

Table 4. Size of the k-mer matrices. .....................................................................................22 

Table 5. Average Accuracy for the k-mer analysed. CI = Confidence interval .......................24 

Table 6. Sensitivity, specificity, and balanced accuracy for the prediction of sources by the 

cgMLST (logit boost) model. .................................................................................................25 

Table 7. Confusion matrix for the constructed cgMLST (logit boost) model. .........................26 

Table 8. Sensitivity, specificity, and balanced accuracy for the prediction of sources by the 

6mer (random forest) model. ................................................................................................26 

Table 9. Confusion matrix for the constructed 6mer (random forest) model. .........................26 

Table 10. Source attribution results. The number of human cases predicted to every source.

 .............................................................................................................................................27 

Table 11. Isolates in the dataset sorted by source and country. ...........................................41 

Table 12. Count of strains in the different seven loci MLST sequence types (ST).................42 

 

  



 

 

5 

 

List of abbreviations 
 

cgMLST Core genome Multilocus sequence typing 

CI Confidence interval 

COI Cost of illness 

Lb Logit boost 

MLST Multilocus sequence typing 

Nzv Near zero variance 

Rf Random forest 

SA Source attribution 

SNPs Single Nucleotide Polymorphisms 

wgMLST Whole genome multilocus sequence typing 

WGS Whole-Genome Sequencing 

 

  



 

 

6 

 

1 Introduction 

Since 2005, Campylobacter has been the most common cause of bacterial gastrointestinal 

infection in humans worldwide. In the EU, campylobacteriosis has remain stable between 2015 

and 2019, with the number of total confirmed cases between 220,000-247,000 (EFSA and 

European Centre for Disease Prevention and Control 2021). In Denmark, the number of human 

infections has been increasing in the last couple of years, and there were more than 5,300 

cases registered in 2019. In 2020, the number of reported infections decreased by 

approximately 30% probably due to Covid-19, but Campylobacter is still the most common 

bacterial cause of diarrhoeal disease in Denmark (Anonymous 2020; Statens Serum Institut 

2020).  

 

In 2010, the Foodborne Disease Burden Epidemiology Reference Group (FERG) of the WHO 

estimated that Campylobacter resulted in 166 million (95% uncertainty interval [UI] 92-301 

million) infections leading to 37,600 deaths (95 % UI 27,700-55,100). FERG estimated that 58 

% of the cases were a result of foodborne transmission, making Campylobacter the second 

largest contributor just after norovirus (Kirk et al. 2015). These numbers emphasise that 

Campylobacter is of general public health concern and a focus area is to reduce the number 

of cases by preventing and controlling transmission.  

 

To prevent Campylobacter infections, it is important to know from which source the infections 

originate. Source attribution models link sporadic human cases of a specific illness to food 

sources and animal reservoirs (e.g., broilers, pigs, cattle). The result of source attribution 

models is the number of sporadic cases that are attributed to the different sources. The 

knowledge obtained with source attribution models is used to identify and prioritize the 

appropriate food safety interventions and evaluate the impact of these prevention strategies 

and control programs (Sara M. Pires et al. 2009).  

 

Several studies have shown that the majority of human Campylobacter infections can be 

attributed to the chicken reservoir, including broiler meat. In 2011, the European Food Safety 

Authority (EFSA) published an opinion on control options for Campylobacter in broiler meat 

production. The opinion expected that strict implementation of biosecurity in the primary 

production and implementation of GMP and HACCP during slaughtering would reduce the 

number of broilers with Campylobacter and contamination of meat, respectively (EFSA Panel 

on Biological Hazards (BIOHAZ) 2011).  

Since 2003, Denmark has made targeted efforts to reduce the occurrence of Campylobacter 

in broilers and chicken meat, thereby decreasing the consumers’ risk of getting ill. The national 

action plan has been updated and extended over the years to cover every part of the food 

chain from applying insect nets in the chicken houses to awareness campaigns aimed at the 

consumers. The action plan includes several initiatives, where some have the purpose of 

achieving new knowledge of the sources of infection by developing source attribution models 

(Fødevarestyrelsen 2018).  

The demand for source attribution for Campylobacter is not only at a national level. In the EU, 

there is an ongoing project called DiSCoVer. The project aims to achieve new knowledge about 

the sources of infections by applying several methods, both exciting and novel. One of the 
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methods is WGS based source attribution. The development of whole genome sequencing 

(WGS) has given new opportunities to investigate the genetic relatedness between strains 

from different sources and humans. Many bioinformatics tools have been developed, and each 

tool provides valuable information that may be used for microbiological approaches in source 

attribution. 

 

The overall aim of this project is to make a Whole-Genome Sequences (WGS) based source 

attribution model for Campylobacter. The goal is to get a model that can estimate links between 

sporadic human infections of Campylobacter to different food sources and animal reservoirs.  

The objectives are: 

• To evaluate different bioinformatic tools like k-mers, core genome- or whole genome 

multilocus sequence typing (cgMLST and wgMLST, respectively) as input for the 

models and compare them with the presently used seven loci MLST. 

• Evaluate machine learning as an approach for source attribution for Campylobacter by 

using different algorithms.  

• Estimate the number of sporadic human Campylobacter infections that are attributable 

to different food sources and animal reservoirs. 

• Make a phylogenetic tree and compare it with the results from the source attribution 

models.  

 

2 Background 

2.1 Campylobacter 

Campylobacter is a Gram-negative bacterial pathogen. They are curved, S-shaped or spiral 

rods with a flagellum at one or both ends, meaning they are motile. Campylobacter is non-

spore-forming, sensitive to oxygen and grows best at 37-42° C (Ketley and Vliet 2019). 

Campylobacter is a part of the microbiota of a wide range of animal, both domestic and wild. 

They are especially found in the intestine of birds as their body temperature fits 

Campylobacter’s growth optimum and is therefore spread widely by birds to the environment 

as rivers and lakes. With many sources of Campylobacter, the route of transmissions to human 

is several. Humans can be infected through direct contact with animals or human, as well as 

exposure to contaminated food/drinking water or environmental exposure. Generally, 

contaminated food is the main route of transmission with undercooked meat and meat product, 

as well as raw milk. Campylobacter’s growth criteria do that they cannot multiply in food and 

are killed with proper heat treatment. Improper handling of the raw food can result in cross-

contamination to foods that are not heat-treated, like salad, this can result in transmission to 

humans and lead to infection (Ketley and Vliet 2019). 

 

There are several different species but 80-90 % of all human Campylobacter infections are 

caused by the species Campylobacter jejuni. The species Campylobacter coli is responsible 

for most of the remaining cases. Other Campylobacter species detected in humans are 

Campylobacter lari, Campylobacter fetus and Campylobacter upsaliensis (EFSA and 

European Centre for Disease Prevention and Control 2021). Humans can get an asymptomatic 

infection by ingesting as few as 500 to 800 organisms. The incubation period is up to seven 
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days after ingestion, but the average incubation period is three days. The main symptoms of 

gastroenteritis (GE) are abdominal pain and diarrhoea (often bloody) but influenza-like 

prodrome as fever can also be present. GE is most of the time self-limiting, and symptoms 

generally last a couple of days. As Campylobacter infections clinically are much like Salmonella 

or Shigella infection, a laboratory test is needed for confirmation (Ketley and Vliet 2019).  

 

Infection with Campylobacter can develop further to Guillain-Barré syndrome (GBS), an 

autoimmune peripheral polyneuropathy. GBS can result in paralysis, which can be fatal. The 

syndrome affects approximately 1 in 1000 infected persons per year (Ketley and Vliet 2019). 

Other outcomes of Campylobacter infection are Reactive Arthritis, Irritable Bowel Syndrome 

and Inflammatory Bowel disease (Sara M. Pires 2014). 

 

The confirmed number of Campylobacter infections differs between seasons. In the EU, the 

number of cases fluctuates over the year. The difference is approximately 15,000 cases from 

the winter months to clear peaks every summer (EFSA and European Centre for Disease 

Prevention and Control 2021). Campylobacteriosis occurs among all age groups and is almost 

equally divided between men and woman (men counted for 54 % in 2019). In Denmark, young 

adults in their twenties tend to have a higher incidence than the other. It is estimated that 

around one-third of cases are acquired on foreign travels (Statens Serum Institut 2020).  

 

Most of the Campylobacter infections are sporadic cases. In 2019 the total number of cases 

was 220,682 in the EU. Of these, 1,254 reported cases were related to foodborne outbreaks 

(EFSA and European Centre for Disease Prevention and Control 2021). Campylobacter was 

responsible for nine outbreaks in 2019 in Denmark, corresponding to 17.6 % of all the food- 

and waterborne outbreaks reported that year. 188 patients were laboratory confirmed in total, 

and six of the outbreaks were traced back to chicken meat as the source (Anonymous 2020). 

 

Denmark has a laboratory surveillance system where information on human infections is 

collected for Campylobacter and other zoonotic pathogens like Salmonella and Listeria. Even 

though Denmark has this notifiable system, the number of infected people is still 

underestimated. As the infection in a large part of cases resolves within a few days, only a 

fraction of people go to the doctor. Of these, a smaller part hand in a stool sample to laboratory 

test. This results in both underdiagnosis and underreporting, meaning the true number of cases 

is much higher in reality. Pires (2014) estimated that for one registered case in Denmark’s 

surveillance system, a total of 12 people were infected. 

 

The combination of many sources, transmission routes, underreporting, and that most of the 

cases are sporadic makes it difficult to fully understand the mechanisms and epidemiology of 

Campylobacter (Llarena, Taboada, and Rossi 2017). 

Additionally, is the adaption ongoing and happening through horizontal gene transfer, where 

genetic material moves between two organisms. Besides, Campylobacters tend to take up 

naked DNA from their surroundings and incorporate it into their genome (Ketley and Vliet 

2019). DNA uptake and the horizontal gene transfer result in broad variations in their genome 

and make them genetically diverse, which makes source attribution more difficult.  
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The first C. jejuni genome was sequenced and published in 2000. The isolate NCTC11168 

came from human stool. The genome consisted of 1,641,481 base pairs (bp) in a circular 

chromosome, see figure 1. It was predicted that the genome had 1,654 coding sequences 

(CDS), also known as loci (Parkhill et al. 2000). The sequencing of the C. jejuni NCTC11168 

was a milestone in the research of Campylobacter. Through the years, scientists reanalysed 

the genome in step with increasing research. Gundogdu et al. (2007) made a reannotation of 

the NCTC11168 genome and found updates across the entire genome. They reduced the 

number of CDS to 1,643, and 90 % of them got additional information by integrating data from 

supplementary Campylobacter species and strains.  

The 1,643 loci are known as the whole genome. These loci can either be categorised as core 

genes or as accessory genes. The core genes are loci that are present in the majority of 

Campylobacter strains, where accessory genes are the rest of the loci and only need to be 

present in a minimum of one strain. 

