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Development and validation of a
random forest algorithm for
source attribution of animal and
human Salmonella Typhimurium
and monophasic variants of S.
Typhimurium isolates in England
and Wales utilising whole
genome sequencing data

Jaromir Guzinski*, Yue Tang?, Marie Anne Chattaway?,
Timothy J. Dallman? and Liljana Petrovska™

tAnimal and Plant Health Agency, Bacteriology Department, Addlestone, United Kingdom,
2Gastrointestinal Bacteria Reference Unit, UK Health Security Agency, London, United Kingdom

Source attribution has traditionally involved combining epidemiological data
with different pathogen characterisation methods, including 7-gene multi locus
sequence typing (MLST) or serotyping, however, these approaches have limited
resolution. In contrast, whole genome sequencing data provide an overview of
the whole genome that can be used by attribution algorithms. Here, we applied
a random forest (RF) algorithm to predict the primary sources of human
clinical Salmonella Typhimurium (S. Typhimurium) and monophasic variants
(monophasic S. Typhimurium) isolates. To this end, we utilised single nucleotide
polymorphism diversity in the core genome MLST alleles obtained from 1,061
laboratory-confirmed human and animal S. Typhimurium and monophasic S.
Typhimurium isolates as inputs into a RF model. The algorithm was used for
supervised learning to classify 399 animal S. Typhimurium and monophasic S.
Typhimurium isolates into one of eight distinct primary source classes comprising
common livestock and pet animal species: cattle, pigs, sheep, other mammals
(pets: mostly dogs and horses), broilers, layers, turkeys, and game birds
(pheasants, quail, and pigeons). When applied to the training set animal isolates,
model accuracy was 0.929 and kappa 0.905, whereas for the test set animal
isolates, for which the primary source class information was withheld from the
model, the accuracy was 0.779 and kappa 0.700. Subsequently, the model was
applied to assign 662 human clinical cases to the eight primary source classes.
In the dataset, 60/399 (15.0%) of the animal and 141/662 (21.3%) of the human
isolates were associated with a known outbreak of S. Typhimurium definitive
type (DT) 104. All but two of the 141 DT104 outbreak linked human isolates were
correctly attributed by the model to the primary source classes identified as the
origin of the DT104 outbreak. A model that was run without the clonal DT104
animal isolates produced largely congruent outputs (training set accuracy
0.989 and kappa 0.985; test set accuracy 0.781 and kappa 0.663). Overall, our
results show that RF offers considerable promise as a suitable methodology for
epidemiological tracking and source attribution for foodborne pathogens.
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1 Introduction

Salmonellosis, one of the most common food-borne illnesses in
both, the developed and developing countries (Majowicz et al., 2010;
Scallan et al., 2011; Pires et al., 2021), is a disease that is associated
with diarrhoea, fever and abdominal pains that occasionally can lead
to death (Fabrega and Vila, 2013; Andino and Hanning, 2015).
Salmonellosis was the second most reported zoonotic disease in the
EU in 2020 [European Food Safety Authority (EFSA) and European
Centre for Disease Prevention and Control (ECDC), 2021] and second
most reported bacterial enteric disease in the US in 2022 [Centers for
Disease Control and Prevention (CDC), 2023]. The annual costs
associated with salmonellosis in 2010 in the US were estimated to
be in excess of 2.5 billion USD for 1.4 million cases (Scallan et al.,
2011; Andino and Hanning, 2015).

Current classification divides the genus Salmonella into two
species: enterica and bongori. Salmonella enterica is further divided
into six well defined subspecies that comprise over 2,600 distinct
serovars (Issenhuth-Jeanjean et al., 2014). Salmonella enterica
subspecies enterica (I) is responsible for the majority of Salmonella
infections in warm blooded animals (Porwollik et al., 2004), although
S. Enterica subspecies diarizonae (I1Ib) serovar 61:k:1,5,(7) is host
adapted and endemic in Sheep in multiple countries (Davies et al.,
2001; Alvseike et al., 2004; Sorén et al., 2015; Methner and Moog,
2018) and S. Enterica subspecies arizonae (I1la) can infect avian and
mammalian host species (Katribe et al., 2009). The majority of human
salmonellosis cases are caused by a minority of the described
Salmonella serovars. For example, in the US in 2016 just 20 serovars
were reported as a cause of >80% of human infections with over
one-third of cases due to just three serovars: S. Typhimurium,
S. Enteritidis, and S. Newport [Centers for Disease Control and
Prevention (CDC), 2018]. Similarly, in the United Kingdom (UK),
S. Typhimurium and S. Enteritidis were responsible for approximately
50% of non-typhoidal Salmonella infections in England in 2019
(UKHSA, 2021). Worldwide, World Health Organization (WHO) data
reported that S. Enteritidis and S. Typhimurium are the two serovars
most frequently isolated in clinical practice (Fabrega and Vila, 2013).

The main cause of human non-typhoidal salmonellosis is the
ingestion of contaminated food, or, especially in low to middle
income countries, contaminated water (Fabrega and Vila, 2013). The
source of such contamination is typically Salmonella in faeces of an
infected primary animal host (or, more rarely, human host)
contaminating the water supply or plant based foodstuffs, or food
products obtained from an infected primary animal host, including
meat (typically pork, beef, poultry, or mutton/lamb), eggs, or diary
(Hald, 2013). Cross-contamination at the different stages of the food
production chain (e.g., at an abattoir or a food processing plant) can
also be a significant cause of contamination of foodstuffs and hence
human salmonellosis infection (Andino and Hanning, 2015).
Additionally, S. Typhimurium and monophasic S. Typhimurium have
been shown to persist in farm environments for extended periods of
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time and have also been isolated from animal feed and feed
ingredients (Andino and Hanning, 2015; Gosling et al., 2018;
Harrison et al., 2022). Salmonella Typhimurium and monophasic
variants of S. Typhimurium can infect a wide range of animal species,
of which the most relevant primary sources in terms of the potential
for human infection are various livestock animals and poultry,
companion animals and pets (horses, dogs, and cats), and wild game
mammals and birds. Whether the primary host displays any
symptoms of infection is dependent on the host species and the
Salmonella serovar. Primary host can often act as a reservoir of
infection where the bacterium lives and multiplies in the large
intestine and associated lymphoid tissue. Given the diverse range of
potential primary animal hosts, and thus the numerous and
complicated transmission pathways of these zoonotic pathogens
(Hald, 2013), it can be difficult to determine the primary source of the
S. Typhimurium and monophasic S. Typhimurium human infections
for both sporadic cases and outbreaks. This information is critical for
formulating efficient strategies for mitigating S. Typhimurium and
monophasic S. Typhimurium infection spread in the human
population. Hence, development of attribution methodologies to
better understand pathogen transmission to humans is crucial.

Historically, source attribution efforts have relied on frequency-
matching models [e.g., the Dutch and Hald (“Danish”) models], which
rely on the one-to-one matching of microbial subtypes, defined either
by phenotyping (e.g., serotyping) or genotyping (e.g., 7-gene MLST),
in humans and potential sources, or on probabilistic population
genetics approaches that utilize genetic markers derived from
genotypic subtyping methods. These methodologies have been
reviewed in several recent publications (e.g., Pires et al., 2009, 2014;
Mughini-Gras et al.,, 2018, 2019). Pires et al. (2014) reviewed the utility
of these approaches for attribution of human salmonellosis cases. The
high-throughput sequencing of bacterial strains has been increasingly
used for routine surveillance and outbreak investigations. Generated
whole genome sequencing (WGS) data can additionally be of use to
accurately discriminate between human infecting pathogens
originating from different primary sources thus allowing for
development and application of ever more sophisticated attribution
models (Franz et al., 2016).

Machine learning (ML) models are computer algorithms that
improve with experience and have been increasingly applied to
analyse various large and complex genetic and genomic datasets
(Libbrecht and Noble, 2015). Recently, there has been a proliferation
of studies applying ML algorithms to WGS data of zoonotic bacterial
isolates to answer questions related to attribution [e.g., primary host
species of S. Typhimurium (Zhang et al., 2019, Munck et al., 2020a),
food source of Listeria monocytogenes (Tanui et al., 2022), geographic
origin of S. Enteritidis (Bayliss et al., 2023)], disease risk in humans
(Njage et al,, 2019a), or host disease severity (Karanth et al., 2022). RF
models are widely used supervised classification ML algorithms that
have been applied in a range of different research fields and are
particularly useful for making predictions based on the WGS data
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(Ogutu etal, 2011). A RF algorithm generates multiple decision trees
and subsequently aggregates the output produced by each individual
decision tree to arrive at the consensus set of predictions. Importantly,
the different decision trees are uncorrelated as each tree is exposed to
a random subset of the data (variables and model features), which
minimizes bias and error. Using this approach, here we describe an
application of a supervised classification RF algorithm on a WGS
derived set of core genome MLST (cgMLST) genetic markers to assign
the primary sources to 662 S. Typhimurium and monophasic
S. Typhimurium sporadic and outbreak human clinical cases detected
between 2012 and 2018 in England and Wales.

2 Materials and methods
2.1 Strains and sequencing

Prior to sequence quality control (QC), the animal isolate dataset
comprised the WGS data of 463 S. Typhimurium and monophasic
S. Typhimurium sequence type (ST)19, ST34, ST128, ST313, ST323,
ST568, and ST2105 isolates. All STs belonged to eBurst group (eBG) 1,
with the exception of ST2105 that belonged to eBG167. The analysed
animal isolates were collected by the Animal and Plant Health Agency
(APHA) between 2012 and 2020 (majority of these isolates were from
2013-2018) as part of routine surveillance of livestock farms across
England and Wales, monitoring, control programs, outbreak
investigations, and for research projects. The isolates originated from
eight primary source classes (animal species or groups of animal
species). Grouping of primary hosts into the distinct primary sources
was performed as described in Munck et al. (2020b) for the UK animal
isolates: Cattle, Pigs, Sheep, OtherMammals (companion animals that
were mostly dogs and horses), Broilers, Layers (egg laying hens),
Turkey, Game (game birds: pheasant, quail, pigeon).

The pre-QC human isolate dataset comprised the WGS data of
852 S. Typhimurium and monophasic S. Typhimurium ST19, ST34,
ST213, ST313, ST323, and ST3235 (all eBG1) isolates collected from
salmonellosis patients in England and Wales between 2012 and 2018.
Only a few human isolates in this dataset were from prior to 2014. The
WGS data and the metadata of the human isolates were provided by
the United Kingdom Health Security Agency (UKHSA).

Animal isolates were sequenced at APHA Weybridge using either
the MiSeq or NextSeq benchtop Illumina sequencers. Paired-end
libraries were prepared with the Illumina Nextera XT DNA Library
Preparation Kit from DNA extracted with the MagMAX CORE
Nucleic Acid Purification Kit (ThermoFisher Scientific, Applied
Biosystems, Foster City, CA) following the manufacturer’s instructions.
Human isolates were sequenced at UKHSA as previously described
(Chattaway et al., 2019). The fastq files of the 852 human isolates were
downloaded from the NCBI GenBank Sequence Read Archive
(BioProject PRJNA248792) using fasterq-dump of SRA Toolkit
v2.9.6". Both the animal and human isolate datasets included samples
that were linked with the 2015-2018 S. Typhimurium DT104 outbreak
in England and Wales [Animal and Plant Health Agency
(APHA), 2017].

