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Abstract

Foodborne diseases, such as campylobacteriosis, represent a signi�cant risk to public health.

Preventing the spread ofCampylobacterspecies requires knowledge of sources of human in-

fection. Current methods of source attribution are designed to be used with a small number of

genes, such as the seven housekeeping genes of the original multilocus sequence typing (MLST)

scheme, and encounter issues when presented with whole genome data. Higher resolution data,

however, o� ers the potential to di� erentiate within source groups (i.e., between di� erent ru-

minant species in addition to di� erentiating between ruminants and poultry), which is poorly

achieved with current methods.

Random forest is a tree-based machine learning algorithm which is suitable for analysing

data sets with large numbers of predictor variables, such as whole genome sequencing data. A

known issue with tree-based predictive models occurs when new levels of a variable are present

in an observation for prediction which were not present in the set of observations with which the

model was trained. This is almost certain to occur with genomic data, which has a potentially

ever-growing set of alleles for any single gene.

This thesis investigates the use of ordinal encoding categorical variables to address the `ab-

sent levels' problem in random forest models. Firstly, a method of encoding is adapted, based on

correspondence analysis (CA) of a class by level contingency table, to be unbiased in the pres-

ence of absent levels. Secondly, a new method of encoding is introduced which utilises a set of

supplementary information on the category levels themselves (i.e., the sequence information of

alleles) and encodes them, as well as any new levels, according to their similarity or dissimilar-

ity to each other via the method of principal coordinates analysis (PCO). Thirdly, based on the

method of canonical analysis of principal coordinates (CAP), the encoding information of the

levels from the CA on the contingency table is combined with the encoding information of the

levels from the PCO on the dissimilarity matrix of the supplementary levels information, with

a classical correspondence analysis (CCorA). Potential issues when using out-of-bag (OOB)

data following variable encoding are then explored and an adaptation to the holdout variable

importance method is introduced which is suitable for use with all methods of encoding.

This thesis �nishes by applying the CAP method of encoding to a random forest predic-

tive model for source attribution of whole genome sequencing data from the Source Assigned

Campylobacteriosis in New Zealand (SACNZ) study. The advantage of adding core genes and

accessory genes as predictor variables is investigated, and the attribution results are compared

to the results from a previously published study which used the asymmetric island model on the

same set of isolates and the seven MLST genes.

xii



Acknowledgements

This thesis is the joint achievement of my supervisory team, my family, and somewhat myself.

My four supervisors are a team of exceptional people, both academically and personally, and

they have kept me smiling and mostly sane over the last �ve years.

My foremost thanks goes to my primary supervisor Associate Professor Jonathan Marshall.

I have some experience in what makes a good supervisor, and I can say without a doubt that

you are one of the best. Thank you for painstakingly mentoring me in the language of R and

keeping me grounded throughout the whole project. Thank you for knowing the answer to every

question I ever asked, you are my hero. My favourite quote of yours is “I think you should do

as little as possible” which, although you don't yourself follow, did help to nudge me through

the procrastinating!

Distinguished Professor Nigel French, thank you for saying yes when I turned up at your

door all those years ago asking if I could do a PhD despite having no topic and no funding.

You believed me that I wanted to do it and that I could do it. On top of that, you are one of

the funniest people on this planet and your sense of humour has had me laughing well after our

meetings many a week. And of course, thank you for sharing your wealth of knowledge on

Campylobacterand helping me �t the pieces of the puzzle together.

Professor Patrick Biggs your unwavering support has been truly appreciated. Thank you for

wrangling giant sets of genes for me and then explaining what they mean, and then explaining

it again (and again). You have always been able to see each piece of work from a unique

perspective and the result is much more widely understandable as a result. Thank you also for

bringing your family to visit me. Working remotely means my two worlds rarely interact, and I

loved it when they did.

Doctor Adam Smith, thank you for being my friend©. And thank you for massively im-

proving my writing, my grammar, and, my, overuse of, commas. Thank you also for generously

helping me expand my broader statistical knowledge to help prepare me for the scary outside

world. I am genuinely lucky to have had such a great supervisory team.

I also gratefully acknowledge the �nancial support I received from the School of Fundamen-

tal Sciences (now the School of Mathematical and Computational Sciences, Massey University),

and the New Zealand Food Safety Science and Research Centre (NZFSSRC), without which I

could not have completed this work. I also received a travel scholarship from the New Zealand

Statistical Association and a Massey University COVID-19 Doctoral Student Bursary.

The bulk of the data used in this study is from the Source Assigned Campylobacteriosis in

xiii



New Zealand (SACNZ) study. This was a large study involving many individuals, researchers,

and organisations. I am extremely grateful to have had the use of this data and I am a little

embarrassed that I didn't even need to step foot inside a lab to receive it. I would like to extend

my gratitude to the individuals who contributed the data in this study, and to acknowledge the

contributions of the organisations that were involved in the collection of the data, the sequenc-

ing of the genomes, the cleaning and analysis of the data, and the advisory groups behind the

scenes; in particular the following organisations:

Public Health Services

ˆ Auckland Regional Public Health Services (ARPHS)

ˆ MidCentral Public Health Services (MCPHS)

Diagnostic laboratories

ˆ Labtests

ˆ North Shore Hospital

ˆ Middlemore Hospital

ˆ Auckland Hospital – LabPlus

ˆ MedLab Central

Source Sampling

ˆ Meat Industry Association

ˆ Poultry Industry Association of New Zealand

ˆ Cattle plants

Alliance Levin

Silver Fern Farms Paci�c

Landmeats Whanganui

ANZCO Foods Eltham

ˆ Sheep plants

Alliance Dannevirke

Silver Fern Farms Takapau

ANZCO Foods Rangitikei

ˆ Poultry companies

Tegel

Inghams

Turks

Brinks

AsureQuality Limited

Euro�ns Food Analytics NZ Limited

Ministry of Health (MoH)

CBG Health Research Ltd

UMR Market Research

xiv



Institute of Environmental Science and Research (ESR): John Gray, Kristin Thom, Sally Lad-

brook, Ashley Orton, Paula Scholes, Andrew Crooke, Mehnaz Adnan, Ben Waite, Tina

von Pein

Ministry for Primary Industries (MPI): Elaine Taylor

Massey University: Dr. Ahmed Fayaz

Molecular Epidemiology and Public Health Laboratory (mEpiLab), Massey University: Lynn

Rogers, Rukhshana Akhter

Advisory Groups

SACNZ Advisory Group (May 2016 – September 2017)

Prof Steve Hathaway (MPI), Dr Donald Campbell (MPI), Dr Rob Lake (ESR),

Prof Michael Baker (Otago University), Dr Phil Shoemack (Toi Te Ora Public

Health), Dr Tammy Hambling (ESR) Dr Lisa Oakley (MoH), Prof Nigel French

(Massey University), Elaine Taylor (MPI)

Working Groups (June 2016 – September 2017)

Working Group 1 (Study design) participants: Peter Cressey (Chair, ESR), Dr Don-

ald Campbell (MPI), Dr Jill Sherwood (ESR) Prof Michael Baker (Otago Uni-

versity), Prof Nigel French (Massey University), Dr Penelope Neave (Auckland

District Health Board (ADHB)), Dr Phil Shoemack (Toi Te Ora Public Health)

Dr Tomasz Kiedrzynski (MoH), Dr Annette Bolton (ESR), Dr Graham Mack-

ereth (ESR), Dr Lisa Lopez (ESR)

Working Group 2 (Sampling) participants: Dr Rob Lake (Chair, ESR), Dr Anne

Midwinter (Massey University), Dr Jill Sherwood (ESR), Dr Paula Scholes

(ESR), Dr Chris Hewison (ESR), Dr Andrea McNeill (MoH), Dr Anne Marie

Perchec Merien (MPI)

Working Group 3 (Genomics and modelling) participants: Prof Nigel French (Chair,

Massey University), Dr Brent Gilpin (ESR) Dr Claire McDonald (ESR) Dr

David Wilkinson (Massey University) Dr Claire Newbern (ESR) Dr Jonathan

Marshall (Massey University)

Finally, I would like to thank my wonderful family. Isla, Felix and Elise, you have never asked

me why I was doing a PhD or what I will do with it, you just knew it was important. Thank

you for hanging out with me in my o� ce on the days you didn't go to school. It was fun having

you help me choose colours for plots – some of which made it into this thesis. Thank you

for decorating my walls with your beautiful artwork, and thank you for understanding when I

couldn't come and watch your cross-country or Kapa Haka or Christmas sing-a-long. Hopefully

we can spend some more time together nowr . Aidan, you have been by my side for the better

part of my life, and as for most things, I couldn't have started, or completed, this thesis without

your support. Thank you for bearing the load with me. Nana Jane and the wider circle of family

and friends, thank you for helping with the kids so I could get some hours behind the computer,

thank you for waiting in the playground when I was late for school pick ups, and thank you for

xv



encouraging me to keep going to the end.

And it has taken a while! This thesis has seen the life of one old dog, one puppy, several

lambs, oceans of zucchinis, two pre-schools, twoau pair, a few photography awards, and many

overdue library notices ... and now it is time to stop and smell the roses.

Best decorated o� ce ever!

xvi



Publications Arising From Thesis

Presented in Chapter 4

Smith, H.L., Biggs, P.J., French, N.P., Smith, A.N.H., and Marshall, J.C., Lost in the Forest:

Encoding Categorical Variables and the Absent Levels Problem,Data Mining and Knowledge

Discovery38, 1889–1908 (2024), DOI 10.1007/s10618-024-01019-w.

In addition, the following publication by Singh et al. (2025) uses the PCO method from Chap-

ter 4: Singh, N., Thystrup, C., Hassen, B.M., Bhandari, M., Rajashekara, H., Hald, T., Man-

ary, M.J., McKune, S.L., Hassen, J.Y., Smith, H.L., Marshall, J.M., French, N., and Havelaar,

A.H., Transmission pathways ofCampylobacter jejunibetween humans and livestock in ru-

ral Ethiopia are highly complex and interdependent,Gut Pathogens17:26, 1-16 (2005), DOI

10.1186/s13099-025-00691-7.

Presented in Chapter 5

Smith, H.L., Biggs, P.J., French, N.P., Smith, A.N.H., and Marshall, J.C., CAP-encoding:

Encoding Categorical Variables using Canonical Analysis of Principal Coordinates.Machine

Learning(2025). In review.

Presented in Chapter 6

Smith, H.L., Biggs, P.J., French, N.P., Smith, A.N.H., and Marshall, J.C., Out of (the) bag -

encoding categorical predictors impacts out-of-bag samples.PeerJ Computer Science(2024),

10:e2445, DOI 10.7717/peerj-cs.2445.

xvii



Chapter 1

Introduction

1.1 Rationale and Importance of this Research

Campylobacteriosis is gastroenteritis caused by infection of humans with species of theCampy-

lobacter genus. Campylobacteriosis is a major public-health problem world-wide. In New

Zealand, campylobacteriosis is the highest occurring noti�able disease. In 2023, 6089 cases

were noti�ed (116.6 cases per 100,000 people), accounting for 43:8% of disease noti�cations

(ESR, 2023) (�gure 1.1), and the true incidence is likely to be much higher (Cressey and Lake,

2012; Pascoe et al., 2024). As a result, campylobacteriosis is the largest contributor to the eco-

nomic costs of foodborne diseases in New Zealand (Scott et al., 2000).

Most Campylobacterinfections in developed countries are due toC. jejuni (approximately

90% of cases) followed byC. coli (approximately 10% of cases) (Cody et al., 2012; Nohra

et al., 2016; Wong et al., 2007). Infection typically results in acute gastroenteritis with associated

fever, abdominal cramping, diarrhoea, vomiting and headaches (Allos, 2001; Blaser, 1997; Epps

et al., 2013). Most infections are self-limiting with symptoms clearing within a week; however,

infection with C. jejuni is recognised as an important contributor to more severe conditions,

including Irritable Bowel Syndrome (IBS) (Zilbauer et al., 2008) and Guillain Barré Syndrome

(GBS) (Kuwabara, 2007; Scallan Walter et al., 2020).

Campylobacterspecies are ubiquitous in the environment and form part of the commensal

microbiota of numerous vertebrate host species, including farmed animals. The principal source

of human infection is chickens (Nohra et al., 2020; Pascoe et al., 2024), although, due to the

ubiquity of C. jejuni andC. coli in animal intestines, and its shedding into the environment,

transmission can occur via numerous routes including contaminated water (Gilpin et al., 2020),

consumption of contaminated milk (Fernandes et al., 2015) and meat (Cody et al., 2019; Rivas

et al., 2021), and less frequently by contact with infected animals (Newell et al., 2017; On et al.,

2019; Thépault et al., 2020) and people (Same and Tamma, 2018).

1
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Figure 1.1: The incidence of noti�able diseases in New Zealand in 2023 (ESR, 2023).
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Quantifying the relative contribution of di� erent sources ofCampylobacterinfection is nec-

essary to prioritise food-safety interventions and their e� cacy in terms of reducing infections

in humans (Mullner et al., 2010; Sears et al., 2011). The process of assigning cases of human

disease to their most likely origin is known as source attribution. Multiple approaches to source

attribution have been developed, including epidemiological methods (Domingues et al., 2012;

Pires et al., 2010), comparative risk and exposure assessment (Pintar et al., 2017), expert knowl-

edge elicitation (Hald et al., 2016; Havelaar et al., 2008), and microbiological methods (Hald

et al., 2004; Liao et al., 2019; Miller et al., 2017; Mullner et al., 2009a,b; Sheppard et al., 2009;

Strachan et al., 2009).

Campylobacterpopulations are highly structured with groups of clonally related lineages

often sharing phenotypic properties, such as association with host species (Sheppard et al.,

2010a,b). Current source attribution methods show greater discriminatory power between major

groups of sources (e.g., poultryversusruminants) than within these major groups (e.g., cattle

versussheep within ruminants). These methods generally use relatively low-resolution genomic

data, such as the 7-loci multilocus sequence typing (7-gene MLST) scheme (Dingle et al., 2001).

Utilising the higher resolution o� ered by whole genome sequencing (WGS) may increase the

genomic di� erentiation within source group which is expected to better discriminate between

sources. Existing statistical models, however, are poorly scalable to the whole genome level

(Sheppard et al., 2012).

Random forest is a method of supervised machine learning that creates an ensemble of de-

cision trees and uses bagging (bootstrap aggregating) and random subspacing to prevent over-

�tting. Random forest is well suited to sets of data with a high number of variables and/or high

numbers of variable levels, such as genomic data (Auti et al., 2023; Chen and Ishwaran, 2012;

Montesinos López et al., 2022). However, due to the variable nature of alleles and the continual

evolution of new genetic variants, genomic data is subject to the absent-levels problem (Au,

2018). Absent levels are levels which are present in new observations for prediction but which

were not present in the observations used to train the model. There is currently no established

solution for dealing with absent levels in random forest models (Au, 2018).1

1.2 Research Objectives

This thesis approaches the problem of source attribution ofCampylobacter jejuniandCampy-

lobacter coliat the whole genome level using random forest. It initially evaluates the e� ect of

absent levels on random forest predictive models using data from the Source Assigned Campy-

lobacteriosis in New Zealand (SACNZ) study (Lake et al., 2021). It then develops new methods

for encoding categorical predictor variables which are unbiased in the presence of absent levels.

The e� ect of encoding on calculations made using out-of-bag (OOB) samples, such as OOB

error and measures of variable importance is investigated. The new methods of encoding cat-

egorical variables are then applied to genome sequence data, incorporating di� erent numbers

1https://github.com/imbs-hl/ranger/issues/94
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of genes utilising the multilocus sequence typing (MLST) schemes (e.g., 7-gene MLSTversus

core-genome MLST (cgMLST)versuswhole-genome MLST (wgMLST)) in order to attribute

the human infections ofC. jejuni andC. coli to potential animal sources using random forest.

Finally, the new methods are compared with results from the asymmetric island model, on the

same data, published by Lake et al. (2021).

1.3 Thesis Structure

The remainder of this thesis is organised as follows:

In Chapter 2, the microbiology of theCampylobactergenus is described and the interna-

tional Campylobactertyping scheme is introduced. Current methods for source attribution are

reviewed and their limitations are outlined. The random forest predictive model is presented

for classi�cation and the issue of absent levels is raised. Finally, the concept of dissimilarity

measures for distance-based methods of analysis is discussed, and using an illustrative example,

the importance of selecting an appropriate measure is shown.

In Chapter 3, based on data from the SACNZ study (Lake et al., 2021) the diversity of

Campylobacterspecies in New Zealand is explored, including the extent of new alleles in ob-

servations for prediction (i.e., absent levels, as described in the chapter 2).

In Chapter 4, using the data presented in chapter 3, the e� ect that absent levels have on

random forest predictions for source attribution ofCampylobacterspecies using WGS data as

predictors is evaluated. Two new methods for encoding categorical predictors are introduced: (i)

a target-based encoding approach which uses class probability information and encodes absent

levels according to thea priori hypothesis of equal class probability (the CA-unbiased-encoding

method), and (ii) a target-agnostic encoding approach which encodes absent levels according to

their similarity to each of the other levels in the training data (the PCO-encoding method).

Chapter 4 has been published withData Mining and Knowledge Discovery– “Lost in the

Forest: Encoding Categorical Variables and the Absent Levels Problem” by H.L. Smith, P.J.

Biggs, N.P. French, A.N.H. Smith, and J.C. Marshall (2024),Data Mining and Knowledge

Discovery38, 1889–1908, DOI 10.1007/s10618-024-01019-w.

In Chapter 5, a new method for encoding categorical predictor variables is introduced which

utilises the method of canonical analysis of principal coordinates (CAP) (the CAP-encoding

method). This method combines the advantages of the target-based CA-unbiased-encoding

method and the target-agnostic PCO-encoding method which were introduced in chapter 4.

The concept of the CAP-encoding method is illustrated using a simulation study and then the

method is applied to three real-world datasets, including a subset2 of the SACNZ data and two

non-genomic datasets.

Chapter 5 is under review withMachine Learning– “CAP-encoding: Encoding Categorical

Variables using Canonical Analysis of Principal Coordinates” by H.L. Smith, P.J. Biggs, N.P.

French, A.N.H. Smith, and J.C. Marshall (2025).

2theC. jejuni isolates
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Chapter 6, investigates how target-basedversustarget-agnostic encoding of categorical

predictor variables for random forest can bias performance measures based on out-of-bag (OOB)

samples, such as variable importance and misclassi�cation rates. The new `independent holdout

method' for calculating variable importance is introduced and evaluated with di� erent methods

of encoding.

Chapter 6 has been published withPeerJ Computer Science– “Out of (the) bag - encod-

ing categorical predictors impacts out-of-bag samples” by H.L. Smith, P.J. Biggs, N.P. French,

A.N.H. Smith, and J.C. Marshall (2024),PeerJ Computer Science10:e2445, DOI 10.7717/peerj-

cs.2445.

In Chapter 7, the CAP-encoding method which was presented chapter 5 is used for the

source attribution ofCampylobacterspecies in New Zealand. The e� ect of using the full

genome (wgMLST data) compared to the 7-gene MLST data and the cgMLST data is eval-

uated, and the results are compared against those of the asymmetric island model on 7-gene

MLST data (Lake et al., 2021). The di� erence in performance when the dissimilarity matrix is

adjusted to account for clonal structure and genetic recombination is also investigated. Lastly,

the variable importance measure introduced in chapter 6 is applied to identify the most important

genes with regards to source attribution.

Finally, in Chapter 8, the General Discussion, the �ndings of this thesis are summarised

and possible directions for future research are discussed.



Chapter 2

Literature Review

2.1 Introduction

Quantitative estimates of the relative contributions of di� erent sources to human campylobac-

teriosis are essential for the identi�cation of transmission pathways, as well as the development

and monitoring of food-safety interventions. Source attribution modelling relies on comparing

the genomic pro�les of human cases ofCampylobacterwith those of putative sources. To de-

velop suitable models, it is important to understand how genomic variation occurs, starting with

microbiological processes. In this review of the literature, �rst, an overview of the microbi-

ology of Campylobacteris provided. Secondly, the concept of source attribution is explained

and the array of known microbiological source attribution methods are detailed along with their

strengths and limitations. The concepts of the random forest machine learning algorithm and

the issue with absent levels are further described. Finally, the use of distance-based methods for

multivariate analysis is discussed.

2.2 Microbiology

2.2.1 What is a Gene?

A gene is a sequence of nucleic acids (deoxyribonucleic acid (DNA) or ribonucleic Acid (RNA))

that code for a functional product, like a protein, that contribute to the expression of a particular

trait or a particular function in a cell. DNA is a long polymer of nucleotides. Each nucleotide

consists of a monosaccharide sugar (deoxyribose), a phosphate group, and one of four nitrogen

bases (adenine (A), guanine (G), cytosine (C), or thymine (T)).

The nitrogen bases of one DNA strand pair with the bases of a second strand (of reverse

orientation) and the two strands twist helically to form a double helix. The base pairs are �xed

- the pyrimidine cytosine always pairs with the purine guanine (with three hydrogen bonds) and

the pyrimidine thymine always pairs with the purine adenine (with two hydrogen bonds). To

�t the large polymer into a small cell, DNA is packaged up with proteins and supercoiled into

chromosomes (�gure 2.1).

6
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Figure 2.1: The Structure of DNA.1

2.2.2 The Genetic Code

Three adjacent nucleotides are known as a codon. Each codon codes for a speci�c amino acid.

In this way, the sequence of nucleotides speci�es a sequence of amino acids and therefore the

structure of a protein, and is referred to as the genetic code. There are four nucleotide bases and

64 (43) possible combinations (codons). As there are only 20 amino acids in the standard genetic

code, some amino acids may be represented by more than one codon (i.e., there is degeneracy

in the genetic code).

2.2.3 Bacteria

Bacteria are single-celled microscopic organisms that lack a nucleus and are classi�ed as prokary-

otes. Bacterial DNA is generally a single, circular DNA strand (chromosome), supercoiled with

proteins, and �oating freely in the cell in a region termed the nucleoid (�gure 2.2). Bacteria may

also carry extrachromosomal genetic material in the form of plasmids, which are smaller than

chromosomes and replicate independently of the rest of the genome. Plasmids encode few genes

which, although are nonessential, often bene�t the survival of the organism and confer selective

advantage to the bacteria through mechanisms such as antibiotic resistance. Plasmids also pro-

vide a mechanism for horizontal gene transfer (bacteria can pick up new plasmids from other

bacterial cells during conjugation, or from the environment), and are a source of bacteriophages

(viruses that infect bacteria) (Harrison et al., 2015).

1Image adapted from Pray (2008)
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Figure 2.2: Simple bacterial cell structure.

2.3 Campylobacteraceae

TheCampylobactergenus belongs to the familyCampylobacteraceaeand contains 66 species

(LPSN, 2024), with new species likely to be discovered with time (Bian et al., 2020; Silva

et al., 2020). MostCampylobacterspecies are gram-negative, non-spore forming, spiral-shaped,

motile bacteria with a polar �agellum at one or both ends of their cell (Nachamkin et al., 2008)

(�gure 2.3). Two species,C. jejuni andC. coli, are responsible for most cases of campylobac-

terosis in humans and are the subject of this review.

Figure 2.3:Campylobacter jejuni.2

C. jejuni andC. coli each have a circular chromosome roughly 1.7 Mb long (Chen et al.,

2013; Parkhill et al., 2000; Pearson et al., 2013; Taylor et al., 1992) which encodes for approxi-

mately 1700 genes (Parkhill et al., 2000). The genomes of the two species are similar, matching

by around 85% at the nucleotide level (Sheppard et al., 2013a). TheseCampylobacterspecies

2Image sourced from https://www2.le.ac.uk/projects/vgec/schoolsandcolleges/Microbial%
20Sciences/bacteria-passport/campylobacter-jejuni-1

https://www2.le.ac.uk/projects/vgec/schoolsandcolleges/Microbial%20Sciences/bacteria-passport/campylobacter-jejuni-1
https://www2.le.ac.uk/projects/vgec/schoolsandcolleges/Microbial%20Sciences/bacteria-passport/campylobacter-jejuni-1
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have high allelic diversity (i.e., variability within a gene); however, this variability is not con-

sistent across the genome – some loci show very little variation while others are highly variable

(Parkhill et al., 2000; Sheppard and Maiden, 2015). Variation in the nucleotide sequence of a

gene is either the result of a mutation event (i.e., a substitution, insertion, or deletion of one or

few nucleotides) or of a recombination event (i.e., a restructuring of a larger part of the genome

using external DNA) (Sheppard and Maiden, 2015). In addition, new genetic material can be

introduced via horizontal transfer from other bacteria (`conjugation'), intracellular DNA rem-

nants (`transformation'), or bacteriophages (`transduction') (Fearnhead et al., 2014) and can

generate mosaic genes, di� erent parts of which have di� erent evolutionary histories (Maiden

et al., 2013). The genetic diversity ofCampylobacteris driven by high levels of this horizontal

genetic exchange (Wilson et al., 2009), yet the populations retain a distinct structure correspond-

ing to ancestral lineages (Sheppard and Maiden, 2015). In other words,Campylobacterspecies

show evidence of both clonal relatedness through substitutions and panmixis through frequent

recombination events.

Genetic Sequencing

DNA sequencing is the extraction of the exact order of nucleotide bases in a strand of DNA. Se-

quencing may be used to determine the sequence of individual genes, larger genetic regions (i.e.,

clusters of co-regulated genes (operons)), full chromosomes, and entire genomes. Historically,

there have been three milestones of genetic sequencing methods: Sanger sequencing, next-

generation sequencing (NGS, also known as high-throughput sequencing), and third-generation

sequencing (also known as long-read sequencing). NGS is frequently used due to its a� ord-

ability, speed, and accuracy. NGS requires breaking long strands of DNA into small segments

randomly, then using Polymerase Chain Reaction (PCR) ampli�cation and cloning to generate

a pool of small DNA fragments. The fragments are then sequenced from either end to create

a library of sequenced regions, called `reads'. The individual reads are then computationally

merged into longer stretches of overlapping sequences called `contigs', which in turn are joined

to form even longer stretches of sequences called `sca� olds'. Finally, the aligned sca� olds are

matched against a reference genome (e.g., by BLAST (Basic Local Alignment Search Tool)) to

identify the individual genes and their locations on the chromosome (�gure 2.4).

2.3.1 CampylobacterTyping Schemes

The ability to accurately identify the strains of infectious agents that cause disease is central

to the investigation of epidemiology and infections, surveillance, and public health decisions

(Maiden et al., 1998). An isolate ofCampylobacteris a single colony isolated from agar plates

where microorganisms are cultured. Typing schemes forC. jejuni andC. coli help decipher

the relationships between disease-associated isolates and isolates sourced from animal or en-

vironmental populations (Dingle et al., 2001, 2005). The ultimate goal of a typing scheme is

to assign isolates to molecular types that each share a recent common ancestor (Maiden et al.,

1998). Although historically there have been many schemes for discriminatingCampylobacter
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Figure 2.4: Genome sequencing process.
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isolates (described in Guzmán-Martín et al. (2019)), the broadly adopted approach is the nu-

cleotide sequence-based typing method known as multilocus sequence typing (MLST). MLST

has the advantage of being able to overcome some of the di� culties of interpreting bacterial

population structures that display elements of both clonality and panmixis.

MLST uses nucleotide sequencing to directly assign variants of genes, known as alleles,

which reside at a particular locus to a molecular type. A change in nucleotide sequence may or

may not in�uence the functioning of the gene. A mutation that changes the sequence of a triplet

codon can be: (i) synonymous (the new codon speci�es the same amino acid as the original

codon), (ii) non-synonymous (the new codon speci�es a di� erent amino acid), (iii) nonsense

(the new codon speci�es a termination codon), or (iv) readthrough (the new codon converts

a termination codon into one specifying an amino acid). InCampylobacter, recombination

events occur with a much higher frequency than point mutations (Yu et al., 2012) and have

a greater impact on the total similarity of sequences between strains. In MLST, the number of

di� erent nucleotides between alleles is ignored. Each unique sequence for each locus is assigned

a unique allele number (incrementing with the time of discovery) whether the sequences di� er

at a single nucleotide position or at many positions. Thus, the allele is the unit of comparison

rather than the nucleotide sequence. Each allelic change is, therefore, counted as a single genetic

event, regardless of the nature of the change. MLST is a portable system with a central set of

databases hosting MLST allele sequences and sequence type (ST) pro�le tables for over 100

di� erent microbial species and genera (Jolley et al., 2018).

C. jejuni andC. coli share a common MLST scheme (Dingle et al., 2005). The original

MLST scheme only looked at the nucleotide sequences of internal fragments of seven house-

keeping genes accounting for approximately 0.1% of the genomic sequence (Dingle et al., 2001).

The corresponding allelic pro�le from the seven loci de�ne the ST of each isolate and subse-

quently the clonal complex (CC) or lineage. MLST can now be assigned from whole-genome se-

quence information and applied gene-by-gene (Jolley and Maiden, 2010; Sheppard et al., 2012).

A more recent and comprehensive MLST scheme comprises the core genome (cgMLST), de-

�ned as a set of 1343 loci which are present in most members ofC. jejuniandC. coli (Cody et al.,

2017). The de�ned core genome has been validated against isolates from the United Kingdom,

Europe, and North America, but may not be wholly transferrable to other continents or time

periods. The highest level of resolution is whole-genome MLST (wgMLST) (Cody et al., 2013;

Maiden et al., 2013), in which all the loci of a given isolate are compared to equivalent loci in

other isolates. The whole-genome resolution is particularly suited to studies of closely related

strains that have subtle genetic di� erences. Lower resolution is suited to studies of strains of

less closely related strains that have greater genetic di� erences (Maiden et al., 2013).

2.4 Source Attribution

The process of assigning cases of human disease to their most likely origin is known as `source

attribution'. Many approaches to source attribution have been developed, including epidemio-

logical methods (Domingues et al., 2012; Pires et al., 2010), expert knowledge elicitation (Hald
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et al., 2016; Havelaar et al., 2008; Mughini-Gras et al., 2022), and microbiological methods

(Falcao et al., 2024; Sheppard et al., 2009; Strachan et al., 2009), among others. Microbiologi-

cal methods of source attribution encompass comparative risk and exposure assessment (Pintar

et al., 2017) and microbial subtyping methods (Hald et al., 2004; Liao et al., 2019; Miller et al.,

2017; Mullner et al., 2009a; Pritchard et al., 2000; van Pelt et al., 1999; Wilson et al., 2008).

2.4.1 Frequency-Matching Methods

The microbial subtyping approach involves di� erentiating bacterial isolates of the same species

by phenotypic and genotypic subtyping methods. Frequency-matching methods of source at-

tribution then infer probabilistically the most likely sources of human cases by comparing the

relative frequency of subtypes from each potential source with subtypes from human cases.