 

Figure 1. Circular representation of the C. jejuni NCTC11168 genome (Parkhill et al. 2000) 

  

The Public databases for molecular typing and microbial genome diversity (PubMLST) have, 

through the years, collected more than 1.3 million allele sequences covering more than 

100,000 isolates and 52,000 genomes of Campylobacter jejuni/coli (Jolley, Bray, and Maiden 

2018). 

 

With the use of WGS, scientists have discovered host-associated genotypes, meaning some 

specific genotypes are more commonly isolated from, for example, chicken or cattle, where 

others are more general and isolated from multiple hosts. This knowledge is used in source 

attribution, where isolates can be assigned to a most likely host reservoir and be used to 

investigate the source of human infections (Thépault et al. 2017). 
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2.2 Bioinformatic tools  

The bacterial genome consists of a double-stranded DNA sequence that is composed of the 

nucleotides adenine (A), thymine (T), cytosine (C), and guanine (G). These nucleotides are 

paired together (A-T and C-G) in the so-called base pairs of which Campylobacter have more 

than 1.6 million as mentioned above. To extract the valuable data from the bacterial genome 

bioinformatic tools are used. The tools are used to analyse and interpret data from WGS to 

estimate the similarity between different genomes. Different approaches have been developed 

through the years resulting in a wide range of possibilities for phylogenomic analyses, which 

can be used in source attribution.    

 

2.2.1 Multilocus Sequence Typing  
Gene-by-gene approaches are widely used in surveillance and source attribution. The golden 

standard for typing isolates is Multilocus Sequence Typing (MLST). MLST was developed in 

1998 for Neisseria meningitidis (Maiden et al. 1998). The principle of MLST is to compare 

isolates by looking at specific genes in the genome, also known as loci. The MLST scheme for 

C. jejuni consists of seven housekeeping genes with a length of approximately 400-500 base-

pair. The seven genes are aspA (aspartase A), glnA (glutamine synthetase), gltA (citrate 

synthase), glyA (serine hydroxy- methyltransferase), pgm (phosphoglucomutase), tkt 

(transketolase) and uncA (ATP synthase subunit). Each of these loci can have different 

versions due to variations in the nucleotide sequence. The different versions of a locus are 

known as alleles. When doing MLST, each allele is assigned a random positive number. Every 

isolate will get an allelic profile consisting of seven numbers, one for each gene. Figure 2 shows 

an example of five allelic profiles for Campylobacter.  The unique combination of alleles can 

be used to characterizing a wide range of bacteria and fungi. The allelic profile is used to 

differentiate between sequence types (ST) in different isolates during outbreaks investigation, 

or it can be used as an input for the source attribution model. 

 

 

Figure 2. Allelic profiles of the first five sequence type (ST) for C. jejuni/coli (PubMLST n.d.)  

 

Source attribution methods based on MLST data is widely used because MLST to some 

degree can identify host association between ST. The disadvantages with MLST are difficulties 

with detecting diffuse outbreaks which occurs over long periods or in a wide geographic area. 

Another disadvantage is the vague distinction between the two reservoirs cattle, and chicken 

(Cody et al. 2019; Boysen et al. 2014). The development of WGS has enabled scientists’ 

access to more genetic information and thereby an increasing number of loci to examine. This 

possibility opens for investigation and development of higher discriminatory models.  
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Core genome Multilocus Sequence Typing (cgMLST) is one of the further developed tools for 

Campylobacter. cgMLST use the same principle as MLST by comparing allelic profiles for a 

number of loci. Instead of an allelic profile of seven loci, cgMLST look at the core genome of 

Campylobacter. The cgMLST scheme consists of 1,343 genes. These genes were all present 

in >95 % of almost 2,500 isolates from the United Kingdom (Cody et al. 2017).  

The output data from cgMLST are the allelic profiles on the 1,343 loci for all isolates.  

 

Whole genome Multilocus Sequence Typing (wgMLST) is in principle the same, but instead of 

aligning to a scheme of core genes as in cgMLST, the alignment is to a scheme of both core 

and accessory genes, i.e., the whole genome with a total of 1,643 genes identified in the 

reannotation of the genome sequence of C. jejuni isolate NCTC11168 (Gundogdu et al. 2007).  

 

2.2.2 K-mer 
Another way to analyse the sequencing data of the whole genome is to use the k-mer 

approach. The approach consists of a contiguous subsequence of the character of a fixed 

length, k, within a sequence of length L. The k-mers are the set of all smaller sequences of k 

number of letters that can be read in the sequence of length L. 

In the case of DNA sequences, k-mers are extracted at every letter or position of the original 

sequence. Figure 3 shows an example with a DNA sequence and k=7. The chain of 

nucleotides in the DNA makes it possible to define a number of possible k-mer and the 

theoretical number of possible k-mer for each k and sequence of length L:  

- The number of k-mer within a sequence of length L: 

o  L-k+1  where L= the length of the sequence, k= fixed length of the k-mer 

- The number of possible combinations of k-mer:  

o nk  where n =4, k=fixed length of the k-mer  

 

As the bacterial DNA are double-stranded, the reverse complement is considered as the same 

sequence, thus when using 3-mer, AAA and TTT are considered the same. This means that 

the number of k-mers used as input in the source attribution model is half the size of the total 

number of k-mers (nk). 

 

Figure 3. Example of k-mer where k = 7. 

 

When having the same k and same L, a set of k-mer will be different and the frequency of 

combinations of k-mer varies according to the sequence. The frequency of a set of k-mers is 

used as identification to gather genomic sequencing of the same species. K-mer is often used 

to identify species as sequences with high similarity share k-mers. Normally k-mers of an 

unknown source is compared to a reference through different databases (Leekitcharoenphon 
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n.d.). In this case, the frequency of each k-mer is found in every isolate and is used to compare 

the isolates with each other. The principle of specific k-mer features to recognise species is, in 

this work, hypothesize to distinguish isolates from different sources and group those from the 

same source. Here, it is assumed that Campylobacter from the same source (or reservoir) 

share a similar frequency of k-mer. 

 

The k-mer approach has several advantages. Firstly, as shown before k is a fixed number, but 

it can be changed from one to any positive number, hence the number of possible 

combinations of k-mer increases exponentially, which creates flexibility regarding the data 

input (features) for the source attribution model. This flexibility in feature is not possible with 

genome MLST where the number of loci is settled in a predefined scheme. Secondly, the 

genome of Campylobacter is likely to mutate in specific rearrangement, which makes the 

cgMLST scheme unstable regarding the missing value, k-mer is independent of mutation and 

the results are therefore without any missing data. Eventually, each combination of a k-mer is 

defined for a specific k, therefore results are sharable, and profiles of frequency are 

comparable from a laboratory to another one that is a substantial advantage for surveillance. 

 

2.2.3 SNP  
Single nucleotide polymorphisms (SNPs) are defined as DNA sequence variations that occur 

when a single nucleotide in the genome sequence is changed. Each bacterial strain has many 

SNP that together create a unique DNA pattern. Methods for identifying SNPs in closely related 

strains are valuable for bacterial classification e.g., for outbreak detection. These tools map 

the investigated genomes to a selected reference genome. After the mapping, SNPs are 

localised in the genomes. Following the localisation of SNPs, the results are filtered based on 

the mapping quality, SNP quality and sequencing depth. Based on the quantity and position of 

nucleotide differences found between genomes it is possible to infer a phylogenetic tree, also 

known as phylogeny. Figure 4 present the principle of a simple phylogenetic tree based on 

SNPs.    

 

 

Figure 4. Principle of phylogeny based on SNPs (Leekitcharoenphon 2020). 
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2.3 Source attribution models 

The approaches for source attribution are many. Overall, scientists use four general methods:  

expert elicitation approaches, intervention studies, epidemiological, and microbiological 

approaches (Sara M. Pires et al. 2009). Each of these approaches has both advantages and 

limitations. The appropriate method depends on the public health questions addressed.  

 

The epidemiological approaches usually cover the analysis of data from outbreak investigation 

but are often not being used for Campylobacter, as they primarily result in sporadic cases and 

only a small number of outbreaks are detected yearly. Other epidemiological studies, such as 

case-control studies, are good to find potential risk factors. The challenge with these studies 

is different bias like recall and selection bias.  

 

Intervention studies are often used to control foodborne diseases. The national action plan for 

reducing Campylobacter in poultry meat is a way to study intervention prospectively. 

Sometimes accidental interventions are happening. In 1999, the consumption of chicken meat 

and eggs decreased in Belgium. The products were withdrawn from the market due to the use 

of dioxin-contaminated chicken feed. A study estimated that the number of reported cases was 

40% lower than expected due to the withdrawal. This accidental intervention suggested that 

40% of reported Campylobacter infections could be attributed to chicken (Vellinga and Van 

Loock 2002). Such accidental interventions happen only very rarely and will always be 

retrospective.  

 

The source attribution approach used in this project is the microbial subtyping approach. The 

principle of this approach is to compare subtypes of isolates from different sources (e.g., food, 

animals or the environment) with subtypes of isolates from humans (Sara M. Pires et al. 2009). 

The subtypes can either be the expressed phenotype (e.g., antimicrobial profile, serotype, or 

phage type) or nucleotide composition of the genome, also called genotype (e.g., MLST or 

WGS). In general, the genotyping method is used for Campylobacter, which is also the case 

in this project.  

 

In microbial subtyping, several source attribution models are developed. Overall, two types are 

used, frequency-matching models (e.g., the Hald model) and population genetics models.  

The frequency-matching models determine the most likely sources of human cases, 

probabilistically, by looking at the prevalence of subtype in animal and food sources, as well 

as human exposure to the sources. Population genetics models are based on analysing 

genetic data to detect how the microorganisms are structured into subpopulations. The 

methods are built on the assumption that genetic relations between subtypes are indicators of 

transmission pathways or host association. By comparing the genetic data in different subtypes 

from sources and humans, it is possible to find genetic relatedness and therefore find links 

between the different subtypes. The most widely used models in this approach are the 

Bayesian clustering algorithm STRUCTURE and the asymmetric island model (Mughini-Gras 

et al. 2019).  

 

The STRUCTURE model was developed by Pritchard, Stephens, and Donnelly (2000). The 

model assumes that there are K populations, where K is the number of sources. Each 
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population is characterized by a set of allele frequencies at each locus considered. When 

attributing the human cases, each strain is assigned to one of these populations by comparing 

the allele frequencies at each locus to those characterizing each source.  

 

The Asymmetric Island Model was developed for Campylobacter by Wilson et al. (2008). In 

this model, a population is separated into different islands, where individuals can migrate 

between the islands in several generations. Genetic differentiation in the populations is 

therefore a picture of migrants in each island at each generation. By looking at the allelic 

frequencies at given loci in the population with a known source, it is possible to attribute human 

cases, where strains from human cases are the populations, and the islands correspond to the 

different sources.  

