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tool in many countries. In this study, the relative contributions of several potential sources of human infection of
the five frequently reported Salmonella serovars were estimated using machine-learning methods based on a large,
cross-sectional collection of genomes from human cases, and animal and environmental sources, across ten
European countries. To define the population structure, core-genome Multilocus Sequence Typing was performed.
A supervised machine-learning approach was applied for source attribution in the form of a Random Forest
classifier. The source and country attribution models achieved moderate accuracy (F1=0.6-0.9), which is lower than
in previous studies using machine-learning on Whole Genome Sequencing data. However, attributions of human
clinical isolates to different sources were generally in line with previous findings for these five serovars. While the
lack of clonality in some sources hindered their prediction, it is also likely that certain sources (e.g., pets) do not
serve as major contributors to human infection. Therefore, in most cases attributing these sources to the livestock
species they are typically associated with, is likely appropriate. Country attributions showed that substantial human
cases are attributable to countries other than their own, indicating geographical interrelatedness of sources. This
highlights the value of internationally harmonised Salmonella-control policies in the food production chain.
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Introduction

Non-typhoidal Salmonella is the second most frequently reported
zoonotic pathogen in the European Union and European Economic
Area (EU/EEA)." While there are over 2500 serovars of Salmonella
enterica subspecies enterica, most human infections are caused by
serovars Enteritidis and Typhimurium.? Despite significant reduc-
tions in human cases in Europe since the 1990s due to the adoption
of regulatory and prophylactic measures in agricultural settings, this
downward trend in reported human salmonellosis has shown clear
signs of stagnation since 2016." Salmonella can be isolated from a
wide range of animals and the environments they inhabit, although
some serovars display a more restricted host range than others.?
Humans are most often exposed to Salmonella through the con-
sumption of contaminated food, particularly food of animal origin.
However, Salmonella can also be transmitted through direct contact
with animals, the environment, and, to a limited extent, person-to-
person transmission. The contributions of different (animal) re-
servoirs and associated transmission routes are expected to vary
across serovars and exposed populations.” To inform risk managers
and to target effective interventions, quantitative evidence on the
main sources of the pathogen is essential.

Genomic characterisation of Salmonella isolates from humans
and animals has become a routine public health surveillance tool in
many countries. Standardised methodologies, such as core genome
multi-locus sequence typing (cgMLST), facilitate stable comparisons
of the population structure of isolates and have recently been shown
to have potential in source attribution studies due to their high
discriminatory power.” To exploit the high dimensionality offered by
whole-genome sequencing (WGS) data for source attribution, ma-
chine learning (ML) approaches have been demonstrated to be an
appropriate methodology, and supervised ML in particular has been
applied to genomic data from Danish Salmonella surveillance,® as
well as other foodborne pathogens.””® Furthermore, previous re-
search has shown promising results when using ML on cgMLST data
for source attribution.'’""?

In this study, the relative contributions of several potential
sources of human infection of five frequently reported Salmonella
serovars, were estimated using ML methods, namely: Typhimurium,
Enteritidis, Infantis, Newport, and Derby. We utilized a large, cross-
sectional collection of genomes from human cases, as well as animal
and environmental sources, across ten European countries.
Specifically, we first studied the population structure of the different
serovars through a constructed phylogeny and subsequently applied
a supervised ML approach to build a classification model based on
source type and country of origin. This model was then used to infer
the attributable sources of human isolates to provide the most ex-
tensive estimates of the relative contributions to human salmo-
nellosis across sources and countries within Europe. In doing so, we
aim to demonstrate the potential of ML methods for source
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attribution and to offer additional insights into the origins of clinical
cases of Salmonella in Europe.