1 https://github.com/ncbi/sra-tools/wiki/HowTo:-fasterq-dump
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2.2 Quality control of the WGS data

The whole genome sequences of the 1,315 animal and human
S. Typhimurium and monophasic S. Typhimurium isolates were
subjected to rigorous filtering prior to usage in the downstream
analyses. BBDuk software (Bushnell, 2014) was used for removing
adapter sequence and terminal bases with PHRED scores below 20
from each of the reads. Trimmed reads below 50 bases were filtered
out. If just one of a pair of reads was under 50 bases, the other read in
the pair was also removed. FastQC (Andrews, 2010) was run on the
WGS data before and after read trimming to assess improvements in
sequence quality. De novo genome assemblies were generated from the
trimmed fastq reads using shovill v0.9.0 and analysed with
QualiMap 2 (Okonechnikov et al., 2016) and Quast v5.0.2 (Gurevich
et al,, 2013) to obtain the mean coverage across the genome and
evaluate the quality metrics (based on contigs of size 500 bases or
larger). Only isolates with mean depth of sequence data post read
filtering of at least 30X, genome assembly size between 4,750,000 and
5,250,000 bases, N50 >30,000, and the number of assembled contigs
<500, were retained for cgMLST allele calling. The final dataset
comprised 1,244 isolates, of which 435 were animal and 809
human isolates.

2.3 Scoring of cgMLST alleles

MentaLiST (Feijao et al., 2018) was used to call the cgMLST alleles
against the 3,002 locus cgMLST EnteroBase scheme (version from
September 2019) (Alikhan et al., 2018; Zhou et al., 2020) from the
trimmed R1 and R2 fastq files of the 1,244 retained isolates. Default
MentaLiST parameters were used but the minimum kmer depth
required to call an allele was set to five. Novel alleles detected after the
first MentaLiST run were introduced into the cgMLST scheme
following the steps outlined in the MentaLiST manual. The —t
parameter was set to one, and the —m parameter was set to 10. Second
MentaLiST run with the updated cgMLST scheme produced several
novel alleles that were generated from the novel alleles introduced
after the first MentaLiST run at three different cgMLST loci in 10
different isolates. Novel alleles identified after the second MentaLiST
run were treated as missing data.

Where there was an indication of multiple possible alleles (i.e.,
more than one allele with 100% kmer coverage), the allele calls with
the highest number of votes were accepted and included in the
downstream analyses. The cgMLST alleles with kmer coverage below
100% of the minimum kmer depth required to call an allele were
treated as missing data. If an isolate had missing data at greater than
5% of the 3,002 cgMLST loci, it was not included in the subsequent
analyses. Using these criteria, a further 183 isolates were removed
from the dataset. The 1,061 retained isolates comprised 399 (ST19,
ST34, ST128, ST313, ST323, ST568—all eBG1) animal and 662 (ST19,
ST34, ST213, ST313, ST323—all eBG1) human S. Typhimurium and
monophasic S. Typhimurium isolates (Supplementary Table SI).
Missing data (1.1% of all allele calls) within the retained dataset was
imputed utilising an iterative imputation method based on a random

2 https://github.com/tseemann/shovill
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forest implemented in the missForest R package (Stekhoven and
Bithlmann, 2012). Imputation was performed on all 1,061 isolates with
the default parameters.

2.4 Phylogenetic tree construction and
hierarchical clustering of 399 animal
isolates

Phylogenetic analyses were carried out to investigate clustering
according to primary source of the 399 animal isolates originating
from eight primary source classes: 77 isolates from Cattle, 165 from
Pigs, 47 from Sheep, 56 from OtherMammals (including 1 from ferret,
4 from cats, 20 from dogs, 31 from horses), 19 from Broilers, 7 from
Layers, 11 from Turkey, and 17 from Game (including 4 from pigeon,
5 from pheasant, 8 from quail) (Supplementary Table S1).

According to the metadata recorded in the APHA LIMS database,
the host type of the 399 animal isolates was an animal species as
specified above. However, inspecting the farm sampling sheets
indicated that 285 isolates were sampled from an actual animal
(including animal post-mortem samples but also faeces sampled from
a pen floor or poultry house boot swab samples) and 27 isolates were
sampled from the farm environment (including samples from mud
puddle, farm equipment, dust). For 87 isolates there was no data on
whether these isolates were sampled from animal hosts or farm
environment although many of the postcodes where these samples
were obtained from indicated these isolates were sampled from a
livestock farm (Supplementary Table S1). Six of the unspecified source
isolates were collected from farms from which one or more of the
actual animal source isolates were also collected from. For the 46
unspecified source OtherMammals isolates the sampling locality
situation was somewhat different as many of the sampling postcodes
that these isolates were obtained from indicated individual pet owner
or veterinary surgery addresses but given this class of hosts (i.e., pet
animals such as dogs or horses) it is highly plausible that all those
isolates were sampled from individual pets.

A multiple sequence alignment (MSA) was computed with snippy
v 4.4.5° from the trimmed WGS data of 399 animal isolates and the
outgroup strain S. Typhimurium eBG138, ST36, SRR8820637 against
the reference strain S. Typhimurium eBGl1, ST19, LT2 AE006468.
Recombination events were removed using Gubbins (Croucher et al.,
2015), and polymorphic sites were extracted from the filtered MSA
with SNP-sites (Page et al., 2016). RAXML-NG v0.9.0 (Kozlov et al.,
2019) was used for phylogeny construction based on the resulting core
single nucleotide polymorphism (SNP) alignment, which comprised
5,683 sites. RAXML-NG was run with the generalized time-reversible
(GTR) nucleotide substitution model plus gamma correction,
searching 100 trees (50 random and 50 parsimony-based starting
trees) to find a tree with the best scoring topology. Branch support was
computed via 2,500 bootstrap replicates (Felsensteins bootstrap
proportions). The Newick file of the best scoring maximum likelihood
tree with the bootstrap support values was imported into iTol (Letunic
and Bork, 2019) for tree display and annotation. The tree was rooted
at the SRR8820637 outgroup strain.

3 https://github.com/tseemann/snippy
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A Bayesian clustering algorithm (BAPS) that inferred the
population genetic structure of the 399 animal isolates was
implemented through the rhierbaps R package (Cheng et al., 2013;
Tonkin-Hill et al., 2018). The program was run on the SNP alignment
after removal of the reference and the outgroup strains. The resulting
alignment comprised 5,336 polymorphic sites. Clustering was
performed with three hierarchical levels and 40 initial clusters. The
n.extra.rounds parameter was set to 100,000,000 to ensure
convergence of the algorithm.

2.5 SNP address

SNP address strain level nomenclature (Dallman et al., 2018) was
employed to assign a SNP address to the each of the 1,061 retained
isolates using SnapperDB. The SNP address 60.11.15.16.458.459.x was
used to define the 201 DT104 outbreak related isolates (eBG1, ST19)
at the 5 SNP threshold.

A genetic relationship amongst the 60 animal (26 from Cattle, 1
from Pigs, 20 from Sheep, and 13 from OtherMammals) and 141
human DT104 outbreak related isolates was explored by computing a
phylogenetic tree following the steps outlined above. The core SNP
alignment for this dataset comprised 868 variable sites.

2.6 Feature selection (data pre-processing
and feature selection algorithms)

Feature selection was performed on the 3,002 cgMLST loci prior
to their utilization as the predictors or model features to minimize the
redundancy, and hence model running time, and to avoid overfitting.
Feature elimination was performed on the 399 animal isolate dataset
in several steps, by progressively reducing the number of cgMLST loci
to retain only those that exhibited allele calls that were the most useful
for distinguishing between isolates from the different primary source
classes. First, the caret R package (Kuhn, 2008) was used to eliminate
835 zero variance loci (loci monomorphic within the 399 isolates) and
333 near zero variance loci (loci with two alleles only, one allele
appearing in 398 out of 399 isolates). Next, the remaining 1,834 loci
were checked for correlation with the findCorrelation function of
caret. Nine hundred and thirty two loci with an absolute correlation
value of minimum 0.9 were eliminated and 902 loci with an absolute
correlation below 0.9 were retained.

The 902 remaining cgMLST loci were subjected to two different
feature selection algorithms: the rfe function of caret and the Boruta
function of the Boruta R package (Kursa and Rudnicki, 2010), with
the set of loci retained as model inputs based on the combined outputs
of both algorithms. Prior to running the feature selection algorithms,
the 399 animal isolate dataset was split in a randomised manner into
the model training and test sets, with 80% of the isolates used as the
training set and 20% as the test set. The 80:20 split ratio was also
maintained for each of the eight primary source classes. Hence, the
training set comprised a total of 322 animal isolates: 62 Cattle, 132
Pigs, 38 Sheep, 45 OtherMammals, 16 Broilers, 6 Layers, 9 Turkey, and
14 Game isolates; whereas the test set comprised a total of 77 animal
isolates of which 15 were Cattle, 33 Pigs, 9 Sheep, 11 OtherMammals,
3 Broilers, 1 Layers, 2 Turkey, and 3 Game isolates (Table 1). Details of
running the rfe (backwards feature selection) and Boruta (top-down
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TABLE 1 Description of the machine learning model datasets.

Model dataset

Animal isolate training set (RF1,

RF2, RF3)

Details

322 isolates from 8 primary source classes—Cattle:
62 (19.3%), OtherMammals: 45 (14.0%), Pigs: 132
(41.0%), Sheep: 38 (11.8%), Broilers: 16 (5.0%),
Layers: 6 (1.9%), Turkey: 9 (2.8%), Game: 14
(4.3%)

Description

Primary source known and provided

to the model

10.3389/fmicb.2023.1254860

Dataset function

Used for feature selection and model

training

Animal isolate test set (RF1, RF2,
RE3)

77 isolates from 8 primary source classes—Cattle:
15 (19.5%), OtherMammals: 11 (14.3%), Pigs: 33
(42.9%), Sheep: 9 (11.7%), Broilers: 3 (3.9%),
Layers: 1 (1.3%), Turkey: 2 (2.6%), Game: 3 (3.9%)

Primary source known but withheld

from the model

Used to verify model’s ability to
correctly recognize isolates
originating from different primary

source classes

Animal isolate training set (RF1—no

DT104)

275 isolates from 8 primary source classes—Cattle:
41 (14.9%), OtherMammals: 35 (12.7%), Pigs: 132
(48.0%), Sheep: 22 (8.0%), Broilers: 16 (5.8%),
Layers: 6 (2.2%), Turkey: 9 (3.3%), Game: 14 (5.1%)

Primary source known and provided

to the model

Used for feature selection and model

training

Animal isolate test set (RF1—no

DT104)

64 isolates from 8 primary source classes—Cattle:

10 (15.6%), OtherMammals: 8 (12.5%), Pigs: 32

(50.0%), Sheep: 5 (7.8%), Broilers: 3 (4.7%), Layers:

Primary source known but withheld

from the model

Used to verify model’s ability to
correctly recognize isolates

originating from different primary

1 (1.6%), Turkey: 2 (3.1%), Game: 3 (4.7%)

source classes

Human isolates 662 human isolates

Primary source not known Isolates assigned by the model to
each of the eight primary source

classes

feature  selection) algorithms are provided in the
Supplementary material. The final set of retained features comprised
130 rfe selected cgMLST loci plus additional 33 Boruta selected
cgMLST loci for a total set of 163 cgMLST loci used as model features.

Phylogenetic trees were constructed for the 322 training and 77
test set animal isolates utilising only the variable sites from the 163
cgMLST loci retained as ML model input. The chimeric reference
genome for both trees was constructed by concatenating the sequences
of allele “1,” as per the September 2019 version of the Salmonella
cgMLST EnteroBase scheme, for each of the 163 retained cgMLST
loci. Computation of the MSA, the core SNP alignment, and the
phylogenetic trees was performed as described above. The training set
core SNP alignment had 678 sites, and the test set core SNP alignment
had 449 sites. For both trees, branch support was computed via 10,000

bootstrap replicates.