 

The STRUCTURE model and the asymmetric island model are only two of many population 

genetic models. With the use of WGS, new approaches are developing, including the use of 

machine learning algorithms. There is a growing interest in the use of machine learning to 

source attribution, and Lupolova, Lycett, and Gally (2019) have published a guide on the topic 

with Salmonella as an example.  

 

In a study by Munck et al. (2020), a source attribution model was developed 

for Salmonella Typhimurium and its monophasic variants in Denmark. The model was based 

on WGS and machine learning. The dataset consisted of 351 isolates (210 from animals and 

141 from human). The input data were generated with cgMLST, consisting of 3,002 loci. With 

machine learning, the model was trained to look at allelic variations in the core genes. The 

allelic variations were used to identify loci that could be used to differentiate between sources. 

The number of loci was reduced to only include loci with useful information. The study 

evaluated two machine learning algorithms, logit boost and random forest. To select the best 

algorithm the data was split into two groups: a randomly generated training data set (70 %) 

and a testing data set (30 %) for performance. The splitting was done for ten iterations, and 

the algorithm with the highest average accuracy was used further for model construction. The 

final model was constructed with the original dataset to learn as much as possible about the 

data variability. The output from the final model was predicted probabilities that each human 

case originated from a specific source. The final model could predict the source in 81 % of the 

human salmonellosis cases (Munck et al. 2020). 

 

The approach and methods used by Munck et al. (2020) are modified and evaluated for 

Campylobacter in this project. In addition, a novel k-mer approach are evaluated where the 

frequency of k-mers is used instead of cgMLSTs allelic profiles as data input in the source 

attribution model. 
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3 Method 

3.1 Data description and collection 

The total dataset included 2,652 Campylobacter jejuni samples from human, food, animals, 

and the environment collected between May 2015 and March 2017. The Danish Veterinary 

and Food Administration provided data on food, animals, and the environment. Isolates from 

human infections were provided from the Statens Serum Institute’ Campylobacter surveillance. 

Isolates from humans with known travel history were not included in the dataset. 

The data were screened to remove duplicates and isolates with incomplete metadata. Isolates 

from bathing seawater and vegetables are known as contaminated sources, however, they are 

not reservoirs of Campylobacter. Isolates from these two categories were excluded in the 

modelling, as the final model will be a reservoir model. For simplicity in the results, the models 

did not distinguish between imported and domestic isolates. 

 

3.2 Bioinformatic tools 

Bioinformatic analysis and construction of machine learning models were performed using 

Danish National Supercomputer for Life Sciences, Computerome 2.0 

(https://www.computerome.dk), a local server for a Linux-based command-line system. 

Computerome was accessible through the terminal MobaXterm 

(https://mobaxterm.mobatek.net). Much of the work used R version 4.0.0 (R Core Team 2020) 

in Computerome 2.0.  

 

Sequencing and Assembly 

The isolates were sequenced using Illumina Hiseq platform generation 100 bp paired-end 

reads. The raw reads, fragments of DNA, were put together in continuous sequences, known 

as contigs. The process was done without the knowledge of the sequence, called de novo 

assembly. The assembling was done using Food QC & Assembly pipeline that includes 

assembler SPAdes 3.9 (Bankevich et al. 2012). The quality of the assembly was assessed 

using the number of contigs, N50, and the total size of the assembly.  

Assemblies were scaffold assemblies with numerous contigs. Genome assemblies with less 

than 500 contigs were kept in the dataset. N50 is a statistical measure of the length of contigs, 

it is the median of the lengths of contigs and the bigger N50 is the better is the assembly. 

Eventually, the total size of the assembly was checked to match the expected size for a 

Campylobacter jejuni genome which is around 1.6 to 1.7 million base pairs. 

 

Seven loci MLST  

The seven loci MLST and allelic profiles were obtained using the MLST pipeline available from 

the Center for Genomic Epidemiology (www.genomicepidemiology.org). It uses the MLST 

scheme developed by Dingle et al. (2001) and is updated by PubMLST (Jolley, Bray, and 

Maiden 2018). The seven loci MLST was performed using Computerome 2.0 in order to batch 

upload all the genomes: Ultimately, an in-house script in python was used to gather results in 

a matrix with the seven loci as columns and genomes as rows.  

 

 

https://www.computerome.dk/
http://www.genomicepidemiology.org/
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cgMLST 

Core genome multilocus sequence typing (cgMLST) was performed on the whole dataset to 

generate input data for the source attribution model. The scheme developed by Cody et al. 

(2017) was used. Similarly to seven loci MLST, the cgMLST pipeline available from the Center 

for Genomic Epidemiology (www.genomicepidemiology.org) was used from Computerome 2.0 

to be able to do batch uploading of all the genomes.  

 

The genomes of the Campylobacter isolates were very diverse due to horizontal gene transfer 

and mutations, as mentioned earlier. The diversity often results in an incomplete allelic profile 

with missing data. The missing values in the allelic profiles were imputed using Nonparametric 

Missing Value Imputation using Random Forest (missForest). A random forest was trained on 

the observed values in the allelic profile to predict the missing alleles. This was obtained using 

the missForest function in the missForest package in R (Stekhoven, Daniel, and Stekhoven 

2016). 

 

K-mer 

K-mers were extracted from genomes using KMC v3.0.0 (Kokot, Dlugosz, and Deorowicz 

2017). This software uses a text-based file (fasta files) from assemblies or raw data as input. 

K-mers were extracted for length; 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 20, 25, 30, 35, 40, 

50 and 100 for each of the genomes. The results for each k were combined in a matrix and 

used as input data for the modelling. The k-mers matrices sum the count of each k-mer present 

in each of the isolates, with all possible k-mer as column headers and all the isolates as row 

headers. The matrices were produced using an in-house python script and when a specific k-

mer was not present in an isolate, a 0 was written.  

Table 1 shows the number of variables of the different k´s and different reducing method. Each 

k-mer was one variable in the dataset. When k = 3, the dataset included 32 variables, and the 

number of variables was almost half a million when k = 10.  

 

Table 1. The theoretical number of variables with different k and different reducing method.  

Green fields are investigated in this project. 

K Total k-mers (4k) Input in 

SA model  

Starting 

with 

ATG 

Linear 

combination 

of 50 

3 64 32 1  

4 256 128 5  

5 1024 512 12  

6 4,096 2,080 50 42 

7 16,384 8,192 198 164 

8 65,536 32,896 794 658 

9 262,144 130,646 3,169  

10 1,048,576 492,833   

12 16,777,216 8,388,608   

 

Two ideas were investigated to reduce the number of k-mers based on their counts: clustering 

of the k-mers and filtering k-mers by using only k-mer starting with ATG, as this is the starting 

http://www.genomicepidemiology.org/
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codon for the open reading frame (ORF). In the cluster method tested, the mers were clustered 

by making a linear combination of n number of mers (sum-approach). Instead of having each 

mers as one variable, then 50 mers were summed to be only one variable, i.e., 50 k-mers = 

one variable. Figure 5 shows the principle where three mers are summed into one variable. 

This sum approach was done for the whole dataset. The approach was done to keep all the 

information of the data and lower the dataset size, enabling the construction of the models and 

reduce the computation time. The final number of mers and variables can be seen in table 1. 

 

 

Figure 5. Principle of linear combination where three mers are summed to one variable. 

 
SNP: single nucleotide polymorphism 

To examine genetically relatedness between source isolates and isolates from human cases, 

a SNP based phylogenetic tree was made. The SNP tree was built with the pipeline CSI 

phylogeny accessible from the Center for Genomic Epidemiology 

(www.genomicepidemiology.org) (Kaas et al. 2014).  

The paired-end reads were mapped to the reference genomes using Burrows-Wheeler Aligner 

(BWA) (Li and Durbin 2010). The SNP analysis was performed using the reference genome: 

Campylobacter jejuni subsp. jejuni NCTC 11168 = ATCC 700819 (accession NC_002163.1, 

length 1 641 481 bp), a clinical isolate from the United Kingdom and the first isolate to be 

sequenced. 

SNPs were determined using mpileup commands from SAMTools version 0.1.18 (Li et al. 

2009; Li 2011). The SNPs were filtered according to five parameters: (1) a minimum distance 

of 10 bps between each SNP, (2) a minimum of 10x depth and 10% of the breadth coverage, 

(3) the mapping quality was above 30, (4) the SNP quality was higher than 20, and (5) all indels 

were excluded. For each genome, SNPs were concatenated to a single alignment 

corresponding to the positions of the reference genome. 

The concatenated SNPs tree was inferred using PhyML (Guindon et al. 2010) based on a 

search for the best-scoring Maximum Likelihood tree with the General Time-Reversible model 

of substitution. ItoL (Letunic and Bork 2019) was used for the visualisation of the phylogenetic 

tree, where the number of SNPs between isolates is equivalent to the distance in the tree. 

 

3.3 Source attribution model – Machine learning 

The machine learning models were built on the development of predictive modelling, meaning 

a mathematical model that can generate accurate predictions (Kuhn and Johnson 2013). The 

idea with machine learning is to analyse large and complex datasets and search for patterns 

that can reflect the potential source of human Campylobacter infections. The results are the 

probability of a human case originating from the potential sources included in the model.  

 

http://www.genomicepidemiology.org/
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The machine learning algorithms were trained on different features. In the MLST, both seven 

loci and core genes, the models were trained on allelic variations, and the features were the 

specific loci in the genome. With k-mer, the models were trained on the occurrence of mers in 

the genome, meaning each mer was a feature. The machine learning method used in this 

project was supervised classification learning. The models were developed using input and 

output data, where features served as input and the sources (classes) were the output data. 

 

The R scripts used for modelling and statistic, can be seen in appendix A. 

 

3.3.1 Feature reduction and pre-processing 

To reduce the number of features, an initial step involved the removal of zero and near-zero 

variance predictors using the NearZeroVariance function in the caret R package (Kuhn 2020). 

Zero variance (nzv) finds if any variables (loci or sequences) mainly consist of the same value 

and therefore provide very little information to the model. Near-zero predictors consist of 

variables with only a few unique values that are present at very low frequencies. Such 

predictors may lead to either unstable model fits or models that stop due to errors in many 

machine learning algorithms except tree-based models (Kuhn and Johnson 2013). Variables 

detected with nzv were removed from the dataset used for modelling. 
 

The Boruta function was used to investigate and select features that were important to 

distinguish between the sources in the dataset. The Boruta function is a part of the Boruta R 

package, and it statistically compared original features with randomly generated features by 

random forest (Kursa 2020). If a feature decreased the accuracy, it was found to be less 

important as predictors for classifying source and the feature was removed from the dataset 

used for modelling. 