Materials and methods
Data

A total of 3548 isolates were collected and whole genome se-
quenced through routine surveillance activities carried out in 12
public health and veterinary institutes: French Agency for Food
Environmental and Occupational Health and Safety (ANSES), Animal
and Plant Health Agency (APHA), Technical University of Denmark
(DTU), Instituto Nacional de Investigacdo Agraria e Veterinaria
(INIAV), National Institute of Agrarian and Veterinary Research
(INSA), United Kingdom Health Security Agency UKHSA) (Formally
known as Public Health England (PHE)), Parstwowy Instytut
Weterynaryjny (PIWet), National Institute for Public Health and the
Environment (RIVM), Statens Serum Institut (SSI), Swedish
Veterinary Agency (SVA), Teagasc, VISAVET Health Surveillance
Center (VISAVET), across ten European countries (Denmark, England
and Wales, France, Ireland, Portugal, Poland, Spain, Sweden, the
Netherlands), as part of the research project “DISCOVER” of the One
Health European Joint Programme."® Genomes originated from non-
travel and non-outbreak related clinical human cases and from non-
human origin (animal, food, and environmental sources; Table S1).
These isolates were collected between 2003 and 2021 representing
five serovars: Enteritidis, Typhimurium and its monophasic variant,
Derby, Infantis and Newport. The institutes only submitted se-
quences for serovars found in their surveillance activities (Table 1).

Phylogenetic analysis

To define the population structure, cgMLST was performed using
chewieSnake'* utilising the cgMLST V2 scheme acquired from En-
terobase.'” Allele profiles created for all sequences were visualised in
a minimum spanning tree through GrapeTree.'® Genomes with > 5%
cgMLST loci missing were removed from further analysis. Genomes
were typed further using the Achtman 7 Gene MLST scheme and the
respective eBURST groups (eBG, Appendix 1).1>"

Source classification model

A supervised ML approach was applied for source attribution in
the form of a Random Forest (RF) classifier using Python’s library
Scikit-learn.”® A conceptual model for the development of ML ap-
proaches for source attribution is shown in Fig. SO (Appendix 1).

Feature encoding and reduction
The cgMLST allele profiles determined by chewieSnake were used
as input features. Loci with > 15% missing data were excluded while

Table 1
Metadata of submitted Salmonella isolates for each country, by serovar and institute, before quality control.
Country and institute Derby Enteritidis Infantis Newport Typhimurium Total
Denmark DTU 0 0 0 0 210 210
SSI 0 0 0 0 141 141
England and Wales APHA 71 61 23 119 314 588
UKHSA 118 99 100 100 200 617
France Anses 0] 75 0 0 97 172
Ireland Teagasc 0 0 0 0 136 136
Netherlands RIVM 10 145 40 10 12 217
Poland PIWet 95 384 121 139 258 997
Portugal INIAV 0 32 21 0 0 53
INSA 9 29 14 27 58 137
Spain VISAVET 14 177 13 0 47 251
Sweden SVA 2 0 0 0 27 29
Total 319 1002 332 395 1500 3548
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Fig. 1. Results of source attribution for Salmonella Typhimurium. Top-left bar chart shows the proportion of sequences attributed to each source. Below it is the proportion of
sequences originating from each country. Top-right shows the confidence level of each prediction and the proportion of RF trees voting for each source. Bottom-left shows a
minimum-spanning tree of the Typhimurium isolates and their associated source. Bottom-right then shows the same tree with the source predicted by the RF.

remaining missing values were imputed using k-Nearest Neighbours
(KNN). This imputed missing data by majority vote of its k> closest
points, and has been shown to perform well in phylogenetic data.'’
The cgMLST feature data is categorical in nature with each value
representing a different allelic sequence. Thus, OneHotEncoder
(OHE) was applied, where a single variable with n observations and y
distinct values is transformed to y binary variables with n observa-
tions each'” converting it a presence/absence table for each allelic
variation. However, this created a multitude of features (>20,000) as
there are 3002 loci in the reference genome. There are various rea-
sons for not including too large numbers of features into ML models,
such as decreased accuracy, overfitting or other technical limita-
tions.”’ Therefore, a feature reduction method was applied in the
form of a Python implementation of Multivariate methods with
Unbiased Variable selection in R (MUVR).?! To prevent data-leakage,
clonal isolates originating from the same country, year and source
(<5 cgMLST allelic distance) were deduplicated.