2.7 Random forest models applied to the
full dataset

Three RF models differentiated by the model tuning procedure:
RF1 and RF2 (both ran in randomForest R package; Liaw and Wiener,
2002) and RF3 (ran in ranger R package; Wright and Ziegler, 2017)
(Table 2) were applied to predict the primary source classes of the
training and test set animal isolates (Table 1). Subsequently, the
outputs of the three models were analysed and compared. Selection
between the RF1, RF2, and RF3 models was performed by comparing
the accuracy (percentage of correctly classified isolates) and kappa (a
measure similar to accuracy that also takes into account the possibility
of the correct classification occurring by chance) of the training and
test set predictions obtained for each tuned model (Table 2), and also
by investigating the incorrectly assigned isolates (such as which
primary source class an isolate was incorrectly assigned to). The
selected model (see Results) was then applied to predict the primary
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source for each of the 662 human isolates (Table 1). The source with
the highest probability of assignment was considered the model
predicted source for each human isolate. For each primary source
class, the sum of probabilities of assignment indicated the number of
human isolates that were assigned to a source (Munck et al., 2020a).
One hundred and forty one human isolates related to the DT104
outbreak were used to validate model performance by contrasting the
model predicted primary sources against the epidemiologically linked
primary sources. The caret R package was used for all modelling work
(details in the Supplementary material).

2.8 Random forest model without the
clonal DT104 animal isolates

To assess the influence of the clonal DT104 animal isolates on
model performance, a RF1—no DT104 model was run without the 60
DT104 outbreak related animal isolates (Table 1). The RF1—no
DT104 model utilized the same random forest algorithm and
resampling methodology as the RF1 model (Table 2). The RF1—no
DT104 model used 421 cgMLST loci as model features that were
retained after applying the rfe and Boruta feature selection algorithms
as described above. After model training and tuning, the RF1—no
DT104 model (Table 2) was subsequently applied to predict the
primary sources of the 662 human isolates.

3 Results

3.1 Phylogenetic relationship of the 399
animal isolates

Phylogenetic analysis of the 399 animal isolates revealed varying
degrees of genetic relatedness (Figure 1). As expected, the 60 DT104

frontiersin.org


https://doi.org/10.3389/fmicb.2023.1254860
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

Guzinski et al. 10.3389/fmicb.2023.1254860

outbreak related isolates (SNP address 60.11.15.16.458.459.x) clustered

D ©
R g E 8 g in a single clade of the phylogenetic tree (Figure 1). All 60 isolates were
é 2 < < < < assigned to BAPS cluster 1 together with another 80 isolates at the first
hierarchical level of the BAPS clustering algorithm. The 140 BAPS
= - - - - cluster 1 isolates were genetically identical at the 100 SNP threshold
§ 9 2 £ 2 g 2 2 2 g and they occupied neighbouring clades on the phylogenetic tree
3 é ;i: b 3 I 2 I 2 T (Figure 1). At the second hierarchical level of BAPS, the 60 DT104
IS FalC N [l - 0
2 o E 2 § s § s E < outbreak related isolates were all assigned to a single cluster not shared
with other isolates. The 322 training and 77 test set isolates (Table 1)
- were evenly distributed throughout the phylogenetic tree (Figure 1).
o)
£ - ~ < - There was reasonably well defined clustering by host type amongst
(=3 o o 0
-Eu % 2 = pud 2 the 399 animal isolates (Figure 1). The Pigs isolates were largely
=g confined to two phylogenetic tree clades that overlapped with BAPS
clusters 4 and 3 (Figure 1). BAPS cluster 4 comprised almost
§ > g 5 & = g z g5 2 exclusively monophasic S. Typhimurium isolates. BAPS cluster 6
og 2 82 8¢ g2 comprised Sheep isolates, BAPS cluster 5 largely comprised Game
) ) ) )
= § ?(.5 @ g 2 - é‘: 2 isolates, and BAPS cluster 1 isolates were mostly from the Cattle,
= =} o« = @« (=
f_E o 3 s 3= 23S 3 S OtherMammals, and Sheep primary sources (Figure 1).
The structures of both the animal isolate training (Figure 2A) and
@ r test (Figure 2B) set phylogenetic trees based on the variable sites from
o5 IR 3 . .
T 1 % 2 7 s § g the 163 cgMLST loci used as model features were highly concordant
< ‘; £ n I} I = I8 with the tree constructed from the core genome variable sites
= § g g E § gﬁ g E (Figure 1). Thus, selection of model features was not biased to specific
.g g 5 g Q2 S o K = primary sources.
&8 WS S S E 3
> =
= S
3.2 Classification of the human isolates
5w
5 Q5 The hyperparameter tuned RF1, RF2, and RF3 models were highly
o f% = - - < B congruent in their ability to correctly predict the primary source
Qg £ < < = g . - :
€335 ~ = = - classes of the training and the test set animal isolates as evidenced by
3 EJ_ g the highly similar training and test set accuracy and kappa values
20 produced by these models (Table 2). Details of the assignments of the

training and the test set isolates to the different sources by the tuned
RF1, RF2, RF3 models that led to the selection of the tuned RF1 model

TABLE 2 Comparison of the parameters (random forest algorithm, resampling methodology, model hyperparameters, number of hyperparameter combinations tested) and the outputs (optimal model accuracy
and hyperparameters, training set accuracy, training set kappa, test set accuracy, test set kappa) for three models RF1, RF2, RF3 performed on the full animal isolate dataset and the RF1—no DT104 model

v g é g 3 % g (with mtry=109; Tables 3, 4) for prediction of the primary sources of

% § "é § 5.8 2 § 662 human isolates are provided in the Supplementary material and
B=] — s g 2 —

g = = = E‘) s % = the Supplementary Tables S2-S5.

] S < S 3 g g 3 Applying the RF1 model to the 322 animal training set isolates,

- Qo s 7 = . .

% & E f £ s 8 g E 4.7% isolates sampled from animal sources, 8.7% sampled from farm
§ § % =2 = o~& % E ISl environment, and 14.9% sampled from sources of unspecified origin
kS £ £ 5| § 5|8 % g 5 . . . .

o ° ° R ° were incorrectly assigned to their actual primary source class. Of the
T'Eu 77 animal test set isolates, 17.0% sampled from animal sources, and
= = 2 3 g 3 g 2 40.0% sampled from sources of unspecified origin were incorrectly
b8 g% TE* 5 f:% :§ ‘% ;ﬁ Té* 8 assigned, whereas 100.0% of the farm environment isolates were
= g & S s ] . . . .
e 55 g2 g ¢ % £ correctly assigned. Therefore, assignment of isolates obtained from
€0 g 5 8 3 2 3 & = Y & &
] © 5 % 8 £ 2 £ E % 8 sources of unspecified origin had the lowest accuracy. For the entire
9] S e g =) 2 s
g o f= g 23 323 8 2 animal isolate dataset, there were 18 incorrectly assigned isolates
£ sampled from sources of unspecified origin, the majority of which
g‘ » - » (n=13) were OtherMammals isolates incorrectly assigned to the
§ _g 5 5 5 Cattle or Pigs primary source classes. Five of these 13 isolates, all
= =2 =2)
= o = g . g incorrectly assigned to the Cattle, were DT104 outbreak related (SNP
9 o S S ol S Y g
w
2 2 ?é, E 2 :% address: 60.11.15.16.458.459.x) and hence it is possible that this was
A < & & &
o the reason why the RF1 model misassigned those five isolates and not
_§ because they were sampled from sources of unspecified origin.
g % = Interestingly, of the other eight of the 13 incorrectly assigned
8 = o © = £ OtherMammals isolates, one was assigned to Cattle and seven
@ ~ =~ o ® oA . . . Lo . ]
g assigned to Pigs. This result indicated that the companion animals
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FIGURE 1

Phylogenetic tree of the 399 animal training and test set RF1, RF2, and RF3 model isolates. Innermost annotation ring (Serovar) specifies whether an
isolate was S. Typhimurium or a monophasic variant of S. Typhimurium, second annotation ring (DT104 outbreak link) specifies whether an isolate
exhibited the DT104 outbreak specific SNP address of 60.11.15.16.458.459.x, third annotation ring (ML model dataset) specifies whether an isolate
belonged to the training or the test machine learning model dataset, fourth annotation ring (Host) specifies the primary source class of each of the
isolates, and fifth annotation ring (BAPS level 1) specifies the BAPS cluster each isolate was assigned to at the first hierarchical level. Bootstrap branch
support values between 80% and 100% are shown on the tree. The tree is rooted at the outgroup strain SRR8820637.

could possibly be acting as secondary hosts that were infected by the
farm animals. Furthermore, on 13 different occasions when the farm
environment isolates and isolates sampled from sources of unspecified
origin were collected from the same premises as the animal source
isolates, the unknown sampling type isolates shared the same SNP
address up to the 5 SNP threshold with isolates of known provenance.
Thus, for example, a Pigs farm environment isolate sampled from rat
faeces shared a SNP address with three isolates sampled from the same
premise from Pigs (and all were assigned to the Pigs primary source
class). In the entire animal isolate dataset, only two isolates that were
sourced from the farm environment were assigned by the RF1 model
to an incorrect primary source. Overall, the results of the RF1 model
were acceptable even if the provenance of all isolates included in the
animal training and test sets was not 100% clear.

Applying the tuned RF1 model to predict the sources of 662
human isolates indicated that 314 (47.4%) isolates were attributed to
Cattle, 163 (24.6%) to Pigs, 85 (12.8%) to OtherMammals, 55 (8.3%)
to Sheep, 33 (5.0%) to Broilers, 8 (1.2%) to Game, and 4 (0.6%) to
Layers with a highest probability of assignment value (Figure 3A and
Supplementary Table 56). Sum of the probabilities of assignment for
each primary source class indicated that 288 (43.7%) human isolates

Frontiers in Microbiology

were assigned to Cattle, 167 (25.2%) to Pigs, 89 (13.4%) to
OtherMammals, 49 (7.4%) to Sheep, 42 (6.4%) to Broilers, 12 (1.8%)
to Game, 8 (1.2%) to Layers, and 7 (1.1%) to Turkey
(Supplementary Table S6). The probability of assignment for 111
(16.8%) human isolates to a primary source class was low, below 0.500.
Forty five of the 111 low confidence probability of assignment human
isolates were assigned to Sheep and 32 to OtherMammals (Figure 3A
and Supplementary Table S6).