 

These feature reductions could help to decrease the complexity and computation time of the 

model.  

 

3.3.2 Source imbalance 

As mentioned earlier, chicken is one of the leading sources for human campylobacterosis and 

sampling in broilers and chicken are highly prioritised as part of interventions. This results in 

an unbalanced dataset, which can influence the modelling. To evaluate what the imbalance 

between the sources was doing for the model results, upsampling was applied. The 

upsampling function, in the caret package in R, made the sample distribution equal among 

sources corresponding to the source with most isolates. This was done by randomly, with 

replacement, sample isolates from the minority sources (Kuhn and Johnson 2013; Kuhn 2020). 

The upsampled data were used for model selection and model construction but not for the final 

predictive model. 

 

3.3.3 Machine learning model 

The machine learning models were developed in three general steps: Model selection, Model 

construction and the final model. Figure 6 shows an overview of the approach. To select and 

construct the model, the data set was split into two groups: training and testing data. The 

training dataset, corresponding to 70 % of the source isolates, were randomly generated and 
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used to train the models. The remaining 30 % of the source isolates were used as testing data 

to assess the performance of the models. This split of the data was done for ten iterations. To 

cross-validate, the training data were randomly divided into seven subsets, six subsets of equal 

size to build the model and one held-out-subset used for prediction. The model’s ability to 

predict the right source of the held-out-subset was expressed by the average accuracy. After 

reporting the average accuracies, the held-out-subset was returned to the training dataset. 

This procedure was repeated until all subsets had been held out and been predicted (Kuhn 

and Johnson 2013).  

 

 
Figure 6. Overview of the machine learning approach (Munck et al. 2020).  

Before modelling, was the data handling with reduction of features and upsampling. The building of 

the model was in three parts: Model selection, model construction and the final model, which were 

built the same way with 10 model runs each validated seven times. The final model was built on the 

original dataset and used to predict the sources of the human cases. 
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The average accuracies were used the select the best models. When using k-mer as data 

input, the average accuracies have been used to select both the best number of k and the best 

handling of data (ATG and linear combination), where it was needed. To compare the results 

from the models a one-way ANOVA and Tukey test were made.  

 

Two algorithms were evaluated, logit boost (LB) and random forest (RF). These algorithms 

have been applied successfully in studies analysing sequencing data from Salmonella 

Typhimurium, Shiga toxigenic Escherichia coli and Listeria monocytogenes (Munck et al. 2020; 

P. Njage et al. 2018; P. M. K. Njage et al. 2019). 

 

The two algorithms are based on decision trees like many other machine learning algorithms. 

Decision trees split the data into subsets based on some defined criteria. If the subset contains 

a lot of different sources, it will be split again. The splitting will go on until a subset only has 

one source or have reached a set stop criterium. The difference between the two algorithms is 

that random forest builds each tree independently and combines the result at the end, where 

logit boost builds the tree one at a time and combines the results as the model is made (Glen 

n.d.). 

 

Model Performance Evaluation 

The models were constructed the same way as in model selection. To evaluate the 

performance of the model, the following performance indicators were used: valid accuracy, 

kappa value, confusion matrix, and sensitivity, as well as specificity for each of the sources.  

The valid accuracy was found by determining the models’ ability to predict the source of 

isolates in the testing data set, the cross-validation. The confusion matrix cross-tabulates 

observed and predicted cases and was another way to show the valid accuracy. From the 

confusion matrix, kappa, sensitivity, and specificity could be calculated.  

The kappa value indicates the agreement between observed and predicted sources and was 

calculated from the row and column sums. A kappa value of zero means that there is no 

agreement between the observed and predicted sources, where a kappa value between 0.8-1 

indicates perfect agreement (Kuhn and Johnson 2013). The sensitivity is the proportion of 

source samples correctly predicted, e.g., chicken predicted correctly as chicken. Specificity is 

the proportion of non-source samples correctly predicted, meaning that they are predicted to 

other sources than chicken (Kuhn and Johnson 2013).  

 

Source Attribution 

The final model was built on the original not-upsampled source dataset and was made in the 

same way as both model selection and model construction. In this way, the model learned as 

much as possible about the data.  

 

The final model was used to predict the probability for each human case to originate from a 

specific source. The sum of the probabilities across each source corresponds to the number 

of human cases attributable to the specific sources. Human cases that could not be predicted 

was referred to as an unknown source.  
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4 Results 

4.1 Data sets 

The total dataset contained 2,652 isolates from food, environment, and animals (n = 1,921) 

and humans (n = 731). After data screening, the final dataset consisted of 1,506 isolates, 786 

from sources and 720 from humans. Table 2 shows the distribution of the isolates by source 

and year. Chicken (n = 292), cattle (n = 222), and broilers (n = 160) were sources with the 

most isolates available, whereas the fewest isolates were available from vegetables and 

bathing seawater with respectively three and two isolates over the three years. The source 

broilers cover isolates taken from animals, whereas chicken covers isolates taken from food 

samples. 

A small number of isolates (n = 151) were taken from food imported to Denmark, Appendix B. 

The foods were imported from the following countries: Germany, France, Hungary, Italy, 

Netherlands, Poland, and the United Kingdom. France, Poland, where Germany contributed 

with most isolates in the sample period (88, 34, and 17 respectively). 

 

 

Table 2. The number of Campylobacter samples in the dataset by source and year. 

Source 2015 2016 2017 Number of 
isolates 

Pigs 12 14 4 30 

Broilers 39 101 20 160 

Ducks 3 17 11 31 

Cattle 73 97 56 226 

Chicken 80 136 76 292 

Turkey 3 4 2 9 

Bathing seawater 0 2 0 2 

Dog 0 28 5 33 

Vegetables 0 3 0 3 

Total 
Food/Animal 

210 402 173 786 

Human 144 534 42 720 
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4.2 Bioinformatic tools 

Seven loci MLST 
The dataset consisted of 234 different sequence type (ST). ST-21, ST-48 and ST-45 were the 

most common with 175, 101 and 96 isolates, respectively. 131 isolates in the dataset had a 

unique ST, where 28 isolates could not be determined (NaN). The total list of ST frequencies 

can be seen in appendix C. Isolates with NaN were not used in the modelling due to incomplete 

data. The number of isolates in each source class and human isolates can be seen in table 3. 

 

Table 3. The number of isolates used for the seven loci MLST model. 

Source Broiler Cattle Chicken Dog Duck Pig Turkey Human 

Number of isolates 159 220 285 23 31 30 9 714 

 
cgMLST 

To impute the missing alleles in cgMLST the isolates were split up into subsets according to 

their ST found by the seven loci MLST and were run through missForest. By splitting the data 

into 16 subsets, in total, 59,077 (5,6 %) allelic values were imputed for the source data and 

34,514 (3.6 %) allelic values for the human data. 

 
K-mer 

For each k two matrices were made, one with all the k-mers and one with the ATG-starting k-

mers. Table 4 give an overview of the size of the matrices. 7mer had a size of 41 megabytes 

(M) and was the highest that could be used for modelling without any reduction. The loading 

time for k-mers with k higher than 10 was more than a day.  

 

When only using k-mers starting with the start codon ATG, more than 96 % of the mers were 

removed from the datasets. 

Table 4. Size of the k-mer matrices.  
Matrix size 

k-mer  Full ATG 

25mer  65G 1.4G 

20mer 59G 1.2G 

15mer 39G 941M 

10mer  1.5G 38M 

9mer  437M 11M  

8mer  132M 3.4M 

7mer  41M 1.1M 

6mer  13M 362K 

5mer  3.6M  140K 

 

SNP tree 

The phylogenetic tree of the dataset is visualized in figure 7, a rectangular representation of 

the tree can be seen in appendix D. From the colours in the phylogeny. It shows that the 

isolates from human cases (red) are placed evenly among the food, animal and 

environmental isolates indicating that isolates from humans are likely to have originated from 

the included sources.  
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Figure 7. Phylogenetic tree of the data set. Isolates are annotated by the source. 

Source: Human (red), Chicken (yellow), Cattle (black), Dog (grey), Duck (olive), Pig (pink), Turkey 

(orange), Seawater (blue), and Vegetables (green). 

 

4.3 Model selection 

4.3.1 Seven loci MLST and cgMLST 
Seven loci MLST model had an average accuracy of 0.715 (95 % CI: 0.704-0.726) for the 

random forest. The logit boost model was statistically significant different with a higher average 

of 0.815 (95 % CI: 0.793-0.837). The average accuracy for the cgMLST models was 

significantly higher than the seven loci MLST models with 0.854 (95 % CI: 0.844-0.864) for the 

random forest algorithm and 0.866 (95 % CI: 0.858-0.875) for the logit boost model. Figure 8 

shows a boxplot of the accuracy for the 10-fold loops in the model selection. There was no 

statistically significant difference between the two algorithms when using cgMLST as an input, 

the logit boost algorithm had the highest accuracy and was therefore used for model 

construction and the final model.  
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Figure 8. Boxplot of accuracies from the 10-fold loop in the model selection of genome MLST.  

Full coloured: random forest, stripes: logit boost.   

4.3.2 Model selection for k-mer 

Table 5 shows a general overview of the accuracies of the two algorithms random forest and 

logit boost for 5mer, 6mer, 7mer, 8mer, and 9mer. Models, where a linear combination of 50 

mers is used as data handling, is named _sum50, and data inputs with only the mers starting 

with the start codon ATG are named _ATG. The overview compares the average accuracy 

with a 95 % confidence interval (CI) for the different models. The boxplot presentation of the 

accuracies from the 10-fold loop can be seen in figure 9, only the best-performing algorithms 

are shown, which in all k-mer models were random forest. 

The average accuracies were in the narrow range between 0.865-0.896 for random forest and 

0.827-875 for logit boost. There was no statistically significant difference between all the 

random forest models or between random forest and logit boost using the simplest approach, 

the full 6mer and 7mer dataset, as an input. The 6mer random forest model had the highest 

average accuracy with 0.896 (95 % CI: 0.892-0.900) and it was therefore used for construction 

and the final model.   

Table 5. Average Accuracy for the k-mer analysed. CI = Confidence interval 
  Average Accuracy (95% CI) 

  Random forest Logit boost 

5mer 0.888(0.880-0.896) 0.873(0.866-0.880) 

6mer 0.896(0.892-0.900) 0.875(0.866-0.884) 

7mer 0.894(0.886-0.901) 0.874(0.866-0.883) 

6mer_ATG 0.865(0.859-0.871) 0.827(0.817-0.836) 

7mer_ATG 0.886(0.879-0.893) 0.857(0.850-0.864) 

8mer_ATG 0.889(0.879-0.900) 0.859(0.849-0.869) 

9mer_ATG 0.891(0.881-0.901) 0.862(0.852-0.873) 

6mer_sum50 0.889(0.882-0.896) 0.845(0.836-0.854) 

7mer_sum50 0.883(0.874-0.891) 0.868(0.860-0.877) 

8mer_sum50 0.887(0.878-0.895) 0.873(0.864-0.882) 
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Figure 9. Boxplot of accuracies from the 10-fold loop in the model selection of k-mers.  