Sample imbalance

The composition for all classes was not even. To minimise this
influence on training the algorithm, the training data set was ba-
lanced using RandomOverSampler from Imbalanced-learn.

Model construction and validation

For model construction, the non-clinical data set for each serovar
was randomly split into 10 folds of equal size. One fold was put aside
for testing and the model was trained on the remaining folds, in
order to perform cross-validation. This was done for 10 iterations,
such that each fold is used for testing once, and the average per-
formance over the 10 iterations was calculated. In each iteration, for
the same testing set, two ML classifiers were trained to predict
source and country separately. Both were then validated with the
same testing sequences. The indicators used to evaluate model
performance were valid accuracy (F1-score), precision and recall,
calculated from a confusion matrix. F1-score is the ability of the
model to correctly classify the country and source of the testing
sequences.”’

Source attribution

A final model was built using a balanced set of all non-clinical
data, using the best performing features. This model was applied to
the clinical human case data to predict their sources and countries of
origin. For each source, the sum of probabilities is equal to the
number of human cases attributed to that source.
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Fig. 2. Results of source attribution for Salmonella Enteritidis. Top-left bar chart shows the proportion of sequences attributed to each source. Below it is the proportion of
sequences originating from each country. Top-right shows the confidence level of each prediction and the proportion of RF trees voting for each source. Bottom-left shows a
minimum-spanning tree of the Enteritidis isolates and their associated source. Bottom-right then shows the same tree with the source predicted by the RF.

Results

The non-human isolates were categorised into 17 sources (Table
S1); 33 sequences were removed from subsequent analyses due to
ambiguous categorisation (e.g., unknown livestock). Additionally, all
sequences of small clonal complexes (n <=35) were removed as they
likely reflect convergent evolution of the same serotype in distinct
genetic backgrounds from different ancestors.'” The number of se-
quences included post quality control of each source and country is
shown in Tables S2-S6. In total, 1418 Typhimurium, 984 Enteritidis,
310 Infantis, 374 Newport, and 295 Derby sequences were included.
This includes both clinical and non-clinical isolates.

Model training, validation and self-attribution

The F1 score for each of the source classifiers ranged from 0.6
(Enteritidis) to 0.7 (Newport). For Typhimurium (F1=0.65), two
classes achieved an F1 score > 0.7. The best performing classes were
the majority class pigs (F1=0.86) and ‘other pets’ (F1=0.91) in con-
trast to the worst performing classes environment (F1=0.00) and
cats (F1=0.11). For Enteritidis (F1=0.60), two classes achieved an F1
score >0.7 (Ducks F1=0.82, layers F1=0.71) in contrast to the poor
performance of many of the minority classes (cats, cattle, dogs, en-
vironment, other pets, pigs, sheep/goats, F1=0.00). For Infantis
(F1=0.69), three classes achieved an F1 score > 0.7, broilers (F1=0.80),
ducks (F1=0.80) and reptiles (F1=0.91), also in contrast to poor

performance in many of the minority classes. For Newport (F1=0.70),
the classes broilers (F1=0.84), other poultry (F1=0.74), reptiles
(F1=0.93) and turkey (F1=0.78) performed best with limited self-
attribution accuracy for the low frequency classes and the pet
sources. Finally, for Derby (F1=0.61), only pigs (F1=0.80) and turkeys
(F1=0.68) had an adequate self-attribution accuracy.

The F1 score for the models predicting country of origin all
outperformed their respective source model (Typhimurium
(F1=0.81), Enteritidis (F1=0.84), Infantis (F1=0.78), Newport
(F1=0.94) and Derby (F1=0.90)). All country classes had a F1 score >
0.7 apart from Spain (F1=0.61) and the Netherlands (F1=0.40) in the
Typhimurium model, Portugal (F1=0.30) and the Netherlands
(F1=0.67) in the Enteritidis model, Spain (F1=0.31) and England and
Wales (F1=0.28) in the Infantis model. The final number of input
features selected for training the model are displayed in Table S7. All
models and classes are presented in Table 2 with a breakdown of
precision, recall and accuracy.

Source attribution

Attribution estimates to sources are displayed in Figs. 1-5. At-
tribution estimates to countries are displayed in Figs. S2-S6.