Overall, the RF1 generated assignments of human isolates to
animal primary sources correlated well with the known
epidemiological data. In this dataset, 141 (21.3%) of the 662 human
isolates were related to the S. Typhimurium DT104 outbreak that
was primarily linked to the consumption of beef and mutton that
became contaminated due to poor farm and abattoir practices
(Figure 4). Of these, 136 (96.5%) isolates were assigned to Cattle, 3
(2.1%) to Sheep, and 2 (1.4%) to OtherMammals (Figure 4 and
Supplementary Table S6). Therefore, out of a total of 314 human
isolates that were assigned to Cattle, 136 (43.3%) were the DT104
outbreak related isolates. There was a marked contrast in how
confidently the tuned RF1 model assigned these two groups of
human isolates (the DT104 outbreak related isolates and the
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FIGURE 2

(A) Phylogenetic tree of the 322 animal training set RF1, RF2, and RF3 model isolates constructed from variable sites from the 163 cgMLST loci retained
as machine learning model inputs. Innermost annotation ring (Serovar) specifies whether an isolate was S. Typhimurium or a monophasic variant of S.
Typhimurium, and second annotation ring (Host) specifies the primary source class of each of the isolates. Bootstrap branch support values between

(Continued)
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FIGURE 2 (Continued)

80% and 100% are shown on the tree. The tree is rooted at the outgroup strain SRR8820637. (B) Phylogenetic tree of the 77 animal test set RF1, RF2,
and RF3 model isolates constructed from variable sites from the 163 cgMLST loci retained as machine learning model inputs. Innermost annotation
ring (Serovar) specifies whether an isolate was S. Typhimurium or a monophasic variant of S. Typhimurium, and second annotation ring (Host) specifies
the primary source class of each of the isolates. Bootstrap branch support values between 80% and 100% are shown on the tree. The tree is rooted at
the outgroup strain SRR8820637.

TABLE 3 The tuned RF1 machine learning model confusion matrix for the assignment of 322 training set animal origin S. Typhimurium and monophasic
S. Typhimurium isolates to eight primary source classes.

Broilers Cattle Game Layers OtherMammals Pigs NEE o) Turkey
Broilers 15 1 0 0 0 0 0 0
Cattle 0 60 0 0 7 1 8 0
Game 0 0 14 0 0 0 0 0
Layers 0 0 0 5 0 0 0 0
OtherMammals 0 0 0 0 36 0 1 0
Pigs 1 0 0 1 2 131 0 0
Sheep 0 1 0 0 0 0 29 0
Turkey 0 0 0 0 0 0 0 9
Sensitivity 0.938 0.968 1.000 0.833 0.800 0.992 0.763 1.000
Specificity 0.997 0.939 1.000 1.000 0.996 0.979 0.996 1.000
Balanced accuracy 0.967 0.953 1.000 0917 0.898 0.986 0.880 1.000

The values along the diagonal (in bold) indicate the number of isolates correctly assigned by the model to their actual primary source class. The values above and below the diagonal indicate
the number of isolates incorrectly classed by the model not to their actual primary source class (column headers) but to the model predicted source (row names). The isolates were assigned to
the primary source class with the highest model computed probability of assignment. Balanced accuracy is the average of the sensitivity (true positive rate) and specificity (true negative rate)
values for each primary source class.

TABLE 4 The tuned RF1 machine learning model confusion matrix for the assignment of 77 test set animal origin S. Typhimurium and monophasic
S. Typhimurium isolates to eight primary source classes.

Broilers Cattle Game Layers OtherMammals Pigs Sheep Turkey
Broilers 2 0 0 0 0 0 0 0
Cattle 0 13 0 0 1 2 4 0
Game 0 0 3 0 0 0 0 0
Layers 0 0 0 0 0 0 0 0
OtherMammals 0 0 0 0 5 0 0 0
Pigs 1 2 0 1 5 30 0 0
Sheep 0 0 0 0 0 0 5 0
Turkey 0 0 0 0 0 1 0 2
Sensitivity 0.667 0.867 1.000 0.000 0.455 0.909 0.556 1.000
Specificity 1.000 0.887 1.000 1.000 1.000 0.796 1.000 0.987
Balanced Accuracy 0.833 0.877 1.000 0.500 0.727 0.852 0.778 0.993

The values along the diagonal (in bold) indicate the number of isolates correctly assigned by the model to their actual primary source class. The values above and below the diagonal indicate
the number of isolates incorrectly classed by the model not to their actual primary source class (column headers) but to the model predicted source (row names). The isolates were assigned to
the primary source class with the highest model computed probability of assignment. Balanced accuracy is the average of the sensitivity (true positive rate) and specificity (true negative rate)
values for each primary source class.

remainder) to the Cattle and Sheep primary sources. All 139 DT104 52 human isolates not related to the DT104 outbreak assigned to
outbreak related human isolates were assigned to either Cattle or ~ Sheep, 45 (86.5%) were assigned with a low confidence probability
Sheep with high confidence probability of assignment values of — of assignment (Figure 3A and Supplementary Table S6).
above 0.500. By contrast, of the 178 human isolates with different ~ Additionally, of the 314 human isolates that the tuned RF1 model
SNP address assigned to Cattle, 15 (8.4%) were assigned with alow  assigned to Cattle, 311 (99.0%) were of DT104 (including isolates
confidence probability of assignment of below 0.500. Equally, of the  with different SNP address to the DT104 outbreak related isolates),
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(A) The tuned RF1 model based assignment of 662 human isolates to eight primary source classes. The isolates are ordered by their probability of
assignment to the Cattle (314 assigned isolates), followed by the Pigs (163 assigned isolates), OtherMammals (85 assigned isolates), Sheep (55 assigned
isolates), Broilers (33 assigned isolates), Game (eight assigned isolates), and Layers (four assigned isolates) primary sources. (B) The tuned RF1—no
DT104 model based assignment of 662 human isolates to eight primary source classes. The isolates are ordered by their probability of assignment to
the Cattle (355 assigned isolates), followed by the Pigs (149 assigned isolates),
Broilers (26 assigned isolates), Game (seven assigned isolates), and Layers (two assigned isolates) primary sources. No human isolates were assigned to
the Turkey primary source class by either of the two models. Each vertical bar represents a single human isolate. The colour composition of each bar
reflects the probability of assignment of an isolate to each of the eight primary sources. The more uniform the colour the higher the probability of

assignment of an isolate to a single primary source class.
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OtherMammals (72 assigned isolates), Sheep (51 assigned isolates),

and of the 55 isolates assigned to Sheep, 47 (85.5%) isolates were of
DT104 (including isolates with different SNP address to the DT104
outbreak related isolates) (Supplementary Table S6). Taken together,
the above results strongly indicate that the human isolates for which
there was epidemiological primary source data were assigned with
high confidence to the expected primary source classes. Therefore,
these outputs gave credence to the overall performance of the
RF1 model.

Frontiers in Microbiology 10

Furthermore, 214 human isolates that were not part of the
DT104 outbreak were previously analysed as part of the Horizon2020
COMPARE project (Munck et al., 2020b) where the Pigs primary
source class was found to be the largest contributor to human
infection (Arnold et al., 2021). The outputs of RF1 correlated with
this finding as of the 163 human isolates assigned to Pigs, 126
(77.3%) were the COMPARE project isolates
(Supplementary Table S6).
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SRR8820637.

Phylogenetic tree of the 60 animal and 141 human RF1, RF2, and RF3 model S. Typhimurium isolates that were linked to the DT104 outbreak via the
60.11.15.16.458.459.x SNP address. Innermost annotation ring (Human isolate) specifies whether an isolate was collected from a human salmonellosis
patient, and second annotation ring (Host) specifies the primary source class of each of the animal isolates and the RF1 assigned primary source of
each of the human isolates. Bootstrap branch support values between 80% and 100% are shown on the tree. The tree is rooted at the outgroup strain

3.3 Feature importance for RF1

The top 15 RF1 model features (cgMLST loci), ranked in
accordance with mean decrease in accuracy, are presented in Table 5.
cgMLST locus STMMW_21601 was the feature that ranked the
highest overall. STMMW _21601 was the most important feature for
correct classification of the Cattle, Pigs, Sheep, and Broilers primary
sources. For OtherMammals it was the fifth most important feature,
for Layers the fourth most important feature, and for Turkey and
Game the second most important feature. Locus STMMW_21601
represents gene yegO, a multidrug transporter subunit MdtC (Table 5).

3.4 RF1—no DT104 model performance

The tuned RF1—no DT104 model, which was run without 60
DT104 outbreak related animal isolates, produced training set
accuracy of 0.989 (95% CI: 0.969-0.998) and kappa of 0.985 (Table 2).
RF1—no DT104 incorrectly assigned 3/275 training set isolates
(Table 6). The test set accuracy of the tuned RF1—no DT104 model
was 0.781 (95% CI: 0.660-0.875) and kappa 0.663, values that were
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comparable to the test set accuracy and kappa produced by the tuned
RF1 model (Table 2). In total, 14 of the RF1—no DT104 test set
isolates were assigned by that model to an incorrect primary source
class (Table 7). Four of these isolates were also part of the test set for
the RF1 model and all four were assigned to incorrect primary sources
by that model.

Of the 275 animal training set isolates, 1.0% sampled from animal
sources and 1.9% sampled from sources of unspecified origin were
incorrectly assigned by the RF1—no DT104 model. For the 64 test set
animal isolates, 18.2% obtained from animal sources and 41.2% of
isolates obtained from sources of unspecified origin were attributed to
an incorrect primary source class by the RFE1—no DT104 model. All
training and test set isolates sampled from the farm environment were
assigned correctly.

There were broad similarities in how the tuned RF1 (Figure 3A)
and RF1—no DT104 (Figure 3B) models classed the 662 human
isolates (Supplementary Table S6). RF1—no DT104 assigned 355
(53.6%) human isolates to Cattle, 149 (22.5%) to Pigs, 72 (10.9%) to
OtherMammals, 51 (7.7%) to Sheep, 26 (3.9%) to Broilers, 7 (1.1%) to
Game, and 2 (0.3%) to Layers (Figure 3B and Supplementary Table S6).
Attributing human isolates to primary source classes based on the sum
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TABLE 5 The top 15 RF1 model features (cgMLST loci) ranked by the mean decrease in accuracy—an overall feature importance measure across all eight primary source classes (MeanDecreaseAccuracy).

cgMLST
locus

Cattle

OtherMammals

Pigs

Sheep

Broilers

Layers

Turkey

Game

MeanDecreaseAccuracy

Gene
name

Gene function description

STMMW_21601 0.194 0.010 0.178 0.157 0.147 0.065 0.116 0.237 0.151 yegO Multidrug transporter subunit MdtC
STMMW_04461 0.067 —0.004 0.106 0.052 0.041 0.049 0.053 0.071 0.069 sbmA Microcin B17 transporter

STMMW_09941 0.057 0.005 0.042 0.033 0.035 0.026 0.033 0.039 0.037 rec2 ComEC family protein

STMMW_31261 0.023 —0.016 0.058 0.028 0.019 0.012 0.031 0.037 0.032 Sodium: sulfate symporter
STMMW_17951 0.009 —0.012 0.066 0.004 0.001 0.020 0.032 0.002 0.029 dadA D-amino acid dehydrogenase small subunit
STMMW_02471 0.078 0.009 0.015 —0.003 0.032 0.008 0.014 0.020 0.025 cutF Lipoporotein NIpE

STMMW_00981 0.029 0.013 0.002 0.016 0.023 0.001 0.010 0.314 0.024 imp LPS assembly protein LptD
STMMW_22931 0.042 0.014 0.003 0.022 0.037 —0.004 0.013 0.169 0.023 yojN Putative regulator YojN

STMMW_23721 0.102 —0.040 0.007 0.015 0.048 0.001 0.016 0.018 0.022 yfcH Epimerase

STMMW_24491 0.109 —0.047 0.014 0.006 0.008 0.001 0.010 0.004 0.022 cysK Cysteine synthase A

STMMW_17181 0.018 —0.002 0.031 0.021 0.021 0.015 0.022 0.042 0.022 trpE Anthranilate synthase component 1
STMMW_30971 0.007 0.002 0.047 0.001 0.002 0.012 0.004 0.000 0.022 uxaC Uronate isomerase

STMMW_32791 0.007 0.002 0.039 0.001 0.001 0.019 0.081 0.004 0.020 mitr Probable amino acid permease
STMMW_13951 0.016 0.001 0.028 0.019 0.019 0.000 0.020 0.029 0.020 orf242 Helix-turn-helix-type transcriptional regulator
STMMW_18131 0.001 0.000 0.046 0.000 0.002 0.010 0.014 0.000 0.019 yoaA ATP-dependent helicase

The feature importance for each of the eight primary sources the RF1 model was trained to recognize (Cattle, OtherMammals, Pigs, Sheep, Broilers, Layers, Turkey, Game) is also specified. The EnteroBase derived gene name and gene function description is specified
for each of the 15 features. Note that the top ranking feature for a specific primary source may not be shown in the table as the top 15 cgMLST loci are ordered by MeanDecreaseAccuracy.
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TABLE 6 The tuned RF1—no DT104 machine learning model confusion matrix for the assignment of 275 training set animal origin S. Typhimurium and
monophasic S. Typhimurium isolates to eight primary source classes, excluding all isolates with the clonal DT104 outbreak SNP address of

60.11.15.16.458.459.x.