Bayesian inference is often applied to link the models derived from human occurrences with the

models derived from animal occurrences (tables 2.1, 2.2; �gure 2.5).

The models �t to counts of occurrences in humans can be broadly categorised as either

Poisson (Y � Poisson(� ); e.g., Hald model and its modi�cations) or Multinomial (Y �

Multinomial(n; p); e.g., Dutch model, asymmetric island model, and Dirichlet model). The

models �t to counts of occurrences in animals typically take the form of a multinomial model

(X k � Multinomial(nk; � k) for animalk). The corresponding models forY (the human model)

andX k (the animal model) are then linked by one of several methods (table 2.1, �gure 2.5). A

particular challenge is that� k (the proportions of cases from each source) is a parameter in both

the human model and the animal model (either directly or indirectly) and; for reasons including

di� erential exposure, virulence, survivability, etc.; the values of� k might di� er between the two

models. The di� erent methods deal with this issue in method-speci�c ways (�gure 2.5).
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Table 2.1: Summary of frequency-matching source attribution methods. Each method has a human model, an animal model, and a method of linking the two models
together. The data variables and model parameters are detailed in table 2.2.

Method Human model Details
(human model)

Link Details
(animal model)

Animal model

Hald model Yi � Pois(� i ) mk is estimated from consumption
data

Priors:
sk � U(0; 0:01)
qi � U(0; 10)

� i =
P K

k=1(skqi � ik prevkmk) � ik = Xik
nk

prevk = nk
Tk

Xk � MN(nk; � k)

Modi�ed
Hald model

Yi � Pois(� i ) mk = 1

Priors:
sk � Exp(
 k)
log(qi ) � N(0; � )
� � Gamma(0:001;0:001)
r ik � Beta(� ik; � ik)

Here � and � are estimated
by �tting a Beta distribu-
tion to the posterior product
r ik = � ik xprevk to estimate� ik; � ik.

� i =
P K

k=1(skqi � ik prevkmk)

� i =
P K

k=1(skqi � ik prevk)

� i =
P K

k=1(skqi r ik)

nk � Binomial(Tk; prevk)

Priors:
� ik � Dirichlet(1; 1; : : : ;1)
prevk � Beta(1; 1)

Xk � MN(nk; � k)

sourceR Yi � Pois(� i ) mk = 1
prevk = 1
P

sk = 1

Priors:
sk � Dirichlet(1; 1; : : : ;1)
qi � DP(1;Gamma)

� i =
P K

k=1(skqi � ik prevkmk)

� i =
P K

k=1(skqi � ik)

Priors:
� ik � Dirichlet(1; 1; : : : ;1)
Note that this is the only jointly �t model

Xk � MN(nk; � k)

Dutch model Y � MN(n; p) sk � U(1) pi =
P K

k=1 � ik sk � ik = Xik
nk

Xk � MN(nk; � k)

Continued on next page.
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Table 2.1: Summary of frequency-matching source attribution methods – continued.

Method Human model Details
(human model)

Link Details
(animal model)

Animal model

Asymmetric
island model

Y � MN(n; p) Priors:
sk � Dirichlet(1; 1; : : : ;1)

pi =
P K

k=1 � ik sk � , M, andR are estimated from the known source cases with a
pseudo-likelihood approximated by a leave-one-out approach.

� ik =
X

j

M jk

I j

LY

l=1

8
>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

� k if al is novel

(1 � � k)RkBl
al k

if al , gl

(1 � � k)[1 � Rk(1 � Bl
al k

)] if al = gl

P
� < 1 because not all possible mutations and/or recombinations have

been observed

Priors:
� k � Beta(1; 1)
Rk � Beta(1; 1)
Mk � Dirichlet(1; 1; : : : ;1)

Xk � MN(nk; � k)

Dirichlet
model

Y � MN(n; p) Priors:
sk � Dirichlet(1; 1; : : : ;1)

pi =
P K

k=1 � ik sk
P

� = 1

Priors:
� k � Dirichlet(1; 1; : : : ;1)

Xk � MN(nk; � k)
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Table 2.2: Data variables and model parameters for frequency-matching source attribution meth-
ods.

Input Variables
Y = fYig vector of counts of genotypei in the human isolates wherei 2 (1 :

I )
Xk ={ X1k; X2k; : : : ;XIk} vector of counts of genotypei in the isolates from sourcek, where

k 2 (1 : K) is the index for animal sources (e.g., poultry, sheep,
cattle)

al allele (observed sequence) at loci (chromosomal position)l,
whereal 2 (1l : Al) andl 2 (1 : L)

Model Parameters
� ik expected number of human cases of genotypei from sourcek
� = f� ig vector of expected number of human cases of genotypei over all

K sources (� i =
P K

k=1 � ik)
n total number of human isolates (n =

P I
i=1 Yi)

nk number of positive isolates from sourcek (nk =
P I

i=1 Xik)
p = { p1; p2; : : : ;pI } vector of proportions of human cases with each genotypei 2 (1 :

I )
mk estimated quantity of food sourcek consumed by the human pop-

ulation
� k = { � 1k; � 2k; : : : ; � Ik} vector of proportions of cases from sourcek with each genotype

i 2 (1 : I )
sk source e� ect - the ability of sourcek to transmit infection (the

attribution probability).
qi type e� ect - the ability of genotypei to cause disease in humans
prevk prevalence of infection, over all genotypes, on sourcek
Tk total number of source samples (both positive and negative)
r ik probability of a randomly chosen individual from sourcek having

genotypei (r ik = � ik prevk)
� k probability, per locus, that a genotype sampled from sourcek con-

tains a novel mutant allele
M jk probability of sampling an allele from sourcek that has already

been observed in sourcej
Rk probability, per locus, that a genotype sampled from sourcek has

undergone recombination
I j total number of genotypes observed on sourcej
Bl

alk
probability of sampling allelea at locusl in sourcek
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Figure 2.5: Illustrative representation of the frequency-matching source attribution methods. The treatment of� k (the proportions of cases from each source) is method
dependent. The data variables and model parameters are detailed in table 2.2.
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2.4.1.1 Y � Poisson(� ) : X k � Multinomial (nk; � k) Models

In this group of models, the human Poisson model and the animal Multinomial model link via a

variation of:

� i =
KX

k=1

� ik =
KX

k=1

(skqi � ik prevkmk)

where� ik (the proportion of cases from sourcek which are of genotypei) is estimated using the

source data (Xk). The inclusion of a type speci�c e� ect (qi) allows the distribution of genotypes

in humans (qi � ik prevkmk) to di� er from the distribution of genotypes in animals (� ik). In this

way, the source-speci�c e� ect (sk) acts as an attribution weight.

TheHald Model (Hald et al., 2004) includes parameters for the ability of individual sources

and genotypes to transmit disease to humans (sk andqi respectively).sk andqi are estimated

from Yi and are assigned priors ofqi � Uniform(0; 10) andsk � Uniform(0; 0:01). Values of pa-

rameters� ik, prevk, andmk are �xed according to the observed data, and so this model allows for

no uncertainty in these quantities. To be e� ective, this model requires the distribution of geno-

types to vary among sources. This model is over-parameterised as the number of independent

data points (I ) is less than the number of parameters to be estimated (I + K).

TheModi�ed Hald Model (Mullner et al., 2009a) simpli�es and extends the Hald model

to allow for environmental sources. As the concept of consumption is redundant for environ-

mental sources, the model sets the consumption parameter asmk = 1 and, for food sources,

the consumption information is incorporated into the model via the estimated source-speci�c

parameter (sk). Starting with the source data,Xk, whereXk � Multinomial(nk; � k) andnk �

Binomial(Tk; prevk), the relative frequencies of within-source genotypes (� ik) and the overall

prevalence of the organism in each source (prevk) are estimated usingDirichlet(1; 1; : : : ;1) and

Beta(1; 1) priors leading to Dirichlet and Beta posteriors for� ik andprevk respectively. A new

parameter,r ik, is then calculated from the product of the posterior� ik and prevk samples, and

independentBeta(� ik; � ik) distributions are �t to these by equating the �rst two moments. These

independent Beta distributions are then used as priors forr ik in the attribution stage. The �nal

human attribution is then� i =
P K

k=1(skqir ik) and the remaining priors aresk � Exp(
 k) and

log(qi) � Normal(0; � ); � � Gamma(0:001;0:001). Modellingqi as a random e� ect from a

lognormal distribution with an adaptive-shrinkage Gamma prior helps with the issue of poor

identi�ability arising from over-parameterisation.

sourceR (Miller et al., 2017) is a further adaptation of the Modi�ed Hald model. The

consumption and prevalence parameters are �xed,mk = 1 and prevk = 1, and the informa-

tion on consumption and prevalence is incorporated into the estimated source-speci�c e� ects

(sk). A further identi�ability issue (that only the productskqi is identi�ed) is resolved by con-

strainingsk to sum to 1. This is achieved by changing the prior from an Exponential distri-

bution to sk � Dirichlet(1; 1; : : : ;1). In addition, a Dirichlet process is used to cluster strains

(and theirqi 's) by behaviours such as virulence, pathogenicity, and survivability with new pri-

ors qi � DP(1; Gamma). As with the above models,X k � Multinomial(nk; � k) with prior

� k � Dirichlet(1; 1; : : : ;1), but, in this case, the model is jointly �t. This model is the only fully
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joint source attribution model currently developed. This means the uncertainty arising from both

human and source data will be incorporated in both the proportion of human cases attributed to

each source and the proportion of each genotype on each source. The model can be extended to

include a separate estimation of attribution across independent locations (e.g., urban and rural

dwellers, or di� erent centres) and independent time periods, as described in Miller et al. (2017).

2.4.1.2 Y � Multinomial (n; p) : X k � Multinomial (nk; � k) Models

In this group of models, the human Multinomial model and the animal Multinomial model link

via a variation of:

� i =
KX

k=1

� iksk

Here,sk, the source e� ect, directly represents the probability, over all genotypes, of human

cases arising from sourcek, and is known as the attribution probability.

For the Poisson models, the type-speci�c parameter (qi) allows the probabilities of each

type to di� er between the human and source models. In the Multinomial models, however, the

q parameters are dropped. By doing so, there is an inherent assumption that each genotype

has a similar probability of infecting humans, which is unlikely to hold. As the human and

animal type probabilities are expected to di� er, the� ik 's are modelled using the animal model

only, X k � Multinomial(nk; � k), and then each posterior realisation of� k is used to model the

attribution probabilities (sk's) in the human model,Y � Multinomial(n;
P K

k=1 � ksk).

The simplest of these models is theDutch Model (van Pelt et al., 1999). This model has a

uniform prior on the attribution probabilities,sk � Uniform(1), such that all sources are equally

likely to be the source of human infection. In addition,� ik is modelled directly using the pro-

portions of source cases of each genotypei (� ik = Xik=nk). Thus, the proportion of human

cases of each genotypei is simply estimated to be the proportion of source cases of each geno-

type i. There is no uncertainty in this model and con�dence intervals need to be estimated via

bootstrapping methods.

The Asymmetric Island Model (Wilson et al., 2008) models the sampling distribution of

the allelic pro�les, rather than the genotypes, on the animal sources. It may also be considered a

population genetic method of source attribution – each source is represented by an island and the

collection of human isolates are the population. The model assumes that the observed genotypes,

i = (a1; a2; : : :; aL), are a result of the evolutionary processes of mutation (where a locus has

a novel allele), migration (where the genotype has been observed in a di� erent source), and

recombination (where the allele at a locus has been observed before but in a di� erent genotype).

Probabilities are assigned to each of these processes, on each island source, from the allelic

frequencies at given loci.

If the loci are not independent, and there is migration of strains between sources, theni

may be a copy of a genotypeg from a sourcej other thank. Mutation and recombination mean

that i may contain novel alleles, or comprise a novel combination of existing alleles. Using the

multinomial animal model,X k � Multinomial(nk; � k), � ik is then estimated via the following
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function with Beta priors on� k andRk and aDirichlet(1; 1; : : : ;1) prior onMk:

� ik =
X

j

M jk

I j

LY

l=1

8
>>>>><
>>>>>:

� k if al is novel

(1 � � k)RkBl
alk

if al , gl

(1 � � k)[1 � Rk(1 � Bl
alk

)] if al = gl

The probabilities� , M, andR are estimated from the known source cases with a pseudo-

likelihood approximated by a leave-one-out approach. For each posterior sample of these, a

Markov Chain Monte Carlo (MCMC) side-chain with various Metropolis-Hastings updates is

run to estimate the probabilitiessk for the human model using aDirichlet(1; 1; : : : ;1) prior. This

model may be extended to allow attribution to change through time, or to include covariates for

the human cases by modelling thesk probabilities by case through time. This model considers

the collection of observed genotypes to be a sample of all possible genotypes, so that
P

� ik < 1.

This means the model can attribute human cases of a genotype that has not previously been

observed in one of theK sources by assessing genetic similarity of alleles. The model requires a

high degree of genetic diversity within the sources. Low divergence among sources can limit its

usefulness, such as when data are sourced from di� erent datasets (e.g., non-local or non-recent)

(Smid et al, 2013).

TheDirichlet Model (Liao et al., 2019) simpli�es the asymmetric island model by using a

Dirichlet distribution in place of the evolutionary model for� k. Modelling the prior for� k as

� k � Dirichlet(1; 1; : : : ;1), which is the conjugate prior for the multinomial distribution, allows

the posterior distribution for� k to be modelled as� k � Dirichlet(X k+1) which can be easily

calculated. Because this model now considers the collection of genotypes observed to be the

entire population of genotypes,
P

i � ik = 1, and as a result the model cannot attribute human

cases of a genotype which has not previously been observed in one of theK sources.

Each of the frequency-matching methods have limitations, particularly with increasing ge-

netic resolution. Any chosen level of resolution for a model restricts attribution to that level

of resolution. For example, isolates belonging to a single genotype, as de�ned by the 7-gene

MLST scheme, are all attributed in the same way. Increasing the number of genes included in

the model will increase the number of unique genotypes so that attribution can continue within

a single genotype; however, as the number of unique genotypes increases, the counts of each

unique genotype decrease, ultimately to single counts. At this point the Poisson and Multino-

mial models are ine� ective and the genotypes found in humans will ultimately become distinct

from those found in the sources. With the exception of the asymmetric island model, these mod-

els cannot attribute an isolate unless it has been observed in one of the sources. The asymmetric

island model, rightly or not, will attribute it the source with the highest diversity. Another poten-

tial issue of the asymmetric island model, is that increasing the number of alleles in the model

not only reduces the functionality of the count-based model, but also results in the attribution

probabilities changing (Lake et al., 2021) and favouring the source with the lowest variability in

its complement of genotypes (�gure 2.6).
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Figure 2.6: Asymmetric island model attribution results. As the number of genes in the model
increases, the attribution probabilities change. Each colour represents a di� erent host source.

2.4.2 STRUCTURE

STRUCTURE, developed by Pritchard et al. (2000) and updated several times since (Falush

et al., 2003, 2007; Hubisz et al., 2009) is another source attribution model based on popula-

tion genetics. Similar to the asymmetric island model, STRUCTURE is a Bayesian clustering

method using multilocus genotype data to estimate allele frequencies at each genetic locus for

each source. By assuming that each locus is independent, the probability distribution of allele

frequencies is a multinomial distribution on counts of alleles (rather than on counts of geno-

types as in the Dirichlet model above). Each human case is assigned probabilistically to a single

source (the no admixture model) based on their genotypes.

Let:

ˆ G be the set of observed genotypes, wheregi
l is the sequence (genotype) of isolatei 2 (1 : I )

at locusl 2 (1 : L) loci, from both the source and the human isolates

ˆ S be the set ofK prede�ned sources, wheres(i), is the source from which isolatei originated

ˆ F be the set of frequencies, wherefsla, is the frequency of allelea, at locusl, in sources

ˆ Nl be the number of distinct alleles observed at locusl

Assume that each sources 2 (1 : S) is modelled by a characteristic set of allele frequencies.

Under the assumptions of (i) Hardy-Weinberg equilibrium within populations and (ii) complete

linkage equilibrium between loci within populations, each allele (a) at each locus (l) in each
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genotype (g) is an independent draw from the appropriate frequency distribution. The proba-

bility distribution is thereforeP(G j S; F). With suitable priors onS and onF, the posterior

distribution isP(S; F j G) / P(S)P(F)P(G j S; F). Given the source of each isolate,P(G j

S; F) = P(gi
l = a j S; F) = fs(i)la – the frequency of allelea at locusl in the source of individual

i, independently for eachgi
l . Assuming that the probability that an isolate originated in sources

is proportional to the size of each clusters, the prior onS is P(S) =
P

gs(i)P
G , independently for all

individuals. The prior onF is fsl � Dirichlet(� 1; � 2; : : : ; � Al ) = Dirichlet(1; 1; : : : ;1) indepen-

dently for each sources, and locusl. Then an MCMC algorithm is used to estimateP(S; F j G).

For source attribution, the model uses the source data as a training set (i.e., the source is known),

also known as the burn-in stage, and the human isolates as the test set with source unknown.

Although the STRUCTURE model is potentially applicable to whole genome sequencing

(WGS) data (Berthenet et al., 2019; Denis et al., 2023; Mughini-Gras et al., 2021; Saif et al.,

2022; Thépault et al., 2017) the computation time increases linearly with each additional lo-

cus and using a large number of loci (e.g.,> 1000) is impractical (Pérez-Reche et al., 2020).

Additionally, increasing the number of loci compounds the attribution errors resulting from

even small errors in estimates of allele probabilities. Solutions have been proposed for this in

terms of pre-selecting genes based on their discriminatory ability (Collins and Didelot, 2018;

Rosenberg et al., 2003; Thépault et al., 2017) or using a method of attribution bias correc-

tion (Berthenet et al., 2019). It is, however, circular logic to assess results of self-attribution

following pre-selection of variables on the same criteria of self-attribution, so it is di� cult to

assess these methods. Pérez-Reche et al. (2020) describe a new method using information the-

ory to select loci based on decreasing allelic diversity within sources and/or increasing allelic

diversity between sources but there is no record that this has been applied in combination with

STRUCTURE and the e� ectiveness is not known. A further issue is the underlying assumption

of complete linkage equilibrium between loci within populations. BothC. jejuni andC. coli

have linked loci and the number of linked loci increases with the numbers of loci (Meinersmann

et al., 2002; Suerbaum et al., 2001). Although Falush et al. (2003) adapted STRUCTURE to

allow for linked loci, all known published studies utilising STRUCTURE for source attribution

of Campylobacterhave used the unlinked (uncorrelated allele frequency) model (Benshak et al.,

2023; Berthenet et al., 2019; Denis et al., 2023; Kovac et al., 2018; Mughini-Gras et al., 2021;

Saif et al., 2022; Sheppard et al., 2009; Thépault et al., 2017) and the e� ect on the results of not

meeting this independence assumption has not been quanti�ed.

2.4.3 Minimal Multilocus Distance Method

The minimal multilocus distance (MMD) method by Pérez-Reche et al. (2020) is based on the

Hamming distance (dH). dH is a variation of the simple matching coe� cient and is the number

of positions (e.g., alleles, or single nucleotide polymorphisms (SNPs)) at which the correspond-

ing variables are di� erent. The similarity between isolates and sources is interpreted in terms

of the cumulative distribution function ofdH, Fh;s(� ). Using the principles of machine learn-

ing, parameters (qs) which optimise self-attribution probabilities are determined, and for each
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isolate to be attributed,Fh;s(� ) is calculated (for each potential source) and the parameters de-

termined from the machine learning process (qs) are used to calculate the attribution probability.

Let:

ˆ gh = fgh;lgL
l=1 be the genotype of isolateh, from a human where the origin of infection is

unknown

ˆ gi;s = fgi;s;lgL
l=1 be the genotype of isolatei 2 I from sources 2 S; andgi;s 2 Gs, the set of

observed genotypes from all isolates of sources

ˆ dH(gh; gi;s) 2 � be the Hamming distance (the number of mismatches) betweengh andgi;s,

and� be the range of possible numbers of mismatches (i.e., 1:the total number of SNPs)

ˆ � h;s(q) be theq-quantile, which is the value of� (for each source) at which the cumulative

distribution function,Fh;s(� ) = q, for a given probabilityq

ˆ � min = minsf� h;s(q)gbe the smallest source-speci�c value of�

ˆ � h;s = Fh;s(� min) be the probability, for each sources, thatdH(gh; gi;s) � � min

Then the probability that a human isolate,h, originated from sources is:

ph;s =
� h;sP

s02S � h;s0

In �gure 2.7, the curves show the source-speci�c cumulative distribution functionsFh;s(� )

which gives the probabilities thatdH between an isolate of unknown origin and any genotype

from the corresponding source is smaller than� . The value ofq determines the attribution

probabilities and therefore has the potential to bias results, however the attribution probability,

ps, is not very sensitive to the speci�c value ofq, provided it is within the range in which

self-attribution probability is high. For each source, the optimal self-attribution value,qs, is

determined as the value which minimisesqs(1� ps)
ps

. q is then chosen to be the mean of the optimal

self-attribution values,qs, weighted by the number of isolates in each source. Estimates of

uncertainty for the attribution probabilities,ps, are obtained via bootstrap samples from the

set of source probabilitiesfph;sg
Ih
h=1. Self-attribution values are determined by a Monte-Carlo

cross-validation strategy using 50% of the samples (the training set) from each source.

The attribution results of the MMD method, based on core-genome SNP (cgSNP) genotypes,

compare favourably against STRUCTURE (Pérez-Reche et al., 2020).dH can be calculated for

a unique genotype not observed in any of the sources. The computational time of MMD is

related todH and not to the number of loci, and MMD can deal with genotypes comprising

thousands of loci with minimal computational e� ort. Despite this, Pérez-Reche et al. (2020)

compared attribution results using both an increasing number of loci and using loci selected

based on information theory and found that selecting loci which decrease allele diversity within

sources decreased the number of SNPs required to obtain optimal self-attribution.
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Figure 2.7: Example of the determination of attribution probabilities,ph;s, in the MMD method.3

2.4.4 Genome-Wide Association Study

A genome-wide association study (GWAS) assesses whether a particular genetic variant is found

more often than expected in individuals with a particular phenotype. The method is commonly

used to identify genetic variants associated with a particular disease, and it has been adapted

as a method for source attribution by looking for genetic variants underlying preferential host

colonisation (Sheppard et al., 2013b). The method by Sheppard et al. (2013b) identi�es unique

`words' (k-mers) of 30 bp sequences which are more strongly associated with a particular host

than would be expected based on neutral patterns of evolution, given the clonal relationships

of the bacteria in the sample and their distribution among hosts. Monte Carlo simulations are

used to measure the statistical association of a word with the host from which each genome was

isolated. Words are simulated based on a reconstructed phylogeny and the correlation of the

real word is then compared with the distribution of the correlations of the simulated words to

produce a phylogenetically correctp-value. Signi�cant words are then mapped to genes and

further investigated.

Collins and Didelot (2018) developedtreeWAS, an adaptation of the GWAS method that

uses a phylogenetic approach. This method reconstructs the phylogeny and computes the ho-

moplasy distribution containing site-speci�c numbers of substitutions drawn from the empirical

dataset. The simulated dataset then resembles the empirical dataset in population structure and

genetic composition and includes the e� ects of mutation and recombination. Association testing

is then performed as described in Collins and Didelot (2018). treeWAS therefore circumvents

the confounding e� ects of population structure and recombination inherent in GWAS methods.

3Image adapted from “Pérez-Reche et al (2020) Mining Whole Genome Sequence data to e� ciently attribute in-
dividuals to source populations. Additional �le 2: Supplementary �gures” available at https ://doi.org/10.1038/s4159
8-020-68740 -6.
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In essence these are methods of selecting loci which may discriminate sources rather than being

true source attribution models.

2.4.5 Machine Learning

Recently, there has been a surge in machine learning methods for source attribution ofSalmonella

(Guillier et al., 2020; Guzinski et al., 2024; Lupolova et al., 2019; Munck et al., 2020; Thystrup

et al., 2024; Zhang et al., 2019) and more recentlyCampylobacter(Arning et al., 2021; Brinch

et al., 2023; Pascoe et al., 2024), with varying levels of success.

2.4.5.1 Unsupervised Machine Learning

Unsupervised machine learning (e.g., principal component analysis (PCA), clustering methods)

are useful for revealing underlying structure in the data, but where the structure is not dominated

by host source, then these methods struggle to di� erentiate inherent ancestral structure from host

source. Some recent studies have appliedweighted network analyses, a clustering method, to

the source attribution ofCampylobacter(Brinch et al., 2023; Wainaina et al., 2022). Network

analysis is based on weighted networks theory, which provides a direct comparison of genomic

distances among isolates of di� erent sources via weighted network links. Each node in the

network is an isolate, and links between isolates correspond to their genetic distance. Weaker

links imply a greater genetic distance between isolates. The probability of a human isolate

being associated with an animal source is computed as the function of the number of links

that the human isolate has with other animal isolates (Merlotti et al., 2020). This method can

be applied to data of any resolution (e.g., wgMLST, cgMLST, or SNP) (Merlotti et al., 2020;

Wainaina et al., 2022).

2.4.5.2 Supervised Machine Learning

Supervised machine learning algorithms are trained on variations in the genomes (e.g., of alle-

les) isolated from animal sources to predict the source from which a human isolate originated.

Random forest (Breiman, 1996, 2001) is a tree-based method of supervised machine learning

that has been used in a handful of source attribution studies forCampylobacter(Arning et al.,

2021; Brinch et al., 2023).

For a training set ofN independent observations (the animal isolates) onP variables, where

xn = (xn1; xn2; : : : ;xnP) is the vector of predictor variables for observationn = 1;2; : : : ;N, and

yn is the corresponding response variable, classi�cation and regression tree (CART) is a greedy

recursive binary partitioning algorithm that successively partitions data (the parent node) into

two smaller subsets (the left and right child nodes). Each binary partition is based on a decision

rule for a single predictor variable chosen to achieve maximal reduction in the impurity of

the response variable in the resulting child nodes (Breiman et al., 1984). The Gini index is a

common measure of impurity and is simply a measure of the likelihood of an isolate chosen at

random being incorrectly classi�ed if it was randomly classi�ed according to the distribution of
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sources from the data set. The tree continues to grow until a stopping rule is reached or until

each observation has been assigned to a terminal node. A classi�cation can then be predicted for

a new observation (i.e., a human isolate) by sending it down the tree according to the decision

rules until it arrives at a terminal node.

Individual classi�cation trees tend to over�t to the training data, that is, they yield decision

rules that are more speci�c to the training data than they are to new independent data. Random

forest addresses this issue by creating an ensemble of classi�cation trees. The individual trees

that make up the ensemble di� er from one another because they are each trained on a di� er-

ent random sample of the training observations (`bagging') and predictor variables (`random

subspacing'; Amit and Geman, 1997; Breiman, 1996; Ho, 1998). The predictions from the in-

dividual trees are aggregated and classi�cations are made based on the majority vote across the

trees. Various control parameters can be set for random forest models, including the number of

trees, the number of variables randomly selected as splitting candidates, and tree size (Wright

and Ziegler, 2017).

Tree-based source attribution models su� er a range of issues. They are not robust to unequal

sample sizes among the sources, and isolates may be over-attributed to sources with the largest

number of observations. In addition, the models do not account for sources that were not in-

cluded in the training data – every human isolate will be attributed to one of the known sources.

However, the greatest issue with tree-based methods occurs when a level of a categorical pre-

dictor variable (i.e., an allele) is absent when a tree is grown, but is present in a new observation

for prediction (i.e., unique strains in the human isolates) (the absent-levels problemsensuAu,

2018). In a random forest algorithm, this situation can arise due to sampling variability (i.e.,

the strain was absent from the observations that were used to train the model), bagging (i.e., the

strain was in the training data but absent from the bootstrapped sample used by a particular tree),

or tree design (i.e., the strain was present at the top of the tree but absent from a lower subset

created by binary splits). When the algorithm encounters a unique strain, there is no immutable

a priori rule for determining which side of the binary split the isolate should go.

For the algorithm to proceed with a unique strain, a heuristic rule is required. Available

heuristics include stopping an a� ected isolate from proceeding down the tree (Therneau et al.,

2022), using a surrogate decision rule that mimics the original split's partitioning (Hothorn

and Zeileis, 2015; Therneau et al., 2022), directing all a� ected observations down the branch

with more training observations (Hothorn and Zeileis, 2015), directing all a� ected observations

down the same branch (i.e., “left” or “right heuristic”) (Liaw and Wiener, 2002; Wright and

König, 2019), directing all a� ected observations down both branches simultaneously (Saar-

Tsechansky and Provost, 2007), randomly directing a� ected observations down a left or right

branch (Hothorn and Zeileis, 2015), and binary encoding predictors. The choice of treatment

of absent levels can dramatically alter a model's performance and potentially lead to systematic

bias (Au, 2018).

Another approach is to have the model interpret allele numbers quantitatively (the equivalent

of treating a categorical variable as ordinal) as this allows for the classi�cation of unique strains.
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Although this has been the approach taken by several studies (Arning et al., 2021; Guzinski

et al., 2024; Tanui et al., 2022), this treatment may be detrimental to random forest predictions

(Wright and König, 2019). It is also problematic if the ordering of the alleles has some degree

of association with the source. For example, the open-access PubMLST database (Jolley et al.,

2018) de�nes alleles numerically and in a sequential manner based on sequence deposition.

In this instance, treating alleles as numeric would not be appropriate because allele “1” is not

necessarily more related to allele “2” than it is to allele “500”. However, it is likely that isolates

have been added to the database in groups according to host source, so that their numeric order

may partition into contiguous chunks by host. The numeric order thus provides information on

likely host sources which is external to the data in a particular study, potentially biasing class

assignment (chapter 7, appendix D.1).

Many models use variable selection as a �rst step in the analysis (e.g., Arning et al. (2021);

Brinch et al. (2023); Guzinski et al. (2024); Munck et al. (2020); Pascoe et al. (2024); Thystrup

et al. (2024)) with the aim of reducing the overall quantity of data while retaining the variables

which have discriminatory information (Collins and Didelot, 2018; Pérez-Reche et al., 2020;

Rosenberg et al., 2003; Thépault et al., 2017). This both reduces the risk of unique genotypes

and also helps decrease computational time, but it can counter the bene�ts of using high res-

olution data (e.g., Munck et al. (2020) reduced 3002Salmonellacore genes down to 17; and

Pascoe et al. (2024) reduced 1343Campylobactercore genes down to 15). Increasing in pop-

ularity is the transformation of nucleotide sequence data intok-mers (Kokot et al., 2017) and

unitigs (formed fromk-mers) (Jaillard et al., 2018) which avoids the problem of unique alleles

(Brinch et al., 2023; Thystrup et al., 2024), and this approach has also been used in combination

with a boosting algorithm (e.g.,xgboostand logit-boost) (Arning et al., 2021; Brinch et al.,

2023; Pascoe et al., 2024).