Typhimurium
The majority of human clinical isolates (N=365) were attributed
to pigs (63.8%), followed by dogs (7.1%), horses/donkeys (6.0%),
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Fig. 3. Results of source attribution for Salmonella Infantis. Top-left bar chart shows the proportion of sequences attributed to each source. Below it is the proportion of sequences
originating from each country. Top-right shows the confidence level of each prediction and the proportion of RF trees voting for each source. Bottom-left shows a minimum-
spanning tree of the Infantis isolates and their associated source. Bottom-right then shows the same tree with the source predicted by the RF.

broilers (4.9%), cats (4.9%), layers (4.4%), cattle (3.3%), other poultry
(2.2%), sheep/goat (1.6%), and other pets and reptiles (0.3%) (Fig. 1).
For all countries that submitted clinical sequences, pigs were pre-
dicted as the most frequent source of human infection (Denmark -
81%, England and Wales - 51.9%, Portugal - 64.1%) apart from the
Netherlands where 66.7% (4/6) of isolates were attributed to broilers.

The proportion of human clinical isolates attributed to sources
stratified by country was; Denmark (30.1%), England and Wales
(29.9%), followed by Poland (18.4%), Spain (9.0%), France (8.8%),
Sweden (2.2%), Portugal (0.8%), Ireland (0.5%) and the Netherlands
(0.3%). For those countries with both human and non-human
sources, 51.1% of Danish and 42.6% of English isolates were estimated
to originate from sources consistent with their country of origin. In
contrast, 7.7% of Portuguese human infections were predicted to
originate within Portuguese non-human sources.

Enteritidis

Of 208 human clinical isolates, 68.8% were attributed to poultry
layers, followed by poultry broilers (19.7%), dogs (2.9%), cats (2.4%),
other poultry (1.9%), reptiles (1.4%), turkeys (1.0%), horses/donkeys
(1.0%), cattle (0.5%), and ducks (0.5%) (Fig 2). The majority of human
clinical isolates were attributed to sources in Poland (46.6%) and
Spain (25.0%), who submitted 49% and 23% of non-clinical isolates,
followed by the Netherlands (10.1%), France, (8.2%), England and
Wales (6.3%), and Portugal (3.8%). For Portuguese isolates, 59.3%
were attributed to sources in Spain, followed by Portugal itself
(18.5%). Attributions for England and Wales and the Netherlands and

were similar to each other, with more isolates attributed to sources
in Poland, 52.0% and 48.2% respectively. No Enteritidis isolates were
submitted by Denmark, Ireland, and Sweden.

Infantis

The majority of human Infantis sequences were attributed to
poultry broilers (56.1%). This was followed by pigs (14.4%), dogs
(9.8%), layers (7.6%), cattle (6.8%), turkeys (4.5%) and wild mammals
(0.8%). England and Wales had the largest (66.3%) attribution to
broilers (Fig. 3). Of Dutch human infections, 42.3% were attributed to
broilers, and 23.1% to dogs, whilst for Portugal most human isolates
were attributed to turkeys (35.7%) followed by 21.4% to layers and
14.3% assigned to broilers. Most human clinical isolates were at-
tributed to sources in Poland (37.9%) and the Netherlands (31.1%),
64.3% of Portuguese isolates to Poland, and none of them to Portugal
itself. Half of Dutch isolates were attributed to the Netherlands, and
no Dutch isolate was attributed to Spain. No Infantis sequences were
submitted by Denmark, France, Ireland, and Sweden.

Newport

Most human Newport sequences were attributed to reptiles
(28.1%), followed by cattle (25.9%), layers (17.8%), horses/donkeys
(14.1%), turkeys (7.4%), dogs (3.7%) with cats, ducks, the environ-
ment, and other poultry at 0.7% (Fig. 4). Notably, 92.6% of Portuguese
isolates were attributed to cattle, accounting for 25 of 35 cattle se-
quences, with the remainder attributed to reptiles (7.4%). For Eng-
land and Wales, 34.3% of sequences were attributed to reptiles, and
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Fig. 4. Results of source attribution for Salmonella Newport. Top-left bar chart shows the proportion of sequences attributed to each source. Below it is the proportion of
sequences originating from each country. Top-right shows the confidence level of each prediction and the proportion of RF trees voting for each source. Bottom-left shows a
minimum-spanning tree of the Newport isolates and their associated source. Bottom-right then shows the same tree with the source predicted by the RF.