Broilers Cattle Game Layers OtherMammals Pigs Sheep Turkey
Broilers 15 1 0 0 0 0 0 0
Cattle 0 40 0 0 0 0 0 0
Game 0 0 14 0 0 0 0 0
Layers 0 0 0 6 0 0 0 0
OtherMammals 0 0 0 0 35 0 0 0
Pigs 1 0 0 0 0 132 0 1
Sheep 0 0 0 0 0 0 22 0
Turkey 0 0 0 0 0 0 0 8
Sensitivity 0.938 0.976 1.000 1.000 1.000 1.000 1.000 0.889
Specificity 0.996 1.000 1.000 1.000 1.000 0.986 1.000 1.000
Balanced accuracy 0.967 0.988 1.000 1.000 1.000 0.993 1.000 0.944

The values along the diagonal (in bold) indicate the number of isolates correctly assigned by the model to their actual primary source class. The values above and below the diagonal indicate
the number of isolates incorrectly classed by the model not to their actual primary source class (column headers) but to the model predicted source (row names). The isolates were assigned to
the primary source class with the highest model computed probability of assignment. Balanced accuracy is the average of the sensitivity (true positive rate) and specificity (true negative rate)

values for each primary source class.

TABLE 7 The tuned RF1—no DT104 machine learning model confusion matrix for the assignment of the 64 test set animal origin S. Typhimurium and
monophasic S. Typhimurium isolates to eight primary source classes, excluding all isolates with the clonal DT104 outbreak SNP address of
60.11.15.16.458.459.x.

Broilers Cattle Game Layers OtherMammals Pigs Sheep Turkey
Broilers 2 0 0 0 0 0 0 0
Cattle 0 6 0 0 0 0 0 0
Game 0 0 3 0 0 0 0 0
Layers 0 0 0 1 0 0 0 0
OtherMammals 0 1 0 0 4 1 1 0
Pigs 1 3 0 0 4 30 1 1
Sheep 0 0 0 0 0 1 3 0
Turkey 0 0 0 0 0 0 0 1
Sensitivity 0.667 0.600 1.000 1.000 0.500 0.938 0.600 0.500
Specificity 1.000 1.000 1.000 1.000 0.946 0.688 0.983 1.000
Balanced accuracy 0.833 0.800 1.000 1.000 0.723 0.813 0.792 0.750

The values along the diagonal (in bold) indicate the number of isolates correctly assigned by the model to their actual primary source class. The values above and below the diagonal indicate
the number of isolates incorrectly classed by the model not to their actual primary source class (column headers) but to the model predicted source (row names). The isolates were assigned to
the primary source class with the highest model computed probability of assignment. Balanced accuracy is the average of the sensitivity (true positive rate) and specificity (true negative rate)

values for each primary source class.

of probabilities of assignment for each class revealed that 240 (36.2%)
human isolates were assigned to Cattle, 156 (23.6%) to Pigs, 129
(19.5%) to OtherMammals, 68 (10.3%) to Broilers, 40 (6.0%) to Sheep,
14 (2.2%) to Game, 8 (1.2%) to Layers, and 7 (1.0%) to Turkey
(Supplementary Table S6). All but one of the 141 DT104 outbreak
related (SNP address: 60.11.15.16.458.459.x) human isolates were
assigned by the RF1—no DT104 model to the Cattle primary source
class; the one isolate was assigned to OtherMammals (according to the
RF1 model output, that isolate was assigned to Cattle)
(Supplementary Table 56). RF1—no DT104 model assigned 125/662
(18.9%) human isolates to a primary source with a low confidence
probability of assignment of below 0.500. This included 64/125
(51.2%) isolates assigned to Cattle, 40/125 (32.0%) to OtherMammals,
and 15/125 (12.0%) to Pigs (Figure 3B and Supplementary Table S6).
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Twenty one of the 125 RF1—no DT104 model low confidence
probability of assignment human isolates were related to the DT104
outbreak (Supplementary Table S6). Of the 355 human isolates that
the tuned RF1—no DT104 model assigned to Cattle, 354 (99.7%) were
of DT104 (including isolates with different SNP address to the DT104
outbreak related isolates), and of the 51 isolates assigned to Sheep, 44
(86.3%) isolates were of DT104 (including isolates with different SNP
the  DT104 related
(Supplementary Table S6). Of the 149 human isolates assigned to the
Pigs primary source by the RF1—no DT104 model, 146 (97.9%) were
the COMPARE project isolates that were analysed as part of a previous

address  to outbreak isolates)

study which found Pigs to be the main contributor to human infection
(Arnold et al., 2021) (Supplementary Table S6). Therefore, these
classification patterns were highly congruent with how these isolates
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were classed by the RF1 model and overlapped closely with the
expectations based on the epidemiological data or outputs of
other studies.

cgMLST locus STMMW_21601 was also the overall most
important feature for the RF1—no DT104 model (Table 8).

4 Discussion

In this study, utilising 163 cgMLST loci as model features, three
distinct RF models were trained, tuned, and evaluated on 399
S. Typhimurium and monophasic S. Typhimurium animal isolates.
Subsequently, the best performing model was applied to predict
primary source of 662 S. Typhimurium and monophasic
S. Typhimurium human clinical cases. Supervised classification
algorithms, including RE exhibit properties highly suited for
attribution of foodborne pathogens. Such models first learn to
associate patterns in the provided genomic data of, for instance,
S. Typhimurium isolates originating from different primary sources
(i.e., animal host species) with a specific source. Subsequently, when
applied to predict the sources of human clinical cases, the algorithm
will seek out the genomic data patterns it had previously learnt to
recognize and use that information to assign a primary source to each
of the analysed human isolates (Munck et al., 2020a). The more data
a ML algorithm has been exposed to, the more accurate it should
become in making such predictions, as it has the ability to learn from
the patterns in the data and hence to improve its decision making
capabilities (Libbrecht and Noble, 2015).

The majority of the training set isolates (n=322) used in the
three RF models were from the following primary sources: Pigs
(41.0%), Cattle (19.3%), OtherMammals (14.0%), and Sheep
(11.8%). Highly unbalanced training data has previously been noted
to result in a potential bias in favor of the majority class in the ML
model generated predictions (Velez et al., 2007; Njage et al., 2019b).
The best performing model, RF1, assigned 47.4% of the 662
S. Typhimurium and monophasic S. Typhimurium human isolates
to Cattle, 24.6% to Pigs, 12.8% to OtherMammals, and 8.3% to
Sheep. Thus, it cannot be concluded that the RF1 model assigned
majority of the human isolates to sources which were
overrepresented in the training set. While best practice is to use a
balanced training dataset when implementing a RF model, this is
an idealized scenario, and such datasets can be difficult to obtain.
Only a proportion of the infected animals are detected by
surveillance, and many primary hosts infected with S. Typhimurium
or monophasic S. Typhimurium are asymptomatic and act as a
reservoir of infection (Arnold et al., 2021). Furthermore, if the
collection of isolates was biased towards the livestock and farm
animals and there is lack of isolate collection from other potential
S. Typhimurium and monophasic S. Typhimurium reservoirs, such
as wild birds or animals (Skov et al., 2008), this will have a strong
impact on the ability of attribution models to inform if the isolates
from the rarer sources infected the human population.

In the analysed animal isolate dataset, 163 of the 399 isolates were
S. Typhimurium (and in two cases monophasic S. Typhimurium) of
DT104, of which 60 were clonal isolates related to the known 2015-
2018 DT104 outbreak in England and Wales [Animal and Plant
Health Agency (APHA), 2017]. Even though S. Typhimurium of
DT104 can reside in numerous host species, it is considered primarily
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a cattle pathogen (Poppe et al., 1998). Indeed, of the 165 isolates of
DT104, 145 (87.9%) were from four mammalian primary source
classes: Cattle (n=59), OtherMammals (n=34), Pigs (n=28), and
Sheep (1=20). The intentional inclusion of the clonal, DT104 outbreak
related isolates in the RF1 model facilitated the validation of model
performance by using confirmed primary sources of human infections
as model inputs. Although presence of the clonal isolates may have
influenced the RF1 model outputs, the proportion of the DT104
outbreak related isolates did not exceed 50% for any of the eight
primary sources. Previous studies emphasised minimizing the
proportion of clonal genomes in the model training set in order to
avoid artificially inflating source prediction accuracy (Zhang et al.,
2019). We tested the potential model confusion by running the RF1
model without the clonal DT104 isolates (the RF1—no DT104 model)
and compared the model outputs. The RF1—no DT104 model
performed slightly better than RF1 at the training stage (accuracy:
0.989 vs. 0.929, kappa: 0.985 vs. 0.905) and at the test stage (accuracy:
0.781 vs. 0.779, but not kappa: 0.663 vs. 0.700), however, these metrics
were highly similar thus indicating the robustness of the RF1 model
to the presence of clonal isolates in the training set. The value of the
kappa statistic in the range of “0.61-0.80” is indicative of “substantial”
model performance (Landis and Koch, 1977) and in the range of
“0.40-0.75” of “fair to good” model performance (Fleiss et al., 2003).
Therefore, both models performed adequately and comparably to ML
attribution models described in several recently published studies
(Zhang et al., 2019; Munck et al., 2020a; Tanui et al., 2022).

A closer inspection of how the training and test isolates were
attributed by the RF1 and RF1—no DT104 models revealed that of the
23 RF1 model primary source misassignments at the training stage,
15 were the DT104 outbreak related isolates. The number of training
set misassignments was lower for the RF1—no DT104 model with
only three incorrectly assigned isolates. There were 12 DT104 outbreak
related isolates in the RF1 model test set, however, of the 17 primary
source class misassignments only four were the DT104 outbreak
related isolates (all incorrectly assigned to Cattle). Unlike for the
training set, the majority (nine) misassignments were from another
primary source class (Cattle, OtherMammals, Broilers, or Layers) to
Pigs. The overrepresentation of the Pigs primary source class isolates
in the training set might have been the reason for these
misassignments. However, all nine isolates, of which seven were
monophasic S. Typhimurium, clustered in clades that largely
comprised Pigs isolates on the 163 cgMLST locus based test set
phylogenetic tree. Therefore, it was more likely that the misassignment
of these isolates was due to their genetic closeness to isolates
representative of the Pigs source. Similarly, of the 14 test set isolates
that were misassigned by the RF1—no DT104 model, 10 (originating
from Broilers, Cattle, OtherMammals, Sheep, and Turkey) were
incorrectly classed as Pigs. These 10 isolates clustered with Pigs isolates
on the core genome alignment based phylogenetic tree, and eight were
monophasic S. Typhimurium. One possible explanation for the
observed test set misassignments could be that the isolates from
primary sources other than Pigs were classed as Pigs by both models
as these isolates did in fact originate from the Pigs primary source
class that cross-infected a different primary host.