2.4.6 Whole Genome Sequencing Data for Source Attribution

Current working models for source attribution have been developed using a small number of

genes and using data based on alleles. Many studies using these methods with 7-gene MLST

data have successfully identi�ed the relative contribution of di� erent host sources to human

infection in several countries (e.g., Mullner et al. (2009b); Sheppard et al. (2009); Strachan et al.

(2009); Thépault et al. (2018)). A limitation of attribution methods using low resolution data

is the ability to discriminate between some sources, such as between di� erent ruminant sources

(Cody et al., 2019; McCarthy et al., 2007; Mughini-Gras et al., 2012; Ogden et al., 2009). In

addition, some strains, known as generalist strains, are found in multiple hosts (e.g., ST474 in

New Zealand) and are identical across the seven MLST loci and cannot be discriminated further

based on only these seven genes. Increasing the number of genes included in a model will

increase the number of genotypes so that attribution can continue within a single ST. Lake et al.

(2021) show that the results of using 7-gene MLST, 50-gene ribosomal MLST, or 13 genes from

the core genome for attribution (as described in Thépault et al. (2017)) alters the attribution of

each human case.
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WGS data provides information on allelic variation across the entire genome, improving

the discriminatory power of data for source attribution (Cody et al., 2017). For example, WGS

data identi�es discrete clades within ST474 which are more source speci�c (�gure 2.8). WGS

isolates can be compared across various degrees of similarity, providing di� erent resolutions

for genotyping. For example, SNP analysis compares SNPs across the parts of the individ-

ual genomes that align to a reference genome, while cgMLST and wgMLST use gene-to-gene

comparisons. The increasing availability of whole genome data allows for the ultimate level of

discrimination among close strains.

Figure 2.8: Complete linkage dendrogram of simple matching distances between isolates of
a single sequence type (ST474) based on core genome allelic pro�les. The higher resolution
allows isolates to cluster into clades which are more source speci�c.

2.4.6.1 Limitations of using WGS data for Source Attribution

Although it is widely accepted that using a greater number of loci will have more successful

attribution (Berthenet et al., 2019; Collins and Didelot, 2018; Merlotti et al., 2020; Munck et al.,

2020; Pérez-Reche et al., 2020; Thépault et al., 2017), there is a balance between increasing the

number of loci and model failure (�gure 2.9). A major limitation of using cgMLST as input data

is the substantial number of missing alleles, which occurs when no matches can be found in the

PubMLST database. This may be because of incomplete assembly or because of the variable

nature of theCampylobactergenome which results from horizontal gene transfer and mutations.

In addition, when using a large number of genes, human isolates which have a unique genotype

(a genotype not present in the combined set of source isolates) are likely to contribute a large

proportion of isolates. The number of non-unique genes will also decrease with increasing



28 CHAPTER 2. LITERATURE REVIEW

numbers of human isolates, until conceivably every gene contains an allele unique to the human

population.

Figure 2.9: The cycle between increasing data resolution and subsequently reducing the number
of predictor variables.

As the number of genes increases, the number of genotypes increases, but the counts of

each particular genotype decrease, ultimately to single counts, at which point the genotypes

found in humans will be distinct from those found in the sources. The early frequency-matching

models (Hald, modi�ed Hald, sourceR, and Dutch models) and the Dirichlet model then fail

because they cannot attribute an isolate to a source unless its genotype has been observed in one

of the sources (Liao et al., 2019). The asymmetric island model can attribute human cases of

a genotype that have not been observed in a source. This model, in its original form, su� ers

from inherent model limitations in that increasing the number of genes results in the attribution

probabilities changing. This may be solved, however, by estimating common recombination

and mutation rates across all sources.4 STRUCTURE fails because of lengthy computation time

as well as the increased likelihood of loci linkage (thereby breaking the assumption underlying

the model). Machine learning models may fail because of the inability to attribute genotypes

which, as well as being unique, contain alleles which have not been encountered in the source

populations. To illustrate the di� erence, table 2.3 shows four isolates, two from host sources

and two from humans. The �rst human isolate (Human 1) is a unique genotype but does not

contain any unique alleles; the second human isolate is a unique genotype and it contains a

unique allele, d3, for Gene D. One potential solution is to discard isolates which have unique

genotypes (e.g., Human 1 and Human 2), and/or variables which have unique alleles in the set

of human isolates (e.g., Gene D in the above example), however this may negate the bene�ts of

increasing the resolution of the data. The MMD method navigates these issues, but preliminary

results indicate a low attribution success for ruminant sources (Pérez-Reche et al., 2020) which

is a historical issue with attribution methods (French and Marshall, 2014). The reasons for

`failure' of common source attribution models when presented with large numbers of variables

is illustrated in table 2.4.
4https://github.com/jmarshallnz/islandR
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Table 2.3: The di� erence between a unique genotype (Human 1) and a unique genotype with a
unique allele (Human 2).

Source Gene A Gene B Gene C Gene D

Animal 1 a1 b1 c1 d1

Animal 2 a1 b2 c2 d1

Human 1 a1 b2 c1 d1

Human 2 a1 b2 c2 d3

Table 2.4: Reasons for `failure' of common source attribution models (annotated with a cross).

Model Handles Handles Handles Potential

unique genotypes large data unique alleles model issues

Hald � � � -

Modi�ed Hald � � � -

sourceR � � � -

Dutch � � � -

Asymmetric island X � X inconsistent attribution

Dirichlet � � � -

STRUCTURE X � X slow computation

MMD X X X poor ruminant attribution

Machine learning X X � -

2.5 Distance-Based Analyses

A unique allele for a given gene may vary from another allele for the same gene by as little as one

nucleotide, or may di� er at every nucleotide. A measure of this dissimilarity can be achieved

with a distance measure which quanti�es how similar any two alleles are, on the basis of their

nucleotide sequences. For example, the Hamming distance gives the number of nucleotides at

which two alleles di� er; and the simple matching coe� cient gives the proportion of nucleotides

at which two alleles match.

The concept of using distances between isolates for source attribution is not new. Merlotti

et al. (2020) used pairwise distances as input for a weighted network analysis where nodes

correspond to genomes, and links to genetic distances. Here, both phenotypic data such as

serotyping, or molecular data such as 7-gene MLST, cgMLST, wgMLST, or SNP, can be used

to establish distances between nodes. The MMD method (Pérez-Reche et al., 2020) also uses

pairwise Hamming distances in the calculation of attribution probabilities. An option for tree-

based methods that has not been explored in depth, is to replace a unique allele at any branch

with its `closest' match, determined by its pairwise distance with all other alleles in the source

data. With this treatment, there is no need to discard the gene, nor the isolate (e.g., see �gure

2.10).
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Figure 2.10: Replacement of a unique allele with its `closest' match. An isolate with a unique
allele at Gene D (d3) may be assigned to the branch with the smallest genetic distance (d13

versusd23).

Clearly the choice of dissimilarity measure will de�ne the de�nition of `similar'. For exam-

ple, describing two colours as being similar or dissimilar depends on the measure with which

they are de�ned and then compared. A poorly informative de�nition of colour is its name

(e.g., blue, green, purple). Far more informative is de�ning a colour using the standard RGB

(sRGB) colour space that de�nes the chromaticities of the three primary colours red, green, and

blue (e.g., (0, 0, 128), (34, 139, 34), (160, 32, 240)). Yet another option is one of the non-

standardised, cylindrical, colourspaces: HSV (hue, saturation, value) (e.g., (240, 100, 25.1),

(120, 60.7, 33.9), (277, 87.4, 53.3)) or HSL (hue, saturation, lightness) (e.g., (0.667, 1, 0.502),

(0.333, 0.755, 0.545), (0.769, 0.867, 0.941)).

TheRstatistical computing environment (R Core Team, 2024) contains a collection of 5025

built-in colour names. For each colour, the red, blue, and green values in hexadecimal are avail-

able,6 as are the HSV7 and HSL8 values. Calculating pairwise distances of the colours using

each of the four descriptions illustrates the impact that choice of both distance measure, and

variable characteristic, may have in de�ning `similarity' (�gures 2.11, 2.12). The Levenshtein

distance (i.e., the minimum number of single-character edits required to change one word into

the other) on the colour names de�nes two colours as similar if they are spelt similarly and is

not capturing the essential characteristics of `colour' (�gure 2.11(a), 2.12(a)). The Euclidean

distance of colours in the sRGB space results in a colour spectrum which is separating colours

more intuitively while also capturing di� erences in lightness of colours (�gure 2.11(b), 2.12(b)).

5the full collection has 657 named colours as it includes both American and British spellings for the same colour
(e.g., `gray'versus̀ grey')

6sRGB values were obtained using theseqinr package (Charif and Lobry, 2007)
7HSV values were obtained using theDescTools package (Signorell et al., 2024)
8HSL values were obtained using thefarver package (Pedersen et al., 2024)
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The Euclidean distance of colours in the HSV colour spaces is emphasising di� erences in sat-

uration (�gure 2.11(c), 2.12(c)), and in the HSL space it is giving the familiar rainbow pattern

(�gure 2.11(d), 2.12(d)).

Figure 2.11: One dimensional principal coordinate ordination of 502 named R colours based on
four measures of comparison; (a) Levenshtein distance of colour names, (b) Euclidean distance
of colours in the sRGB space, (c) Euclidean distance of colours in the HSV space, (d) Euclidean
distance of colours in the HSL space.
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Figure 2.12: Two dimensional principal coordinate ordination of 502 named R colours based on
four measures of comparison; (a) Levenshtein distance of colour names, (b) Euclidean distance
of colours in the sRGB space, (c) Euclidean distance of colours in the HSV space, (d) Euclidean
distance of colours in the HSL space.
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2.6 Conclusion

The problem of attributing species ofCampylobacterto host source has been intensively inves-

tigated in the past two decades. A wide range of approaches have been applied which attempt

to solve this problem. Epidemiological approaches have focused on the contribution of sources

at the point of exposure, rather than the original reservoir. Frequency-matching and population

genetics models using microbial subtyping data have focused on the original source, however,

they have experienced issues with the unique genotypes that are inevitable with high resolution

WGS data. The focus has now shifted to machine learning approaches such as random forest

and boosted algorithms which are showing promise using high resolution genomic data. The

tree-based approach, however, is complicated by the presence of new alleles (absent levels) in

human isolates. The problem of absent levels in random forest will be explored in this thesis

and applied to source attribution ofCampylobacterspecies, using WGS data.



Chapter 3

SACNZ core-genome MLST Data Set:

Implications for Source Attribution

3.1 Introduction

Campylobacterspecies are highly diverse organisms (Cody et al., 2017; Dingle et al., 2001)

which are constantly evolving and the collection of recognised alleles is steadily growing (Jol-

ley et al., 2018). The distribution of alleles among genes is not consistent – some genes are

represented by only a few alleles, while other genes are highly diverse with a large number of

alleles across all host sources. Most source attribution models have been developed using a

small number of genes and using data based on alleles. These models have limited ability to

discriminate between ruminant sources (Cody et al., 2019; Mughini-Gras et al., 2012; Mullner

et al., 2009a) and between strains with low diversity across the modelled loci (e.g., ST474 in

New Zealand) (Lake et al., 2021). Increasing the number of genes in a model will increase the

diversity so that attribution can continue within a single sequence type (ST) and there will be

greater discriminatory power for source attribution (Cody et al., 2017). The corresponding in-

crease in number of genotypes is, however, generally problematic for source attribution models.

In this chapter the diversity and population structure ofCampylobacterspecies in New

Zealand is described, based on data from the Source Assigned Campylobacteriosis in New

Zealand (SACNZ) study (Lake et al., 2021). The association of host sources with speci�c clonal

complexes is then summarised and the limitations of source attribution models illustrated based

on 7-gene multilocus sequence typing (7-gene MLST) data. Finally, the distribution of alleles

among host sources is investigated and the frequency of unique alleles in the human isolates

for prediction is examined. This is crucial in understanding the extent of the problem of unique

genotypes caused by high resolution data and the importance of this thesis.

34
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3.2 SACNZ Data Description

The data used in this thesis is from a source-assigned case-control study of noti�ed human cases

of campylobacteriosis in the Auckland and MidCentral Public Health Services regions of New

Zealand between 2018-2019 (the SACNZ study) (Lake et al., 2021).C. jejuni andC. coli iso-

lates were cultured from these human cases, as well as from poultry, sheep and cattle processors

located within the Auckland and MidCentral District Health Boards. Whole genome sequencing

(WGS) was carried out on the study isolates, with the microbiology and WGS procedures being

described elsewhere (Lake et al., 2021). Following sequencing, draft genomes were assembled

using the nullarbor2 pipeline1 with default settings. Core-genome multilocus sequence typing

(cgMLST) allele sequences were found by BLAST (Basic Local Alignment Search Tool) anal-

yses (Altschul et al., 1990) against known alleles from the PubMLSTCampylobacterdatabase

(Cody et al., 2017) and an allele number was assigned.2 Previously found and novel alleles were

then aligned using ma� t (Katoh and Standley, 2013; Katoh et al., 2002).

The SACNZ dataset consists of 1211 isolates from four sources: cattle (n=168), chicken

(n=205), sheep (n=187), and human (n=651). Each isolate has an allelic pro�le consisting

of the pattern of alleles across 1343 genes. The allelic designation for each gene identi�es the

unique aligned sequence for a previously described allele or a novel allele sequence. In addition,

each isolate has sequencing information (i.e., the exact sequence of nucleotides, recorded as A,

T, C, G, or missing) of each allele, for each gene. In addition to the full cgMLST data described

above, each isolate was also assigned a ST using the 7-gene MLST scheme forC. jejuni and

C. coli. The 7-gene MLST targets loci within seven housekeeping genes, each approximately

500 bp in length with each unique nucleotide sequence being assigned an allele number from

the PubMLST database (Jolley et al., 2018). This seven number allelic-based pro�le is assigned

a ST and STs are then clustered into related groups called clonal complexes (CC), named after

the central genotype ST (Dingle et al., 2002).

3.2.1 Source Isolate Species

Most of the isolates, from both humans and sources, wereCampylobacter jejuni(human: 616/651

(94.6%), cattle: 139/168 (82.7%), sheep: 118/187 (63.1%), poultry: 172/205 (83.9%)), and the

remainder wereCampylobacter coli.

3.2.2 Distribution of 7-gene MLST Sequence Types by Host Source

There were 79 STs across the source isolates (�gure 3.1) with a further 33 STs seen only in the

human isolates. Some STs were associated with certain sources; for example, ST53, ST45, and

ST50 were widespread and across multiple sources; whereas ST42, ST61, and ST3072 were

strongly associated with ruminants; and ST6964, and ST48 with poultry (�gure 3.1). A full

description of the phylogeny of isolates from human cases and sources is found at Lake et al.

1https://github.com/tseemann/nullarbor
2https://github.com/jmarshallnz/cgmlst
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(2020). A large proportion of STs were found in multiple host sources and attribution of these

STs is challenging without additional information.

Figure 3.1: Distribution of 7-gene MLST sequence types by host source.

3.2.3 Distribution of cgMLST Sequence Types by Host Source

Although the set of genes in the dataset are de�ned by the cgMLST scheme as core genes (Cody

et al., 2017), no isolate had the full complement of all 1343 genes. In theory, the cgMLST

scheme de�nes a set of loci present in at least 95% of isolates. The current scheme is represen-

tative of Campylobacterisolates from the United Kingdom, Europe, and North America, and

may not be representative of New Zealand isolates. In this study, 20 cgMLST genes were found

in fewer than 95% of the isolates, and three cgMLST genes were found in fewer than 60% of

the isolates. However, 1303 (97.0%) of the cgMLST genes were found in every isolate, and

1323 (98.5%) of the cgMLST genes were found in 95% of the isolates. The number of alleles

per gene ranged from three to 467 (median 50) and the total number of alleles was 70,689. Of

these, 49,424 were found in the animal isolates, and 54,718 were found in the human isolates.

The aligned sequence length of the genes ranged from 95 to 4554 nucleotides (median 825).

The number of nucleotides that di� ered between any pair of alleles (the Hamming distance) in

aligned sequences ranged from one to 2595 (median 42).

With traditional source attribution models, for an isolate to be attributed to a source it needs

to have alleles which are present in at least one source and which are not equally represented

by all sources. Almost all of the isolates in the study di� ered by at least one allele across the

genome - there were 1202 unique genotypes among the 1211 isolates, and no allele was shared

by every isolate. 15,971 alleles (32.3%) were seen in the set of animal isolates but not in the

set of human isolates. Among the animal isolates, 12,613 (25.5%) alleles were seen in all three

animal sources, and 25,311 alleles (51.2%) were seen in only one single animal source; however,
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of these, only 11,396 (45.0%) were also found in the set of human isolates, 17,570 (69.4%) were

found in single isolates only, and 22,746 (89.9%) were found in �ve or fewer isolates (�gure

3.2).

Figure 3.2: The number of instances of each SACNZCampylobacterallele in each source. Most
alleles were found in only one or a few isolates. The blue vertical line indicates the threshold for
single isolates, the orange horizontal line indicates the total number of isolates, and the green
horizontal line indicates the maximum number of isolates with any one allele.

Almost all isolates (167/168 cattle, 204/205 chicken, and 187/187 sheep) contained alleles

unique to their respective source; however, in each case only a small number of isolates con-

tained these source-speci�c alleles (4%, 23%, and 3% respectively). Most (96%) human isolates

contained at least one allele that was not found in the animal isolates. Overall, the human iso-

lates had 21,265 alleles (38.9%) that were speci�c to them (i.e., they were not seen in the set of

animal isolates). The high number of unique alleles may be, at least in part, due to insu� cient

sampling. Rarefaction curves indicate that, for each source, sampling was not likely to have

been su� cient to gather data on all the STs in the population (�gure 3.3).

Although most of the isolates had only a small proportion of their genome that was unique,

these unique alleles were distributed across almost all genes. Almost all (99.6%) genes con-

tained at least one allele in the human isolates that was not found in the animal isolates (i.e., an

`absent level' – an allele that was not in the set of training data but is in the set of observations

for prediction), and on average, for each gene, 28.6% of the alleles were unique and there were

30 human isolates with a unique allele. As 95.4% of isolates, and 99.6% of genes contain ab-

sent levels, removing a� ected isolates and/or genes is not a viable solution. At this resolution of

data, the percentage of the genome without an absent level diminishes with increasing numbers

of human isolates (�gure 3.4), until conceivably every gene contains an allele unique to the hu-

man population. For source attribution methods that are unable to attribute unique alleles, this
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Figure 3.3: Rarefaction curves for alleles ofCampylobacterisolates in New Zealand.

would mean there would be no suitable isolates remaining.

Higher resolution data, such as the nucleotide sequencing information, would allow a greater

proportion of the genome to be used for source attribution. This is because there are �ve options

for nucleotides (A, T, G, C, or missing) at each locus, compared with many hundreds, or even

thousands, for the allelic data. There is, therefore, lower likelihood of a nucleotide being unique

at each locus, or rather the collection of nucleotides at each locus is more likely to have been

seen in the training data. Another option is to use a distance-based approach as the basis of

a classi�cation criteria for instances of unique genotypes (�gure 2.10). A large number of the

unique alleles di� ered from a known allele (i.e., one that was in the set of animal isolates) by

only a single nucleotide (�gure 3.4). Classifying alleles according to the number of di� erent nu-

cleotides (SNPs) from known alleles signi�cantly increased the percentage of the core genome

that is suitable for analysis (�gure 3.4).

The genomic diversity ofCampylobacterplays a role in the ability to di� erentiate among

host sources. It is assumed that the allelic diversity ofCampylobacterspecies among sources

is greater than the diversity within sources. Measures of diversity aim to capture aspects of

genomic structure within a host source. Five measures of diversity were calculated across each

host source - (i) Richness (the total number of alleles per gene), (ii) Simpson's measure of even-

ness (the probability that two alleles drawn at random are from di� erent genes), (iii) Pielou's

evenness (the consistency of abundance of alleles over each gene), (iv) Chao's diversity (an es-

timate of richness extrapolated to account for di� erent sample sizes), and (v) Shannon diversity

index (a combined estimate of richness and evenness).

The diversity ofCampylobactergenes (i.e., the variation in alleles) was a� ected more by
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Figure 3.4: The percentage of the core genome available to classify human isolates, based on
allelic data, and according to the number of nucleotide di� erences (SNPs) from a known allele.
As the number of SNPs which di� er from a known allele increases, the greater the percentage
of genome that is available for source attribution models.

gene than by host source (�gure 3.5). Despite having the smallest sample size, cattle had the

highest number of STs (49) and alleles (30,356), followed by poultry (38 and 30,168 respec-

tively), then sheep (32 and 25,609 respectively). Sheep had fewer alleles per gene, on average,

than both cattle and poultry, however Chao's measure, which accounts for di� erences in sample

size, suggests poultry may have the greatest number of alleles per gene, on average. The allelic

pro�les of the set of genes were also examined for correlation. As many expected cell counts

were zero, the Chi-Squared test statistics cannot be reliably tested for signi�cance, however, the

actual test statistics (� 2) for every pair of genes was large (range 141 to 198,604; with a median

of 23,910) (�gure 3.6), indicating a high level of linkage between loci.

To visualise patterns of variation in the isolates, the simple matching coe� cient was cal-

culated between pairs of isolates. The simple matching coe� cient calculates the proportion of

alleles at which two isolates match (including missing alleles) to the total number of alleles.

This generated a similarity matrix which re�ects the similarity and dissimilarity between the

genomes of the individual isolates. A non-metric multidimensional scaling (nMDS) ordination,
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Figure 3.5: Diversity ofC. jejuniandC. coli across each host source as measured by (a) Rich-
ness, (b) Simpson's measure of evenness, (c) Shannon diversity index, (d) Pielou's evenness,
and (e) Chao's diversity measure for each gene.

Figure 3.6:� 2 test statistics for pairwise correlations of alleleic pro�les of genes.

shows that the variation amongst the isolates is dominated by CC, which is nested in species,

and there is no clear clustering of isolates according to source (�gure 3.7).

Di� erences between allelic pro�les of isolates from each of the three source groups were

tested using (i) permutational multivariate analysis of variance (PERMANOVA) (Anderson,

2001) (including post-hoc pairwise tests), and (ii) a dissimilarity-based multivariate extension

of Levene's test (PERMDISP) (Anderson, 2006), both using the simple matching coe� cient. All

three source groups were highly signi�cantly di� erent from one another (p < 0:001), although

the amount of variation in the isolates which can be attributed to source is very small (6% of

the total variation). There was no di� erence in the levels of dispersion for each of the source

groups (p > 0:8). The small but signi�cant di� erence between genomic pro�les of isolates from

di� erent sources is not captured in the nMDS ordination (�gure 3.7) – it is being obscured by

the dominant e� ect of CC.

A dissimilarity-based multivariate analogue to a residual plot, from which the variation due
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Figure 3.7: nMDS (2D stress= 0.06) of isolates based on the simple matching coe� cient,
coloured according to (a) source, (b) clonal complex, and (c) species.
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to CC is removed, was calculated following the method described in Anderson (2017). An (N

Ö N) “residualised” Gower matrixG[R] = fg[R]
i j gwas calculated fromG[R] = (I � H)G(I � H),

whereH is the “hat” matrix calculated on the model matrixX for CC (the e� ects of which are

to be removed). A residualised distance matrix was then obtained asD[R] = fd[R]
i j gwhered[R]

i j =
q

g[R]
ii � 2g[R]

i j + g[R]
j j . After removing the e� ect of CC, the di� erence in dispersion showed some

di� erence between sheep and both beef (p = 0:06) and poultry (p = 0:03) but poultry and beef

were not signi�cantly di� erent from each other (p = 0:96). The nMDS ordination was repeated

using the residualised distance matrix (�gure 3.8). This still failed to show any clear pattern

relating to source, although the stress is high (0.22), even in three dimensions (stress= 0.17).3

Figure 3.8: nMDS (2D stress= 0.22) of isolates showing clustering of isolates according to
source, with the e� ect of clonal complex removed.

3.3 Implications for Source Attribution Models

C. jejuniandC. coli are highly diverse organisms with new genotypes regularly being identi�ed

(Jolley et al., 2018). The genomic pro�les of isolates from di� erent sources do di� er, however,

the variation is dominated by species and CC, and the variability attributed to host source is
3Stress gives a measure of how accurately the high-d relationships are represented in the low-d ordination. A rule

of thumb is that stress< 0:1 is good, and stress> 0:3 indicates that the points are arranged in a random order.
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small. BecauseCampylobactershows evidence of both clonal relatedness through substitutions

and panmixis through frequent recombination events, variation among isolates has been tradi-

tionally classi�ed at the allelic level (i.e., rather than at the nucleotide level), as a large number

of di� erent nucleotides may be due to a single homologous recombination event. The allelic di-

versity, however, appears to be greater across genes within the genome than across host sources.

Source attribution models that use only a small number of genes are limited by the diversity of

the loci in the model.

A logical solution is to increase the number of genes in the model, however, this results

in a large proportion of the human isolates having a unique genotype (i.e., being distinct from

the genotypes found in the animal sources). The counts of each genotype decrease with each

additional gene, and with whole genome data many genotypes are found in single isolates only.

Currently, almost every host has source-speci�c alleles, but these are either not found in human

isolates, or are found in very few isolates, so they are not useful for frequency-matched source

attribution models. In addition, the large number of genes means a high level of linkage is

observed between loci, rendering the population genetics model STRUCTURE (Pritchard et al.,

2000) unsuitable.

Using higher resolution data, such as nucleotide sequencing information, reduces the poten-

tial for unique presentations. At such high resolution, however, the quantity of data increases

by several orders of magnitude. For example, an organism with 1000 genes, and 1000 alleles

per gene, and 1000 nucleotides per allele yields 1 million nucleotides for analysis. This means

any errors are magni�ed and the resulting variation can obscure any patterns being sought by

the analysis.

Another approach is to use the higher resolution sequencing information as the basis of a

distance-based measure with which to compare unique alleles to known alleles. In combination

with random forest, this novel approach is explored in chapters four and �ve of this thesis.



Chapter 4

Lost in the Forest - New Methods of En-

coding Categorical Predictors

4.1 Introduction

A classi�cation tree is a method of supervised machine learning that predicts a categorical re-

sponse variable by way of a series of binary decisions. Each decision, or split, is made based on

a single predictor variable to maximise predictive accuracy with respect to the response variable.

Individual classi�cation trees tend to over�t to the training data, that is, they yield decision rules

that are more speci�c to the training data than they are to new independent data. Random forest

is a tree-based algorithm that addresses this issue by creating an ensemble of classi�cation trees.

The individual trees that make up the ensemble di� er from one another because they are each

trained on a di� erent random sample of the cases (`bagging') and predictor variables (`random

subspacing'; Amit and Geman, 1997; Breiman, 1996; Ho, 1998). The predictions from the in-

dividual trees are aggregated and classi�cations are made based on the majority vote across the

trees.

4.1.1 The `Absent Levels' Problem

An inherent issue with tree-based predictive models occurs when a level of a categorical pre-

dictor variable is absent when a tree is grown, but is present in a new observation for prediction

(the `absent levels' problemsensuAu, 2018). In a random forest, absent levels can arise due to

sampling variability (i.e., the level was absent from the observations that were used to train the

model), bagging (i.e., the level was in the training data but absent from the bootstrapped sample

used by a particular tree), or partitioning of the data by the tree (i.e., the level was present at

the top of the tree but absent from a lower subset created by binary splits). When the algorithm

encounters an absent level, there is no immutablea priori rule for determining which side of the

binary split the observation should go. When this happens, the observation is e� ectively `lost in

the forest'.

Missing data heuristics allow the random forest algorithm to proceed with an absent level.

44
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Methods include stopping an a� ected observation from proceeding down the tree (Therneau

et al., 2022), using a surrogate decision rule that mimics the original split's partitioning (i.e.,

surrogate splits) (Hothorn and Zeileis, 2015; Therneau et al., 2022), directing all a� ected ob-

servations down the branch with the most training observations (Hothorn and Zeileis, 2015),

directing all a� ected observations down both branches simultaneously but weighted according

to the number of observations from each child node (e.g., distribution-based imputation (DBI))

(Quinlan, 1993; Saar-Tsechansky and Provost, 2007), and randomly directing a� ected obser-

vations down a left or right branch (Hothorn and Zeileis, 2015). Thescikit-learn Python

module's implementation of random forest (Pedregosa et al., 2011) treats absent levels as miss-

ing values. If missing levels are present in the training data then absent levels get assigned to

an explicit missing category, otherwise they get mapped to the child node that has the most

samples.1

It is important to distinguish between absent levels and missing data, however. Unlike miss-

ing data, absent levels are fully observed and known. Treating an observation with an absent

level as though it were missing data necessitates a loss of information and is not recommended

(Ishwaran et al., 2008). Au (2018) thoroughly investigated the properties of missing data heuris-

tics with random forest models and compared them to the naïve heuristic of directing all observa-

tions with absent levels down the same branch (i.e., `left' or `right' heuristic) as is implemented

in many random forest applications (Liaw and Wiener, 2002; Wright and König, 2019). Au

showed that the choice of heuristic can dramatically alter a model's performance and potentially

lead to systematic bias in prediction. Decision tree-based methods are widely used; it is almost

certain that a number of these models have been inadvertently a� ected by the absent-levels prob-

lem in practice. To date, there remains no compelling solution for dealing with absent levels in

random forest models.2

4.1.2 Variable Encoding

The key to dealing with absent levels lies in how categorical variables are encoded. The random

forest algorithm can, in theory, process categorical variables in their raw state, comparing all

2k� 1 � 1 possible binary splits for a nominal predictor variable withk distinct levels. There

are, however, signi�cant potential gains in e� ciency from imposing an order on a nominal

predictor variable. An ordered categorical predictor withk levels can be treated the same way

as a numerical predictor withk unique ordered values. This reduces the number of potential

partitions from 2k� 1 � 1 to k � 1 and the allocation of each level to one side of the binary split

is constrained only by whether it is above or below the split point. There are several approaches

used to encode, or convert, categorical variables into numerical format for analysis.

Integer encoding (also called label encoding) is the simplest method of encoding. For each

categorical variableX, with k distinct values, the observed levels are mapped to the integers one

to k and new levels, which were not observed during training, are encoded as missing values.

1https://scikit-learn.org/stable/modules/ensemble.html#random-forests
2https://github.com/imbs-hl/ranger/issues/94
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A major issue with this method is that despite there being no intrinsic relationship between the

levels and the numbers being used to replace them, an ordering (1< k) is imposed.