Only the best algorithm is presented.   

 

 

4.4 Model construction 

Table 6-9 show sensitivity, specificity, balanced accuracy, and a confusion matrix for the 

construction of the models cgMLST(lb) and 6mer (rf). These models had been chosen based 

on their high average accuracy in the model selection. 

 

The valid accuracy for cgMLST (logit boost) was 0.876. The model had a kappa value of 0.852, 

which is a high or almost perfect agreement, as can be seen in the confusion matrix (Table 

7)(Kuhn and Johnson 2013). 

  

The sensitivity and specificity were greater than 0.9 in almost all the sources, only the 

sensitivity for broiler and chicken were lower (0.33 and 0.35, respectively). The balanced 

accuracy is defined as the average accuracy obtained on either class (Brodersen et al. 2010). 

The balanced accuracy was 0.65 for broilers, 0.67 for chicken and higher than 0.95 for the rest 

of the sources. The sensitivity for the sources dog, duck, pig, and turkey was all one, which 

also appears from the confusion matrix (Table 7), as these sources had 100 % agreement 

between observed and predicted cases.  

 

Table 6. Sensitivity, specificity, and balanced accuracy for the prediction of sources by the cgMLST 

(logit boost) model. 

cgMLST 

Source Broiler Cattle Chicken Dog Duck Pig Turkey 

Sensitivity 0.325 0.945 0.352 1.000 1.000 1.000 1.000 

Specificity 0.980 0.967 0.981 0.962 0.984 1.000 0.982 

Balanced accuracy 0.652 0.956 0.666 0.981 0.992 1.000 0.991 
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Table 7. Confusion matrix for the constructed cgMLST (logit boost) model. 

Rows = prediction, columns = observed. 

cgMLST Broiler Cattle Chicken Dog Duck Pig Turkey 

Broiler 13 2 8 0 0 0 0 

Cattle 8 69 7 0 0 0 0 

Chicken 7 2 19 0 0 0 0 

Dog 9 0 8 79 0 0 0 

Duck 3 0 4 0 95 0 0 

Pig 0 0 0 0 0 93 0 

Turkey 0 0 8 0 0 0 97 

 

 
6mer (random forest) had a valid accuracy of 0.893 and a kappa value of 0.875. The confusion 

matrix shows perfect agreement of the sources dog, duck, pig, and turkey, which result in the 

high kappa value. If comparing the kappa value with the non-upsampled 6mer (random forest) 

model, it is around half as good as the upsampled model, with a kappa value of 0.447. The 

high kappa value is therefore partly a result of upsampling. 

  

The sensitivity, specificity and balanced accuracy were greater than 0.8 in almost all the 

sources. For broiler, the sensitivity was lower with 0.779 and for chicken, both sensitivity and 

balanced accuracy were lower (0.63 and 0.799, respectively). The lower specificity and 

balanced accuracy are shown in the confusion matrix (Table 9) as cases wrongly predicted, 

e.g., 20 chicken cases are predicted as broilers. 

 

Table 8. Sensitivity, specificity, and balanced accuracy for the prediction of sources by the 6mer 

(random forest) model. 

Source Broiler Cattle Chicken Dog Duck Pig Turkey 

Sensitivity 0.779 0.849 0.630 1.000 1.000 1.000 1.000 

Specificity 0.952 0.979 0.967 0.985 0.998 1.000 0.994 

Balanced 
accuracy 

0.865 0.914 0.799 0.992 0.999 1.000 0.997 

 

Table 9. Confusion matrix for the constructed 6mer (random forest) model.  

Rows = predictions, columns = observed.  

6mer Broiler Cattle Chicken Dog Duck Pig Turkey 

Broiler 60 6 20 0 0 0 0 

Cattle 6 84 5 0 0 0 0 

Chicken 8 9 58 0 0 0 0 

Dog 1 0 7 90 0 0 0 

Duck 1 0 0 0 89 0 0 

Pig 0 0 0 0 0 88 0 

Turkey 1 0 2 0 0 0 79 

 
The confusion matrices and key values of all models made can be seen in appendix E. 
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4.5 Prediction of human cases 

Table 10 shows the source attribution results for the best algorithm of each model run both for 

MLST, cgMLST and k-mer. The seven loci MLST model (lb) could in total predict 661 of the 

714 human cases. The cgMLST (lb) could predict the lowest number with 431 of 720 human 

cases. The models using k-mers as input predicted either all 720 human cases or very close 

to. 5mer predicted one case more than what there were in the dataset, due to the rounding of 

the probabilities.    

 

In the table, it can be seen that the source attribution result from the linear combination method 

(sum 50) for 7mer and 8mer had a distribution rather different from all others. A large proportion 

of the cases were attributed to dogs (130 and 255) and pigs (40 and 124), and a reduced 

number for chicken (182 and 2) was seen. Looking beside the results from these two models 

then chicken, cattle, and broilers are the sources with the most predicted human cases.  

 

Table 10. Source attribution results. The number of human cases predicted to every source.   
Broiler Cattle Chicken Dog Duck Pig Turkey Total 

predictions (%) 

Seven loci MLSTLB 184 173 259 19 9 6 11 661 (92.6) 

cgMLSTLB 125 108 171 17 2 3 5 431 (59.9) 

5merRf 161 196 292 29 22 8 13 721* (100.1) 

6mer_ATGRf 161 192 289 36 22 9 10 719 (99.9) 

6mer_sum50Rf 164 191 292 28 22 10 12 719 (99.9) 

6merRF 165 186 299 29 19 7 17 717 (99.6) 

7mer_ATGRf 169 184 296 29 21 8 13 720 (100) 

7mer_sum50Rf 141 132 182 130 87 40 8 720 (100) 

7merRF 167 173 312 30 17 6 14 719 (99.9) 

8mer_ATGRf 170 179 306 30 17 5 12 719 (99.9) 

8mer_sum50RF 218 109 165 113 82 19 13 719 (99.9) 

9mer_ATGRF 157 188 316 25 16 5 11 718 (99.7) 

*Overprediction due to round error 

 
MLST (lb), cgMLST (lb) and 6mer (rf) were the best models for each bioinformatic tool 

investigated. Figure 10 shows the distribution in the percentage of predicted sources in the 

three models. Chickens were the source where to most human cases were predicted, 36.3 % 

for MLST, 23.8 % for cgMLST, and 41.5 % for 6mer. The chicken was followed by cattle and 

broiler whereas pig had the lowest number attributed for MLST (0.8%) and 6mer (1 %), and 

ducks were lowest for cgMLST with 0.5 %. The figure shows that cgMLST have a high 

proportion of cases with an unknown source, i.e., 40.1% of the cases could not be predicted. 
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Figure 10. Distribution of predicted sources in percentage.  

A: MLST logit boost model, B: cgMLST logit boost model, and C: 6mer random forest model. 

 

5 Discussion 

In this project, the possibilities of developing a more accurate source attribution model for 

Campylobacter were investigated and compared with the most commonly used approach 

based on the seven loci MLST. The source attribution models estimate the probability of a 

human Campylobacter infection originating from a specific source. The result of the models 

are estimates of the contribution of different sources to human campylobacteriosis in Denmark.  

 

5.1 Dataset 

The dataset used for the source attribution model consisted of 1,502 isolates from human, 

animals, and food. The distribution of isolates from different sources varied from 2 to 292 

isolates (bathing seawater and chicken, respectively), giving a very unbalanced dataset. To 

avoid the challenges an unbalanced dataset gives for building the model, upsampling had to 

be applied. Upsampling adjusted the number of isolates in each source category to be equal 

to chicken. The number of isolates from vegetables and bathing seawater was so low that 

upsampling of these gives too little variation for the machine learning to learn from, which will 

result in almost perfect learning and give over-or underestimated accuracies. These rare 

samples were consequently removed from the dataset to avoid this, as they are 

contaminated sources and not known as reservoirs of Campylobacter.  

 

When using the upsampled data for the model selection it is possible that identical isolates 

may have appeared in both training and testing data. This would have resulted in an 

overestimation of the accuracies for both machine learning algorithms, which were shown 

with the 6mer model. 
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5.2 Evaluation of bioinformatic tools 

The declining cost of whole-genome sequencing through the years and the increasing 

availability of large genome datasets have made it possible to effectively investigate genetic 

variations down to a difference in single nucleotides (Sheppard, Guttman, and Fitzgerald 

2018).  

The common seven loci MLST has successfully been applied in source attribution of 

Campylobacter by different studies (S M Pires and Christensen 2017; Sheppard et al. 2009). 

Joensen et al. (2020) have investigated the same dataset used in this project. They found 

more than 234 different seven loci MLST sequence types (ST), which complies with the result 

obtained in this project. Seven loci MLST only looks at a fraction of the total genome which 

sometimes makes it difficult for source attribution models to distinguish between some of the 

main reservoirs (cattle and poultry). By adding more information (i.e., look at more loci), it is 

possible to improve the accuracy of host associations between ST. In cgMLST, 1,343 loci were 

used as input for the model and made it possible to get a more accurate model.  

 

When using cgMLST, the bioinformatics output was a matrix where the loci were the 

columns, and the isolates were the rows. One problem that occurred using cgMLST was the 

substantial number of missing alleles in the dataset, meaning that no identifiable allele was 

found in a locus in a genome. There are two reasons for these missing values. The first is 

that the allele is new and not found in the PubMLST database. The second is that the locus 

could not be found completely or at all, in the assembled genome due to a gap in the scaffold 

genome. This resulting in an incomplete match between the input genome and the database, 

and therefore no allelic value can be assigned.  

 

The missForest function has successfully been used before to impute missing alleles (Munck 

et al. 2020). When using the cgMLST scheme for Campylobacter jejuni an issue occurred due 

to the variability in each locus. The high diversity due to mutation, combined with a large 

dataset (more than 1500 isolates) resulted in a sizeable number of alleles for each locus. The 

missForest algorithm can not handle the variability of more than 53 categories or alleles for 

each variable or locus and the missForest function could not be used on the whole dataset, 

which is most optimal. 

 

To handle the high number of missing values and reducing the variability in the data two 

approaches were made, reducing the number of loci, and splitting up the dataset. The dataset 

was reduced to only contain loci with 95 % allelic values available, in total 39 loci left for 

imputation. The reduction did not have the desired effect as the number of categories still 

exceeded 53 and the missForest could not run. For the splitting approach, the full dataset was 

divided into 16 groups according to their seven loci ST. The imputation was then performed on 

these 16 groups with genetic similar samples, using for missForest. This reduced the number 

of categories (alleles) for each locus below 53. 