The fact that both, the RF1 and RF—no DT104 models, assigned
99.0% of the 141 DT104 outbreak related human isolates to the
presumed primary sources based on the known epidemiological data
supported the applicability of RF to attribution of human Salmonella
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TABLE 8 The top 15 RF1—no DT104 model features (cgMLST loci) ranked by the mean decrease in accuracy—an overall feature importance measure across all eight primary source classes
(MeanDecreaseAccuracy).

fc?ch:IS'ST Cattle = OtherMammals = Pigs Sheep  Broilers Layers Turkey @ Game  MeanDecreaseAccuracy = Gene name = Gene function description
STMMW_21601 0.063 0.078 0.096 0.006 0.003 0.048 0.075 0.045 0.051 yegO Multidrug transporter subunit MdtC

STMMW _41061 0.044 0.046 0.080 0.014 —0.001 0.053 0.059 0.039 0.045 rpoB DNA-directed RNA polymerase subunit beta
STMMW _04461 0.039 0.052 0.057 0.008 0.005 0.034 0.058 0.034 0.035 sbmA Microcin B17 transporter

STMMW_17181 0.034 0.031 0.044 0.014 —0.004 0.034 0.041 0.034 0.029 trpE Anthranilate synthase component 1
STMMW_31261 0.017 0.023 0.037 0.006 —0.008 0.037 0.033 0.020 0.026 Sodium: sulfate symporter

STMMW _17881 0.020 0.032 0.019 0.026 0.009 0.024 0.025 0.029 0.023 treA “Alpha, alpha-trehalase”

STMMW_13951 0.025 0.019 0.040 0.005 0.001 0.025 0.034 0.015 0.022 orf242 Helix-turn-helix-type transcriptional regulator
STMMW _23721 0.054 0.094 0.029 0.001 —0.019 0.009 0.005 0.013 0.021 yfeH Epimerase

STMMW_09941 0.026 0.037 0.033 0.005 0.002 0.017 0.029 0.012 0.020 rec2 ComEC family protein

STMMW _17951 0.002 0.005 0.004 0.007 —-0.010 0.038 0.005 0.017 0.019 dadA D-amino acid dehydrogenase small subunit
STMMW_00981 0.018 0.021 0.173 0.000 0.007 0.005 0.016 0.021 0.018 imp LPS assembly protein LptD

STMMW _22931 0.022 0.029 0.104 —0.003 0.007 0.004 0.018 0.012 0.015 yoiN Putative regulator YojN

STMMW_04281 0.016 0.017 0.026 0.003 0.000 0.015 0.020 0.008 0.014 res Type III restriction-modification system StyLTI enzyme res
STMMW _30971 0.005 0.012 0.002 0.008 0.003 0.022 0.002 0.005 0.014 uxaC Uronate isomerase

STMMW _23551 0.043 0.052 0.026 0.000 —0.007 0.005 0.004 0.007 0.013 yfbS Transcriptional regulator

The feature importance for each of the eight primary sources the RF1—no DT104 model was trained to recognize (Cattle, OtherMammals, Pigs, Sheep, Broilers, Layers, Turkey, Game) is also specified. The EnteroBase derived gene name and gene function description is
specified for each of the 15 features. Note that the top ranking feature for a specific primary source may not be shown in the table as the top 15 cgMLST loci are ordered by MeanDecreaseAccuracy.
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infections. Especially in the case of foodborne outbreaks, which are
inherently clonal, a RF model could be applied to rapidly detect or
narrow down the potential outbreak sources provided that these were
represented in the model training set (Vilne et al., 2019). It is
understood that the England and Wales 2015-2018 S. Typhimurium
DT104 outbreak most likely originated from cattle, but the spread was
probably due to the movement of sheep, and most human cases that
were not linked to farms were likely due to mutton consumption
[Animal and Plant Health Agency (APHA), 2017]. Thus, the RF1
model, for which 20 of the 48 RF1 training set DT104 outbreak related
isolates were from Cattle, behaved as expected when assigning most
of the DT104 outbreak related human isolates with a high confidence
probability of assignment of over 0.500 to Cattle. However, although
contaminated mutton was also suspected to be a source of the DT104
outbreak in humans and 16 RF1 training set DT104 outbreak related
isolates were from the Sheep primary source, only three human
isolates with the DT104 outbreak SNP address were assigned to Sheep
by the model. Thus, it is conceivable that at least some of the human
DT104 outbreak related isolates assigned by RF1 to Cattle should have
instead been assigned to Sheep. Additionally, close to 25% of the RF1
training set DT104 outbreak related isolates were from the
OtherMammals primary source but the RF1 model assigned only two
DT104 outbreak related human isolates to OtherMammals. As the
OtherMammals primary source class (dogs and horses) was not
known to be epidemiologically linked to the DT104 outbreak, it was
encouraging that the model assigned very few DT104 outbreak related
human isolates to this source. Furthermore, a Bayesian attribution
model applied to the COMPARE project isolates concluded that “pigs
were found to be the main contributor to human infection for
S. Typhimurium/monophasic S. Typhimurium’, with the estimate of
attribution of human isolates to pigs ranging from 48.2% to 59.3%
depending on which subtyping method was used (Arnold et al., 2021).
RF results were highly congruent with the outputs of the Bayesian
method as RF1 assigned 58.9% of the 214 COMPARE human isolates
to the Pigs primary source and of all 163 human isolates assigned by
RF1 to Pigs, 77.3% were the COMPARE project isolates. Isolates from
the four avian primary source classes (Broilers, Layers, Game, Turkey)
comprised 14.0% (45/322) of all training set isolates but only 6.8% of
the human isolates were assigned to any of these four primary sources.
This result is in agreement with the conclusions of Lupolova et al.
(2017)
S. Typhimurium isolates are a lower public health threat in the
United Kingdom.

Largely congruent attribution of the 662 human isolates by the RF1
and the RF1—no DT104 models indicated that the assignment of the
DT104 outbreak related human isolates to the presumed correct primary

that the avian S. Typhimurium and monophasic

sources according to the available epidemiological data was not
dependent on the inclusion of the DT104 outbreak related isolates in the
model training set. However, the RF1—no DT104 model retained 421
cgMLST loci (2.5 times more than RF1) after feature selection and hence
required a longer running time compared to RF1. Additionally, the
RF1—no DT104 model produced low confidence probability of
assignment values for a greater proportion of human isolates (125/662)
in comparison with the RF1 model (111/662), most of which were to
Cattle. For the RF1 model, the largest proportion of the low confidence
probability of assignment human isolates were attributed to Sheep.
Further experimentation with different proportions of clonal animal
isolates retained as part of the model training set will likely be useful to
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better understand the influence of very closely genetically related isolates
on the accuracy of classification of human isolates by ML models.
There are several potential explanations for the low confidence
assignments of human isolates to a primary source, one being the lack
of representation in the model training set of primary sources that
human isolates had originated from. For example, for RF1, 8.1% of the
low confidence probability of assignment human clinical cases had
potential links to travel outside of the UK. Hence, it is plausible that
the contracted S. Typhimurium and monophasic S. Typhimurium
strains were genetically distinct from the bacterial populations
circulating in the English and Welsh primary sources that the model
was trained to recognize. However, 81.3% of the travel linked human
isolates were assigned by RFI to a source with a high confidence
probability of assignment of above 0.500, and furthermore, 16.6% of
isolates obtained from salmonellosis patients without apparent travel
history were assigned to a source with a low confidence probability.
Thus, patient travel history was likely not the sole reason behind the
low confidence assignments for some human isolates. Infection via
imported foods (Stein and Chirila, 2017) or human to human
salmonellosis transfer (Lupolova et al., 2017, 2019) may have been an
additional reason why certain human isolates carried genetic
signatures that were not represented in the model training set.
Additionally, 32/111 low confidence RF1 human isolate assignments
were to OtherMammals. In the RF1 training set, this primary source
class comprised isolates from several distinct host species that
included dogs, horses, and cats, which may have been a potential
source of confusion for the model. Refining the model training set by
removing this primary source class deserves further investigation.
The RF1 and RF1—no DT104 models used core genome MLST
loci as model features which produced robust outputs. Other studies
have found that the accessory genomes of the analysed bacterial isolates
were a useful source of ML model features for attribution of
S. Typhimurium isolates (Lupolova et al., 2017; Zhang et al., 2019). If
the patterns in allelic variation of MLST loci derived from accessory
genomic elements were host specific, then using the accessory genome
MLST loci together with, or instead of, the cgMLST loci could be a
useful approach for increasing the accuracy of RF predictions. For both
the RF1 and RF1—no DT104 models, cgMLST locus STMMW _21601,
which encodes multidrug transporter subunit MdtC, was the most
important feature for distinguishing between isolates from different
sources. Transporter proteins have been shown to play an important
role for host specificity in S. Typhimurium (Morgan et al., 2004) thus
underscoring the high relevance of STMMW_21601 for source
attribution RF models. There were 153 cgMLST loci used as model
features by both the RF1 and RF1—no DT104 models, including 11 of
the 15 highest ranked model features. Defining a robust panel of
common cgMLST loci will be a vital step in applying only those
features that are the most useful for differentiation of a broad selection
of S. Typhimurium and monophasic S. Typhimurium primary sources.
In conclusion, the model outputs presented herein provide good
support for the applicability of RF as a valid approach for attribution
of bacterial zoonotic pathogens, in particular if complemented by
precise epidemiological data for both the primary source and human
isolates. Further optimization of the method should include expanding
the training set panel of isolates to cover the less frequently
encountered S. Typhimurium and monophasic S. Typhimurium
reservoir hosts (i.e., hosts other than common farm and domestic
animals) as well as introducing model features representative of the
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accessory genome of the analysed isolates. With the ever-accelerating
sequencing of high quality genomic data of bacterial pathogens, both
those objectives ought to be very much achievable.

Data availability statement

The WGS data of isolates analysed in this study have been
deposited on EnteroBase with the exception of sequences of 19 isolates
(APHAO01-APHA19 in Supplementary Table S1) that will be made
available upon request on case by case basis due to the high level of
sensitivity of these data.

Ethics statement

The animal study was approved, this study uses strains obtained
from routine surveillance of livestock farms, outbreak investigations,
control programs, research projects, or from already existing data sets.
The APHA Ethics Committee did not require the study to be reviewed
or approved by an ethics committee because no animal
experimentation of any kind was performed to obtain the isolates. The
study was conducted in accordance with the local legislation and
institutional requirements.