Indicator encoding (also called one-hot encoding) avoids imposing an order on a nominal

categorical variable. Each categorical variableX, with k distinct values, is transformed tok

binary indicator variables and observations are encoded to indicate the presence (1) or absence

(0) of the dichotomous variable. Indicator encoding removes any uncertainty over where to send

an observation with an absent level as they can be encoded with a zero vector. However, it can

result in the dataset becoming very wide and sparse, which in turn can present computational

challenges and inconsistent results (Au, 2018; Cerda et al., 2018; Hastie et al., 2009; Reilly et al.,

2022). With indicator encoding, the feature importance of the original variable is distributed

among separate binary variables which may cause bias for tree based algorithms as the impurity

reduction induced by a single indicator is rarely enough to be selected for splitting. Dummy

encoding, i.e., indicator encoding withk � 1 categories, has similar properties.

Target-based encoding methods di� er from integer encoding and indicator encoding in that

they incorporate information about the target values associated with a given level. For the case

of two-class (binary) classi�cation, ordering a nominal predictor by the proportion of observa-

tions with the second response class in each level leads to identical splits in the random forest

optimisation as considering all possible 2-partitions of the predictor levels if the encoding is

repeated at every split (Breiman et al., 1984; Fisher, 1958). Two popular software implemen-

tations for random forest, therandomForest andranger R packages, adopt this optimisation.

For multiclass classi�cation, there is no available sorting algorithm that leads to splits which are

equivalent to considering all 2k� 1 � 1 possible partitions (Wright and König, 2019). The R pack-

ageranger (Wright and Ziegler, 2017) o� ers a target-based encoding method that encodes each

predictor variable according to the �rst principal component of the weighted covariance matrix

of class probabilities, following Coppersmith et al. (1999).3 For computational e� ciency the

encoding of the predictor variables occurs once on the entire dataset prior to bagging. In each

of these methods absent levels are encoded with the highest rank, e� ecting the `right' heuristic.

4.1.3 Encoding of Absent Levels

In addition to reducing computational complexity, ordinal encoding of predictor variables al-

lows absent levels to be encoded, integrated with existing levels, and subsequently used for

prediction, thereby circumventing the absent-levels problem. TherandomForest4 andranger

R packages encode absent levels with the highest rank (equivalent to integer encoding ask + 1),

which ensures observations with an absent level will always `go right', as per the `right' heuris-

tic for missing data. Assigning all observations with absent levels to the same branch will keep

the observations together as a collection which can be split further down the tree by another

variable. However, this heuristic, when combined with target encoding, leads to systematic bias

3Coppersmith, Hong & Hosking (1999) use the �rst principal component of the weighted matrix of class proba-
bilities.

4Update 4.6-10 allows absent levels to be encoded if the categorical variable is an ordered factor. Categorical
variables of type `character' are converted to ordered factors, with the order determined alphabetically.
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towards the �rst response class (Au, 2018). Furthermore, classi�cations for observations with

absent levels can be in�uenced by interchanging the order of the response classes. Au (2018)

therefore argued that observations with absent levels should be assigned randomly to a left or

right branch as this reduces the systematic bias in prediction. There has been no documented

investigation to date into the properties of this heuristic in the multiclass response case, however.

Here, various methods of dealing with high cardinality, nominal predictor variables in the con-

text of random forest models and the absent-levels problem are examined. This chapter details

how target-agnosticversustarget-based encoding predictor variables with absent levels a� ects

the accuracy of random forest models, and it presents two alternate methods for encoding pre-

dictor variables and/or absent levels. The prediction accuracy of these methods is then exam-

ined using a case study on source attribution ofCampylobacterspecies using whole genome

sequencing (WGS) data as predictors. The WGS data generates allele pro�les based on unique

nucleotide sequences for each gene in the chromosome.

More speci�cally, the aim of this chapter is to:

(i) assess the misclassi�cation rate of multiclass random forest predictions when nominal

predictor variables are target encoded and observations with absent levels are sent to the

right side of a binary split, using real data from a published source-assigned case-control

study;

(ii) compare the misclassi�cation rate from (i)versusthat of predictions when observations

with absent levels are sent to a left or a right branch of a split according to thea priori

hypothesis of equal class probability;

(iii) introduce the PCO-encoding method for ordinal encoding categorical predictors that makes

use of ancillary information on the levels of predictor variables.

4.2 Methods

4.2.1 Random Forest

For a training set ofN independent observations onP variables, wherexn = (xn1; xn2; : : : ;xnP)

is the vector of predictor variables for observationn = 1;2; : : : ;N, andyn is the correspond-

ing response variable, classi�cation and regression tree (CART) is a greedy recursive binary

partitioning algorithm that successively partitions data (the parent node) into two smaller sub-

sets (the left and right child nodes). Each partition is determined based on a decision rule for

a single predictor variable to maximise predictive accuracy with respect to the response vari-

able (Breiman et al., 1984). In a random forest, each individual tree is trained on a bootstrap

resample of the training data (`bagging') using a randomly selected subset of theP predictors

(`random subspacing'; Amit and Geman, 1997; Breiman, 1996; Ho, 1998), and is traditionally

not `pruned'. A classi�cation can be predicted for a new observation by sending it down each
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tree according to the decision rules until it arrives at a terminal node, then aggregating the tree

predictions and taking the majority vote across the forest. Various control parameters can be

set for random forest models, including the number of trees, the number of variables randomly

selected as splitting candidates, and tree size (Wright and Ziegler, 2017).

4.2.1.1 Out-of-Bag Sample

Bootstrap aggregating, or bagging, in random forest sees each individual tree trained on a subset

of the observations in the training set generated by subsampling with replacement. Correspond-

ingly, for each tree there is a sample of observations that are not used for training - the out-of-bag

(OOB) sample. Aggregating the predictions from the observations in the OOB sample can be

used to generate an OOB prediction for each observation; the misclassi�cation rate of OOB pre-

dictions for all training observations is the OOB error (Breiman, 2001). Breiman (1996, 2001)

claimed that the OOB error alleviates the need for cross-validation or setting aside a separate test

set, however, at least for two-class classi�cation problems with numerical predictor variables,

this is disputable (Janitza and Hornung, 2018; Mitchell, 2011).

4.2.2 Encoding of Categorical Predictor Variables

The method of encoding predictor variables can a� ect the performance of random forest (Au,

2018; Wright and König, 2019). For categorical features with a small number of levels, target-

based encoding has been shown to achieve better results than one-hot encoding and integer

encoding (Wright and König, 2019), however as a result of using the target variable, informa-

tion leakage and over�tting is a concern. By using the probability of the target for encoding,

there is information leakage from the target variable to the predictors. Further, if a predictor is

encoded prior to splitting into training and testing sets, information from the target variable in

the test set will leak to the predictors in the training set by way of thea priori encoding, which

will impact cross-validation errors. When the encoding occurs prior to bagging (i.e., rather than

each subsample undergoing encoding independently) the OOB errors will be similarly a� ected.

A separate test set that is not used to inform the encoding will be a more reliable estimate of

model performance.

For multiclass classi�cation problems, three methods for encoding categorical predictor vari-

ables as ordered factors or continuous variables are considered:

4.2.2.1 Correspondence Analysis (CA) Encoding Method

The CA-encoding method is a target-based encoding method which performs a scaled corre-

spondence analysis on the contingency table of counts of variable levels by class, following

the approximation of Coppersmith, Hong, and Hosking (1999).5 Each predictor variable is en-

coded according to the �rst principal component of the weighted matrix of class probabilities

5The "ordered" method inranger performs a PCA on the weighted covariance matrix of class probabilities
rather than on the weighted matrix of class probabilities, yet the results are equivalent.
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and absent levels are encoded with a principal component score of in�nity. This ensures all

observations with an absent level branch as a group and always (i.e., at each node) in the same

direction (`go right') (�gure 4.1, a).

Figure 4.1: A visual description of the three methods described in this chapter (a) CA-encoding
method - the levels of each predictor variable are ordered according to the �rst principal com-
ponent of the class probabilities and absent levels are assigned a score of in�nity; (b) CA-
unbiased-encoding method - the levels of each predictor variable are ordered according to the
�rst principal component of the class probabilities and absent levels are assigned a score of zero
based ona priori equal class probabilities; blue text indicates conceptual information for an
absent level; (c) PCO-encoding method - the levels of each predictor variable, including absent
levels, are ordered according to their score for the �rst principal coordinate axis derived from
ancillary pairwise distance information.

4.2.2.2 CA-unbiased Encoding Method

The di� erence between the CA and CA-unbiased methods of encoding lies in the treatment

of absent levels. The novel CA-unbiased-encoding method encodes any absent level with a

principal component score of zero (�gure 4.1, b). This aligns with the assumption that any level

of the predictor variable that is absent from the training data isa priori equally likely in any class

and has equal class probabilities of 1=Y, whereY is the number of classes. Because all absent

levels will have equal class probability vectors, they can be combined into a single attribute

value (Coppersmith, Hong, and Hosking, 1999). Then, because the class probabilities are not

independent of each other, the sum of the principal component coe� cients is zero and it follows
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that the principal component score of an absent level with equal class probabilities will be zero.

At some splits, the zero principal component score will fall on the left side of the splitting value

and at other splits it will fall on the right side. In the unlikely case of a splitting value being

exactly zero, all observations would be sent to the left. To account for this, the scores have a

small degree of noise added so that observations will be randomly sent to either the left or right

branch with equal probability in the case of a splitting value being exactly zero.

4.2.2.3 Principal Coordinates Analysis (PCO) Encoding Method

The PCO-encoding method is a target-agnostic ordinal encoding method which relies on an-

cillary information on the individual levels of predictor variables. For example, a categorical

variable consisting of city names has ancillary information that includes latitude and longitude,

as well as population-based information. The PCO-encoding method utilises the ancillary in-

formation, rather than the level namesper se. The choice of ancillary variables used for the

distance calculation will depend on how the association between levels should be de�ned, e.g.,

geographicalversussocialversuseconomic etc. This will determine the degree of similarity

and how an absent level will be treated.

In the correspondence analysis methods above, the eigenanalysis step is performed on the

weighted level by class contingency table and the score is the coe� cient for the corresponding

predictor level of the �rst principal component. In comparison, the eigenanalysis in the PCO-

encoding method is performed on a distance matrix of the set of predictor levels extracted from

ancillary information on the levels of predictor variables, and the score is the principal compo-

nent score for the corresponding predictor level for the �rst principal coordinate (�gure 4.1, c).

The PCO-encoding method relies on ancillary information for each of the predictor variables,

independently, in order to generate a set of matrices of dissimilarities. Principal coordinates

analysis (PCO) (Gower, 1966) is then applied to this distance matrix, yielding a� -dimensional

ordination of levels in Euclidean space. A single dimension (i.e., only the �rst principal coor-

dinate) for each variable was chosen to maintain consistency between methods for comparison,

however any number of dimensions could potentially be used. Using the method of Gower

(1968), a new (absent) level can be interpolated into the� -dimensional space by virtue of the

interpoint distances between this level and each of the levels in the training set. This then gen-

erates a score for each new level, and allows it to branch according to its resemblance to other

levels in the training data.

4.2.3 Comparison of Encoding Methods

4.2.3.1 Source Attribution

The process of assigning cases of human zoonotic infectious diseases to their most likely origin

is known as source attribution. Because of their role in human gastroenteritis,Campylobacter

jejuni andC. coli have been the subject of a large number of source attribution studies using a

variety of approaches, including epidemiological methods (Domingues et al., 2012; Pires et al.,
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2010), comparative risk and exposure assessment (Pintar et al., 2017), expert knowledge elic-

itation (Hald et al., 2016; Havelaar et al., 2008), and microbiological methods (Arning et al.,

2021; Brinch et al., 2023; Hald et al., 2004; Liao et al., 2019; Miller et al., 2017; Mullner et al.,

2009a; Sheppard et al., 2009; Strachan et al., 2009). Microbiological methods of source attri-

bution rely on comparing the phenotypic or genotypic pro�les of human cases of infection with

those of animal sources. Although many earlier studies have used just a small number of loci

(targeted part of a gene in the bacterial chromosome) within the genome (< 10), the availabil-

ity of next-generation sequencing (NGS) has greatly increased the number of loci available for

analysis.

Models that use allelic-pro�le data arising from bacterial WGS have a high number of cate-

gorical predictors, which are often subject to the absent-levels problem.Campylobacterspecies

are genomically very diverse and, although the allelic diversity (i.e., sequence variability within

a gene) is inconsistent across the genome, some loci are highly variable (Parkhill et al., 2000;

Sheppard and Maiden, 2015).C. jejuni andC. coli each have a circular chromosome, roughly

1.7 Mb long (Chen et al., 2013; Parkhill et al., 2000; Pearson et al., 2013; Taylor et al., 1992)

which encodes for approximately 1700 genes (Parkhill et al., 2000). A core-genome multilocus

sequence typing (cgMLST) scheme has been de�ned jointly for these species which contains a

set of 1343 loci which are present in most (� 95%) members of humanC. jejuni andC. coli

isolates (Cody et al., 2017). In any given dataset, an isolate will contain nearly all of the genes

in this scheme, however the observed alleles of each gene are commonly found in only one or a

few isolates. This means that there are many alleles across the genome which would be unique

to individual collections of isolates from human and animal datasets.

4.2.3.2 Dataset

The Source Assigned Campylobacteriosis in New Zealand (SACNZ) study is a source-assigned

case-control study of noti�ed human cases of campylobacteriosis in the Auckland and MidCen-

tral District Health Board regions, New Zealand, between 2018-2019 (Lake et al., 2021).C.

jejuni andC. coli isolates were cultured from these human cases, as well as from poultry, sheep,

and cattle processors serving the Auckland and MidCentral District Health Boards. WGS was

carried out on the study isolates, with the microbiology and WGS procedures being described

elsewhere (Lake et al., 2021). Following sequencing, draft genomes were assembled using the

nullarbor2 pipeline6 with default settings and cgMLST allele sequences were found by BLAST

(Basic Local Alignment Search Tool) analyses (Altschul et al., 1990) against known alleles from

the PubMLSTCampylobacterdatabase (Cody et al., 2017). Previously found and novel alleles

were aligned using ma� t (Katoh and Standley, 2013; Katoh et al., 2002) and an allele number

assigned.7

The SACNZ dataset consists of 1211 isolates from four sources: cattle (n=168), chicken

(n=205), sheep (n=187), and human (n=651). Each isolate has an allelic pro�le consisting of

6https://github.com/tseemann/nullarbor
7https://github.com/jmarshallnz/cgmlst
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the pattern of alleles across 1343 genes. The allelic designation for each gene identi�es the

unique aligned sequence for a previously described allele or a novel allele sequence. More

simply, the categorical predictor variables are genes with alleles as levels. The ancillary data is

the sequencing information (i.e., the exact sequence of nucleotides, recorded as A, T, C, G, or

missing) of each allele, for each gene. This ancillary nucleotide sequencing information is used

to calculate a matrix of Hamming distances (Li and Jain, 2009) between each pair of alleles

within each gene.

4.2.3.3 Cross Validation

The 651 isolates collected from humans were excluded from analysis because their true animal

source was unknown, and the remaining 560 isolates were subject to ten-fold cross-validation

for each of three methods (CA-encoding, CA-unbiased-encoding, and PCO-encoding) using the

same random number seed. Across the methods, the forest consisted of 500 trees and the Gini

index was used as the splitting criterion. For each method, ten independent random forest mod-

els were run (one on each of the ten folds) allowing each of the 560 isolates to be represented

exactly once in testing data. Model performance was assessed by calculating the proportion

of incorrect classi�cations on the set of test data for each fold and calculating the average and

standard error, accounting for any variation between folds. Thus 560 isolates of known source

were classi�ed by a random forest model containing 500 trees resulting in 280,000 individual

tree predictions for each method. To assess the e� ect of absent levels on classi�cation success

the number of absent levels used by each tree for prediction was recorded in addition to the

individual tree predictions.

The order of analyses was as follows (see also �gure 4.1):

1. create training and testing data

ˆ split the data into ten folds

ˆ select nine of the ten folds for a set of training data and the remaining tenth fold for

a set of testing data

ˆ repeat until ten unique sets of training data and testing data have been created for

each set and continue to 2.

2. prepare training data

ˆ create a level by class (i.e., allele by source) contingency table (CA-encoding, CA-

unbiased-encoding methods)

ˆ encode each variable via principal component analysis (PCA) on the (weighted)

contingency table (CA-encoding, CA-unbiased-encoding methods)

ˆ encode each variable via PCO on an ancillary set of data matched to the training

data (PCO-encoding method)

3. �t the model on the prepared training data
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4. prepare testing data

ˆ identify levels that are unique to the testing data (i.e., absent levels)

ˆ encode levels that are in the training data with the variable score from 2.

ˆ encode absent levels

– with a score of in�nity (CA-encoding method);

– with a score of zero (CA-unbiased-encoding method)

– with new scores via Gower's method (Gower, 1968) on ancillary data matched

to the testing data (PCO-encoding method)

5. predict each test observation

ˆ identify individual tree predictions

ˆ identify trees that branched on an absent level

4.2.3.4 Code Availability

All analyses were carried out using R version 4.3.0 (R Core Team, 2024) and theranger pack-

age (`RANdom forest GEneRator') (Wright and Ziegler, 2017). The R code used in this study

is available at https://github.com/smithhelen/LostInTheForest. The sequence reads used for this

study can be accessed from the NCBI Sequence Read Archive under BioProject accession num-

ber PRJNA675916.

4.3 Results

4.3.1 Genome Description

Of the 560 isolates, there were 558 distinct allelic pro�les (i.e., only two isolates shared an

identical set of alleles with another isolate and the remaining isolates di� ered by at least one

allele across the core genome). The number of alleles per gene ranged from one to 222 (median

35) and the total number of alleles was 49,424. Across all 1343 genes, 25,317 alleles (51.2%)

were seen in only a single source, and 17,575 alleles (35.6%) were seen in only a single isolate.

167/168 (99.4%) of the cattle isolates, 204/205 (99.5%) of the chicken isolates, and 187/187

(100%) of the sheep isolates contained alleles unique to their respective source. The unaligned

sequence length of the genes ranged from 95 to 4554 nucleotides (median 816). The num-

ber of nucleotides that di� ered between any pair of alleles (the Hamming distance) in aligned

sequences ranged from one to 2595 (median 42).

4.3.2 Random Forest Results

At least 90% of the random forest predictions, from any method, used at least one absent level

for classi�cation, and approximately one �fth (16% (PCO); 22% (CA and CA-unbiased)) of

individual tree predictions used at least one absent level. The frequency of absent level use in
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Table 4.1: Weighted average proportion and standard error of all tree predictions assigned to
each of three host sources (cattle, chicken and sheep) for each of three methods of encoding
categorical predictors.

Source Prediction Method of encoding
CA CA-unbiased PCO

Cattle Cattle 0.605� 0.021 0.684� 0.021 0.622� 0.021
Cattle Chicken 0.109� 0.044 0.127� 0.041 0.134� 0.046
Cattle Sheep 0.310� 0.022 0.208� 0.022 0.267� 0.021
Chicken Cattle 0.096� 0.023 0.118� 0.024 0.087� 0.023
Chicken Chicken 0.797� 0.021 0.831� 0.021 0.842� 0.020
Chicken Sheep 0.108� 0.020 0.064� 0.020 0.073� 0.019
Sheep Cattle 0.179� 0.020 0.166� 0.019 0.172� 0.020
Sheep Chicken 0.057� 0.031 0.065� 0.030 0.072� 0.030
Sheep Sheep 0.777� 0.020 0.784� 0.021 0.772� 0.020

predictions varied considerably among individual trees and forests for all methods. The CA-

unbiased-encoding methods used absent levels up to 24 times in a single tree, compared with

19 for the PCO-encoding method and 12 for the CA-encoding method. On average, a variable

with absent levels was used for a single classi�cation between 4.7 times (PCO) and 7.5 times

(CA-unbiased) but fewer than 4% of trees, from any method, used a variable with absent levels

more than once for a single tree prediction.

The ten most important predictor variables (genes) as measured by the permutation vari-

able importance approach (Breiman, 2001) varied between methods. CA-encoding and CA-

unbiased-encoding methods identi�ed the same 10 genes, in identical order. Of these ten only

one was identi�ed by the PCO-encoding method.

4.3.3 Classi�cation Accuracy

The CA-unbiased-encoding method had the lowest average misclassi�cation error (23:2% �

1:2%), followed by the PCO-encoding (25:2%� 1:2%), and the CA-encoding (27:0%� 1:2%)

methods. The accuracy of predictions was dependent on the class being predicted (table 4.1,

�gure 4.2). Across the methods, isolates sourced from chicken were the most accurately clas-

si�ed (79:7% � 2:1% � 84:2% � 2:0%); isolates that were incorrectly classi�ed were evenly

distributed between sheep and cattle. Isolates sourced from sheep were the second most accu-

rately classi�ed for all methods (77:2%� 2:0%� 78:4%� 2:1%); incorrectly classi�ed isolates

were mostly assigned to cattle (16:6% � 1:9% � 17:9% � 2:0%) with fewer than 8% being

assigned to chicken. Isolates sourced from cattle had the lowest classi�cation success rates

(60:5% � 2:1% � 68:4% � 2:1%), with most of the incorrect classi�cations predicted as sheep

(20:8%� 2:2%� 31:0%� 2:2%) rather than chicken (10:9%� 4:4%� 13:4%� 4:6%).
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4.3.4 E� ect of Absent Levels

The class frequencies of predictions were similar across all methods when no absent levels

were used for the predictions (�gure 4.2). When absent levels were used for predictions, the

predictions were not equally distributed across the three sources and the pattern of distribution

depended on the method. For all methods, the class distribution followed the pattern of distri-

bution for predictions made without absent levels, whereby incorrect chicken predictions were

split between cattle and sheep; incorrect sheep classi�cations favoured cattle; and incorrect cat-

tle classi�cations favoured sheep, but with a lower proportion of correct predictions in any class

(�gure 4.2). The accuracy of predictions also decreased as the number of absent levels in a tree

increased (�gure 4.3, see also appendix A.2).

Figure 4.2: Proportion of tree predictions assigned to each of three host sources (cattle, chicken
and sheep) when absent levels are used or not used in predictions. Open circles represent the
proportion of cases for which the true class is predicted incorrectly; closed circles represent the
proportion of cases for which the true class is predicted correctly.
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Figure 4.3: Proportion of predictions which were correct for trees with di� erent numbers of
absent levels and di� erent methods and/or ordering of response class.

4.3.5 E� ect of Response Class (Source) Order

The order of the response (source) levels also a� ected the success rates of predictions for the

CA-encoding method when absent levels were used in prediction (�gure 4.4). By default, most

software treats the levels of categorical variables alphabetically, unless another ordering is spec-

i�ed explicitly. For the SACNZ data this equates to cattle< chicken< sheep. In the presence of

absent levels, the CA-encoding method will encode any absent level with the highest rank and

thus the observations will always be sent down the right branch of the tree. When the source

levels were re-ordered as chicken< sheep< cattle, more observations with an absent level were

assigned to chicken (the �rst response) than when the default ordering was used. This e� ect of

class order did not occur with the CA-unbiased-encoding, or PCO-encoding methods (appendix

A.1).
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Figure 4.4: The e� ect of response class order on classi�cation accuracy for the CA-encoding
method. Open circles represent the proportion of cases for which the true class is predicted
incorrectly; closed circles represent the proportion of cases for which the true class is predicted
correctly.

4.4 Discussion

Data sets with large numbers of predictor variables and/or large numbers of categories create

a signi�cant challenge for modelling. Random forest is a compelling option for such cases,

particularly suited to sets of high dimensional data of high cardinality. Random forest models

trained with high cardinality variables, such as source attribution models utilising a core-genome

MLST scheme, will almost certainly encounter absent levels when predicting for new data,

and indicator encoding would lead to a prohibitively large number of binary variables - the

cumulative number of unique alleles, across the genomes, from all the observations used to

train the model.

Ordinal encoding can result in signi�cant gains in e� ciency of random forest models and
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additionally bypasses any restrictions imposed on the number of levels.8 Ordinal encoding

also provides a means of classifying observations with absent levels as additional levels can

be added sequentially. The ordinality induced by integer encoding is arti�cial, however, and

may be detrimental to random forest predictions (Wright and König, 2019). It is particularly

problematic if the alphabetical ordering of the levels (i.e., the labelling) has some degree of

association with the class, which may occur with temporal labelling of predictor levels. For

example, the open-access PubMLST database (Jolley et al., 2018) de�nes alleles numerically

and in a sequential manner based on sequence deposition. In this instance, treating alleles as

numeric would not be appropriate because allele “1” is not necessarily more related to allele

“2” than it is to allele “500”. However, it is likely that isolates have been added to the database

in groups according to host source, so that their numeric order may partition into contiguous

chunks by host. The numeric order thus provides information on likely host sources which

is external to the data in a particular study, potentially biasing class assignment (chapter 7,

appendix D.1).

This study found that, for random forest, di� erent methods of encoding nominal variables

had important implications for the accuracy of predictions when absent levels were encountered

during prediction. When predicting using data with absent levels the CA-encoding method

was biased towards the �rst response class. It also found that the systematic bias was a� ected

by both the proportion of absent levels in the data as well as the level of association of the

absent level with a response class (appendix A.2). For this method, the predictor levels are

target encoded using their contribution to response class and an absent level is encoded with the

highest rank. Changing the order of levels of the response classes can alter (reverse) the ranks

of the predictor levels, however, the absent level will always retain the highest rank. Thus, the

absent level will be next in rank to a level of a predictor associated with one response class in

one ordering, but with the reverse ordering it will be next in rank to a di� erent predictor level,

potentially associated with a di� erent response class. This option for encoding variable levels

has previously been recommended when variables have a large number of levels and/or do not

have an inherent order (Wright and König, 2019).

The �rst alternative method introduced in this chapter, the CA-unbiased-encoding method,

is identical to the CA-encoding method except for the treatment of absent levels. The CA-

unbiased-encoding method encodes all absent levels with a score of zero (rather than in�nity)

in line with the assumption ofa priori equal class probabilities. This approach resolved the

systematic bias towards the �rst response class caused by absent levels and showed a small

improvement in overall classi�cation accuracy (appendix A.2).

The second alternative method introduced in this chapter, the PCO-encoding method, used

Gower's method of principal coordinates analysis on data that was independent of the class

probabilities to inform the encoding of predictor variables, including absent levels (�gure 4.1,

c). This method assumes that an observation with an absent level is more likely to branch in

8When nominal encoding a categorical variable (e.g., the"partition" method inranger ), each binary node
assignment is saved using the bit representation of a double integer, which limits this treatment to predictors with
fewer than 54 levels (Wright and König, 2019).
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the same direction as an observation whose corresponding level is `similar' to the absent level.

This requires information with which to quantify the similarity (or dissimilarity) of each pair of

levels of a predictor variable. This study demonstrated the method using genomic sequencing

data for each predictor variable, more speci�cally, the number of nucleotides shared by any two

alleles (Hamming distance) for a given gene. In contrast to the CA-encoding and CA-unbiased-

encoding methods, encoding using PCO was independent of the counts of levels of predictor

variables in the training data, and thus also able to be applied to absent levels. In addition, rather

than encoding all absent levels with the same score, the PCO-encoding method encoded each

absent level individually. Using the Hamming distance between the absent allele and every other

allele, the absent allele was encoded so that it was more similar to an allele with which it shared

more nucleotides and less similar to an allele with which it shared few nucleotides. This is based

on the assumption that isolates from one source would be more likely to have alleles which are

similar in terms of their genome sequence, than isolates from another source (Pinheiro et al.,

2005; Pérez-Reche et al., 2020). This method was not systematically biased, and had similar

prediction accuracy to the CA-unbiased-encoding method.

The issue with absent levels will be less problematic for data where every level of every

predictor variable in the set of observations to be classi�ed is present in the training data, and

more problematic for data containing variables with many levels. Previously, it was thought that

no meaningful splitting decision can be made for observations with new levels at a splitting node

and discussion has ensued regarding the advantages of keeping the observations with absent

levels togetherversusassigning them randomly at a split (Wright and König, 2019). This chapter

introduced two methods which do make meaningful splitting decisions for observations with

new levels - the CA-unbiased-encoding method and the PCO-encoding method. Both of these

methods produce competitive prediction results, resolve the systematic bias caused by absent

levels, and avoid arbitrary splitting decisions for observations with absent levels. Although

here only the �rst principal component/coordinate is used, it may be bene�cial to increase the

dimension to at least two principal components/coordinates. In addition, combining a target-

based approach with ancillary information on the levels to inform variable ordering, particularly

the placement of absent levels, may further improve classi�cation success. These new methods

would be suitable for any high cardinality predictors where a measure of level similarity could

be determined. For example, a free text response �eld from a survey has a potentially in�nite

set of responses and absent levels would be almost inevitable. The string di� erence between

responses could be used as a measure of similarity.

The success of a random forest classi�cation model is often measured by the rate of mis-

classi�cations. Breiman (1996, 2001) claimed that the OOB misclassi�cation rate (i.e., the rate

of misclassi�cation of cases that were not selected for training a particular tree) was as reliable

as using an independent set of data for testing. When using a target-based encoding method

(e.g., the CA-encoding or CA-unbiased-encoding methods), there is information leakage from

the target variable to the predictors. The levels of each predictor variable are encoded according

to the �rst principal component of the weighted matrix of class probabilities, calculated from
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the entire (training) dataset before the analysis. Each observation in the set of training data is

used to train approximately two thirds of the trees in the forest. The remaining third of trees can

be used to generate an OOB prediction for that observation, which will be either correct or not.

There is information leakage, however, because even when the observations are in the OOB set,

the encoding of their corresponding levels was informed from the entire dataset (i.e., prior to

the observations moving OOB) based on the correct response classes (i.e., the target); therefore,

the OOB observations do not behave like fully independent test data. This leakage will impact

OOB errors and they will likely underestimate the true misclassi�cation rates. Potential solu-

tions to this problem include re-ordering the levels at each split in the tree, re-ordering the levels

of each bootstrap sample, or calculating the misclassi�cation rate based on a fully independent

test dataset. Target-agnostic encoding methods, such as the naïve alphabetical encoding and

the PCO-encoding method, do not su� er the information-leakage problem because the response

class (target) information is not used for the encoding. The PCO-encoding method will therefore

not have this potential issue with incorrect OOB misclassi�cation rates.