 

The broad diversity of STs in the dataset made it time-consuming to impute all the missing 

alleles. MissForest worked well and quite fast (minutes) in the subsets consisting only of a few 
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different ST, but the subsets consisted of several different ST were much more time-consuming 

with several hours and some more than a day. As the computational time was so large for 

cgMLST it would, for now, not be relevant to use wgMLST where even more alleles are 

missing. 

 

To help the issue with high computation time a minimum spanning tree from seven loci MLST 

of the isolates could be investigated. Using the minimum spanning tree, it would be possible 

to gather STs present a few times in subset after their genetic relatedness and possibly 

improve the computing time because it could be easier for the missForest function to find the 

patterns in the dataset. An important notice when splitting up the dataset is that an isolate may 

be allocated one allele number when it belongs to one group, but another if it was in another 

group of isolates i.e., if the data were split in another way. This could potentially influence the 

model construction and result in imprecise estimations.    

One general reason that the imputation is so time-consuming for cgMLST, is that the allele 

numbers are factors and not numerical. When the models use factors, the imputed values must 

be values that are seen before in the dataset. If the imputed value is new, it will correspond to 

a new allele, which will decrease the model’s ability to learn from true patterns in the dataset.  

 

K-mer 

The other bioinformatics tool used for the source attribution model were k-mers. Normally k-

mers are used to either assemble de novo genome, detect species in metagenomics sequence 

data, detect horizontal transfer, or estimate the size of a genome. The use of k-mer as input 

data for source attribution models based on machine learning is a novel approach. One of the 

greatest advantages of k-mers is that all the information of the genome can be used in the 

model. K-mers, as they were used in this project, does not depend on updated databases, 

meaning there are no missing values as in cgMLST.  

 

The great amount of data produced gave, on the other hand, some challenges in data handling.  

The number of mers was exponentially increasing with the increase of k. The number of 5mers 

was 512, 10mers was 130,646, and 15mers would have a maximum of 536,870,912 mers. 

This huge increase in variables raised two problems. First, the files were too big, both to upload 

to R inside reasonable time and to handle with the Boruta function. 7mer was the highest 

possible matrix to run without reaching any computational problems. 

The second problem was that, with the higher number of k-mers, the data set consisted of a 

larger number of zeros. The reason for this is that the longer a sequence is, the lower will the 

possibility of finding it be, meaning the number of the specific k-mer is decreasing.  

 

The first possible solution was to use the k-mers only starting with the start codon ATG. As 

Table 1 shows, this approach reduces the size of the matrices substantially. However, this 

solution would only work for a part of the k-mer. When the first three nucleotides are locked, 

we just push the problem backwards with three. Meaning instead of exceeding the size 

maximum for R at 8mer with the full dataset, then the size maximum would probably be 

exceeded at 11mer when using the ATG-starting mers. To investigate higher k-mers other 

approaches were needed. The approach with the linear combination (sum50) was a way to 

still access all the data and lower the data size to enable running feature selection.   
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The sum method accuracies were as good as the other k-mer models, but the distribution of 

human cases was different. 7mer_sum50 and 8mer_sum50 predicted a higher number of 

cases to originate from dogs, ducks, and pigs than the rest of the models did. As we do not 

have a gold standard, it can in principle not be known what distribution there is correct, but 

when comparing with the MLST result and by looking at the phylogeny, the linear combinations 

are assessed to perform suboptimally in the predictions of human cases. A reason for these 

differences in predicted sources is probably because mers frequencies that are relevant for a 

specific source will be hidden as the mers are combined. In other words, the specificity of the 

method is being reduced and it will be more difficult for the model to distinguish between the 

different sources. 

An example could be that the mer AAA tend to be very low (<5) for ducks, AAC very low (<5) 

for cattle and AAG very low (<5) for pigs. When combining the three mers in this very simple 

example the variable ends up being very similar and it will not be possible to differentiate 

between the sources (figure 11). When 50 k-mers are summed then all 50 needs to be e.g., 

high for one specific source to result in a variable that will show the same relevant pattern. It 

will therefore not be relevant to use the sum approach in further investigations. 

 

 

Figure 11. Example of the problem that occurs when combining mers into variables. 

 

Before using k-mer as a final approach it is important to explore higher k-mers by finding a way 

to remove mers containing a lot of zeros. The NearZeroVariance did not have the desired 

effect as it either returned all the mers or none of them. Besides this, it will be important to 

reduce the dataset before it should be used in R, as the loading time for higher mers will be 

more than a couple of days. An approach that could be investigated is to remove mers that 

only are present in only one isolate, as these will not give enough information of the different 

sources. In this way, all non-informative mers could be removed and the matrices reduced 

before handling in R.  

 

The number of k used has importance for sensitivity and specificity. In this project, it was not 

possible to investigate a wide range of k numbers due to the problems with data handling. Of 

the k-mers investigated it was not possible to see an increase in specificity with increasing k. 

It could, however, be possible that the specificity would increase when having a k of 15, 25 or 

50.     

 

For cgMLST, the method is very standardized and automated meaning results are shareable 

between scientists across countries. This is a difficult part of using the frequency of k-mers as 
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k-mers now primary is used for, among other, species identification. To use k-mers as input 

for source attribution it will be important to standardize this specific use of k-mers so the result 

can be compared between studies. Studies with other purposes than source attribution may 

find an optimal number of k which for example can be much higher. It is therefore important to 

have a clear differentiation between optimal k used for source attribution and e.g., detection of 

species in metagenomics as long as the k-mer approach is not fully investigated.  

 

5.3 Evaluation of models and predictions 

Machine learning improves with experience, meaning that more data potential will improve the 

accuracy as more data is used (Libbrecht and Noble 2015). The result found in this project 

confirms the improvement when comparing seven loci MLST, cgMLST with 1,343 loci and k-

mers. Here both cgMLST and k-mers consisted of considerably more features than the seven 

loci MLST, which resulted in higher accuracies.  

 

The source attribution models based on the k-mers attributed all the human cases. A high 

number of cases attributed can be a symptom of a model, which is “too broad" or inclusive, 

meaning that the model is not discriminatory enough to distinguish between sources. 

Generally, in source-attribution models, including more variables/features result in fewer 

overall cases attributed, as seen in the cgMLST compared with the seven loci MLST. More 

variables will typically make the model more discriminatory as the machine learning algorithms 

have more ‘knowledge’ to learn from. The human isolates must match in a higher number of 

loci/k-mers before getting attributed to a specific source. On the other hand, if the model gets 

too discriminatory it will result in no or only a few cases getting attributed as none of the human 

isolates will match any of the source labels. It would be expected that higher k-mers would 

result in fewer cases predicted as they also would be more discriminatory. Unfortunately, was 

this not possible to investigate due to the computational time.  

 

The handling of data and the computation time made the building of the models in general 

difficult. The best seven loci MLST model were logit boost, with an accuracy of 0.815 and more 

than 90 % of the cases predicted. The newly developed models cgMLST (lb) and 6mer (rf) had 

significantly higher accuracies. When looking at the prediction of cases, the 6mer predicted all 

human cases, whereas the cgMLST predicted considerably less with 60 %. Human cases that 

were known to be related to travel were not included in the modelling. However, there is a 

possibility that some of the human cases included in the dataset could be unreported travel 

cases. It is, therefore, possible that some of these non-predicted cases could originate from 

travelling or from other sources with no available data. 

The same overall distribution of predicted sources was seen in all three models. The results 

indicate that the new models were better than the seven loci MLST, but it will be important to 

consider the balance between the accuracy obtained and the workload of building the model, 

particularly the data handling and computation time.  

 

The seven loci MLST, cgMLST and k-mers model, disregarding the sum approach, did all show 

the same general distribution of predicted sources. Chicken was predicted as the most 

important source followed by broiler and cattle. These three sources accounted for around 90 
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% of the human cases which could be predicted. When comparing the result with earlier studies 

from Denmark they are in agreement.  

Joensen et al. (2020) used WGS to find clusters in the same data as used in this project. The 

study used cgMLST and found, that 233 human isolates were in a cluster with food/animal 

isolates. Of the 233 human isolates around 90% matched isolates from the chicken reservoir.    

Another study from 2014 used the asymmetric island model to predict the source of human 

infections. Chicken had the highest prevalence with 69 % (domestic 57 % and imported 17 %) 

followed by cattle with 17 % (Boysen et al. 2014). The total prevalence of chicken is like the 

result obtained in this project when looking at broiler and chicken as one reservoir when 

removing cases with an unknown source. The 6mer model predicted 65 % to the chicken 

reservoir whereof cgMLST and seven loci MLST predicted 69 % and 67 %, respectively.  

 

Besides the results from Denmark, the general results of Campylobacter source attribution 

studies are that chicken is a predominant source of human infections, followed by cattle (Cody 

et al. 2019). These source attribution results obtained over several years and in different 

countries can be seen in the distribution of the sample taken. In 2019, where almost 20,000 

samples taken to test for Campylobacter in the EU. Approximately 10,200 of these samples 

were obtained from broilers/chickens (EFSA and ECDC 2021). It is important to remember that 

the model only attributes to the sources it will be given as input. In the models investigated in 

this project both bathing seawater and vegetables were removed from the dataset because 

only a few isolates from each source were available. If more data from these sources could be 

included, then some human cases could theoretically be attributed to them. It could therefore 

be interesting to get a more even sampling distribution and investigate the minor sources as 

dogs to see what it would do for the accuracies and the predictions.  

 

The models developed in this project did not distinguish between isolates taken from domestic 

and imported food samples. It would be highly relevant for the food authorities to know this 

distribution, especially between the imported and domestic chicken. The distribution would 

indicate, if more should be done to reduce the prevalence of Campylobacter in the Danish 

broiler flocks or human infections mostly were coming from imported meat. Instead of 

differentiating between food and animal isolates (chicken and broiler) would a model with 

chicken and broilers from Denmark as one group and imported chicken as another group be a 

relevant approach as broilers and chicken are the same reservoirs. As the models investigated 

were based on supervised machine learning algorithms it would be possible to make these 

different adjustments. The model could be adjusted to analyse important sources in a specific 

country or investigate different types of chicken like organic, free-range, and conventional.  

 

Besides the machine learning approach used in this project, other approaches are known, and 

some are investigated in the DISCoVeR project. Among the approaches are source attribution 

by phylogeny, models based on antimicrobial resistance, case-control studies, use of outbreak 

data, and approached based on risk assessment.  With the use of WGS models, it is possible 

to investigate the great number of sporadic cases that Campylobacter mostly result in, and it 

is possible to avoid many of bias connected with case-control studies. The models developed 

in this project link human cases to different reservoirs, meaning the transmission pathway is 

not investigated. The transmission pathway can be found by the epidemiological studies as 
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case-control studies and investigation of outbreaks. It is therefore possible to gain knowledge 

of the transmission pathways of Campylobacter from the reservoirs through the food chain to 

infections in humans when combining results from the different studies.  