Author contributions

JG: Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Project administration, Software, Writing
- original draft, Writing - review & editing. YT: Methodology,
Software, Writing - review & editing. MC: Data curation, Supervision,
Writing - original draft, Writing - review & editing. TD:
Conceptualization, Data curation, Supervision, Writing - original
draft, Writing - review & editing. LP: Conceptualization, Data
curation, Funding acquisition, Methodology, Resources, Supervision,

Writing - original draft, Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. As part of
the COMPARE project (“COllaborative Management Platform
for detection and Analyses of (Re-) emerging and foodborne

References

Alikhan, N., Zhou, Z., Sergeant, M. ]., and Achtman, M. (2018). A genomic overview
of the population structure of Salmonella. PLoS Genet. 14:e1007261. doi: 10.1371/
journal.pgen.1007261

Alvseike, O., Vardund, T., Lindstedt, B., Heir, E., Eriksson, E., and Kapperud, G.
(2004). Molecular epidemiology and population genetics of Salmonella subspecies
diarizonae in sheep in Norway and Sweden. Epidemiol. Infect. 132, 253-261. doi:
10.1017/S0950268803001717

Andino, A., and Hanning, I. (2015). Salmonella enterica: survival, colonization, and
virulence differences among serovars. Sci. World J. 2015:520179. doi:
10.1155/2015/520179

Andrews, S. (2010). FASTQC. a quality control tool for high throughput sequence
data. Available at: http://www.bioinformatics.babraham.ac.uk/projects/fastqc

Frontiers in Microbiology

17

10.3389/fmicb.2023.1254860

outbreaks in Europe”), this work received funding from the
European Union’s Horizon 2020 Research and Innovation
Programme under Grant agreement No. 643676, and funding
from the CoReP3-APHA/Defra/DG Core Research Project
CR2009, project title “Development and application of Genomic
Epidemiology to improve Salmonella outbreak detection and
source attribution” MC was supported in this study and received
funding from the National Institute for Health Research (NIHR)
Health Protection Research Unit in Genomics and Enabling Data
(NTHR200892). The views expressed are those of the author (s)
and not necessarily those of the NTHR, the Department of Health
or UKHSA.

Acknowledgments

The authors thank COMPARE project partners for their
contribution to the study via meetings, discussions, and exchange
of information. The authors acknowledge Rob Davies and Joanna
Lawes for providing strain information and for critical overview of
the study.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fmicb.2023.1254860/
full#supplementary-material

Animal and Plant Health Agency (APHA) (2017). Disease surveillance in England
and Wales, December 2016. Vet. Rec. 180, 39-42. doi: 10.1136/vr.j120

Arnold, M., Smith, R. P, Tang, Y., Patel, V., Guzinski, J., and Petrovska, L. (2021).
Bayesian source attribution of Salmonella typhimurium isolates from human patients
and farm animals in England and Wales. Front. Microbiol. 12:65. doi: 10.3389/
fmicb.2021.579888

Bayliss, S. C., Locke, R. K., Jenkins, C., Chattaway, M. A., Dallman, T. J., and
Cowley, A. (2023). Rapid geographical source attribution of Salmonella enterica serovar
enteritidis genomes using hierarchical machine learning. eLife 12:¢84167. doi: 10.7554/
elife.84167

Bushnell, B. (2014). BBMap: a fast, accurate, splice-aware aligner. Berkeley, CA: Ernest
Orlando Lawrence Berkeley National Laboratory.

frontiersin.org


https://doi.org/10.3389/fmicb.2023.1254860
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fmicb.2023.1254860/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmicb.2023.1254860/full#supplementary-material
https://doi.org/10.1371/journal.pgen.1007261
https://doi.org/10.1371/journal.pgen.1007261
https://doi.org/10.1017/S0950268803001717
https://doi.org/10.1155/2015/520179
http://www.bioinformatics.babraham.ac.uk/projects/fastqc
https://doi.org/10.1136/vr.j120
https://doi.org/10.3389/fmicb.2021.579888
https://doi.org/10.3389/fmicb.2021.579888
https://doi.org/10.7554/elife.84167
https://doi.org/10.7554/elife.84167

Guzinski et al.

Centers for Disease Control and Prevention (CDC) (2018). National enteric disease
surveillance: Salmonella annual report, 2016. Atlanta, GA: Centers for Disease Control
and Prevention.

Centers for Disease Control and Prevention (CDC) (2023). Preliminary incidence and
trends of infections caused by pathogens transmitted commonly through food—
foodborne diseases active surveillance network, 10 U.S. sites, 2022. MMWR Morb.
Mortal. Wkly Rep. 72, 701-706. doi: 10.15585/mmwr.mm7226al

Chattaway, M. A, Dallman, T. J., Larkin, L., Nair, S., McCormick, J., Mikhail, A., et al.
(2019). The transformation of reference microbiology methods and surveillance for
Salmonella with the use of whole genome sequencing in England and Wales. Front.
Public Health 7:317. doi: 10.3389/fpubh.2019.00317

Cheng, L., Connor, T. R, Siren, J., Aanensen, D. M., and Corander, J. (2013).
Hierarchical and spatially explicit clustering of DNA sequences with BAPS software.
Mol. Biol. Evol. 30, 1224-1228. doi: 10.1093/molbev/mst028

Croucher, N. J,, Page, A. J., Connor, T. R,, Delaney, A. ], Keane, J. A., Bentley, S. D.,
et al. (2015). Rapid phylogenetic analysis of large samples of recombinant bacterial
whole genome sequences using Gubbins. Nucleic Acids Res. 43:e15. doi: 10.1093/nar/
gkul196

Dallman, T., Ashton, P, Schafer, U,, Jironkin, A., Painset, A., Shaaban, S., et al. (2018).
Snapper DB: a database solution for routine sequencing analysis of bacterial isolates.
Bioinformatics 34, 3028-3029. doi: 10.1093/bioinformatics/bty212

Davies, R. H., Evans, S. ]., Preece, B. E., Chappell, S., Kidd, S., and Jones, Y. E. (2001).
Increase in Salmonella enterica subspecies diarizonae serovar 61: k: 1, 5,(7) in sheep. Vet.
Rec. 149, 555-557. doi: 10.1136/vr.149.18.555

European Food Safety Authority (EFSA) and European Centre for Disease Prevention
and Control (ECDC) (2021). The European Union one health 2020 zoonoses report.
EFSA J. 19:e06971. doi: 10.2903/j.efsa.2021.6971

Fabrega, A., and Vila, J. (2013). Salmonella enterica serovar typhimurium skills to
succeed in the host: virulence and regulation. Clin. Microbiol. Rev. 26, 308-341. doi:
10.1128/CMR.00066-12

Feijao, P, Yao, H.-T., Fornika, D., Gardy, J., Hsiao, W., Chauve, C., et al. (2018).
MentaLiST—a fast MLST caller for large MLST schemes. Microb. Genom. 4:e000146.
doi: 10.1099/mgen.0.000146

Fleiss, J. L., Levin, B. A., and Paik, M. C. (2003). Statistical methods for rates and
proportions: 3. (Hoboken, NJ: John Wiley)

Franz, E., Gras, L. M., and Dallman, T. (2016). Significance of whole genome
sequencing for surveillance, source attribution and microbial risk assessment of
foodborne pathogens. Curr. Opin. Food Sci. 8, 74-79. doi: 10.1016/j.cofs.2016.04.004

Gosling, R. J., Mueller-Doblies, D., Martelli, ., Nunez-Garcia, J., Kell, N., Rabie, A.,
etal. (2018). Observations on the distribution and persistence of monophasic Salmonella
typhimurium on infected pig and cattle farms. Vet. Microbiol. 227, 90-96. doi: 10.1016/j.
vetmic.2018.10.032

Gurevich, A., Saveliev, V., Vyahhi, N., and Tesler, G. (2013). QUAST: quality
assessment tool for genome assemblies. Bioinformatics 29, 1072-1075. doi: 10.1093/
bioinformatics/btt086

Hald, T. (2013). “Pathogen update: Salmonella” in Advances in microbial food safety.
ed. J. Sofos. 2nd ed (Cambridge, UK: Woodhead Publishing), 25-46.

Harrison, O., Rensing, S., Jones, C. K., and Trinetta, V. (2022). Salmonella enterica
4,[5],12: i: -, an emerging threat for the swine feed and pork production industry. J. Food
Prot. 85, 660-663. doi: 10.4315/JFP-21-400

Issenhuth-Jeanjean, S., Roggentin, P., Mikoleit, M., Guibourdenche, M., De Pinna, E.,
Nair, S., et al. (2014). Supplement 2008-2010 (No. 48) to the White-Kauffmann-Le
Minor scheme. Res. Microbiol. 165, 526-530. doi: 10.1016/j.resmic.2014.07.004

Karanth, S., Tanui, C. K., Meng, J., and Pradhan, A. K. (2022). Exploring the predictive
capability of advanced machine learning in identifying severe disease phenotype in
Salmonella enterica. Food Res. Int. 151:110817. doi: 10.1016/j.foodres.2021.
110817

Katribe, E., Bogomolnaya, L. M., Wingert, H., and Andrews-Polymenis, H. (2009).
Subspecies Ilia and Illb Salmonellae are defective for colonization of murine models of
salmonellosis compared to Salmonella enterica subsp. 1 serovar typhimurium. J.
Bacteriol. 191, 2843-2850. doi: 10.1128/]B.01223-08

Kozlov, A. M., Darriba, D., Flouri, T., Morel, B., and Stamatakis, A. (2019). RAXML-
NG: a fast, scalable and user-friendly tool for maximum likelihood phylogenetic
inference. Bioinformatics 35, 4453-4455. doi: 10.1093/bioinformatics/btz305

Kuhn, M. (2008). Building predictive models in R using the caret package. J. Stat.
Softw. 28, 1-26. doi: 10.18637/jss.v028.i05

Kursa, M. B., and Rudnicki, W. R. (2010). Feature selection with the Boruta package.
J. Stat. Softw. 36, 1-13. doi: 10.18637/jss.v036.i11

Landis, J. R., and Koch, G. G. (1977). The measurement of observer agreement for
categorical data. Biometrics 33, 159-174. doi: 10.2307/2529310

Letunic, I., and Bork, P. (2019). Interactive tree of life iTOL) v4: recent updates and
new developments. Nucleic Acids Res. 47, W256-W259. doi: 10.1093/nar/

Liaw, A., and Wiener, M. (2002). Classification and regression by randomForest. R
News 2, 18-22.

Frontiers in Microbiology

10.3389/fmicb.2023.1254860

Libbrecht, M. W,, and Noble, W. S. (2015). Machine learning applications in genetics
and genomics. Nat. Rev. Genet. 16, 321-332. doi: 10.1038/nrg3920

Lupolova, N., Dallman, T. J., Holden, N. J., and Gally, D. L. (2017). Patchy promiscuity:
machine learning applied to predict the host specificity of Salmonella enterica and
Escherichia coli. Microb. Genom. 3:¢000135. doi: 10.1099/mgen.0.000135

Lupolova, N., Lycett, S. J., and Gally, D. L. (2019). A guide to machine learning for
bacterial host attribution using genome sequence data. Microb. Genom. 5:¢000317. doi:
10.1099/mgen.0.000317

Majowicz, S. E., Musto, J., Scallan, E., Angulo, E ], Kirk, M., O’Brien, S.J., et al. (2010).
The global burden of nontyphoidal Salmonella gastroenteritis. Clin. Infect. Dis. 50,
882-889. doi: 10.1086/650733

Methner, U., and Moog, U. (2018). Occurrence and characterisation of Salmonella
enterica subspecies diarizonae serovar 61:k:1, 5,(7) in sheep in the federal state of
Thuringia, Germany. BMC Vet. Res. 14:401. doi: 10.1186/s12917-018-1741-4

Morgan, E., Campbell, J. D, Rowe, S. C., Bispham, J., Stevens, M. P, Bowen, A. ], et al.
(2004). Identification of host-specific colonization factors of Salmonella enterica serovar
typhimurium. Mol. Microbiol. 54, 994-1010. doi: 10.1111/j.1365-2958.2004.04323.x

Mughini-Gras, L., Kooh, P, Augustin, J.-C., David, J., Fravalo, P, Guillier, L., et al.
(2018). Source attribution of foodborne diseases: potentialities, hurdles, and future
expectations. Front. Microbiol. 9:1983. doi: 10.3389/fmicb.2018.01983