4.5 Conclusion

This chapter highlights potential pitfalls in the use of classi�cation trees when an order is im-

posed on nominal predictor variables. These �ndings are applicable to random forest and other

tree-based methods (e.g., boosted trees) when new levels of categorical predictor variables are

encountered during prediction and/or where OOB misclassi�cation rates are calculated. When

levels of categorical predictor variables are target encoded using class probability information,

and absent levels are integrated at the highest rank (e� ecting a consistent direction for them

to branch at a split), predictions were systematically biased to the �rst response class. Target-

based encoding of predictors using class probability information, and integrating absent levels

according to thea priori hypothesis of equal class probability, is a potential and unbiased solu-

tion with good predictive properties. Target-agnostic encoding of predictors using information

which quanti�es the similarity between each pair of predictor levels, and integrating absent lev-

els by virtue of their similarity to each of the other levels in the training data, is another potential

solution which removes the need for arbitrary decisions on where to direct absent levels. This

approach has good predictive properties, is not biased, and does not a� ect the OOB misclassi�-

cation rate. The predictive performance of the PCO-encoding method depends on the ability to

separate the levels according to class in the principal coordinate space and will depend on the

ancillary information available. For high cardinality data, such as WGS data, it is almost certain

there will be absent levels across the predictor variables, and that a large number of observations

will be a� ected. Removing observations and/or variables with absent levels is, therefore, not a

viable option. When there are no, or few, absent levels the di� erent methods have similar pre-

dictive performance. However, as there can never be assurance of an absence of absent levels,

there are no circumstances where the CA-encoding method should be used. As a result of this

study, it can be recommended that, when ancillary information is available, such as with WGS

data, the PCO-encoding method be used for random forest models and model performance can
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be compared with the CA-unbiased-encoding method using misclassi�cation rates calculated

with an independent dataset. A reduction in bias for source attribution modelling will lead to

a better understanding of potential risk factors in zoonotic infectious diseases to better inform

public health decision making.

Supplementary Information

This chapter has two accompanying supplementary �les -

Appendix A.1 - The e� ect of response class order on classi�cation accuracy. An extension to

�gure �gure four showing the e� ect of response class order on classi�cation accuracy for the

CA-encoding, the CA-unbiased-encoding, and the PCO-encoding methods.

Appendix A.2 - Bias resulting from treatment of absent levels. An illustrative simulation study

showing the e� ect of increasing proportion of absent levels on classi�cation accuracy for the

CA-encoding and CA-unbiased-encoding methods.



Chapter 5

To CAP it O� - Further Methods of En-

coding of Categorical Variables

5.1 Introduction

Encoding of categorical variables is a necessary preprocessing step for many machine learn-

ing algorithms. Ordinal encoding is an ideal method when variables have levels with a clear

hierarchy or sequence (i.e., ordinal variables) as the transformed numeric values will preserve

the inherent ordering of the levels. When the levels do not have a natural order (i.e., nominal

variables), nominal encoding may be used. A nominal variable with a large number of levels

(high-k), however, may be an issue for tree-based machine learning methods when transformed

in this way, due to computational constraints.1 One solution is to impose an order on the levels.

Ordinal encoding both bypasses any limitations on number of category levels and reduces the

number of potential partitions at each binary split from 2k� 1 � 1 tok � 1.

Two methods of ordering nominal predictors, the CA-unbiased-encoding method and the

PCO-encoding method, have been shown to have good predictive performance and are unbiased

in the presence of absent levels (i.e., levels of a predictor variable that are present in data for

prediction that were not present when the random forest was trained) (chapter 4; Smith et al.,

2024b). The CA-unbiased-encoding method is a target-based method (i.e., scoring uses infor-

mation from the response variable) which performs a scaled correspondence analysis on the

contingency table of counts of variable levels by class, following the approximation of Copper-

smith, Hong, and Hosking (1999). Each predictor variable is encoded according to the �rst (or

more) principal component(s) of the weighted matrix of class probabilities, and absent levels are

encoded with a principal component score of zero in accordance with thea priori hypothesis of

equal class probability (�gure 5.1(a)).

The PCO-encoding method is a target-agnostic method (i.e., scoring is independent of the

response variable) which performs a principal coordinates analysis (PCO) (Gower, 1966) on

1When nominal encoding a categorical variable, and when each binary node assignment is saved using the bit
representation of a double integer, encoding is limited to predictors with fewer than 54 levels (Wright and König,
2019)
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Figure 5.1: A visual description of the three methods described in this chapter (a) CA-unbiased-
encoding method - the levels of each predictor variable are ordered according to the �rst two (or
more) principal components of the class probabilities and absent levels are assigned a score of
zero based ona priori equal class probabilities; blue text indicates conceptual information for an
absent level; (b) PCO-encoding method - the levels of each predictor variable, including absent
levels, are ordered according to their score for the �rst two (or more) principal coordinate axes
derived from ancillary pairwise distance information; (c) CAP-encoding method - the levels of
each predictor variable, including absent levels, are ordered according to their score for the �rst
two (or more) canonical principal coordinate axes derived from a rotation of a subset of the
PCO axes in (b) to maximally correlate with the PC axes in (a). Dotted line indicates the use of
supplementary X data which is connected to, but not derived from, the Y data.

a matrix of distances, or dissimilarities, calculated between individual levels of predictor vari-

ables, where the distance is based on some characteristic of the variable, such as the string

distance of level labels, or a supplementary dataset on the levels. Each predictor variable is

encoded according to the �rst (or more) principal coordinate(s) and each absent level is scored,

independently, based on its similarity to each of the other levels in the training data, using the

method of Gower (1968) (�gure 5.1(b)). Care must be taken with the choice of `characteristic'

by which the dissimilarity among category levels is de�ned (chapter 2). The encoding will be

more e� ective when the dissimilarity between levels is meaningful (e.g., biologically) or likely

to be associated with di� erences among classes. For example, di� erences between colour lev-

els could be de�ned by alphabetical variation in the colour name, however, di� erences in RGB

values would better capture any meaningful variation (�gures 2.11, 2.12); and di� erences in

countries may be de�ned, for example, geographically, culturally, or by Euclidean distances.
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The choice of dissimilarity measure will impact the e� ectiveness of the encoding.

The goal of each of these methods is the same - to capture as much variation in the category

levels as possible in the �rst eigenvector, with the new encoded value or score for each level

being its position along the eigenvector. The position of each level along the eigenvector is the

new encoded value or score. The di� erence in the methods lies in the multivariate space in which

the variation among category levels is de�ned. The CA-unbiased-encoding method de�nes the

variation in the class probability space, whereas the PCO-encoding method de�nes the variation

in the chosen dissimilarity space of the category levels themselves. In the class probability

space, there is no information available to di� erentiate new category levels from each other, and

so the the CA-unbiased-encoding method encodes all absent levels as zero. This is unbiased,

but is also uninformative. In contrast, in the multivariate dissimilarity space of the category

levels, any new level may be placed according to its position relative to every other level, and

so the PCO-encoding method will encode each absent level independently, and according to its

position in the dissimilarity space. This allows an observation with an absent level to be treated

as though it had a similar observed level, where the similarity is de�ned according to the chosen

characteristic.

The ability of random forest to recursively partition any number of dimensions means that

the di� erence in predictive performance of these encoding methods is most apparent in the

treatment of absent levels. The CA-unbiased-encoding method is expected to perform well

when levels are found in di� erent relative frequencies across the classes, and when there are

few absent levels. The PCO-encoding method is expected to perform well when the direction

of greatest variation among category levels, according to the chosen characteristic, corresponds

to the direction of greatest class separation. The issue then potentially lies in sets of data where

there are many absent levels, and when the direction of greatest total variation is not the same as

the direction of class separation in multivariate space. Under these conditions neither the CA-

unbiased-encoding nor the PCO-encoding methods are expected to perform well for predicting

observations, at least observations with absent levels. Rotating the set of points (i.e., the category

levels) in the PCO space to emphasize class di� erences, so that the spread of points along the

�rst eigenvector aligns with the direction of greatest class separation, is a potential solution to

this problem. In this way, new levels may be incorporated in the PCO space, and therefore the

rotated multivariate space, and be encoded using information on the levels while also aligning

with class separation.

Canonical analysis of principal coordinates (CAP) (Anderson and Willis, 2003) is a method

of constrained ordination, which rotates a cloud of points in multivariate space, as de�ned by

a dissimilarity matrix, by reference to a speci�ca priori hypothesis. CAP performs a classical

canonical analysis (e.g., canonical discriminant analysis, or canonical correlation analysis) on

a set of new axes following an unconstrained ordination method, such as principal coordinate

analysis (PCO; (Gower, 1966)) or nonmetric multidimensional scaling (nMDS; (Kruskal, 1964;

Shepard, 1962)). Full details of the CAP method, including a mathematical description, are

provided by Anderson and Willis (2003) and Anderson and Robinson (2003).
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Measures of variable importance may be used to rank predictor variables according to their

degree of in�uence on the predicted outcomes. Variable importance is often calculated from

out-of-bag (OOB) samples. There are two broad measures of variable importance for random

forest models - the Mean Decrease in Accuracy (MDA, or permutation importance) (Breiman,

2001); and the Mean Decrease in Impurity (MDI, or Gini importance) (Breiman, 2002). For both

measures, a high value means that the variable has a positive impact on predictions. The CA-

unbiased-encoding method and the CAP-encoding method are target-based methods of encoding

and, therefore, a separate test set (i.e., rather than the OOB data) should be used to calculate both

the out-of-bag error rate and measures of variable importance (chapter 6; Smith et al., 2024c).

This chapter introduces the CAP-encoding method - a novel method for encoding categorical

predictor variables, including absent levels, which combines the key advantages of the CA-

unbiased-encoding method and the PCO-encoding method, each described in chapter 4. First,

the concept of canonical analysis of principal coordinates for encoding categorical variables is

illustrated with a simulation study. Then the performance of this new approach is evaluated by

assessing the misclassi�cation rate of multiclass random forest predictions on three real-world

datasets, each with high-cardinality categorical variables:

(i) survey data containing individual responses on regional self-identi�cation in the Midwest,

USA (Hickey, 2014);

(ii) data on tra� c violation infringements issued by the Montgomery county police depart-

ment, Maryland, USA (Montgomery, 2024);

(iii) a case study on source attribution of a foodborne pathogen,Campylobacter jejuniusing

whole genome sequencing (WGS) data as predictors (Lake et al., 2021).

5.2 Methods

The proposed CAP-encoding method encodes levels of categorical predictors by �rst perform-

ing a principal coordinates analysis on a symmetric matrix of distances between each pair of

observed category levels, as per the PCO-encoding method. A subset of orthonormal principal

coordinates (Q) are then rotated to maximally correlate with the direction of greatest variation

in class probabilities, as determined by a correspondence analysis (CA) on a contingency table

of category levels by outcome class. A hat matrix (H) is derived from the CA coordinates af-

ter centering on their column mean, and a classical canonical correlation analysis (CCorA) is

performed onQ0HQ which generates a set of canonical eigenvaluesU with associated eigen-

vectors. The set of CAP scores for the category levels is the product ofU andQ (�gure 5.1(c),

appendix B.1).

5.2.1 Simulation Study

To illustrate the concept of CAP for encoding categorical variables, a set of data was simulated

and analysed with random forest.
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Table 5.1: Key attributes of three real-world datasets.

Dataset Sample Target Number Number of predictors Cardinality
size variable of classes Nominal Other

Midwest survey 2421 Census region 9 1 24 767
Tra� c violations 10000 Violation type 2 4 9 3-930
SACNZ 429 Source 3 1343 0 2-148

The simulated data consisted of a balanced frequency table, representing a two-class target

variable and a 15-level categorical predictor variable. The position of each of the 15 predictor

levels in a 2-dimensional PCO space was simulated such that the direction of greatest variation

among the levels was along the �rst dimension, PCO1. Each level was then assigned to ten

individuals, representing two classes, according to the probability that the level will belong to the

�rst class, calculated from the inverse logit of each level's position along the second dimension,

PCO2, scaled by� . � represents the magnitude of discrimination between the classes along

PCO2. Each row sum of the class frequency table was ten, and the total number of individuals

was 150. The dissimilarity matrix,D, was calculated from the Euclidean distance between

each level in the simulated PCO space. In addition, ten of the category levels were recorded as

`observed' and �ve were recorded as `unobserved' (i.e., absent levels).

The observations were split into two sets. A subset containing 75% of the observations from

the `observed' group of levels was used for training the random forest, and the remaining 25% of

observations from the `observed' group of levels and all the observations from the `unobserved'

group were used as the set of testing data.

The category levels were encoded according to each of three methods, the CA-unbiased-

encoding method (chapter 4; Smith et al., 2024b), the PCO-encoding method (chapter 4; Smith

et al., 2024b), and the new CAP-encoding method. Scores from the �rst dimension (i.e., the �rst

eigenvector) were selected for each method to use in the random forest analysis.

A random forest was trained with ten trees and the Gini index splitting criterion. The mis-

classi�cation rate of the observations from the `observed' group and the `unobserved' group in

the testing data was calculated. The process was repeated 100 times, resulting in 1000 trees, for

each of� = 2 and� = 20.

5.2.2 Analysis of Real-World Datasets

5.2.2.1 Midwest Survey

The Midwest survey data comes from a survey on regional identi�cation of Midwesterners con-

ducted for FiveThirtyEight in 2014.2 The dataset contains responses to 25 questions from 24213

individuals representing nine census regions (classes) (table 5.1). There are 20 binary predictors

- one for each Midwest state (IL, IN, IA, KS, MI, MN, MO, NE, ND, OH, SD, WI, AR, CO,

2Midwest survey data available at https://github.com/�vethirtyeight/data/tree/master/region-survey
3357 rows with missing values for the target variable were removed prior to analysis.
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KY, OK, PA, WV, MT, WY); four ordinal predictors - age group, education level, household

income, and personal identi�cation; and a single nominal predictor - `In your own words, what

would you call the part of the country you live in now?' (767 levels), referred to as `Open

response'. Observations with missing entries for the nominal predictor were removed prior to

training the random forest. The distance measure used to di� erentiate levels of the nominal

predictor was the Levenshtein distance (Levenshtein, 1966), which is the minimum number of

single-character edits required to turn one response into the other.

5.2.2.2 Tra� c Violations

This data comes from the set of all electronic tra� c violations issued in the Montgomery county

of Maryland.4 The dataset contains a random subsample of 10,000 observations from two viola-

tion types (`Citation' and `Warning'), following removal of incomplete observations (table 5.1).

There is one numeric predictor (year); eight binary predictors - belts, property damage, fatal,

commercial license, hazmat, commercial vehicle, alcohol, and work zone; and four nominal pre-

dictors - text description of the speci�c charge (930 levels), arrest type (18 levels), race (6 levels),

and gender (3 levels). Full details of the data are published at https://data.montgomerycountymd.

gov/Public-Safety/Tra� c-Violations/4mse-ku6q/about_data. A dissimilarity matrix of Leven-

shtein distances was calculated for each of the four nominal predictors.

5.2.2.3 SACNZ

The Source Assigned Campylobacteriosis in New Zealand (SACNZ) study is a source-assigned

case-control study of noti�ed human cases of campylobacteriosis in the Auckland and Mid-

Central District Health Board regions, New Zealand, between 2018-2019 (Lake et al., 2021).

The dataset contains 429 isolates ofCampylobacter jejunispecies from three sources (cattle

(n=139), chicken (n=172), and sheep (n=118))5 (table 5.1). There are 1343 nominal predictors

(genes) which have cardinality of two to 187 levels (alleles). There were no loci without missing

data, therefore observations with missing values were retained and missing values were treated

as unique levels. Full details of the dataset are provided elsewhere (chapter 4; Smith et al.,

2024b). A dissimilarity matrix of Hamming distances of the nucleotide sequencing information

for each allele was calculated for each predictor.

5.2.2.4 Cross Validation

Each dataset was subject to ten-fold cross-validation for each of three methods (CA-unbiased-

encoding, PCO-encoding, and CAP-encoding) using the same random number seed. Across the

methods, the forest consisted of 500 trees and the Gini index was used as the splitting criterion.

For each method, ten independent random forest models were run (one on each of the ten folds)

4Tra� c violation data available at https://data.montgomerycountymd.gov/api/views/4mse-
ku6q/rows.csv?accessType=DOWNLOAD

5The original data contained 1211 isolates fromCampylobacter jejuniandCampylobacter colispecies from four
sources (humans, cattle, chicken, and sheep)
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allowing each of the individual observations to be represented exactly once in testing data.

Model performance was assessed by calculating the proportion of incorrect classi�cations on

the set of test data for each fold and calculating the average and standard error, accounting for

any variation between folds.

Variable importance was calculated using the independent holdout method (Smith et al.,

2024c). This computes the mean decrease in accuracy (MDA, or permutation importance) by

permuting values of the variable in a second cross-validation (test) fold which has been separated

prior to encoding; and computing the di� erence in the error rate on the permuted test fold from

the original test fold. The predictor variables were ranked according to the variable importance

scores for their highest scoring dimension.

5.2.3 Code Availability

All analyses were carried out using R version 4.3.1 (R Core Team, 2024) and theranger pack-

age (“RANdom forest GEneRator”) version 0.15.1 (Wright and Ziegler, 2017). The R code used

in this study is available at https://github.com/smithhelen/CAP. The sequence reads used for this

study can be accessed from the NCBI Sequence Read Archive under BioProject accession num-

ber PRJNA675916.

5.3 Results

5.3.1 Simulation Study

In the simple case of two classes and balanced design, CAP successfully rotated the data in

the PCO space so that the spread of points (predictor levels) along the �rst dimension was not

according to greatest variation, as it is in the PCO space, but was according to greatest class

separation (�gure 5.2). In the PCO space, two dimensions are required to adequately separate

the levels into class probability groups; whereas this is achieved with a single dimension in the

CAP space.

The strength of the discrimination between the two classes for each level was set via the

parameter� . For the trees which did not use absent levels for prediction, the average misclas-

si�cation rates of the three encoding methods was the same and was lower for� =20 (3:7%)

than for � =2 (30:8%). For the trees which used at least one absent level for prediction, the

average misclassi�cation rates of the CA-unbiased-encoding and the PCO-encoding methods

both increased in line with random assignment to each class for both values of� (range 49:6%

to 51:2%). The average misclassi�cation rate of the CAP-encoding method for the trees which

used at least one absent level for prediction, however, remained similar to the misclassi�cation

rates for the trees which did not use absent levels for prediction (33:5% when� =2, and 7:2%

when� =20) (�gure 5.3, appendix B.2).
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Figure 5.2: Placement of each predictor level in PCO space in (a) two dimensions and (c) one
dimension and in the rotated CAP space in (b) two dimensions and (d) one dimension. Each
point represents a predictor level. The colour represents the proportion of each level falling into
class 1versusclass 2 when� =20. � represents the magnitude of discrimination between the
classes along PCO2.

5.3.2 Real-world Datasets

For each dataset, the CAP-encoding method had the lowest average misclassi�cation error, but

the di� erence in accuracy between the methods was not consistent among datasets (�gure 5.4,

table 5.2). The improvement in prediction outcome following encoding is expected to be re-

�ected in the variable importance scores for the encoded variable(s), and for each dataset the

order of variable importance was determined by the method of encoding.

Midwest Survey Data

The misclassi�cation rate of predictions for the Midwest survey data was lowest for the CAP-

encoding method (38:2%� 0:4%), followed by the CA-unbiased-encoding (44:2%� 0:4%) and

PCO-encoding (45:8% � 0:4%) methods (�gure 5.4(a)). The Midwest survey data has only a

single categorical variable which was encoded (`open response'), therefore any di� erence in

predictive accuracy between the methods can be attributed to this variable. The most important

variable for the CA-unbiased-encoding and the CAP-encoding methods is the encoded nominal

variable `open response', however, the most important variable for the PCO-encoding method
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Figure 5.3: Misclassi�cation rates of 1000 classi�cation trees, from data simulated for ten in-
dividuals each with a single variable comprising 15 levels and assigned to two classes with
probability proportional to� . Ten levels are observed in the training data and �ve are unique to
the testing data.� represents the magnitude of discrimination between the classes along PCO2.

is the ordinal variable `personal identi�cation'.

For the `open response' variable, the CA-unbiased-encoding method achieved very good

separation of levels according to class membership for the known levels (�gure 5.5(a)), how-

ever this method was limited by the large number of absent levels which were all scored as zero

(�gure 5.5(b)). The PCO-encoding method was less able to capture di� erences in levels ac-

cording to class membership using the Levenshtein distance (�gure 5.5(c)), and although absent

levels were scored independently (�gure 5.5(d), appendix B.3(a)), the scoring did not re�ect

class membership and was therefore not useful for prediction, as re�ected in the lower variable

importance ranking. The absent levels spread widely along the �rst PCO dimension, extend-

ing farther than the known levels (appendix B.3(b)), illustrating the nature of open ended text

response �elds (the extreme levels were those which were unique, highly verbose responses).

The CAP-encoding method achieved both good separation of known levels (�gure 5.5(e)) and

of absent levels (�gure 5.5(f)).
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Figure 5.4: Misclassi�cation rates for the (a) Midwest survey, (b) Tra� c violation, and (c)
SACNZ datasets for each method of encoding. Each coloured point represents the misclassi�-
cation rate of a fold, and the weighted average and standard error are depicted with a black cross
and error bars.

Tra � c Violation Data

The misclassi�cation rate of predictions for the tra� c violation data was lowest for the CAP-

encoding method (22:1%� 0:1%), followed by the CA-unbiased-encoding (22:8%� 0:1%) and

PCO-encoding (27:6% � 0:1%) methods (�gure 5.4(b)). The tra� c violations data has four

nominal predictors which each underwent encoding (charge description, arrest type, race, and

gender). There are two response classes, therefore there is only a single dimension for the

CA-unbiased encoded variables, but two dimensions for the PCO-encoding and CAP-encoding

methods. The most important variable for all three methods was `charge description'.

For the `charge description' variable, the CA-unbiased-encoding method achieved a clear

gradient of scores according to class membership for the known levels (�gure 5.6(a)). As with

Table 5.2: Weighted average and standard error of random forest misclassi�cation rates for each
of three methods of encoding categorical predictors.

Dataset Method of encoding
CA-unbiased PCO CAP

Midwest survey 44:2%� 0:4% 45:8%� 0:4% 38:2%� 0:4%
Tra� c violations 22:8%� 0:1% 27:6%� 0:1% 22:1%� 0:1%
SACNZ 27:9%� 0:4% 27:0%� 0:4% 26:5%� 0:4%
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the Midwest example, this method was limited by the large number of absent levels which

were all scored as zero (�gure 5.6(b)). The PCO-encoding method showed some clustering of

levels from di� erent classes but overall had di� culty capturing di� erences in levels according

to class membership using the Levenshtein distance for both the known and the absent levels

(�gure 5.5(c, d)). The CAP-encoding method successfully rotated the PCO axes to achieve

good separation of known levels (�gure 5.5(e)). The separation of absent levels is not as clearly

de�ned, but is still a signi�cant improvement on the other methods (�gure 5.5(f)).

Figure 5.5: The �rst two dimensions of encoded scores (jittered) for the categorical variable
`open response' from the Midwest Survey dataset for the CA-unbiased-encoding (a, b), and
CAP-encoding (e, f) methods, and a subset6of scores for the PCO-encoding method (c, d). Each
level present in the training data is represented with a circle, and absent levels are represented
with a triangle. The colour represents the proportion of observations with each level in each
class (known levels, circles) or class membership (absent levels, triangles). The top row (a, c,
e) shows the class membership of known levels, and the bottom row (b, d, f) shows the class
membership of absent levels.

SACNZ Data

All 1343 variables in the SACNZ data are categorical (genes with alleles as levels) and were

encoded. The misclassi�cation rate of predictions for the SACNZ data were very similar for the

three methods of encoding (range 26:5% (CAP-encoding) to 27:9% (CA-unbiased-encoding))

6The full set of scores are available in appendix B.3
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Figure 5.6: The �rst two dimensions of encoded scores (jittered) for the categorical variable
`charge description' from the Tra� c Violation dataset for the CA-unbiased-encoding (a, b),
PCO-encoding (c, d), and CAP-encoding (e, f) methods. Each level present in the training
data is represented with a circle, and absent levels are represented with a triangle. The colour
represents the proportion of observations with each level in each class (known levels, circles) or
class membership (absent levels, triangles). The top row (a, c, e) shows the class membership
of known levels, and the bottom row (b, d, f) shows the class membership of absent levels.

(�gure 5.4(c)). The most important variables were not shared between any of the encoding meth-

ods. The most important variable for the CA-unbiased-encoding method was `CAMP0038'; for

the PCO-encoding method was `CAMP1162'; and for the CAP-encoding method was `CAMP1179'.

All three methods were able to encapsulate some degree of class separation for each of

these genes (�gures 5.7(a,c,e), 5.8(a,c,e), 5.9(a,c,e)). These three genes each only had two

absent levels, so the method of encoding was not strongly in�uential on the outcome (�gures

5.7(b,d,f), 5.8(b,d,f), 5.9(b,d,f)).

5.4 Discussion

Random forest predictive models generally require, and bene�t from, encoding of categorical

variables (Liaw and Wiener, 2002; Pedregosa et al., 2011; Wright and Ziegler, 2017). The com-

putational bene�ts of ordinal encoding categorical variables are well known and, more recently,

methods of ordinal encoding which enable scoring of absent levels (i.e., levels of a predictor
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Figure 5.7: The �rst two dimensions of encoded scores (jittered) for the categorical variable
`CAMP0038' for the SACNZ source attribution dataset for the CA-unbiased-encoding (a, b),
PCO-encoding (c, d), and CAP-encoding (e, f) methods. Each level present in the training
data is represented with a circle, and absent levels are represented with a triangle. The colour
represents the proportion of observations with each level in each class (known levels, circles) or
class membership (absent levels, triangles). The top row (a, c, e) shows the class membership
of known levels, and the bottom row (b, d, f) shows the class membership of absent levels.

variable that were absent when a classi�cation tree was grown but are present in new observa-

tions for prediction) have been described (chapter 4; Smith et al., 2024b).

Random forest has the ability to recursively partition each predictor and therefore the method

of encoding is not highly in�uential on predictive outcome for observations which have a full

complement of the predictor levels from the set of training observations, at least in unpruned

trees. The distinguishing feature of di� erent encoding methods is their mechanism of encoding

absent levels. This chapter found that, for random forest, di� erent methods of encoding nomi-

nal variables had important implications for the accuracy of predictions when absent levels were

encountered during prediction.

The CA-unbiased-encoding method encodes all absent levels with a score of zero, in line

with the assumption ofa priori equal class probabilities. This is an unbiased method with good

predictive properties when observations have a full complement of known levels; however, when
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Figure 5.8: The �rst two dimensions of encoded scores (jittered) for the categorical variable
`CAMP1162' for the SACNZ source attribution dataset for the CA-unbiased-encoding (a, b),
PCO-encoding (c, d), and CAP-encoding (e, f) methods. Each level present in the training
data is represented with a circle, and absent levels are represented with a triangle. The colour
represents the proportion of observations with each level in each class (known levels, circles) or
class membership (absent levels, triangles). The top row (a, c, e) shows the class membership
of known levels, and the bottom row (b, d, f) shows the class membership of absent levels.

there are a high number of absent levels, this method is unable to separate observations based

on these levels, reducing predictive performance. In addition, this method utilises the target

variable to inform the encoding and, as such, is subject to information leakage to the OOB

sample and therefore measures of accuracy and variable importance should be calculated using

separate test data (chapter 6; Smith et al., 2024c).

The PCO-encoding method uses Gower's method of principal coordinates analysis to encode

absent levels according to their similarity to each of the other levels in the training data based

on some property of the variable. This method is unbiased and does not su� er information

leakage because the encoding is truly independent of the target variable. This method, however,

makes the assumption that an observation with an absent level is more likely to branch in the

same direction as an observation whose corresponding level is `similar' to the absent level, and

requires an attribute with which to measure similarity (or dissimilarity). This method works

particularly well when the measure of similarity is capturing a characteristic of the variable in

which the variation between levels is correlated with the variation in class probabilities. When
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Figure 5.9: The �rst two dimensions of encoded scores (jittered) for the categorical variable
`CAMP1179' for the SACNZ source attribution dataset for the CA-unbiased-encoding (a, b),
PCO-encoding (c, d), and CAP-encoding (e, f) methods. Each level present in the training
data is represented with a circle, and absent levels are represented with a triangle. The colour
represents the proportion of observations with each level in each class (known levels, circles) or
class membership (absent levels, triangles). The top row (a, c, e) shows the class membership
of known levels, and the bottom row (b, d, f) shows the class membership of absent levels.

the direction of greatest variation among the levels does not overlap with the direction of greatest

class separation then, although this method encodes absent levels independently of each other,

the encoding will not be informative with regards to class membership.

This chapter developed a method that combines the strengths of the CA-unbiased-encoding

method and the PCO-encoding methods using the method of canonical analysis of principal

coordinates. The CAP-encoding method encodes absent levels by �rst performing a principal

coordinates analysis, as per the PCO-encoding method, and then rotating a subset of the prin-

cipal coordinates to correlate with the direction of greatest variation in class probabilities, as
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per the CA-unbiased-encoding method. The CAP-encoding method performs at least as well

as the CA-unbiased-encoding and the PCO-encoding methods, and is particularly advantageous

when there is a high number of absent levels. This method utilises the target variable, therefore

it is also subject to information leakage if care is not taken to use separate test data to evaluate

predictive performance and variable importance.

The number of principal coordinates to include in the subset for rotation may a� ect predic-

tion performance. The leave-one-out diagnostics described for the native application of CAP

(Anderson and Robinson, 2003; Anderson and Willis, 2003) are less applicable here because

observations with the same predictor category level may belong to multiple outcome classes. In

addition, for datasets with multiple nominal variables, assessing them concurrently and in com-

bination would be computationally intensive. The developers of CAP suggest retaining enough

PCO dimensions to capture between 60% and 100% of the total variance in the dissimilarity

matrix. This allows the majority of the information in the PCO space to be captured but ignores

the random variation which is not bene�cial for class discrimination. This study found, on the

datasets that were examined, that predictive performance is optimal when the PCO subset is

capturing 90-95% of the total variance in the dissimilarity matrix, across all variables (appendix

B.4).

Of greater consequence is the number of dimensions to de�ne as new numeric (encoded)

variables for analysis by random forest. This study found that, for all methods, prediction

performance improved when more than one dimension was used (appendix B.5) and that the

optimal number of dimensions depended on both the method of encoding and the number of

classes. For datasets with a higher number of classes, more dimensions were required before

misclassi�cation rates plateaued. The CA-unbiased-encoding method is limited to one fewer

dimensions than the number of classes, and across the datasets improvement diminished after

two dimensions. The PCO-encoding method particularly bene�ted from increasing number of

dimensions, and misclassi�cation rates continued to decrease up until one less than the num-

ber of classes. The CAP-encoding method performed universally better at all dimensions and

achieved good prediction performance with two to three dimensions, depending on the number

of classes (appendix B.5). A logical limit to the number of dimensions is one less than the

number of classes, although, here, fewer were su� cient for datasets with many classes.