 

5.4 Impact 

 

Campylobacter has been one of the most important bacterial causes of gastrointestinal 

infection globally in many years. In Denmark, the true number of cases is estimated to be 12 

times higher than the registered due to a general mild course of the disease, where many ill 

persons will not be consulting a doctor or get a sample taken. 

 

In 2017, Institut for Fødevare- og Ressourceøkonomi (IFRO) published a report with 

calculations of the societal cost of Campylobacter infections, among others. The calculations 

are based on the cost of illness (COI), which covers cost in the health sector (hospitalization 

and medical cost), cost of lost labour productivity and cost of the burden, disease-related 

reduction in quality of life (sequalae), and the risk of death. The COI was calculated for the 

period 2014-2016. COI of a campylobacteriosis case was estimated to be around 250,000 

DKK for a registered case and on average 27,000 DKK/estimated case. Even though the 

estimated price per estimated case is lower than other bacterial infection like Salmonella 

(66,000 DKK) and Listeria (2,270,00 DKK), the burden of Campylobacter is highest due to the 

higher number of cases every year (Christensen and Jensen 2017). These calculations 

emphasize the importance of implementing action plans against Campylobacter through the 

entire food sector, including the results of source attribution models for prioritizing. 

 

The investigated model approaches in this project would after further investigation and 

adjustment be of great value for the Danish food authorities. The model could be used to 

illustrate the need for new interventions or evaluate established ones in the food sector. 

Denmark has used source attribution on an annual basis for Salmonella for many years, which 

could be a decision tool for Campylobacter as well (Anonymous 2020).   

 

  



 

 

35 

 

6 Conclusion 

The source attribution models developed and investigated in this project links the sporadic 

human Campylobacter cases to specific sources and animal reservoirs through genetic 

variation that are found with WGS. The models developed were supervised classification 

machine learning models that looked either at allelic variations or the frequency of specifics 

k-mers. 

 

As whole-genome sequencing has expanded the possibility for larger and more complex 

data it has resulted in the need for more data handling. For cgMLST, a high number of 

missing values needed to be imputed due to the large diversity of Campylobacter. With k-

mers it is possible to gain all information from the genome without getting any missing values 

but to fully use k-mers for source attribution models further research is needed. The huge 

data amount cannot be handled for modelling and some method for reducing the matrices 

size are needed.  

The accuracies of the developed models based on cgMLST and k-mer were significantly 

higher than the ones found by the most common approach based on seven loci MLST. The 

source attribution results of the developed models were consistent with the result found 

through both the seven loci MLST model and results found in previous studies, predicting the 

chicken reservoir as the primary source.  

 

Both the cgMLST model and the k-mer based model have great potential to further use with a 

higher discriminatory power than the seven loci MLST based model. The challenge with these 

WGS based source attribution models is therefore to find the balance between the workload 

of the data handling and the accuracies obtained for the models.  

  



 

 

36 

 

References 

Anonymous. 2020. “Annual Report on Zoonoses in Denmark 2019.” National Food Institute, 
Technical University of Denmark 12 (6): 1–69. 
https://www.food.dtu.dk/english/publications/disease-causing-microorganisms/zoonosis-
annual-reports. 

Bankevich, Anton, Sergey Nurk, Dmitry Antipov, Alexey A. Gurevich, Mikhail Dvorkin, 
Alexander S. Kulikov, Valery M. Lesin, et al. 2012. “SPAdes: A New Genome Assembly 
Algorithm and Its Applications to Single-Cell Sequencing.” Journal of Computational 
Biology 19 (5): 455–77. https://doi.org/10.1089/cmb.2012.0021. 

Boysen, L., H. Rosenquist, J. T. Larsson, E. M. Nielsen, G. Sorensen, S. Nordentoft, and T. 
Hald. 2014. “Source Attribution of Human Campylobacteriosis in Denmark.” Epidemiology 
and Infection 142 (8): 1599–1608. https://doi.org/10.1017/S0950268813002719. 

Brodersen, Kay H., Cheng Soon Ong, Klaas E. Stephan, and Joachim M. Buhmann. 2010. 
“The Balanced Accuracy and Its Posterior Distribution.” In Proceedings - International 
Conference on Pattern Recognition, 3121–24. https://doi.org/10.1109/ICPR.2010.764. 

Christensen, Tove, and Jørgen Dejgård. Jensen. 2017. “Beregning Af de 
Samfundsøkonomiske Omkostninger Ved Sygdomstilfaelde Forårsaget Af Salmonella, 
Campylobacter, Listeria Og VTEC.” www.ifro.ku.dk/publikationer/ifro_serier/udredninger/. 

Cody, Alison J., Martin C.J. Maiden, Norval J.C. Strachan, and Noel D. McCarthy. 2019. “A 
Systematic Review of Source Attribution of Human Campylobacteriosis Using Multilocus 
Sequence Typing.” Eurosurveillance 24 (43). https://doi.org/10.2807/1560-
7917.ES.2019.24.43.1800696. 

Cody, Alison J, James E Bray, Keith A Jolley, Noel D Mccarthy, and Martin C J Maiden. 2017. 
“Core Genome Multilocus Sequence Typing Scheme for Stable, Comparative Analyses 
of Campylobacter Jejuni and C. Coli Human Disease Isolates.” https://doi.org/10. 

Dingle, K. E., F. M. Colles, D. R.A. Wareing, R. Ure, A. J. Fox, F. E. Bolton, H. J. Bootsma, R. 
J.L. Willems, R. Urwin, and M. C.J. Maiden. 2001. “Multilocus Sequence Typing System 
for Campylobacter Jejuni.” Journal of Clinical Microbiology 39 (1): 14–23. 
https://doi.org/10.1128/JCM.39.1.14-23.2001. 

EFSA and ECDC (European Food Safety Authority and European Centre for Disease 
Prevention and Control. 2021. “The European Union One Health 2019 Zoonoses Report.” 
EFSA Journal 19 (2). https://doi.org/10.2903/j.efsa.2021.6406. 

EFSA, and European Centre for Disease Prevention and Control. 2021. “The European Union 
One Health 2019 Zoonoses Report.” EFSA Journal. European Food Safety Authority 19 
(2): e06406. https://doi.org/10.2903/j.efsa.2021.6406. 

EFSA Panel on Biological Hazards (BIOHAZ). 2011. “Scientific Opinion on Campylobacter in 
Broiler Meat Production: Control Options and Performance Objectives and/or Targets at 
Different Stages of the Food Chain.” EFSA Journal 9 (4): 2105. 
https://doi.org/10.2903/j.efsa.2011.2105. 



 

 

37 

 

Fødevarestyrelsen. 2018. “Handlingsplan for Campylobacter i Slagtekyllinger, Fødevarer Og 
Det Omgivende Miljø.” 

Glen, Stephanie. n.d. “Decision Tree vs Random Forest vs Gradient Boosting Machines: 
Explained Simply - Data Science Central.” Accessed June 1, 2021. 
https://www.datasciencecentral.com/profiles/blogs/decision-tree-vs-random-forest-vs-
boosted-trees-explained. 

Guindon, Stéphane, Jean Franois Dufayard, Vincent Lefort, Maria Anisimova, Wim Hordijk, 
and Olivier Gascuel. 2010. “New Algorithms and Methods to Estimate Maximum-
Likelihood Phylogenies: Assessing the Performance of PhyML 3.0.” Systematic Biology 
59 (3): 307–21. https://doi.org/10.1093/sysbio/syq010. 

Gundogdu, Ozan, Stephen D. Bentley, Matt T. Holden, Julian Parkhill, Nick Dorrell, and 
Brendan W. Wren. 2007. “Re-Annotation and Re-Analysis of the Campylobacter Jejuni 
NCTC11168 Genome Sequence.” BMC Genomics 8 (1): 162. 
https://doi.org/10.1186/1471-2164-8-162. 

Joensen, Katrine G., Kristoffer Kiil, Mette R. Gantzhorn, Birgitte Nauerby, Jørgen Engberg, 
Hanne M. Holt, Hans L. Nielsen, et al. 2020. “Whole-Genome Sequencing to Detect 
Numerous Campylobacter Jejuni Outbreaks and Match Patient Isolates to Sources, 
Denmark, 2015-2017.” Emerging Infectious Diseases 26 (3): 523–32. 
https://doi.org/10.3201/eid2603.190947. 

Jolley, Keith A, James E Bray, and Martin C J Maiden. 2018. “Open Peer Review Open-Access 
Bacterial Population Genomics: BIGSdb Software, the PubMLST.Org Website and Their 
Applications [Version 1; Peer Review: 2 Approved].” 
https://doi.org/10.12688/wellcomeopenres.14826.1. 

Kaas, Rolf S., Pimlapas Leekitcharoenphon, Frank M. Aarestrup, and Ole Lund. 2014. “Solving 
the Problem of Comparing Whole Bacterial Genomes across Different Sequencing 
Platforms.” PLoS ONE 9 (8). https://doi.org/10.1371/journal.pone.0104984. 

Ketley, Julian M., and Arnoud H.M. van Vliet. 2019. “Campylobacter & Helicobacter.” In 
Medical Microbiology - A Guide to Microbial Infections: Pathogenesis, Immunity, 
Laboratory Investigation and Control, 212–16. 

Kirk, Martyn D., Sara M. Pires, Robert E. Black, Marisa Caipo, John A. Crump, Brecht 
Devleesschauwer, Dörte Döpfer, et al. 2015. “World Health Organization Estimates of the 
Global and Regional Disease Burden of 22 Foodborne Bacterial, Protozoal, and Viral 
Diseases, 2010: A Data Synthesis.” Edited by Lorenz von Seidlein. PLOS Medicine 12 
(12): e1001921. https://doi.org/10.1371/journal.pmed.1001921. 

Kokot, Marek, Maciej Dlugosz, and Sebastian Deorowicz. 2017. “KMC 3: Counting and 
Manipulating k-Mer Statistics.” Bioinformatics (Oxford, England) 33 (17): 2759–61. 
https://doi.org/10.1093/bioinformatics/btx304. 

Kuhn, Max. 2020. “Package ‘caret’ Title Classification and Regression Training.” 

Kuhn, Max, and Kjell Johnson. 2013. Applied Predictive Modeling. Applied Predictive 
Modeling. Springer New York. https://doi.org/10.1007/978-1-4614-6849-3. 

Kursa, Miron Bartosz. 2020. “Package ‘Boruta’ Title Wrapper Algorithm for All Relevant 



 

 

38 

 

Feature Selection.” https://gitlab.com/mbq/Boruta/. 