Mughini-Gras, L., Kooh, P, Fravalo, P, Augustin, J. C., Guillier, L., David, J., et al.
(2019). Critical orientation in the jungle of currently available methods and types of data
for source attribution of foodborne diseases. Front. Microbiol. 10:2578. doi: 10.3389/
fmicb.2019.02578

Munck, N., Leekitcharoenphon, P, Litrup, E., Kaas, R., Meinen, A., Guillier, L., et al.
(2020b). Four European Salmonella typhimurium datasets collected to develop WGS-
based source attribution methods. Sci. Data 7:75. doi: 10.1038/s41597-020-0417-7

Munck, N., Njage, P. M. K., Leekitcharoenphon, P, Litrup, E., and Hald, T. (2020a).
Application of whole-genome sequences and machine learning in source attribution of
Salmonella typhimurium. Risk Anal. 40, 1693-1705. doi: 10.1111/risa.13510

Njage, P. M. K., Henri, C., Leekitcharoenphon, P., Mistou, M. Y., Hendriksen, R. S.,
and Hald, T. (2019a). Machine learning methods as a tool for predicting risk of illness
applying next-generation sequencing data. Risk Anal. 39, 1397-1413. doi: 10.1111/
risa.13239

Njage, P. M. K., Leekitcharoenphon, P, and Hald, T. (2019b). Improving hazard
characterization in microbial risk assessment using next generation sequencing data and
machine learning: predicting clinical outcomes in shigatoxigenic Escherichia coli. Int. J.
Food Microbiol. 292, 72-82. doi: 10.1016/j.ijfoodmicro.2018.11.016

Ogutu, J. O., Piepho, H.-P, and Schulz-Streeck, T. (2011). A comparison of random
forests, boosting and support vector machines for genomic selection. BMC Proc. 5:S11.
doi: 10.1186/1753-6561-5-S3-S11

Okonechnikov, K., Conesa, A., and Garcia-Alcalde, F. (2016). Qualimap 2: advanced
multi-sample quality control for high-throughput sequencing data. Bioinformatics 32,
292-294. doi: 10.1093/bioinformatics/btv566

Page, A. ], Taylor, B., Delaney, A.]J., Soares, J., Seemann, T., Keane, J. A, et al. (2016).
SNP-sites: rapid efficient extraction of SNPs from multi-FASTA alignments. Microb.
Genom. 2:¢000056. doi: 10.1099/mgen.0.000056

Pires, S. M., Desta, B. N., Mughini-Gras, L., Mmbaga, B. T., Fayemi, O. E.,
Salvador, E. M., et al. (2021). Burden of foodborne diseases: think global, act local. Curr.
Opin. Food Sci. 39, 152-159. doi: 10.1016/j.cofs.2021.01.006

Pires, S. M., Evers, E. G., van Pelt, W, Ayers, T., Scallan, E., Angulo, E. ], et al. (2009).
Attributing the human disease burden of foodborne infections to specific sources.
Foodborne Pathog. Dis. 6, 417-424. doi: 10.1089/fpd.2008.0208

Pires, S. M., Vieira, A. R., Hald, T., and Cole, D. (2014). Source attribution of human
salmonellosis: an overview of methods and estimates. Foodborne Pathog. Dis. 11,
667-676. doi: 10.1089/fpd.2014.1744

Poppe, C., Smart, N., Khakhria, R., Johnson, W.,, Spika, J., and Prescott, J. (1998).
Salmonella typhimurium DT104: a virulent and drug-resistant pathogen. Can. Vet. J. 39,
559-565.

Porwollik, S., Boyd, E. E, Choy, C., Cheng, P, Florea, L., Proctor, E., et al. (2004).
Characterization of Salmonella enterica subspecies I genovars by use of microarrays. J.
Bacteriol. 186, 5883-5898. doi: 10.1128/JB.186.17.5883-5898.2004

Scallan, E., Hoekstra, R. M., Angulo, F. ], Tauxe, R. V., Widdowson, M. A., Roy, S. L.,
etal. (2011). Foodborne illness acquired in the United States—major pathogens. Emerg.
Infect. Dis. 17, 7-15. doi: 10.3201/eid1701.P11101

Skov, M. N, Madsen, J. ], Rahbek, C., Lodal, ]., Jespersen, J. B., Jorgensen, J. C., et al.
(2008). Transmission of Salmonella between wildlife and meat-production animals in
Denmark. J. Appl. Microbiol. 105, 1558-1568. doi: 10.1111/j.1365-2672.2008.03914.x

Sérén, K., Lindblad, M., Jernberg, C., Eriksson, E., Melin, L., Wahlstrom, H., et al.
(2015). Changes in the risk management of Salmonella enterica subspecies diarizonae
serovar 61: k: 1, 5, (7) in Swedish sheep herds and sheep meat due to the results of a
prevalence study 2012. Acta Vet. Scand. 57, 1-7. doi: 10.1186/513028-015-0096-0

Stein, R. A., and Chirila, M. (2017). “Routes of transmission in the food chain” in
Foodborne diseases. Academic Press: Cambridge, MA, USA.

frontiersin.org


https://doi.org/10.3389/fmicb.2023.1254860
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://doi.org/10.15585/mmwr.mm7226a1
https://doi.org/10.3389/fpubh.2019.00317
https://doi.org/10.1093/molbev/mst028
https://doi.org/10.1093/nar/gku1196
https://doi.org/10.1093/nar/gku1196
https://doi.org/10.1093/bioinformatics/bty212
https://doi.org/10.1136/vr.149.18.555
https://doi.org/10.2903/j.efsa.2021.6971
https://doi.org/10.1128/CMR.00066-12
https://doi.org/10.1099/mgen.0.000146
https://doi.org/10.1016/j.cofs.2016.04.004
https://doi.org/10.1016/j.vetmic.2018.10.032
https://doi.org/10.1016/j.vetmic.2018.10.032
https://doi.org/10.1093/bioinformatics/btt086
https://doi.org/10.1093/bioinformatics/btt086
https://doi.org/10.4315/JFP-21-400
https://doi.org/10.1016/j.resmic.2014.07.004
https://doi.org/10.1016/j.foodres.2021.110817
https://doi.org/10.1016/j.foodres.2021.110817
https://doi.org/10.1128/JB.01223-08
https://doi.org/10.1093/bioinformatics/btz305
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.2307/2529310
https://doi.org/10.1093/nar/
https://doi.org/10.1038/nrg3920
https://doi.org/10.1099/mgen.0.000135
https://doi.org/10.1099/mgen.0.000317
https://doi.org/10.1086/650733
https://doi.org/10.1186/s12917-018-1741-4
https://doi.org/10.1111/j.1365-2958.2004.04323.x
https://doi.org/10.3389/fmicb.2018.01983
https://doi.org/10.3389/fmicb.2019.02578
https://doi.org/10.3389/fmicb.2019.02578
https://doi.org/10.1038/s41597-020-0417-7
https://doi.org/10.1111/risa.13510
https://doi.org/10.1111/risa.13239
https://doi.org/10.1111/risa.13239
https://doi.org/10.1016/j.ijfoodmicro.2018.11.016
https://doi.org/10.1186/1753-6561-5-S3-S11
https://doi.org/10.1093/bioinformatics/btv566
https://doi.org/10.1099/mgen.0.000056
https://doi.org/10.1016/j.cofs.2021.01.006
https://doi.org/10.1089/fpd.2008.0208
https://doi.org/10.1089/fpd.2014.1744
https://doi.org/10.1128/JB.186.17.5883-5898.2004
https://doi.org/10.3201/eid1701.P11101
https://doi.org/10.1111/j.1365-2672.2008.03914.x
https://doi.org/10.1186/s13028-015-0096-0

Guzinski et al.

Stekhoven, D. J., and Bithlmann, P. (2012). MissForest—non-parametric missing value
imputation for mixed-type data. Bioinformatics 28, 112-118. doi: 10.1093/
bioinformatics/btr597

Tanui, C. K., Benefo, E. O,, Karanth, S., and Pradhan, A. K. (2022). A machine learning
model for food source attribution of Listeria monocytogenes. Pathogens 11:691. doi:
10.3390/pathogens11060691

Tonkin-Hill, G., Lees, J. A, Bentley, S. D., Frost, S. D. W,, and Corander, J. (2018).
Rhier BAPS: an R implementation of the population clustering algorithm hierBAPS.
Wellcome Open Res. 3:93. doi: 10.12688/wellcomeopenres.14694.1

UKHSA (2021). Non-typhoidal Salmonella data 2010 to 2019. England: UKHSA.

Velez, D. R., White, B. C., Motsinger, A. A., Bush, W. S,, Ritchie, M. D., Williams, S. M.,
etal. (2007). A balanced accuracy function for epistasis modeling in imbalanced datasets
using multifactor dimensionality reduction. Genet. Epidemiol. 31, 306-315. doi: 10.1002/
gepi.20211

Frontiers in Microbiology

19

10.3389/fmicb.2023.1254860

Vilne, B., Meistere, 1., Grantina-Ievina, L., and Kibilds, J. (2019). Machine learning
approaches for epidemiological investigations of food-borne disease outbreaks. Front.
Microbiol. 10:1722. doi: 10.3389/fmicb.2019.01722

Wright, M. N., and Ziegler, A. (2017). ranger: A fast implementation of random forests
for high dimensional data in C** and R. J. Stat. Softw. 77, 1-17. doi: 10.18637/jss.v077.
i01

Zhang, S., Li, S., Gu, W,, den Bakker, H., Boxrud, D., Taylor, A., et al. (2019). Zoonotic
source attribution of Salmonella enterica serotype typhimurium using genomic
surveillance data, United States. Emerg. Infect. Dis. 25, 82-91. doi: 10.3201/
€id2501.180835

Zhou, Z., Alikhan, N. F, Mohamed, K., and Achtman, M. Agama Study Group (2020).
The EnteroBase user’s guide, with case studies on Salmonella transmissions, Yersinia
pestis phylogeny and Escherichia core genomic diversity. Genome Res. 30, 138-152. doi:
10.1101/gr.251678.119

frontiersin.org


https://doi.org/10.3389/fmicb.2023.1254860
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://doi.org/10.1093/bioinformatics/btr597
https://doi.org/10.1093/bioinformatics/btr597
https://doi.org/10.3390/pathogens11060691
https://doi.org/10.12688/wellcomeopenres.14694.1
https://doi.org/10.1002/gepi.20211
https://doi.org/10.1002/gepi.20211
https://doi.org/10.3389/fmicb.2019.01722
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.3201/eid2501.180835
https://doi.org/10.3201/eid2501.180835
https://doi.org/10.1101/gr.251678.119

	Development and validation of a random forest algorithm for source attribution of animal and human Salmonella Typhimurium and monophasic variants of S. Typhimurium isolates in England and Wales utilising whole genome sequencing data
	1 Introduction
	2 Materials and methods
	2.1 Strains and sequencing
	2.2 Quality control of the WGS data
	2.3 Scoring of cgMLST alleles
	2.4 Phylogenetic tree construction and hierarchical clustering of 399 animal isolates
	2.5 SNP address
	2.6 Feature selection (data pre-processing and feature selection algorithms)
	2.7 Random forest models applied to the full dataset
	2.8 Random forest model without the clonal DT104 animal isolates

	3 Results
	3.1 Phylogenetic relationship of the 399 animal isolates
	3.2 Classification of the human isolates
	3.3 Feature importance for RF1
	3.4 RF1—no DT104 model performance

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions

	References