An additional dimension may be required for the PCO-encoding and CAP-encoding meth-

ods when there are missing values in the training data. A missing value is di� erent to an absent

level in that there is no information at all with which to represent the variable. Whether or not

an observation has a value for a variable may, or may not, be informative for class assignment

for that observation. When missing values are present in observations in the training data, they

will be assigned a score as for any other predictor level. When missing values are only present

in observations in the test data, they will be scored as absent levels. This causes no issues for

the CA-unbiased-encoding method; however, for the PCO-encoding and CAP-encoding meth-

ods missing values may potentially dominate the �rst principal coordinate depending on how
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they sit in the dissimilarity space. In this case, the �rst dimension will act as a binary mea-

sure of presence or absence of the variable (appendix B.6), and an additional dimension may be

required.

There are several areas of this research that could be explored further in the future. The e� ect

of class imbalance on predictive performance of encoding methods could be investigated to

assess whether target-agnostic approaches o� er any advantages over target-based approaches. In

addition, given the importance of selecting a suitable characteristic and distance metric by which

to de�ne the categories for the distance based methods, this is an area for future consideration.

Despite the vast array of available distance metrics, in some cases the patterns within classes

may not be well captured and alternative metrics could be sought, for example accounting for

genomic recombination when calculating the Hamming distance between alleles.

5.5 Conclusion

In this chapter, the CAP-encoding method was introduced, which combines the strengths of the

target-based CA-unbiased-encoding and the target-agnostic PCO-encoding methods (chapter 4;

Smith et al., 2024b), for encoding categorical predictor variables prior to analysis by random

forest predictive models. Using three real-world datasets, it was empirically demonstrated that

encoding nominal predictors using the CAP-encoding method performs uniformly better than

the CA-unbiased-encoding and the PCO-encoding methods, which themselves have both been

shown to be superior to the biased naïve approaches that are currently being employed (chapter

4; Smith et al., 2024b). For high-cardinality data, such as WGS data, and data with free text re-

sponse �elds, absent levels are likely to be present across the predictor variables and to be found

in a large number of observations. Encoding these absent levels is a more satisfactory option

than removing a� ected observations and/or variables. The distinguishing feature of di� erent

encoding methods, lies in their ability to separate absent levels according to class structure.

The CAP-encoding method has good predictive properties and is not biased and should be the

method of choice for encoding categorical predictors when ancillary information is available

with which to de�ne the similarity (or dissimilarity) of category levels. For this method, the

size of the PCO-subset should initially be selected so that it is equal to the number of dimen-

sions which capture 95% of the total variation in the dissimilarity matrix and initially selecting

the number of CAP dimensions to be one less than the number of classes, and to adjust these

parameters, if required, using misclassi�cation rates calculated with an independent dataset. Al-

though this chapter focused on encoding variables for random forest classi�cation problems, the

encoding can be applied much more broadly to any decision tree based method.

Supplementary Information

This chapter has six accompanying supplementary �les -
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Appendix B.1 - The CAP-encoding methodology.

Appendix B.2 - Simulation study comparing encoding methods when the direction of greatest

variation in the category levels is along the �rst principal coordinate axis.

Appendix B.3 - Midwest survey `open response' scores for the PCO-encoding method.

Appendix B.4 - The e� ect of di� erent amounts of variation retained in the PCO subset on mis-

classi�cation rates.

Appendix B.5 - The e� ect of increasing number of dimensions on random forest predictive

performance.

Appendix B.6 - The e� ect of missing values on the �rst principal component of the variable

`CAMP1225' from the SACNZ dataset.



Chapter 6

Out of (the) Bag - Encoding Categorical

Predictors Impacts Out-Of-Bag Samples

6.1 Introduction

Performance of random forest classi�cation models is often assessed and interpreted using out-

of-bag (OOB) samples. The method of bagging (`bootstrap aggregating') in random forest

means that not every observation is included in every tree. For each tree, a bootstrapped sample

which contains a speci�ed proportion (typically two-thirds) of the observations in the training

data is selected to train the model. The remaining one-third of observations, which are not in-

cluded in the bootstrap sample are `out-of-bag' and may serve as a test set for the tree (Breiman,

2001). The OOB sample may be used to estimate the predictive performance of the random

forest and variable importance measures, amongst other things.

6.1.1 Out-of-Bag Error

An OOB prediction for an observation is obtained by aggregating the tree classi�cations for the

observation from the OOB samples. The misclassi�cation rate of the OOB predictions from all

training observations is the OOB error (Breiman, 2001) (�gure 6.1). OOB errors are popular be-

cause they are fast to compute, requiring only a single random forest to be computed, and have

been reported to be a good estimate of the true prediction error (Adelabu et al., 2015; Lawrence

et al., 2006; Mutanga and Adam, 2011). The OOB error may also be used to select appropri-

ate values for tuning parameters, such as the number of predictor variables that are randomly

drawn for a split.1 Breiman (1996, 2001) claimed that the OOB error alleviates the need for

cross-validation or setting aside a separate test set; however, it has been shown that, especially

for small samples, the OOB error can over-estimate the true prediction error (Bylander, 2002;

Janitza and Hornung, 2018; Mitchell, 2011). Methods to address the bias have been proposed

(Bylander, 2002; Janitza and Hornung, 2018; Mitchell, 2011), although, when available, a large

1referred to asmtry in Rpackagesranger , randomForest, randomForestSRC, and the tidymodels framework;
or max_features in Python's sklearnRandomForestClassifier .

80
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Figure 6.1: A visual description of the process of obtaining an out-of-bag (OOB) error estimate.

external validation data set will provide a more precise error estimate, serving as a gold standard

(Hastie et al., 2009; Janitza and Hornung, 2018).

6.1.2 Variable Importance

OOB samples may also be used to calculate measures of variable importance. Variable im-

portance can be used to rank predictor variables according to their degree of in�uence on the

predicted outcomes. There are two broad measures of variable importance for random forest

models - the mean decrease in accuracy (MDA, or permutation importance) (Breiman, 2001);

and the mean decrease in impurity (MDI, or Gini importance) (Breiman, 2002). For both mea-

sures, a high value means that the variable has a positive impact on predictions.

MDA for a given variable is the mean decrease in prediction accuracy of the individual trees

across the forest when the variable is not used for prediction. MDA is obtained by permuting

values of the variable in the OOB sample and computing the di� erence in the error rate on the

permuted OOB sample from the original OOB sample (�gure 6.2). The idea is that permuting an

important variable would result in a large decrease in accuracy while permuting an unimportant

variable would have a negligible e� ect.

MDI is the weighted mean of the individual trees' decrease of impurity produced by a given

variable. An important variable is expected to generate a larger decrease of impurity (i.e., more

pure splits) than an unimportant variable. The decrease of impurity is measured as the di� erence

between a node's Gini impurity and the weighted sum of the Gini impurity of the two child

nodes, evaluated on the in-bag samples.

Several studies have highlighted issues with these importance measures and have proposed
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Figure 6.2: A visual description of the process of obtaining permutation importance (MDA) for
variableXi .

modi�cations which may overcome speci�c undesirable properties (Benard et al., 2022; Gre-

gorutti et al., 2017; Janitza et al., 2018; Mentch and Zhou, 2022; Nembrini et al., 2018; Nicode-

mus, 2011; Nicodemus and Malley, 2009; Sandri and Zuccolotto, 2008; Strobl et al., 2007,

2008; Toloşi and Lengauer, 2011; Wallace et al., 2023; Williamson et al., 2023). Janitza et al.

(2018) introduced the holdout variable importance method which computes MDA using a sec-

ond cross-validation fold rather than the OOB data and this has been adopted as an option by

theranger andrandomForestSRCpackages. Also implemented byranger is the actual im-

purity reduction (AIR) importance method (Nembrini et al., 2018; Sandri and Zuccolotto, 2008)

which adjusts the original impurity by subtracting the impurity importance following random

reordering of the variable (�gure 6.3). There have been many other variable importance mea-

sures proposed (e.g., Dfuf et al. (2020); Epifanio (2017); Loecher (2022)), however they have

not been widely adopted and MDA is generally considered the most e� cient and accurate mea-

sure of variable importance (Boulesteix et al., 2012; Ishwaran, 2007; Nicodemus et al., 2010;

Strobl et al., 2007; Szymczak et al., 2016; Ziegler and König, 2014).

6.1.3 Encoding Categorical Predictors

Categorical variables can, in theory, be used by random forest models in their raw state; how-

ever in practice, software will either require them to be numerically encoded (Pedregosa et al.,

2011) or will encode them prior to processing (Liaw and Wiener, 2002; Wright and Ziegler,
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Figure 6.3: Illustration of the actual impurity reduction (AIR) calculation. The AIR for variable
Xi for Treej =

P
Impurity reductionXi

�
P

Impurity reductionreorderedXi , where impurity re-
duction is the Gini impurity of the parent node minus the weighted sum of the Gini impurity of
the two child nodes.

2017). There are several methods of encoding categorical variables. Ordinal encoding of cat-

egorical predictors has several bene�ts, including increased computational e� ciency, evading

restrictions on the number of predictor categories2, and managing absent levels (chapter 4; Au,

2018; Smith et al., 2024b).The encoding method can be independent of the response variable

(i.e., target-agnostic methods, such as one-hot encoding, integer encoding, and PCO-encoding

(chapter 4; Smith et al., 2024b)) or can incorporate information about the target values associ-

ated with a given level (i.e., target-based methods, such as CA-encoding (Coppersmith et al.,

1999; Wright and Ziegler, 2017) and CA-unbiased-encoding (chapter 4; Smith et al., 2024b)).

Encoding may be performed at di� erent stages of the algorithm (�gure 6.4). The most

computationally e� cient method is to encode the predictor variables prior to bagging (i.e., once

on the entire dataset rather than each sub-sample undergoing encoding independently) (Wright

and Ziegler, 2017). Encoding can also take place after bagging (i.e., on each sub-sample or at

each split in the tree (Breiman, 1996; Liaw and Wiener, 2002)); however, this has a much higher

computational cost.

Target-based encoding methods necessarily have information leakage from the target vari-

able to the predictors. If a predictor is encoded prior to splitting into training and test sets,

information from the target variable in the test set will leak to the predictors in the training

set by way of thea priori encoding. In the same way, if a predictor is encoded prior to bag-

ging, information from the target variable in the bootstrap samples will leak to the predictors

in the OOB samples. The OOB observations will not, therefore, behave like fully independent

test data. Target-agnostic encoding methods do not have this issue with information-leakage

because the response class (target) information is not used for the encoding.

Treating the OOB samples like an independent test set is therefore only reasonable if a

target-agnostic encoding method is used, or if a target-based encoding method is performed

2When nominal encoding a categorical variable, each binary node assignment is saved using the bit representation
of a double integer, which limits this treatment to predictors with fewer than 54 levels (Wright and König, 2019).
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subsequent to bagging. Otherwise, calculating misclassi�cation rates and measures of variable

importance on the OOB sample, or indeed the encoded variables, as in the case of the holdout

variable importance (Janitza et al., 2018; Wright and Ziegler, 2017), is likely to underestimate

the true error rate and overestimate the variable importance. The impact of method and tim-

ing of encoding has not been explicitly examined with regards to random forest OOB sample

calculations.

Figure 6.4: Encoding may take place prior to or after creating the out-of-bag (OOB) samples.

6.1.4 Study Aims and Objectives

Encoding of categorical variables is a necessary preprocessing step for many machine learn-

ing algorithms. The computational bene�ts of ordinal encoding categorical variables are well

known. The potential leakage of target information to the OOB samples as a result of target

encoding categorical variables prior to bagging is currently unreported. Current debates lie in

the accuracy of OOB error estimates and/or variable importance measures, particularly for small

sample sizes and unbalanced designs, but there appears to be no awareness that OOB samples

may not be as `good as an independent test set' and it remains a commonly held belief that OOB

samples replace the need for separate test data.

For some popular random forest implementations (e.g., the R packageranger (Wright and

Ziegler, 2017)), target encoding of categorical predictors prior to bagging is the recommended

approach (Wright and König, 2019), and is performed internally within the method, in parallel

with OOB error and variable importance calculations. This has potentially resulted in biased

and even misleading results in a earlier studies.

In this chapter, the accuracy of OOB error estimates and variable importance measures are

investigated when nominal categorical variables are ordinal encoded prior to bagging in random

forest models. A random noise simulation study is performed that compares how target-based
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versustarget-agnostic encoding of categorical predictor variables can a� ect the OOB error and

estimates of variable importance. This demonstrates that when target-based encoding is per-

formed prior to bagging, OOB samples are biased due to information leakage from the target

variable during the encoding process. It is therefore recommended to use a separate test set

instead of the OOB sample, or else to perform the encoding after bagging.

Although this chapter focuses on random forest which incorporates bagging as a key com-

ponent of the method, these results are generalisable to any applications which employ bagging

(bootstrap aggregating), including other ensemble learning techniques, classi�cation and re-

gression tasks (Dfuf et al., 2020), outlier predictions (Mohandoss et al., 2021), feature selection

(Calle et al., 2011; Deviaene et al., 2019; Díaz-Uriarte and Alvarez de Andrés, 2006), model

tuning (Dauda, 2022), Gini-OOB index (Chen et al., 2023), and clustering (Bigdeli et al., 2022;

Schumacher et al., 2016).

The aim of this study is to raise awareness of this simple, yet important and previously

unreported, issue. Speci�cally, the goals are to:

(i) demonstrate why the common practice of using OOB samples instead of independent test

data can lead to biased and potentially misleading results due to information leakage from the

target variable during the process of encoding categorical predictors;

(ii) investigate via a short simulation study the accuracy of OOB error estimates and variable

importance measures when nominal categorical variables are ordinal encoded prior to bagging

in random forest models;

(iii) highlight the bene�ts of using independent test data for calculation of error estimates and

variable importance measures; and

(iv) introduce the new `independent holdout method' for calculating variable importance.

6.2 Methods

6.2.1 Implementation

There are many popular implementations of random forest, including over 20 packages inR3

as well as the widely used Python machine learning libraryscikit-learn (Pedregosa et al.,

2011). There is no single best implementation and most are optimised for some special property

of the data (Wright and Ziegler, 2017). Algorithms do, however, di� er in their treatment of

categorical variables, including absent levels (i.e., levels of a predictor variable that are present

in data for prediction that were not present when the random forest was trained) (table 6.1),

which may impact predictions (chapter 4; Au, 2018; Smith et al., 2024b) and performance

measures calculated from OOB samples.

An unordered (nominal) categorical predictor withk levels has 2k� 1 � 1 possible binary

splits. A random forest algorithm may search the set of possible splits, either exhaustively (e.g.,

3https://koalaverse.github.io/machine-learning-in-R/random-forest.html#random-forest-software-in-r.
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randomForest4 (Liaw and Wiener, 2002) andranger 5 (Wright and König, 2019)), or partially

(e.g.,randomForestSRC6 (Ishwaran and Kogalur, 2023)). As each binary node assignment is

saved using the bit representation of a double integer the exhaustive search option is limited

to predictors with fewer than 54 levels. If the categorical predictor is de�ned as a character

vector (i.e., rather than an unordered factor) it may, by default, be encoded alphabetically (e.g.,

randomForest) rather than converted to a factor (e.g.,ranger ). This is problematic if a sepa-

rate data set (i.e., for prediction) has a di� erent set of levels to those in the training set, in which

case the ordinal encoding of the two sets will not match. This will occur if the observations for

prediction contain only a subset of the levels from the training set, or if there are absent levels.

An ordered categorical predictor withk levels can be treated the same way as a numerical

predictor withk unique ordered values and, at most,k � 1 possible split points. Again, care

needs to be taken when the levels in the data to be predicted do not match exactly the levels

in the training set as, for some algorithms (e.g.,randomForest), the encoding of the levels

may not match. For the case of two-class classi�cation, a nominal predictor variable withk

levels may be ordered by the proportion of observations with the second response class in each

level. The ordering may occur at each split (e.g.,randomForest7), or once prior to growing

the forest (e.g.,ranger 8). Subsequently, treating these variables as ordinal leads to identical

splits in the random forest optimisation as considering all possible 2-partitions of thek predictor

levels (Breiman et al., 1984; Ripley, 1996). For multi-class classi�cations, an order may be

imposed on a nominal variable alphabetically (e.g.,ranger 9), or according to the �rst principal

component of the weighted covariance matrix of class probabilities, following Coppersmith,

Hong, and Hosking (1999)10 (e.g.,ranger 11). Ordering the variables once on the entire dataset

prior to bagging, rather than at each split, is computationally e� cient and negates the upper

limit on the number of variable levels (Wright and König, 2019).

Some implementations of random forest require categorical variables to be one-hot encoded

prior to analysis (e.g., Python'sscikit-learn ). This means a single predictor withk levels is

replaced byk� 1 indicator variables. Now there will be only a single possible split point at each

node but fromk � 1 indicator variables. Using this method, some of the category levels will be

randomly ignored for each split, and so the original predictor will be represented byj binary

predictors, wherej � k � 1.

Treatment of absent levels also di� ers between implementations. Some algorithms are un-

able to process absent levels of unordered factors at all (e.g.,randomForest). Some treat absent

levels as missing values, or if there are no true missing values will map them to the child node

4This is the default option forrandomForest in the case of multi-class classi�cation or two-class classi�cation
with predictors which have fewer than 10 levels.

5when the argumentrespect.unordered.factors is set to"partition"
6https://www.randomforestsrc.org/articles/getstarted.html#allowable-data-types-and-factors
7this optimisation proceeds when the predictor variable has more than 10 unordered levels
8when the argumentrespect.unordered.factors is set to"order" or TRUE
9when the argumentrespect.unordered.factors is set to"ignore" or FALSE

10Coppersmith, Hong & Hosking (1999) use the �rst principal component of the weighted matrix of class proba-
bilities.

11when the argumentrespect.unordered.factors is set to"order" or TRUE
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that has the most samples (e.g.,scikit-learn 12 andrandomForestSRC). And some will send

all observations with an absent level to a particular branch at any given node (e.g.,ranger 13)

(chapter 4; Smith et al., 2024b).

The method of treatment of categorical variables, including absent levels, by four popular

implementations of random forest is summarised in table 6.1.

Table 6.1: Implementation speci�c treatment of categorical variables.

Implementation Predictor type Predictor treatment Handles Timing of Maximum
absent levels encoding levels

ranger character vector converts to unordered factor yes - -
ordered factor treats as ordinal yes - -
unordered factor exhaustive partition yes - 53 levels

orders alphabetically yes before bagging -
target encodes yes before bagging -

randomForest character vector orders alphabetically yes1 before bagging -
ordered factor treats as ordinal yes1 - 53 levels
unordered factor exhaustive partition no - 53 levels

target encodes2 no after bagging 53 levels
randomForestSRC character vector unable to process - - -

ordered factor treats as ordinal yes3 - -
unordered factor partial partition yes3 - -

scikit-learn character vector one hot encoding yes3 before bagging -
ordered factor one hot encoding yes3 before bagging -
unordered factor one hot encoding yes3 before bagging -

1 the absent levels need to be ordered last for consistency of encoding with the training set.
2 optimisation is employed in the case of 2-class classi�cation when there are more than ten
levels of a predictor variable.
3 treats absent levels as missing values.

6.2.2 Simulation Study

To investigate the accuracy of internally calculated misclassi�cation rates and variable impor-

tance under null conditions, a set of data was simulated and analysed with random forest.

The simulated data consisted ofn individuals, each with one predictor variable allocated

uniformly and with replacement fromk levels. One of three classi�cation labels were randomly

assigned to each individual. There was no relationship between the response and the predictors.

A subset containing 80% of the observations was used for training the random forest, and the

remaining 20% of observations were used as the set of testing data. The process was repeated

for each combination of sample sizen 2 f20;50;100;150;200;400gand number of variable

levelsk 2 f1;5;10;35;50;100;150;200g.

For each random forest, the misclassi�cation rate was calculated using each of two methods:

(i) the OOB sample; and

(ii) the misclassi�cation rate of the observations in the testing data.

12https://scikit-learn.org/stable/modules/ensemble.html#random-forests
13https://github.com/imbs-hl/ranger/blob/master/R/predict.R#L167
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In addition, for each random forest, the variable importance was calculated using each of

�ve methods:

(i) the original MDI method,sensuBreiman (2002);

(ii) the original MDA method,sensuBreiman (2001);

(iii) the actual impurity reduction (AIR) importance (Nembrini et al., 2018; Sandri and Zuc-

colotto, 2008);

(iv) the holdout variable importance (Janitza et al., 2018); and

(v) the independent holdout method which is the holdout method but using cross-validation

folds which have been separated prior to encoding.

For each combination of parameters, 99 sets of data were generated and a random forest

was trained with 500 trees and the Gini index splitting rule. The levels of the predictor vari-

ables were integer encoded according to the alphabetical ordering of the levels and the average

misclassi�cation rate and variable importance were recorded for each method. The process

was then repeated with the levels of the predictor variables being target encoded based on class

probabilities.

Theranger() function from the R packageranger (Wright and Ziegler, 2017) o� ers both

target-based and target-agnostic encoding options internal to the function and was used for the

analysis; however, analysis by a di� erent implementation using pre-encoded predictor variables

would lead to equivalent results.

6.2.3 Code Availability

All analyses were carried out using R version 4.3.1 (R Core Team, 2024) and theranger pack-

age (“RANdom forest GEneRator”) version 0.15.1 (Wright and Ziegler, 2017). The R code used

in this study is available at https://github.com/smithhelen/OutOfTheBag/releases/tag/v.1.0.0. This

includes the code to generate the simulated data for reproducibility.

6.3 Results

6.3.1 Out-of-Bag Error

In the ideal case of balanced data with random assignment of individuals, the misclassi�cation

rate with simulated data was expected to be2
3 � 0:67 regardless of the sample size, number

of predictor levels, or method of encoding predictor variables. This was indeed the case when

the misclassi�cation rate was calculated for a fully withheld independent test set - except with

a small sample size of 20. However, the internally calculated OOB error rate depended on the

method used to encode the levels of the categorical predictor variables. When predictor levels

were integer encoded based on alphabetical placement, the misclassi�cation rate was 0:67, as

expected; however, when the predictor levels were target encoded based on the �rst principal

component of the weighted covariance matrix of class probabilities, the misclassi�cation rate

decreased with increasing numbers of factor levels, and this was compounded with smaller
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sample sizes (�gure 6.5). The bias was further exacerbated with increasing number of predictor

variables (appendix C.1).

Figure 6.5: Misclassi�cation rates of data simulated with balanced design and random assign-
ment of individuals to one of three classes as calculated via independent test set (top panel, red
circles) and internal OOB sample (bottom panel, blue diamonds) when the method of encod-
ing predictor variables is target-agnostic (ordered (alpha)numerically, left panel) or target-based
(ordered via principal component analysis (PCA) of class probabilities, right panel). The dotted
line indicates the expected misclassi�cation rate under the simulated null conditions.

6.3.2 Variable Importance Measures

The average variable importance was also expected to be impervious to the method of encoding

predictor variables, and, under random assignment of variable levels and of individuals, the

variable importance was expected to be zero. The independent holdout method was the only

method that returned the expected outcome (i.e., zero importance for both target-agnostic and

target-based encoding methods). The MDI measure, which is calculated on in-bag samples,

was not a� ected by the choice of encoding; however, MDI increased with both sample size and

number of variables for both target-agnostic and target-based encoding methods. Each of the

other three variable importance measures were in�uenced by the choice of encoding method.

Although the holdout method does not directly use OOB samples for its calculations, because it

is performing the predictor encoding on the entire dataset, prior to splitting into cross-validation
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Figure 6.6: Average variable importance as calculated using the �ve methods when the method
of encoding predictor variables is target-agnostic (circles; encoded as integers) or target-based
(diamonds; encoded via principal component analysis (PCA) of class probabilities).
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folds, it is a� ected in the same manner. When predictor levels were integer encoded (i.e., target-

agnostic), the variable importance values were zero as expected; however, when the predictor

levels were target encoded, the average variable importance increased with increasing numbers

of factor levels. For the MDA and holdout methods, this was compounded with smaller sample

sizes, but the opposite was true for AIR, which showed greater bias for larger sample sizes

(�gure 6.6). In contrast with the OOB misclassi�cation rate, the positive bias diminished with

increasing number of predictor variables (appendix C.2).

6.4 Discussion

Random forest predictive models are well suited to data sets containing a large number of cat-

egorical predictors and/or predictors containing many levels. Such data presents challenges for

predictive models including absent levels and high computational demands. In these cases, one-

hot encoding is not recommended as it frequently leads to a prohibitively large number of binary

variables. Ordinal encoding, however, may improve both predictive performance and e� ciency

of models and o� ers a solution to the absent-levels problem (chapter 4; Smith et al., 2024b).

Methods of ordinal encoding of categorical predictors may be dependent or independent

of the target variable. Target-based methods of encoding, including the two-class optimisation

employed byrandomForest andranger , and ordering according to the �rst principal compo-

nent of the weighted matrix of class probabilities, as implemented inranger 14, use information

from the target variable to inform the ordering. When the encoding is performed prior to bag-

ging, there is leakage of information from the target variable to the observations in the OOB set.

The leakage occurs because, even when the observations are out of bag, the encoding of their

corresponding levels was informed from the entire training dataset (i.e., prior to the observa-

tions moving OOB) based on the correct response classes (i.e., the target). This means the OOB

observations do not behave like fully independent test data.

Target-agnostic methods of encoding, such as the naïve alphabetical encoding, or ordering

according to some characteristic of the data (e.g., the PCO-encoding method (chapter 4; Smith

et al., 2024b)), are not subject to the issue of data leakage because the levels are encoded using

data on the predictor variables only – the response class (target) information is not used. There-

fore, in these cases, it is entirely appropriate to treat OOB observations like fully independent

test data.

Breiman (1996, 2001) claimed that the OOB sample was as reliable as using an independent

set of data for testing. This study found that, for random forest models, di� erent methods of en-

coding nominal variables had important implications for the accuracy of calculations performed

on OOB samples. It showed that the OOB misclassi�cation rate, and the variable importance

measures which utilise OOB samples (the MDA, holdout, and AIR measures), were biased

when using a target-based encoding method due to `data-leakage' during thea priori encoding

14also the CA-unbiased variation described in chapter 4 and Smith et al. (2024b)
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of categorical predictors. When the encoding method is target-based, and the encoding is per-

formed prior to bagging, the OOB data underestimates the true rate of misclassi�cation, and

overestimates true variable importance.

In all cases the bias increases with increasing number of factor levels, and is in�uenced by

sample size. The e� ect of information leakage on OOB misclassi�cation rates is more pro-

nounced with smaller sample sizes and leads to lower misclassi�cation rates (higher accuracy).

The information leakage does not a� ect the permuted variable, as the relationship with the tar-

get is broken, and therefore MDA and holdout variable importance measures both increase with

decreasing sample size. In contrast, when variable importance is measured using purity of splits

(e.g., the AIR method), rather than misclassi�cation rates, information leakage has a more pro-

nounced e� ect when sample sizes are larger. Although the MDI measure is not a� ected by

method of encoding, it is also dependent on sample size. For both the MDI and the AIR meth-

ods, increasing sample size results in better purity of splits leading to higher variable importance

values. MDI is known to be biased in favour of variables with many possible split points (Strobl

et al., 2007). Larger sample sizes represent a greater number of factor levels, and therefore split

points, which is arti�cially in�ating variable importance.

A potential solution to the problem of information leakage to the OOB sample is to order

the levels of each bootstrap sample independently (i.e., rather than ordering once on the entire

dataset prior to bagging) (�gure 6.4). It is noted that there are currently no implementations

of random forest which o� er encoding after bagging for the multiclass case. Another option is

to calculate misclassi�cation rates and variable importance measures on truly independent test

data.

The �ndings of this chapter have several important research and practical implications for

machine learning practitioners. The aim is not to recommend a particular variable importance

measure or error estimation technique, but rather to discard the belief that OOB samples are a

replacement for independent test data in all instances. This is not an issue for numeric or ordinal

data. But for nominal categorical predictors which are ordinal encoded using a target-based en-

coding method, it can be recommended to calculate misclassi�cation rates from a separate, fully

independent, test dataset; and to calculate variable importance via MDA using an independent

test set as the holdout sample.

6.5 Conclusion

This chapter highlights how di� erent methods of encoding of categorical predictors can bias

OOB misclassi�cation rates and variable importance measures. For datasets with a high num-

ber of variables and/or variable levels, absent levels are likely and ordinal encoding is a sensible

approach for both speed of analysis and accuracy of predictions. When levels of categorical

predictor variables are target encoded using class probability information and when encoding

occurs prior to bagging, OOB samples su� er information leakage and are not a replacement for

an independent test set. Using OOB data in place of an independent test set will lead to in�ated

measures of accuracy and variable importance. These �ndings are applicable to random forest
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and other tree-based methods (e.g., boosted trees) where OOB misclassi�cation rates and/or

variable importance measures are calculated.

Supplementary Information

This chapter has two accompanying supplementary �les -

Appendix C.1 The e� ect of increasing number of variables on the out-of-bag misclassi�cation

rate.

Appendix C.2The e� ect of increasing number of variables on measures of variable importance.



Chapter 7

Source Attribution of CampylobacterSpecies

using Whole Genome Sequencing Data.

7.1 Introduction

Next-generation sequencing (NGS) technologies and decreasing costs have transformed the ap-

proach to genetic-based research, and whole genome sequencing (WGS) data is increasingly

becoming the preferred choice for genetic analysis (Bagger et al., 2024). WGS data provides

a high-resolution, base-by-base view of the entire genome, allowing the smallest of variations

to be detected. This unprecedented genomic detail provides opportunities for source attribution

models as it allows �ne-scale di� erentiation of closely related strains.

The growth of WGS data has seen a shift towards the development, and application of,

source attribution models utilising machine learning (ML) algorithms. ML algorithms, such as

network analysis, random forest, and logit boost, are well suited for analysing large and complex

datasets, and have been successfully applied to the source attribution of a range of pathogenic

foodborne bacteria, includingListeria monocytogenes(Mughini-Gras et al., 2025; Tanui et al.,

2022),Salmonella Typhimurium(Guillier et al., 2020; Guzinski et al., 2024; Lupolova et al.,

2019; Munck et al., 2020; Thystrup et al., 2024; Zhang et al., 2019), andCampylobacterspecies

(Arning et al., 2021; Brinch et al., 2023; Harrison et al., 2021; Wainaina et al., 2022). ML

algorithms work by `learning' from a set of observed (training) data and subsequently making

inferences about new unobserved (test) data. For source attribution models, the set of isolates

from animal host sources is the training data with which the model learns, and the test data is

the set of isolates from humans.

Modelling vast amounts of data presents several challenges, however. The pure volume of

WGS data can signi�cantly impact computational e� ciency, resulting in slow performance and

requiring high processing power, memory and storage. In addition, the large number of unique

genotypes presents a number of issues for ML models (Brinch et al., 2023; Munck et al., 2020;

Zhang et al., 2019). One limitation of using genes as input data (e.g., core-genome multilo-

cus sequence typing (cgMLST) data) is the substantial number of missing alleles, which occurs

94
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when no matches can be found (e.g., in PubMLST), requiring imputation (Brinch et al., 2023;

Guzinski et al., 2024; Mughini-Gras et al., 2025; Munck et al., 2020; Tanui et al., 2022), removal

(Arning et al., 2021; Harrison et al., 2021), and/or recoding (Arning et al., 2021; Harrison et al.,

2021; Pascoe et al., 2024). Another issue is the presence of alleles in the set of human iso-

lates that are not in the set of source isolates (i.e., absent-levels), a problem that escalates with

increasing numbers of genes (�gure 3.2).