Leekitcharoenphon, Pimlapas. n.d. “Species Identification: KmerFinder Tool Description and 
Applications - Module 3.” Coursera. Accessed April 13, 2021. 
https://www.coursera.org/lecture/wgs-bacteria/species-identification-kmerfinder-tool-
description-and-applications-FTpuf. 

Leekitcharoenphon, Pimlapas. 2020. Whole Genome based Phylogeny Lecture, Course 
23259 Whole genome analysis in diagnostic microbiology. 

Letunic, Ivica, and Peer Bork. 2019. “Interactive Tree of Life (ITOL) v4: Recent Updates and 
New Developments.” Nucleic Acids Research 47 (W1): W256–59. 
https://doi.org/10.1093/nar/gkz239. 

Li, Heng. 2011. “A Statistical Framework for SNP Calling, Mutation Discovery, Association 
Mapping and Population Genetical Parameter Estimation from Sequencing Data.” 
Bioinformatics 27 (21): 2987–93. https://doi.org/10.1093/bioinformatics/btr509. 

Li, Heng, and Richard Durbin. 2010. “Fast and Accurate Long-Read Alignment with Burrows-
Wheeler Transform.” Bioinformatics 26 (5): 589–95. 
https://doi.org/10.1093/bioinformatics/btp698. 

Li, Heng, Bob Handsaker, Alec Wysoker, Tim Fennell, Jue Ruan, Nils Homer, Gabor Marth, 
Goncalo Abecasis, and Richard Durbin. 2009. “The Sequence Alignment/Map Format and 
SAMtools.” Bioinformatics 25 (16): 2078–79. 
https://doi.org/10.1093/bioinformatics/btp352. 

Libbrecht, Maxwell W., and William Stafford Noble. 2015. “Machine Learning Applications in 
Genetics and Genomics.” Nature Reviews Genetics. Nature Publishing Group. 
https://doi.org/10.1038/nrg3920. 

Llarena, Citation, A-K Taboada, and E Rossi. 2017. “Whole-Genome Sequencing in 
Epidemiology of Campylobacter Jejuni Infections.” Journal of Clinical Microbiology 55: 
1269–75. https://doi.org/10.1128/JCM.00017-17. 

Lupolova, Nadejda, Samantha J. Lycett, and David L. Gally. 2019. “A Guide to Machine 
Learning for Bacterial Host Attribution Using Genome Sequence Data.” Microbial 
Genomics. Microbiology Society. https://doi.org/10.1099/mgen.0.000317. 

Maiden, Martin C J, Jane A Bygraves, Edward Feil, Giovanna Morelli, Joanne E Russell, 
Rachel Urwin, Qing Zhang, et al. 1998. “Multilocus Sequence Typing: A Portable 
Approach to the Identification of Clones within Populations of Pathogenic Microorganisms 
(Molecular TypingNeisseria Meningitidishousekeeping GenesWorld-Wide Webhyper-
Virulent Clones).” Vol. 95. www.pnas.org. 

Mughini-Gras, Lapo, Pauline Kooh, Philippe Fravalo, Jean Christophe Augustin, Laurent 
Guillier, Julie David, Anne Thébault, et al. 2019. “Critical Orientation in the Jungle of 
Currently Available Methods and Types of Data for Source Attribution of Foodborne 
Diseases.” Frontiers in Microbiology 10 (November). 
https://doi.org/10.3389/fmicb.2019.02578. 

Munck, Nanna, Patrick Murigu Kamau Njage, Pimlapas Leekitcharoenphon, Eva Litrup, and 
Tine Hald. 2020. “Application of Whole-Genome Sequences and Machine Learning in 



 

 

39 

 

Source Attribution of Salmonella Typhimurium.” Risk Analysis 40 (9): 1693–1705. 
https://doi.org/10.1111/risa.13510. 

Njage, P M K, C ; Henri, P ; Leekitcharoenphon, M-Y ; Mistou, R S Hendriksen, and T Hald. 
2019. “Machine Learning Methods as a Tool for Predicting Risk of Illness Applying Next-
Generation Sequencing Data.” Risk Analysis 39 (6): 1397–1413. 
https://doi.org/10.1111/risa.13239. 

Njage, Patrick, Kamau ; Murigu, Pimlapas ; Leekitcharoenphon, and Tine Hald. 2018. “General 
Rights Improving Hazard Characterization in Microbial Risk Assessment Using next 
Generation Sequencing Data and Machine Learning: Predicting Clinical Outcomes in 
Shigatoxigenic Escherichia Coli.” International Journal of Food Microbiology 292: 72–82. 
https://doi.org/10.1016/j.ijfoodmicro.2018.11.016. 

Parkhill, J., B. W. Wren, K. Mungall, J. M. Ketley, C. Churcher, D. Basham, T. Chillingworth, 
et al. 2000. “The Genome Sequence of the Food-Borne Pathogen Campylobacter Jejuni 
Reveals Hypervariable Sequences.” Nature 403 (6770): 665–68. 
https://doi.org/10.1038/35001088. 

Pires, S M, and J Christensen. 2017. “Source Attribution of Campylobacter Infections in 
Denmark: Technical Report.” Source Attribution of Campylobacter Infections in Denmark: 
Technical Report, 20 pp. https://www.cabdirect.org/cabdirect/abstract/20183082746. 

Pires, Sara M. 2014. “Burden of Disease of Foodborne Pathogens in Denmark.” 

Pires, Sara M., Eric G. Evers, Wilfrid Van Pelt, Tracy Ayers, Elaine Scallan, Frederick J. 
Angulo, Arie Havelaar, et al. 2009. “Attributing the Human Disease Burden of Foodborne 
Infections to Specific Sources.” Foodborne Pathogens and Disease 6 (4): 417–24. 
https://doi.org/10.1089/fpd.2008.0208. 

Pritchard, Jonathan K., Matthew Stephens, and Peter Donnelly. 2000. “Inference of Population 
Structure Using Multilocus Genotype Data.” Genetics 155 (2): 945–59. 
https://doi.org/10.1093/genetics/155.2.945. 

PubMLST. n.d. “Campylobacter Jejuni/Coli Typing Database.” Accessed May 4, 2021. 
https://pubmlst.org/bigsdb?db=pubmlst_campylobacter_seqdef&page=query&scheme_i
d=1. 

R Core Team. 2020. “R: A Language and Environment for Statistical Computing.” R 
Foundation for Statistical Computing, Vienna, Austria. https://www.r-project.org/. 

Sheppard, Samuel K., John F. Dallas, Norval J.C. Strachan, Marian MacRae, Noel D. 
McCarthy, Daniel J. Wilson, Fraser J. Gormley, et al. 2009. “Campylobacter Genotyping 
to Determine the Source of Human Infection.” Clinical Infectious Diseases 48 (8): 1072–
78. https://doi.org/10.1086/597402. 

Sheppard, Samuel K, David S Guttman, and J Ross Fitzgerald. 2018. “Population Genomics 
of Bacterial Host Adaptation.” Nature Reviews Genetics. https://doi.org/10.1038/s41576-
018-0032-z. 

Statens Serum Institut. 2020. “Campylobacterinfektioner - Opgørelse over Sygdomsforekomst 
2018-19.” 2020. https://www.ssi.dk/sygdomme-beredskab-og-
forskning/sygdomsovervaagning/c/campylobacterinfektioner-2018-2019. 



 

 

40 

 

Stekhoven, Daniel J, Maintainer Daniel, and J Stekhoven. 2016. “Package ‘missForest’ Title 
Nonparametric Missing Value Imputation Using Random Forest.” 
https://doi.org/10.1093/bioinformatics/btr597. 

Thépault, Amandine, Guillaume Méric, Katell Rivoal, Ben Pascoe, Leonardos Mageiros, 
Fabrice Touzain, Valérie Rose, Véronique Béven, Marianne Chemaly, and Samuel K. 
Sheppard. 2017. “Genome-Wide Identification of Host-Segregating Epidemiological 
Markers for Source Attribution in Campylobacter Jejuni.” Applied and Environmental 
Microbiology 83 (7). https://doi.org/10.1128/AEM.03085-16. 

Vellinga, Akke, and Frank Van Loock. 2002. “The Dioxin Crisis as Experiment to Determine 
Poultry-Related Campylobacter Enteritis.” Emerging Infectious Diseases 8 (1): 19–22. 
https://doi.org/10.3201/eid0801.010129. 

Wilson, Daniel J., Edith Gabriel, Andrew J.H. Leatherbarrow, John Cheesbrough, Steven Gee, 
Eric Bolton, Andrew Fox, Paul Fearnhead, C. Anthony Hart, and Peter J. Diggle. 2008. 
“Tracing the Source of Campylobacteriosis.” PLoS Genetics 4 (9). 
https://doi.org/10.1371/journal.pgen.1000203. 

 

Appendix A 
See attached R-script for data handling, model building and prediction of the sources of the 

human cases for cgMLST(A1) and K-mer(A2), and statistical analyses(A3). 
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Appendix B 

Table 11. Isolates in the dataset sorted by source and country.  
Denmark Imported to Denmark Total 

Source 
 

DE FR HU IT NL PL UK 
 

Pigs 30 0 0 0 0 0 0 0 30 

Broilers 160 0 0 0 0 0 0 0 160 

Ducks 7 0 22 1 0 0 0 1 31 

Cattle 226 0 0 0 0 0 0 0 226 

Chicken 174 11 66 0 0 7 34 0 292 

Turkey  0 6 0 0 3 0 0 0 9 

Bathing seawater 2 0 0 0 0 0 0 0 2 

Dog 33 0 0 0 0 0 0 0 33 

Vegetables 3 0 0 0 0 0 0 0 3 

Total Food/Animal 635 17 88 1 3 7 34 1 786 
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Appendix C 

Table 12. Count of strains in the different seven loci MLST sequence types (ST) 

ST Count of Strains 

21 175 

48 101 

45 96 

50 73 

257 66 

22 59 

19 57 

42 53 

61 43 

441 42 

NaN 28 

5 25 

464 24 

354 21 

583 20 

1519 18 

607 17 

475 17 

1949 15 

2274 15 

52 14 

3628 13 

51 12 

227 12 

2254 12 

8873 12 

53 11 

1846 11 

267 11 

122 11 

538 10 

658 10 

4187 9 

ST with eight isolates 24 

ST with seven isolates 42 

ST with six isolates 18 

ST with five isolates 45 
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ST with four isolates 24 

ST with three isolates 51 

ST with two isolates 56 

ST with one isolate 131 

Grand Total 1504 

 

Appendix D 

Rectangular visualisation of the SNP tree, see attached pdf file: 

“SNPtree2015to2017_Sources_Rectangular”. 

 

Appendix E 

Excel sheets with results of all the model made, a sheet with the prediction of the sources of 

human cases for all models and a sheet with the accuracy of the ten model runs in the model 

selection for all the models that are built. See attached excel file: “Raw_results”. 

 