Several approaches have been used to address these issues. Instead of using genes, models

have been implemented from other levels of input data, such as single nucleotide polymorphisms

(SNPs) (Guzinski et al., 2024; Zhang et al., 2019),k-mers (i.e., short sequence regionsk bases

long) (Arning et al., 2021; Brinch et al., 2023; Munck et al., 2020; Thystrup et al., 2024), unit-

igs (Pascoe et al., 2024), or protein variants (Lupolova et al., 2019; Zhang et al., 2019). One

bene�t of using genes as input data, however, is the ability to identify genes that have the best

prediction potential for attribution of organisms to di� erent sources (Tanui et al., 2022). Stud-

ies wanting to use genes as input and retain allelic information have, instead, used methods of

feature reduction to decrease complexity of the data (Brinch et al., 2023; Munck et al., 2020;

Tanui et al., 2022; Thystrup et al., 2024). For example, Tanui et al. (2022) reduced 1748 core

genes to 736 by removing genes with low variability across the genome on the assumption that

they were redundant variables and would not display strong host signals. However, when the

feature reduction is extreme, for example Munck et al. (2020) reduced 3002 core genes to 17

and Pascoe et al. (2024) reduced 1343 core genes to �ve, this negates both the advantage of

having increased data resolution and the ability to detect host segregating genes.

An alternative approach is to numerically encode the alleles for each gene. For example,

Mughini-Gras et al. (2025) used one-hot encoding (i.e., new (binary) columns were created, in-

dicating the presence of each allele) of core genes for the source attribution ofListeria; Arning

et al. (2021) and Tanui et al. (2022) each used nominal encoding (i.e., the nominally assigned

allele numbers were interpreted directly as numerical predictors) of core genes for the source

attribution ofCampylobacterandListeriaspecies respectively; and new methods of ordinal en-

coding were introduced in chapters 4 and 5 of this thesis (see also Singh et al. (2025); Smith

et al. (2024a,b)) that encoded core genes for the source attribution ofCampylobacteron the ba-

sis of allelic sequencing information. Ordinal encoding of alleles enables the full complement

of genes, including accessory genes and absent levels, to be included in the model and is com-

putationally more e� cient than one-hot encoding. Ordinal encoding is also strongly preferred

over nominal encoding, which may introduce bias when the pattern of allele numbering is inad-

vertently associated with host source, as may occur due to the numerical assignment of alleles

in contiguous chunks by source (appendix D.1). This is evident in the data used in the chapter

by Arning et al. (2021), but is not considered or commented upon.

The CAP-encoding method (Smith et al., 2024a), introduced in chapter 5, uses a principal

coordinates approach to numerically encode each allele, independently for each gene, allowing

the genes to be treated as numerical predictor variables and overcoming the problem of missing

alleles in data for prediction. The CAP-encoding method is a two step procedure. Firstly,
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Gower's method of principal coordinates analysis is used to position each allele in the principal

coordinate space of the gene, according to its similarity to each of the other alleles in the training

data, based on some property of the gene (e.g., sequencing information). Secondly, a subset of

these principal coordinates are rotated in order to maximally correlate with the direction of

greatest variation in class probabilities, as determined by a scaled correspondence analysis on

the contingency table of counts of alleles by source. The CAP-encoding method is particularly

advantageous when there is a high number of observations and/or genes with absent levels, such

as with WGS data (chapter 5).

In this chapter, a source attribution analysis ofCampylobacter jejuniandCampylobacter

coli is performed using a random forest approach, based on WGS data collected from New

Zealand between 2018 and 2019 as described in Lake et al. (2021). The CAP-encoding method

(chapter 5; Smith et al., 2024a) is used to encode the alleles within each gene. This method

uses a target-based approach to encoding, by using both the source frequency of whole-genome

mulitlocus sequence typing (wgMLST) allele pro�les and the Hamming distances of the nu-

cleotide sequencing information between each pair of alleles. The self-attribution results (i.e.,

the misclassi�cation rate of isolates from a known source) are compared when the model is

trained using the traditional 7-loci mulitlocus sequence typing (7-loci MLST) genesversus

the 1343 core-genome mulitlocus sequence typing (cgMLST) genesversusthe full wgMLST

pangenome, to determine the e� ect of increasing the resolution of the data and including acces-

sory genes (i.e., genes which are not found in the majority of isolates). In addition the results

are compared using two adjusted distance measures - (i) the residualised distance matrix, as de-

scribed in section 3.2.3 of chapter 3, which removes the variation due to clonal complex (CC);

and (ii) the recombinant-adjusted distance matrix, which down-weights each nucleotide position

by its degree of recombination. Finally, the chapter aims to estimate the relative contributions of

di� erent sources of campylobacteriosis in New Zealand and compare the results against those

obtained from the same dataset using the asymmetric island model on 7-gene MLST data (Lake

et al., 2021). The `independent holdout variable importance' method, introduced in chapter 6,

is used to determine which genes are most in�uential to the attribution outcome.

7.2 Methods

7.2.1 Dataset

The data used for this analysis is from a source-assigned case-control study of noti�ed human

cases of campylobacteriosis in New Zealand, between 2018-2019, as presented in Section 3.2

of chapter 3 (see also Lake et al. (2021)). Brie�y, the dataset consists of WGS data from 1211

C. jejuni andC. coli isolates cultured from humans (n=651), poultry (n=205), sheep (n=187),

and cattle (n=168). cgMLST allele pro�les were obtained as previously described. To identify

the accessory genes, i.e., the non-core genes, the pangenome was analysed with pagoo (Ferrés

and Iraola, 2021) to �rstly identify all genes. All gene sequences were then compared, isolate

by isolate, against known cgMLST alleles from the PubMLSTCampylobacterdatabase (Cody
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et al., 2017) using BLAST (Basic Local Alignment Search Tool) (Altschul et al., 1990) and the

non-matched genes were classi�ed as accessory genes. Allele numbers were assigned to each

accessory gene based on unique sequences. Genes were then aligned using ma� t (Katoh and

Standley, 2013; Katoh et al., 2002).1 This resulted in 5675 accessory genes being identi�ed

across the isolates, however 1360 of these were only found in single isolates, three had only

a single allele across all isolates, and 291 had only a single allele across the full set of animal

isolates, and so were excluded from the analysis. The �nal dataset therefore consisted of 5364

genes, made up of 1343 cgMLST genes and 4021 accessory genes.

7.2.2 Resemblance Measures

The nucleotide sequence of each allele, for each gene, was used to calculate a matrix of Ham-

ming distances between each pair of alleles within each gene. At the genomic scale,C. jejuni

andC. coli are highly diverse species (Dingle et al., 2001; Manning et al., 2003) and variation

within a gene is not consistent across the genome (Parkhill et al., 2000; Sheppard and Maiden,

2015). The high genetic diversity results from clonal structure (i.e., relatedness), in addition

to frequent intra- and inter-species recombination (Dingle et al., 2001; Manning et al., 2003;

Suerbaum et al., 2001; Yu et al., 2012). The shared MLST nucleotide sequence-based typing

method forC. jejuni andC. coli assigns a unique allele identi�cation number to each unique

variant for each locus when using the PubMLST allele sets as a reference (Dingle et al., 2005).

The original MLST scheme considered only the nucleotide sequences of internal fragments of

seven housekeeping genes accounting for a total of approximately 0.1% of the genome (Dingle

et al., 2001). The corresponding allelic pro�le from the seven loci de�ne the sequence type

(ST) of each isolate and subsequently the clonal complexes (CCs). CCs are groups of isolates

based on 7-gene MLST sequence variation that represent lineages presumed to have derived

from a common ancestor (Dingle et al., 2002; Manning et al., 2003). CC are assigned a number

based on a central genotype derived from the BURST (based upon related STs) clustering algo-

rithm and are named after the central genotype. The original MLST scheme has been expanded

to a core-genome scheme (cgMLST), de�ned as a set of 1343 loci which are present in most

members ofC. jejuniandC. coli (Cody et al., 2017), and a whole-genome scheme (wgMLST)

(Cody et al., 2013; Maiden et al., 2013), in which all the loci of a given isolate are compared

to equivalent loci in other isolates. In all MLST schemes, the allele is the unit of comparison,

representing single genetic events, and the number of di� erent nucleotides between strains is

ignored. This is in contrast with the Hamming distance, which is directly proportional to the

number of nucleotides that di� er between strains. A large Hamming distance could, therefore,

re�ect a large number of single point mutations, or a single large scale evolutionary event, such

as a homologous recombination event.

An attempt was made to account for the nature of clonal structure and recombination within

the matrix of Hamming distances in two ways. In the �rst instance, a dissimilarity-based multi-

variate analogue to a residual plot, from which the variation due to clonal structure is removed,

1https://github.com/jmarshallnz/cgmlst
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was calculated for each gene following the method described in Anderson (2017), and detailed

in section 3.2.3. The premise is that the variation remaining in the residualised distance matrix

can be directly attributed to di� erences associated with host source (�gure 3.8).

In the second instance, the calculation of the Hamming distance was adjusted to down-

weight each nucleotide position according to its degree of recombination. Regions of recom-

bination were detected using Gubbins (Croucher et al., 2015), and the degree of recombination

was estimated by counting the number of times each nucleotide position was part of a recombi-

nant region (Had�eld et al., 2017).

7.2.3 Random Forest

7.2.3.1 Cross Validation

To assess the e� ect of increasing the number of genes in the analysis, the 560 isolates collected

from animals were subject to ten-fold cross-validation for each set of data (7-gene MLST, 1343-

gene cgMLST, and 5364-gene wgMLST data) using the same random number seed to ensure the

same isolates were in each fold for each method. Likewise, to assess the e� ect of adjusting the

distance measure to account for clonal structure and recombination, the 560 isolates collected

from animals were subject to ten-fold cross-validation for each of the three sets of distance ma-

trices (Hamming, Hamming residualised on CC, and recombinant-adjusted Hamming distance).

The residualised distance matrices were calculated independently for each fold as the relative

proportions of CCs is fold dependent.

In all cases, ten independent random forest models were run (one on each of the ten folds)

allowing each of the isolates to be represented exactly once in testing data. Each forest consisted

of 500 trees and used the Gini index splitting rule. Prior to training the forest, each gene was

numerically encoded using the CAP-encoding method and the distance matrix of choice. As

there are three classes, each nominal predictor (i.e., gene with alleles as levels) was replaced with

two numerical predictors (encoded CAP scores). The subset of PCO dimensions for rotation

was selected such that it captured at least 95% of the variation in the multivariate data cloud.

When the residualised distance matrix was used, the residualised variable (CC) was included as

an additional predictor variable and encoded using the CA-unbiased-encoding method (chapter

4; Smith et al., 2024b) so that any absent levels were scored as zero, in line with thea priori

assumption of equal class probability.

The scores from the genes in the training set were transferred to the genes in the test set,

and any new alleles (absent levels) were encoded based on their proximity to known alleles

in the rotated principal coordinate space. Model performance was assessed by calculating the

proportion of incorrect classi�cations on the set of test data for each fold and calculating the

average and standard error, accounting for any variation between folds.
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7.2.3.2 Attribution

To predict the source of the 651 human isolates, a random forest was trained using the full set

of 560 source isolates, and 5364 wgMLST genes with their corresponding matrices of Ham-

ming distances. Following training, the random forest model was used to predict the original

host source for each of the human isolates. Estimates of uncertainty were calculated using a

probability forest with the same set of parameters as the original random forest. For each tree in

the forest, the probability of each human isolate being attributed to each source was calculated.

The mean of these probabilities over the set of human isolates gives an average probability of

attribution to each source for each tree. The 2.5% and 97.5% quantiles were then determined

from this set of mean probabilities to give a 95% uncertainty interval.

Variable importance was calculated using the independent holdout method described in

chapter 6 and Smith et al. (2024c). This computes the mean decrease in accuracy (MDA, or

permutation importance (Breiman, 2001)) by permuting values of the variable in a second cross-

validation (test) fold which has been separated prior to encoding and computing the di� erence

in the error rate on the permuted test fold from the original test fold.

7.2.4 Code Availability

All analyses were carried out using R version 4.3.1 (R Core Team, 2024) and the packages

ranger (`RANdom forest GEneRator') version 0.15.1 (Wright and Ziegler, 2017) andtidymodels

(Kuhn and Wickham, 2020). The R code used in this study is available athttps://github.

com/smithhelen/SourceAttribution . The sequence reads used for this study can be ac-

cessed from the NCBI Sequence Read Archive under BioProject accession number PRJNA675916.

7.3 Results

7.3.1 Accessory Genes

The total dataset consisted of 5364 genes which were found in at least two isolates and had at

least two alleles. This included 4021 accessory genes, in addition to the 1343 cgMLST genes.

20 of the cgMLST genes were found in fewer than 95% of the isolates, and 20 of the accessory

genes were found in more than 95% of the isolates, including 12 that were found in every

isolate (�gure 7.1). Thus the core genome consisted of 1343 core genes, 98.5% of which are

represented by the PubMLST cgMLST scheme.

7.3.2 E� ect of Increasing Number of Genes

Overall, the cgMLST scheme and the wgMLST scheme had very similar misclassi�cation rates

(24:1%� 1:4% and 24:5%� 1:5% respectively), and both schemes had lower misclassi�cation

rates than the 7-gene MLST scheme (36:8% � 1:5%). The di� erence between schemes was

particularly dramatic forC. coli isolates from cattle (�gure 7.2 (a)).

https://github.com/smithhelen/SourceAttribution
https://github.com/smithhelen/SourceAttribution
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Figure 7.1: The number of isolates with each gene. Colour indicates the cgMLST (blue) and
non-cgMLST (red) genes. The horizontal line marks 95% of the isolates.

Consistent with earlier studies, the accuracy of predictions was dependent on the class being

predicted (�gure 7.2). For all schemes, isolates sourced from chicken were the most accurately

classi�ed (74:1% � 86:4%), followed by isolates sourced from sheep (61:3% � 77:2%), and

isolates sourced from cattle had the lowest classi�cation success (52:6%� 61:6%).

In addition, the accuracy of predictions was dependent on the species ofCampylobacter

(�gure 7.2(a)). For chicken and sheep isolatesC. coli had better classi�cation success thanC.

jejuni, however for cattle isolatesC. jejunihad better classi�cation success thanC. coli.

7.3.3 E� ect of Adjusting for Recombination

Overall, there was very little e� ect on misclassi�cation rates of adjusting the Hamming distance

for either the variation inherent in CC or for recombination (�gure 7.3) (range 23:8%� 0:6%�

24:3% � 0:6%). Although the residualised distances resulted in the lowest overall misclassi�-

cation rate, the adjustment was only advantageous to the classi�cation of ruminant isolates and

was detrimental to the classi�cation of chicken isolates.

7.3.4 Attribution

The highest proportion of human cases were estimated to be attributed to chicken (49:9% �

64:7%), followed by cattle (17:5% � 30:7%), and the lowest proportion were estimated to be

attributed to sheep (13:1%� 25:1%) (�gure 7.4). Attribution of the same isolates using 7-gene

MLST data and the asymmetric island model also estimated a higher degree of attribution to

chicken followed by cattle, however this model estimated few isolates (0:08%� 2:6%) to be

attributable to sheep (Lake et al., 2020). When a higher number of genes were used in the same
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Figure 7.2: The e� ect of the number of genes on the accuracy of the random forest model for
all isolates combined and for isolates separated by species.

model, a greater number of isolates were attributed to unknown sources (not sheep) (Lake et al.,

2021).

7.3.4.1 Variable Importance

The independent holdout variable importance method aims to calculate the decrease in classi-

�cation accuracy that results from replacing each variable in turn with random noise. The ten

genes with the highest importance scores included a mix of core and accessory genes (table

7.1), however all genes had low importance scores, ranging from below zero to 0.0041. In other

words, removal of the most `important' gene only decreased the classi�cation success of the

model by 0:41%. In addition, selecting di� erent subsets for the calculation of variable impor-

tance resulted in a di� erent set of genes being identi�ed as `important' (appendix D.2). This

suggests a high level of correlation between the genes. Although this was not investigated here,

the order of importance could be considered alongside potential groupings of correlated genes.
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Figure 7.3: The e� ect of the distance measure on the accuracy of the random forest model for
all isolates combined and for isolates separated by species.

7.4 Discussion

Whole genome sequencing data allows �ne-scale di� erentiation of closely related strains and is

rapidly becoming the preferred data choice for source attribution modelling. Several machine

learning methods of source attribution have been developed for WGS data, including network

analysis, random forest, and logit boost. These methods su� er from issues inherent with large

volumes of categorical data such as computational issues and the absent-levels problem (i.e.,

unique categories in the data for prediction). This has led to source attribution studies applying

methods of extreme feature reduction prior to analysis, which reduces the ability of models

to harness the bene�ts of WGS data. Converting sequence data to numerical predictors is an

alternative approach to avoid these issues (chapter 4; Smith et al., 2024b).k-merisation involves

counting short sequence regionsk bases long (k-mers) along the genome (Zielezinski et al.,

2017) resulting in counts of potentially vast numbers ofk-mers often necessitating preliminary

feature reduction. Models using thek-merisation approach have shown accurate results at the

expense of reduced interpretability and the opportunity to investigate the role of individual genes

in the attribution. Integer encoding involves interpreting allele numbers as true numeric values

and treating genes as continuous numerical predictors. As alleles have no inherent order (i.e.,
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Figure 7.4: Source attribution for cases in a source-assigned case-control study of campylobac-
teriosis in New Zealand. Lower and upper tails are 2.5th and 97.5th percentiles of individual
tree mean isolate probabilities (i.e., 95% uncertainty interval).

allele `1' is no more similar to allele `2' than it is to allele `202'), enforcing an order in this

way is likely to introduce bias due to the method of allele designation in contiguous chunks

by host. Recently new methods of encoding categorical variables have been developed which

allow random forest models to use an unlimited number of variables and are unbiased. These

methods involve ordering the categories (alleles) based on either their similarity to each other,

or according to their relative host source probability. One such method is the target-based CAP-

encoding method (chapter 5; Smith et al., 2024a) that uses a combination of sequence similarity

and relative host probabilities. Alleles unique to the set of human isolates are encoded according

to their similarity to each of the alleles in the set of animal isolates. Each of these methods is

linked to the concept of genomic signatures and the hypothesis that isolates from the same

source will be more related than isolates from di� erent sources.

In line with this concept, the distance measure used for encoding should de�ne alleles from

the same source as having smaller distances to each other than alleles from a di� erent host

source. The Hamming distance measures the number of nucleotides that di� er between se-

quences, on the assumption that alleles that share many nucleotides have similar host prefer-

ences. One complication is that most alleles are found in multiple sources, and the alleles

that are found in single sources are more often than not only found in single isolates. The

CAP-encoding method e� ectively adjusts the Hamming distances to account for the number
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Table 7.1: The ten most important variables according to the independent holdout variable im-
portance measure.

Locus Variable Function
Importance

CAMP1076 (dnaX) 0.007143 DNA polymerase III, replicative synthesis (Bateman
et al., 2025; Gomes et al., 2024)

CAMP1165 (uvrC) 0.005357 DNA repair (Bateman et al., 2025; Jehanne et al.,
2020; Truglio et al., 2006)

CAMP0289 0.005357 No known function (Dai et al., 2017)
CAMP0751� 0.005357 No known function (Cody et al., 2017; Kovanen

et al., 2014)
CAMP0975 (mutS) 0.003571 Putative mismatch repair protein, suppression of ho-

mologous recombination (Bateman et al., 2025)
CAMP1235 (psel) 0.003571 Generation of pseudaminic acid (Pse) (McDonald

and Boyd, 2021)
CAMP1331� 0.003571 Methyltransferase, capsule biosynthesis (Fan et al.,

2022; Revez et al., 2014)
tsdA� 0.003571 Tetrathionate reductase, energy metabolism (Liu

et al., 2013)
ycaD 1� 0.003571 Amino acid transport/metabolism (Karki et al.,

2023)
CAMP0031 0.003571 Type IIS restriction/modi�cation enzyme (Anjum,

2013; Revez et al., 2014)

.

� accessory gene (i.e., not part of the cgMLST scheme).

of sources that alleles are found in, as it rotates the principal coordinates to align with the di-

rection of greatest variation in host probabilities. Another issue with the Hamming distance is

that single recombinant events result in large nucleotide di� erences between alleles and there-

fore dominate the matrix of Hamming distances. Accounting for this by down-weighting the

contribution of nucleotides from recombinant regions did not, however, improve predictive per-

formance of the source attribution model. Likewise, groups of closely related alleles that have

evolved concurrently, will have smaller Hamming distances between them than between them

and distantly related alleles, regardless of host preference. Adjusting the Hamming distance

to remove distances between groups of isolates from di� erent CCs e� ectively residualises the

matrix such that the remaining variation contains di� erences due to host source, however this

adjustment also did not improve predictive performance. This suggests that the ability of ran-

dom forest models to repeatedly partition variables allows for the smaller di� erences resulting

from host signature to be discerned, amongst the stronger patterns of clonal structure and recom-

bination, removing the need to separate out clonal structure or recombination prior to attribution

with random forest.

A major bene�t of the CAP-encoding method is that it allows an unlimited number of genes

to be included in the random forest model. Previous studies have indicated that WGS data

enhances the ability to distinguish genetic variations and more accurately determine the origin
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of infection-causing isolates. This study found that classi�cation accuracy was greatly improved

by the addition of the 1343 core genes over and above the seven MLST genes but that the

addition of accessory genes did not further improve predictive accuracy. In addition, it found

that there was no group of consistently important genes and that multiple genes shared the

highest importance values (both core genes and accessory genes), presumably due to a high

level of correlation between the genes.

This chapter used a random forest predictive model, with WGS data and the CAP method of

encoding, based on Hamming distances between alleles of each gene, to attribute cases ofC. je-

juni andC. coli infections in New Zealand to putative livestock sources. The PubMLST de�ned

core genome has been validated against isolates from the United Kingdom, Europe, and North

America, but the level by which it is transferable to New Zealand has not been fully explored.

The set of isolates from this source-attributed case-control study of campylobacteriosis in New

Zealand is well represented by the cgMLST scheme with 97.5% of the cgMLST genes being

part of the New Zealand core genome and only 2.5% of the core genome (20 genes) consisting

of genes that are not de�ned by the cgMLST scheme.

In this chapter, chickens were estimated to be the main source of infection, followed by cat-

tle and then sheep. These results largely agree with those of Lake et al. (2021) which were based

on a reduced set of genes from the same set of isolates and used the asymmetric island model.

However, the study by Lake et al. (2021) attributes an even greater proportion of cases to poultry

and attributes very few cases to sheep. This chapter, based on wgMLST data, places a higher

emphasis on cattle and sheep than previously described. Poultry meat has long been identi�ed

as a signi�cant pathway for campylobacteriosis across developed countries (Cody et al., 2019),

including New Zealand (ESR, 2023), where interventions in broiler meat production have suc-

cessfully reduced incidence of infection (Muellner et al., 2011; Sears et al., 2011). This chapter

highlights that cattle and sheep, either directly as foods or via their production environments,

also contribute to human campylobacteriosis in New Zealand.

The independent holdout measure of variable importance provides an unbiased estimate of

importance for each gene and may help to identify host-associated genes. While the importance

analysis did not consistently highlight genes that had an association with host, including those

that have previously been identi�ed in other settings (e.g., pantothenate (vitamin B5) (Sheppard

et al., 2013b)) and used for source attribution (e.g., (Thépault et al., 2017)), one of the most

`important' genes, uvrC, has been identi�ed as a potential host-segregating marker forC. coli

(Jehanne et al., 2020). It is, however, unlikely that importance scores for individual genes will

capture the collective importance of groups of correlated genes. Genes with a role in host

segregation that are also highly correlated with other genes may not generate a high importance

score because the e� ect of gene removal is negated by the presence of other (correlated) genes

that serve a similar function. In contrast, a gene that has a minimal role in host segregation and

that is not correlated with other genes may generate a higher importance score. This issue is

clearly a complication of WGS data and is of less concern when datasets have fewer genes, or

independent variables.
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This is the �rst time that wgMLST allelic pro�les have been used directly for source attri-

bution ofCampylobacter. This study has shown that the CAP-encoding method is an e� ective

method for processing MLST data prior to analysis by machine learning methods. The CAP-

encoding method is unbiased and is strongly preferred to encoding using allele numbers directly

(chapter 7, appendix D.1). Because the CAP-encoding method utilises the target variable, cal-

culations of error rates and variable importance must be made using an independent set of data

and not the OOB data. This study found that the Hamming distance between pairs of alleles

provides a good measure of similarity between alleles and captures the variation between host

sources without the need for adjusting for clonal structure or recombination. It also found that

there is no additional bene�t of including accessory genes and that cgMLST data is a good

resolution of data for analysis.

Despite the success of this method, limitations of using machine learning methods with

WGS data are recognised. ML methods are not robust to imbalance in the training data and

algorithms may not correctly classify minority sources. This may be approached by downsam-

pling or upweighting the dataset (Lupolova et al., 2019; Munck et al., 2020) and this should

be investigated further. In addition, classi�cation is restricted to the sources represented in the

training data, and all isolates will be attributed to one of these sources. Furthermore, �nding an

isolate in a host source does not necessarily imply that the host is the main preferred habitat of

the isolate. These issues highlight the need for comprehensive and ongoing sampling strategies.

The improvement, development, and generalisation of these methods is encouraged to continue

to advance understanding and control ofCampylobactertransmission. It is hoped there will be

further exploration of, for example, alternative distance measures, the incorporation of parame-

ter tuning (e.g., the proportion of genes considered at each split), and the inclusion of additional

predictive features such as geographic location and timing.

7.5 Conclusion

Host associated genetic variation inCampylobacterspecies can be observed in both core and ac-

cessory genes. Including WGS data in source attribution models can provide better evidence to

inform policy development and prioritise intervention strategies to control campylobacteriosis.

Using WGS data with machine learning methods presents practical considerations which are

o� set by numerical encoding of wgMLST data. The CAP-encoding method, together with sup-

plementary Hamming information, is the preferred method for encodingCampylobactergenes

prior to analysis by random forest. While chicken continues to be identi�ed as the most impor-

tant reservoir ofC. jejuniandC. coli in New Zealand, cattle and sheep also contribute to cases

of human campylobacteriosis.

Supplementary Information

This chapter has two accompanying supplementary �les -
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Appendix D.1 The e� ect of nominal encoding of categorical variables.

Appendix D.2 Another ten most important variables according to the independent holdout vari-

able importance measure.



Chapter 8

General Discussion

8.1 Out of the Woods

Campylobacteriosis

The principal aim of this thesis was to develop new tools for source attribution that could be

applied to whole genome sequencing (WGS) data, motivated by campylobacteriosis. Foodborne

diseases, such as campylobacteriosis, represent a signi�cant risk to public health and contribute

signi�cantly to the global burden of disease. Estimating the relative contributions of the main

sources of human infection ofCampylobacterin New Zealand will help to inform public health

decision making.Campylobacter jejuniandCampylobacter coliare the most common causes

of bacterial gastroenteritis among human populations in developed countries, including New

Zealand where campylobacteriosis is consistently the highest occurring noti�able disease and is

the largest contributor to the economic costs of foodborne disease (Sears et al., 2011). Infection

typically results in acute gastroenteritis with associated fever, abdominal cramping, diarrhoea,

vomiting and headaches. Most infections are self-limiting; however, more serious complications

can occur, such as Irritable Bowel Syndrome (IBS) and Guillain-Barré Syndrome (GBS).

Campylobacteris ubiquitous in the environment and forms part of the commensal micro-

biota of numerous wild, farmed and companion animals. Due to the ubiquity ofC. jejuni and

C. coli in animal intestines, and its shedding into the environment, transmission can occur via

numerous routes; however, the principal source of human infection in developed countries is

contaminated retail meat products, especially chicken meat (Nohra et al., 2020; Pascoe et al.,

2024).

Molecular typing

Molecular typing methods forCampylobacterhave been used to di� erentiate between species,

and to identify clusters of strains within species. The most common typing method is multi-

locus sequence typing (MLST). The original MLST scheme forC. jejuni andC. coli targets

seven housekeeping loci with each unique sequence variant being assigned an allele number

108
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from the PubMLST database (Dingle et al., 2005; Jolley et al., 2018). The corresponding 7-

loci allelic pro�le de�nes the sequence type (ST) of each isolate and STs are further clustered

into related groups called clonal complexes (CC). MLST can also be assigned from whole-

genome sequence information and applied gene-by-gene (Jolley and Maiden, 2010; Sheppard

et al., 2012). With advances in technology and decreasing costs, WGS datasets are becoming in-

creasingly available. TheCampylobactercore-genome multilocus sequence typing (cgMLST)

scheme identi�es 1343 genes which are present within most (95%) members of the population1

(Cody et al., 2017), and the whole-genome multilocus sequence typing (wgMLST) scheme in-

cludes all genes, even those which may be missing from a large proportion of other strains in the

population (Maiden et al., 2013). Using data from the Source Assigned Campylobacteriosis in

New Zealand (SACNZ) study (Lake et al., 2021), that contains 1211 isolates ofC. jejuniandC.

coli from three animal sources (cattle, chicken, and sheep) and from humans, This thesis show

that cgMLST is also representative ofC. jejuniandC. coli in New Zealand (chapter 3). 99.5%

of the cgMLST genes are part of the New Zealand core genome and only 2.5% (20 genes) of the

core genome of the New Zealand isolates consists of genes that are not de�ned by the cgMLST

scheme.

Source attribution

Molecular typing methods can be used to attribute cases of humanCampylobacterinfection to

possible animal sources. This is essential for understanding, preventing, and monitoring the

spread of campylobacteriosis. Early molecular source attribution methods were developed to

use with the relatively low-resolution 7-loci MLST scheme and are limited by the diversity of

the loci in the model. As a result, these methods tend to show greater discriminatory power

between major groups of sources (e.g., poultryversusruminant) than within these major groups

(e.g., cattleversussheep within ruminants). The high resolution of WGS data allows �ne-scale

di� erentiation of closely related strains. As large whole genome sequenced reference datasets

(sequenced from isolates of known origin across possible sources) become available, attribution

using cgMLST or wgMLST data are likely to improve discrimination within source groups and

overall attribution accuracy. At such high resolution however, the quantity of data increases

by several orders of magnitude, and the counts of each unique genotype decrease with each

additional gene until many genotypes are found in single isolates only. This also means that a

large proportion of the human isolates will have a unique genotype (i.e., they are distinct from

those found in the animal sources). For these reasons, existing source attribution models are

generally poorly scalable to the whole genome level.

Random Forest

The growth of WGS data has seen a shift towards the development of machine learning (ML)

methods for source attribution. For example, network analysis, random forest, and logit boost

have been used for source attribution ofListeria monocytogenes(Mughini-Gras et al., 2025;

Tanui et al., 2022),Salmonella Typhimurium(Guillier et al., 2020; Guzinski et al., 2024; Lupolova

1cgMLST has been validated against isolates from the United Kingdom, Europe, and North America



110 CHAPTER 8. OUT OF THE WOODS

et al., 2019; Munck et al., 2020; Thystrup et al., 2024; Zhang et al., 2019), andCampylobacter

species (Arning et al., 2021; Brinch et al., 2023; Harrison et al., 2021; Wainaina et al., 2022).

These models `learn' from the set of isolates in the animal sources and subsequently make infer-

ences about the set of isolates from humans. Random forest is a method of supervised machine

learning that creates an ensemble of decision trees and uses bagging (bootstrap aggregating) and

random subspacing to prevent over�tting. Random forest is well suited to sets of data with a

high number of variables and/or high numbers of variable levels, such as WGS data.

Absent levels

Due to the variable nature of alleles and the continual evolution of new genetic variants, genomic

data is subject to the absent-levels problem (Au, 2018). Absent levels are levels that are present

in new observations for prediction but were not present in the set of observations with which

the model was trained. In this thesis, the extent of absent levels in data from the SACNZ study

is evaluated (chapters 3, 4). This shows that almost all of the 1343 core genes contain absent

levels (i.e., unique alleles), collectively a� ecting almost every isolate. Removing isolates and/or

variables (i.e., genes) with absent levels is, therefore, not a viable option. There is currently no

established solution for dealing with absent levels in random forest models (Au, 2018).2

Encoding categorical variables

The computational bene�ts of ordinal encoding categorical variables with large numbers of lev-

els are well known. Ordinal encoding categorical variables also addresses the problem of absent

levels by allowing absent levels to be integrated amongst the known levels and used for pre-

diction. Coppersmith et al. (1999) �rst introduced the idea of ordering variables in decision

trees and this method was adapted for random forest in theranger package (`RANdom forest

GEneRator') (Wright and Ziegler, 2017) forR, along with the option to order variables alpha-

betically. This method is a target-based approach which orders levels based on class probability

information and designates absent levels the lowest rank. Using a case study on source attribu-

tion using data from the SACNZ study with cgMLST genes as predictors, the e� ect of absent

levels on random forest predictive models when treated this way is evaluated and shows that

predictions are systematically biased (chapter 4). In this thesis, three methods for ordinal en-

coding categorical predictor variables are developed that not only allow absent levels to be used

by the random forest algorithm, but are unbiased and bene�t from the information inherent in

the level itself.

CA-unbiased-encoding

The �rst encoding method developed, in chapter 4, is an adaptation of the ordering method by

Coppersmith et al. (1999) and implemented inranger . The CA-unbiased-encoding method

is a target-based encoding method which performs a scaled correspondence analysis on the

contingency table of counts of variable levels by class. Each predictor variable is encoded

according to the �rst principal component of the weighted matrix of class probabilities. Absent

2https://github.com/imbs-hl/ranger/issues/94
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levels are encoded with a principal component score of zero. This assumes that any level of

the predictor variable that is absent from the training data isa priori equally likely in any class

and has equal class probabilities. This ensures all observations with an absent level branch as a

group but not necessarily in the same direction across all nodes.

PCO-encoding

Two novel methods were subsequently developed in chapters 4 and 5 for ordinal encoding of

categorical predictor variables which utilise a set of supplementary information on the cate-

gory levels themselves (i.e., the sequence information of alleles) to inform the ordering. The

�rst new method is the PCO-encoding method (chapter 4). This is a target-agnostic encoding

method that encodes the levels (known and absent) according to their similarity or dissimilar-

ity to each other via the method of principal coordinates analysis (PCO) (Gower, 1966). The

PCO-encoding method performs an eigenanalysis on a matrix of Hamming distances calculated

from the nucleotide sequence information of the alleles. The score is the principal component

score for the corresponding predictor level for the principal coordinate(s). Using the method of

Gower (1968), a new (absent) level can be scored by virtue of the interpoint distances between

this level and each of the known levels. This then generates a score for each new level, and

allows new levels to branch independently of each other, being informed by their resemblance

to other levels in the training data.

CAP-encoding

The second novel method for encoding categorical predictor variables is the CAP-encoding

method (chapter 5). The CAP-encoding method combines the advantages of the target-based

CA-unbiased-encoding method and the target-agnostic PCO-encoding method. Based on the

method of canonical analysis of principal coordinates (CAP) (Anderson and Willis, 2003), prin-

cipal coordinates are �rst de�ned by the dissimilarity measure on the supplementary informa-

tion, and then a classical correspondence analysis (CCorA) is performed which rotates a subset

of the principal coordinates to correlate with the direction of greatest variation in class proba-

bilities. The score is the principal component score for the corresponding predictor level for the

rotated principal coordinate(s). As with the PCO method, the method of Gower (1968) is used

to score new levels by virtue of its similarity to each of the known levels.

Method comparison

The goal of each of these methods is the same – to capture as much variation in the category

levels as possible in the �rst eigenvector, with the new encoded value or score for each level

being its position along each eigenvector. The di� erence in the methods lies in the multivariate

space in which the variation among category levels is de�ned. The CA-unbiased-encoding

method de�nes the variation in the class probability space; the PCO-encoding method de�nes

the variation in the chosen dissimilarity space of the category levels themselves; and the CAP-

encoding method de�nes the variation in the rotated PCO-space constrained by the variation in

the class probability space.
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The ability of random forest to recursively partition any number of dimensions means that

the di� erence in predictive performance of these encoding methods is most apparent in the

treatment of absent levels. In the class probability space, there is no information available to

di� erentiate new category levels from each other, and so the the CA-unbiased-encoding method

encodes all absent levels as zero. This is an unbiased method with good predictive properties

when observations have a full complement of known levels; however, when there are a high

number of absent levels, this method is unable to separate observations based on these levels,

reducing prediction performance. The CA-unbiased-encoding method is expected to perform

well when levels are found in di� erent relative frequencies across the classes, and when there are

few absent levels. In contrast, in the multivariate dissimilarity space of the category levels, any

new level may be placed according to its position relative to every other level, and so the PCO-

encoding and CAP-encoding methods will encode each absent level independently, according

to its position in the dissimilarity space. This allows an observation with an absent level to be

treated as though it had a similar observed level, where the similarity is de�ned according to the

chosen characteristic. These methods make the assumption that an observation with an absent

level is more likely to branch in the same direction as an observation whose corresponding

level is `similar' to the absent level, and requires an attribute with which to measure similarity

(or dissimilarity). The PCO-encoding method works particularly well when the measure of

similarity is capturing a characteristic of the variable in which the variation between levels

is correlated with the variation in class probabilities. The CAP-encoding method is expected

to perform well regardless of the direction of greatest variation among category levels. CAP

ensures that the direction of greatest variation among the levels overlaps with the direction of

greatest class separation. This gives the best of both worlds.

Using the same case study on source attribution ofCampylobacterspecies using the SACNZ

data with cgMLST genes as predictors, the implications of using di� erent methods of encoding

categorical variables are evaluated for the accuracy of random forest models (chapter 5). This

shows that all three methods are unbiased solutions to the absent-levels problem and have good

predictive properties. In addition, three real-world datasets were used to empirically demon-

strate that encoding categorical predictors using the CAP-encoding method performs uniformly

better than the CA-unbiased-encoding and the PCO-encoding methods, which themselves are

both superior to the biased naïve approaches that are currently being employed (chapter 5).

Therefore, the CAP-encoding method should be the preferred method of encoding categorical

predictor variables for decision tree-based methods when supplementary information is avail-

able with which to de�ne the similarity of category levels, and when supplementary information

is not available the CA-unbiased-encoding method should be used.

Out-Of-Bag Data

An extension to this research focussed on potential issues when using out-of-bag (OOB) data

following variable encoding (chapter 6). Performance of random forest models is often assessed

and interpreted using OOB samples. The method of bagging in random forest means that not

every observation is included in every tree. The observations that are excluded from each tree are
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de�ned as `out-of-bag'. Predictions from the OOB observations are frequently used to estimate

error rates and measures of variable importance.

It is a common belief that the OOB samples alleviate the need to set aside a separate test

set (Breiman, 1996, 2001). The aim of this additional work was to investigate how target-based

versustarget-agnostic encoding of categorical predictor variables for random forest can bias per-

formance measures based on OOB samples. The CA-unbiased-encoding and the CAP-encoding

methods utilise the target variable to inform the encoding and are, therefore, target-based meth-

ods, whereas the PCO-encoding method is target-agnostic because it is truly independent of the

target variable. This thesis shows that, when categorical variables are encoded using a target-

based encoding method, and when the encoding takes place prior to bagging, OOB samples

su� er information leakage and are not a replacement for an independent test set. Under these

circumstances, the OOB sample can underestimate the true misclassi�cation rate, and overesti-

mate variable importance. These �ndings are applicable to random forest and other tree-based

methods (e.g., boosted trees) where OOB misclassi�cation rates and/or variable importance

measures are calculated.

In addition, a new variable importance measure is developed which is an adaptation of

the holdout variable importance method of Janitza et al. (2018) (chapter 6). The original

method computes the mean decrease in accuracy (MDA (Breiman, 2001)) using a second cross-

validation fold; however current implementations3 give biased calculations with target-based

encoding methods because the folds are separated subsequent to encoding. The independent

holdout method separates observations into two cross-validation folds prior to encoding and

then computes the mean decrease in accuracy following random permutation of each variable

in turn. This method is unbiased and is suitable for use with all methods of encoding. Using

a separate test data set is recommended when evaluating predictive performance of tree based

methods that utilise a target-based encoding method, and using the independent holdout method

is recommended to estimate variable importance.

Optimal number of genes

Having developed and tested a robust method for encoding categorical variables, the next step

was to use the CAP-encoding method with random forest to attribute human cases ofCampy-

lobacter to animal sources. This naturally led to the question of how many genes should be

included in the predictive model and what is the best measure with which to compare alleles.

Although it is accepted that accuracy of attribution will be improved by using WGS data, and

several studies have shown better results with cgMLST data (over 7-gene MLST data) (Arning

et al., 2021; Mughini-Gras et al., 2025; Wainaina et al., 2022), almost all studies have used

either extensive preliminary feature reduction (Arning et al., 2021; Brinch et al., 2023; Munck

et al., 2020; Pascoe et al., 2024; Tanui et al., 2022; Thystrup et al., 2024) or integer encoding of

3The holdout variable importance calculation is available in theRpackagesranger andrandomForestSRC
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variables4 (Arning et al., 2021; Tanui et al., 2022).5 Having found a solution to the absent-levels

problem, it is now possible to directly compare results of models using a di� erent number of

genes as input variables. This chapter examines the e� ect of using low-resolution 7-gene MLST

dataversuscgMLST dataversuswgMLST data in a random forest model for source attribution

of Campylobacter(chapter 7). A marked improvement in accuracy is shown with the addition of

core genes, however, the addition of accessory genes does not further improve predictive perfor-

mance although it does not deteriorate it either. Furthermore, host associated genetic variation

in Campylobacterspecies was observed in both core and accessory genes and there was a high

level of correlation between genes.

Distance measures

The premise behind molecular source attribution is that isolates from the same source will be

more related than isolates from di� erent sources. The distance measure used for encoding

should ideally be able to detect this genomic signature and de�ne alleles from the same source as

being more similar to each other than alleles from a di� erent source. Initially, a matrix of Ham-

ming distances was calculated between each pair of alleles within each gene using the nucleotide

sequencing information of each allele, on the assumption that alleles that share many nucleotides

have similar host preferences. However,C. jejuni andC. coli are highly diverse species and

show evidence of both clonal relatedness through substitutions and panmixis through frequent

recombination events. The Hamming distance measures the number of nucleotides that di� er

between sequences - a large Hamming distance could, therefore, re�ect a large number of single

point mutations, or a single large scale evolutionary event, such as recombination. Two methods

were therefore used to adjust the Hamming distance (chapter 7). Firstly, the Hamming distance

was adjusted for each gene using a dissimilarity-based multivariate analogue to a residual plot,

so that the variation due to clonal structure was removed. Secondly, the Hamming distance was

adjusted for each gene by down-weighting each nucleotide position according to its degree of

recombination. There was very little e� ect on misclassi�cation rates of adjusting the Hamming

distance for either the variation inherent in CC or for the variation due to recombination. This

suggests that the ability of random forest to recursively partition variables allows for the smaller

di� erences resulting from host signature to be discerned, amongst the stronger patterns of clonal

structure and recombination. It was therefore concluded that the Hamming distance is a suitable

measure for comparing alleles for the purpose of source attribution.

Attribution of C. jejuni and C. coli in New Zealand

Finally, this thesis applied the CAP-encoding method to a random forest predictive model

for source attribution of whole genome sequencing data from the SACNZ study (chapter 7).

wgMLST level data and the associated set of Hamming distances between alleles of each gene

4Integer encoding is likely to introduce bias in MLST-based data due to the process of allele assignment in
contguous chunks by source.

5Mughini-Gras et al. (2025) used one-hot encoding with random forest analysis ofListeria monocytogenesusing
cgMLST data.
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were used to attribute cases ofC. jejuniandC. coli infections in New Zealand to putative live-

stock sources. Using these approaches the study estimates that approximately (49:9%� 64:7%)

of C. jejuni andC. coli infection was linked to chickens, (17:5% � 30:7%) was linked to cat-

tle, and (13:1% � 25:1%) was linked to sheep. These results largely agree with those of Lake

et al. (2021) which were based on a reduced set of genes from the same set of isolates and used

the asymmetric island model, though the study by Lake et al. (2021) attributes an even greater

proportion of cases to poultry and attributes very few cases to sheep. This chapter, based on

wgMLST data, places a higher emphasis on cattle and sheep than previously described. Poultry

meat has long been identi�ed as a signi�cant pathway for campylobacteriosis across devel-

oped countries (Cody et al., 2019), including New Zealand (ESR, 2023), where interventions in

broiler meat production have successfully reduced incidence of infection (Muellner et al., 2011;

Sears et al., 2011). This chapter highlights that cattle and sheep, either directly as foods or via

their production environments, also contribute to human campylobacteriosis in New Zealand.

The consistently high incidence of campylobacteriosis in New Zealand and the range of possible

sources motivates the need for ongoing surveillance studies and re�nement of source attribution

methods to continue to monitor infection, quantify the role of host sources, and inform policies

for disease control.

8.2 Wider Applications of the Models

This research focuses on the development of methods of encoding categorical predictor vari-

ables in order to allow for WGS data to be used with ML models for the source attribution of

Campylobacter. This work also has the potential to be used for the attribution of other disease

causing organisms, such asSalmonella typhimuriumandListeria monocytogenes, which have

genes with alleles as categorical predictor variables. It is not necessary for pre-de�ned loci (e.g.,

PubMLST) to be used, as any scheme for classifying gene content can be applied to raw read

data, assembled contigs, or draft genomes, and allele numbers assigned to unique sequences for

each gene. In addition, the encoding methods are well suited to other types of data consisting of

large numbers of variable levels, such as free text response �elds of survey data. As the encod-

ing is applied predictor by predictor, the methods are able to be used in conjunction with other

relevant covariates, either numeric or categorical.

8.3 Future Work

The work presented in this thesis can be extended in several directions. The e� ect of class im-

balance on predictive performance of encoding methods should be further explored, including

assessing whether target-agnostic approaches o� er any advantage over target-based approaches.

As a general rule, ML methods that are trained on imbalanced data show poor predictive perfor-

mance for the minority classes. This may negatively impact attribution studies especially when

sparsely sampled host sources, such as wild birds, are included in the model. In addition, the

e� ect of gene correlation on measures of variable importance has not been explored. Potentially,
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groups of correlated genes, such as clusters of orthologous genes (COGs), may collectively be

more important than each of the genes individually and removal of single genes to assess the

e� ect on predictive accuracy may not be the best assessment of their importance. These meth-

ods may also in�ate the importance of genes which are not particularly important, but which

are correlated with few (or no) other genes. Performing the analysis at the amino acid level

(i.e., only considering non-synonymous substitutions) and, as better bioinformatic tools become

available, including translation and post-translation features such as epigenetic DNA methyla-

tion and acetylation, structural variations, available tRNA pools, variations in promoter regions,

homopolymeric tracts causing slip-strand mispairing, and pseudogene formation, may also be

areas worth exploring.

In terms of implementing the methods, there are several potential areas for re�nement.

Firstly, although the encoded variables may be used in conjunction with other covariates, this

is currently a manual process. Development of a method that allows for independent variables

to be encoded using variable speci�c methods of encoding and/or distance measures would be

a valuable extension. In addition, there is potential to add tuning steps into the algorithm. This

could include adjusting the number of genes considered at each split, and optimising the num-

ber of principal components/coordinates to retain for each variable. Finally, the importance

of selecting a suitable characteristic and distance metric by which to de�ne the categories for

the distance based methods should be highlighted. The success of the distance-based encoding

methods is directly related to the ability of the distance measure to capture di� erences between

observations from di� erent classes. Despite the vast array of available distance metrics, in some

cases the patterns within classes may not be well captured and alternative metrics could be

sought or developed. One approach may be to consider the e� ect of clonal structure and recom-

bination jointly, by, for example, residualising the distance matrices following down-weighting

for recombination.

8.4 Concluding Remarks

Source attribution ofC. jejuniandC. coli using WGS data is constrained by the intensive com-

putational demands of vast numbers of genes and alleles within genes, as well as the presence of

unique genotypes (absent levels) in the human isolates for prediction. This thesis describes the

extent of absent levels inCampylobacterdata in New Zealand and quanti�es the impact they

have on tree-based predictive models, which has not previously been addressed in the published

literature. This work primarily explores methods of ordinal encoding of categorical predictor

variables. It introduces three methods of encoding that are computationally e� cient, and allow

for unique genotypes in prediction, thus allowing for wgMLST genes to be used, directly and

without feature reduction, in tree-based methods for source attribution, such as random forest.

Combatting the issue of absent levels has allowed the unique opportunity to compare the predic-

tive performance of random forest models using 7-gene MLSTversuscgMLSTversuswgMLST

data and found that cgMLST data is a good level of resolution for attribution ofCampylobacter

species. This thesis goes on to disprove the common belief that out-of-bag data is as reliable as a



8.4. CONCLUDING REMARKS 117

separate test set and highlights the importance of using an independent set of data for assessing

error rates and variable importance. It also demonstrates that the Hamming distance is a suitable

measure with which to compare alleles for the purpose of source attribution, although it does

not discount potential advantages of novel distance measures and raises this as an area for future

research. This thesis concludes by performing attribution of human cases of campylobacteriosis

from the SACNZ study using a random forest predictive model with wgMLST level data as

input following encoding with the CAP-encoding method informed by the matrix of Hamming

distances between pairs of alleles for each gene.

The model estimates that chicken are the primary source of infection withC. jejuni andC.

coli in New Zealand and that cattle and sheep have a larger role than previously estimated using

7-gene MLST level data and the asymmetric island model. These results emphasise the need

to explore additional public health measures focusing on cattle and sheep. Methods of source

attribution are undoubtedly improved by the addition of WGS data and methods of ordinal

encoding. For random forest source attribution models it is recommended to use cgMLST level

data, the CAP-encoding method, and sets of Hamming distances for each gene. The data in

this thesis was balanced, and the methods have not been explored with unbalanced data; this is

another area for future research. Previous obstacles presented by high-resolution WGS data have

been successfully overcome in this thesis, enabling more accurate source attribution estimates,

which will provide insight into potential risk factors in the spread of foodborne diseases and

better inform public health decision making.
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A.1 The e� ect of response class order on classi�cation accuracy

Figure A.1: The e� ect of response class order on classi�cation accuracy. Open circles represent the proportion of cases for which the true class is predicted incorrectly;
closed circles represent the proportion of cases for which the true class is predicted correctly.
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A.2 Bias resulting from treatment of absent levels

To examine how the bias resulting from treatment of absent levels is a� ected by the proportion

of absent levels, a set of data was simulated and analysed with random forest following encoding

via the CA-encoding and the CA-unbiased-encoding methods. The simulated dataset consisted

of n observations coming from one of two classes (A and B), each with a single predictor vari-

able that took one of three levels (a, b, or c). Levels a and b were perfectly associated with class

A and B respectively, while level c was associated with class A with probabilitypA which varied

from pA 2 0:2;0:5;0:8.

The training set consisted of the predictor with levels a and b leading to perfect separation;

the test set consisted of the absent level c with probabilitypc 2 f0;0:2;0:4;0:6;0:8;1g, with

levels a and b assigned with probability (1� pc)=2.

In this simple scenario, the missclassi�cation rate can be assessed exactly. Letm be the

probability of the observation being sent to the right branch of the split, where

m =

8
>>><
>>>:

1; for CA-encoding

0:5; for CA-unbiased-encoding;

then the expected misclassi�cation rate of class A is

1� pc
2 + mpApc

1� pc
2 + pApc

;

the expected misclassi�cation rate of class B is

1� pc
2 + (1 � m)pc(1 � pA)

1� pc
2 + pc(1 � pA)

;

and the expected total misclassi�cation rate is

1 � pc + mpApc + (1 � m)(1 � pA)pc:

Here, the simulations matched the expected probabilities (�gure A.2). When absent lev-

els are scored as in�nity, as per the CA-encoding method, the random forest model is biased

towards the �rst response class (Class A) and this bias gets worse with increasing proportion

of absent levels and increasing association of absent level with class B. In addition, the over-

all misclassi�cation rate for the CA-encoding method is a� ected by the level of association of

the absent level with the response class. When absent levels are scored as zero, as per the CA-

unbiased-encoding method, the random forest model favours the response class with the greatest

association with the absent level but it is not a� ecting the overall misclassi�cation rate which is

independent of the level of association of the absent level with either response class.

Di� erent methods of encoding nominal variables have important implications for the ac-

curacy of error rates when absent levels are present in the data. The CA-encoding method is
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biased when classifying observations with absent levels. When there are no, or few, absent lev-

els both methods have similar predictive performance, however the CA-encoding method never

out-performs the CA-unbiased-encoding method.

Figure A.2: The e� ect of absent levels on classi�cation accuracy for the CA-encoding and CA-
unbiased-encoding methods. Open circles represent the proportion of cases for which Class A
is predicted correctly; closed circles represent the proportion of cases for which Class B is pre-
dicted correctly; crosses represent the proportion of total cases which were predicted correctly;
the lines represent the expected probabilities.
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B.1 The CAP-encoding methodology

Figure B.1: Schematic illustration of the CAP-encoding methodology.
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Let:

ˆ Y = [yi ] be a vector ofn observations, where each observationyi comes from the set ofL

observed category levels, and belongs to a single classC;

ˆ CA be anL Ö p matrix that contains the row scores from a correspondence analysis of an

L by C contingency table of the observations inY which has been centered on its column

means;p is the minimum ofC � 1; the number of positive eigenvalues; or a pre-speci�ed

number of dimensions;

ˆ H be theL by L orthonormalised “hat” matrixH = CA[CA0CA] � 1CA0;

ˆ d be anL by L symmetric matrix of distances among the observed category levelsl 2

fl1; :::;lLg, calculated using any distance metric of choice;

ˆ Q be the set of orthonormal principal coordinates obtained from the dissimilarity matrix

d, and subsetted according to some criterion, such as the number of axes resulting in

minimum misclassi�cation error, a de�ned percentage of variation of the levels in PCO

space, or the number of non-zero eigenvalues.

ˆ U be the set of canonical eigenvectors obtained from a classical canonical correlation

analysis (CCorA) performed onQ0HQ;

ˆ C be the set of CAP (training) scores for the category levels calculated as the product of

U andQ.

124



B.2 Simulation study comparing encoding methods when the direc-

tion of greatest variation in the category levels is along the �rst

principal coordinate axis

A set of data was simulated and analysed with random forest as per section 2.1. The simulated

data consisted of a balanced, 15 levels by two class frequency table, representing a single predictor

variable. The position of each of the 15 predictor levels in a 2-dimensional PCO space was simu-

lated such that the direction of greatest variation among the levels was along the �rst dimension,

PCO1. Each level was then assigned to ten individuals, representing two classes according to the

probability that the level will belong to the �rst class. In contrast with section 2.1, the probability

of assignment is calculated from the inverse logit of the position of each level along the �rst (not

second) dimension, PCO1, scaled by� . � now represents the magnitude of discrimination between

the classes along PCO1, not PCO2. All other steps are identical to those described in section 2.1.

When the direction of class separation is the same as the direction of greatest variation in

the predictor levels, the PCO-encoding method is able to separate the levels into class probability

groups from a single dimension and rotation of the axes is not bene�cial. For the trees which

did not use absent levels for prediction, the average misclassi�cation rates of the three encoding

methods was the same and was lower for� =20 (0.6%) than for� =2 (8.0%). For the trees which

used at least one absent level for prediction, the average misclassi�cation rate of the CA-unbiased-

encoding method increased in line with random assignment to each class for both values of�

(51.6% when� =2, and 49.0% when� =20). However, the average misclassi�cation rates of the

PCO-encoding and CAP-encoding methods for the trees which used at least one absent level for

prediction remained similar to the misclassi�cation rates for the trees which did not use absent

levels for prediction (10.1% to 11.4% when� =2, and 7.2% to 8.6% when� =20) (�gure B.2).
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Figure B.2: Misclassi�cation rates of 1000 classi�cation trees, from data simulated for ten indi-
viduals each with a single variable comprising 15 levels and assigned to 2 classes with probability
proportional to� . Ten levels are observed in the training data and �ve are unique to the testing
data.� represents the magnitude of discrimination between the classes along PCO1.
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B.3 Midwest survey “open response” scores for the PCO-encoding method

Figure B.3: The �rst two dimensions of encoded scores (jittered) for the categorical variable `open response' for the PCO-encoding method. Each level
present in the training data is represented with a circle, and absent levels are represented with a triangle. The colour represents the proportion of observations
with each level in each class for known levels (a), and absent levels (b).
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B.4 The e� ect of di� erent amounts of variation retained in the PCO

subset on misclassi�cation rates

Figure B.4: Misclassi�cation rates for the (a) Midwest survey, (b) Tra� c violation, and (c) SACNZ
datasets for the CAP-encoding method for di� ering amounts of variation retained in the PCO
space. Each coloured point represents the misclassi�cation rate of a fold, and the weighted average
and standard error are depicted with a black cross and error bars.
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B.5 The e� ect of increasing number of dimensions on random forest predictive performance

Figure B.5: Misclassi�cation rates for the (a) Midwest survey dataset, and (b) tra� c violation dataset for the three methods of encoding when di� erent numbers of
dimensions are used in the random forest analysis. Each coloured point represents the misclassi�cation rate of a fold, and the weighted average and standard error are
depicted with a black cross and error bars.
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B.6 The e� ect of missing values on the �rst principal component of the variable `CAMP1225' from the SACNZ dataset

Figure B.6: The �rst two dimensions of encoded scores (jittered) for the categorical variable `CAMP1225' for the CA-unbiased-encoding (a, b), PCO-encoding (c, d),
and CAP-encoding (e, f) methods. Each level present in the training data is represented with a circle, and absent levels are represented with a triangle. The �ll colour
represents the proportion of observations with each level in each class (known levels, circles) or class membership (absent levels, triangles). The top row (a, c, e) shows
the class membership of known levels, and the bottom row (b, d, f) shows the class membership of absent levels. The blue border indicates values that were missing in
observations in the set of training data.
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C.1 The e� ect of increasing number of variables on the out-of-bag misclassi�cation rate

Figure C.1: The e� ect of increasing number of variables on the out-of-bag misclassi�cation rate. Circles represent misclassi�cation rates calculated using
independent test data and diamonds represent misclassi�cation rates calculated using out-of-bag samples.

132



C.2 The e� ect of increasing number of variables on measures of variable importance

Figure C.2: The e� ect of method of encoding and increasing number of variables on measures of variable importance. Circles represent variable importance
calculated when variables were encoded using a target-agnostic method and diamonds represent variable importance calculated when variables were
encoded using a target-based method.
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D.1 The e� ect of nominal encoding of categorical variables

The impact of using nominal encoding (i.e., rather than ordinal encoding) of categorical vari-

ables was investigated for random forest analysis of the SACNZ data. Each of the 1343 core

genes were nominally encoded such that each value equated to the corresponding allele number,

and new alleles were encoded with unique values greater than the maximal allele number. The

random forest was trained using 70% of the isolates and the remaining 30% of the isolates were

assigned to one of three sources (cattle, chicken, or sheep). The average misclassi�cation rate

was calculated for each source individually, and overall. The allele labels were then shu� ed

and the random forest was re-trained and new misclassi�cation rates were calculated. This was

repeated 20 times and the average misclassi�cation rates were calculated.

Following random shu� ing of the labels, the average misclassi�cation rates increased for all

sources (�gure D.1), but especially for sheep and for cattle which increased by 4.3% and 3.4%

respectively. This highlights the potential bias of interpreting allele numbers as quantitative

rather than as categorical (non-informative) labels.

Figure D.1: The e� ect of nominal encoding of categorical variables. Circles represent misclas-
si�cation rates calculated using original numeric allele labels and diamonds represent misclas-
si�cation rates calculated following random shu� ing of allele labels.
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D.2 Another ten most important variables according to the inde-

pendent holdout variable importance measure

Table D.2: Another ten most important variables according to the independent holdout variable
importance measure.

Locus Variable Function
Importance

CAMP1075 (rho) 0.003304 Transcription termination factor (Jolley et al., 2018)
CAMP1225� 0.003304 Putative amino acid activating enzyme (Jolley et al.,

2018)
CAMP0545 0.003303 Putative integral membrane protein (Flint et al.,

2014; Novik et al., 2010)
CAMP1251 (maf3) 0.003303 Motility accessory factor (Jolley et al., 2018)
CAMP0751� 0.003303 No known function (Cody et al., 2017; Kovanen

et al., 2014)
CAMP0332 (cmeA) 0.003302 Periplasmic fusion protein CmeA (multidrug e� ux

system CmeABC) (Jolley et al., 2018)
CAMP0035 0.002479 No known function (Jolley et al., 2018)
CAMP0461 0.002479 Putative histidine triad (HIT) family protein (Jolley

et al., 2018)
CAMP0890 0.002479 Putative periplasmic protein (Jolley et al., 2018)
CAMP0973 (npdA) 0.002479 NAD-dependent deacetylase (Jolley et al., 2018)

.

� accessory gene (i.e., not part of the cgMLST scheme).
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