8.1% to cattle. The Dutch attributions were equally split between
cattle, layers, reptiles and turkeys at 22.2%, with the final 11.1% at-
tributed to horses/donkeys, though the small number of clinical
Dutch sequences (n=9) had little impact on the overall distribution.

The non-clinical Newport sequences were from two countries:
Poland, and England and Wales. The clinical attributions were split
71.9% to England and Wales and 28.1% to Poland. When breaking it
down by country, all Portuguese sequences were attributed to
Poland, as well as the majority of Dutch sequences (55.6%). The
majority of English samples were attributed to England itself (66.7%).
No Newport sequences were submitted by Denmark, France, Ireland,
Spain and Sweden.

Derby

The majority (62.9%) of human Derby sequences were attributed
to pigs. This was followed by turkeys (22.7%), cattle (6.1%), the en-
vironment (3.0%), layers (2.23%), and finally cats, dogs, other poultry,
and wild birds (0.8%) (Fig. 5). All sequences attributed to cattle, the
environment, layers, and turkeys were from England and Wales, all
cats and wild birds were from the Netherlands, and finally, all se-
quences attributed to dogs and other poultry were Portuguese. Of
the human sequences, 43.9% were attributed to sources in Poland,
37.9% to England and Wales, and 18.2% was attributed to Spain. For
English sequences, 43.1% was attributed to Poland, 41.1% to England
and Wales and the remaining 14.9% to Spain. Dutch isolates had
44.4% attributed to both Poland and Spain, and 11.1% to England and
Wales. Finally, Portuguese sequences had 55.6% attributed to Poland,
33.3% to Spain and 11.1% to England and Wales. No Derby sequences

were submitted by Denmark, France, and Ireland. In addition, no
non-clinical isolates were submitted by the Netherlands and Por-
tugal.

Discussion
Attributions to sources

Attributions of human clinical isolates to different sources were
generally in line with previous findings for these serovars.' The
majority of human infections of Salmonella Typhimurium were at-
tributed to pigs,"!" the majority of human infections of Salmonella
Enteritidis were attributed to layers,' Salmonella Infantis infections
were mainly attributed to broilers,' and Salmonella Derby infections
attributed to pigs and poultry.' One exception was Salmonella
Newport, where human cases are frequently associated with poultry
sources,' but which were equally attributed to reptile sources in this
European dataset. While reported reptile-associated salmonellosis
has been on the rise, they are mainly associated with other serovars
and make up only a small fraction of cases.”” Instead, this may be the
result of the reptile isolates being a more homogenous population.
Indeed, the RF appears to struggle distinguishing them for cattle,
which is made up of more heterogeneous isolates.

The random forest (RF) classifiers were trained on variations
encoded in the cgMLST scheme. These genomic variations in the core
genome can be considered reflective of the population structure,
since genomes closely related in terms of evolutionary distance are
likely to be from the same source. Therefore, the visualisation of the
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population structure of the isolates can provide insights into the
variation observed in self-attribution accuracy. For example, for
Salmonella Enteritidis, over 60% of human infections were attributed
to layers compared to approximately 20% to broilers. However, when
considering the minimum-spanning tree, sequences from broilers
and layers showed considerable mixing. This is reflected in the
confidence chart for their attributions, which showed that for iso-
lates attributed to broilers, a large proportion of the trees in the RF
voted for layers and vice versa. While broilers and layers are func-
tionally separated sectors raising the same species (Gallus gallus),
our results suggest that their Salmonella strains do overlap. In con-
trast, for Salmonella Infantis the RF showed greater confidence dif-
ferentiating these groups. However, only 9 layers isolates were
included, and the RF had lower accuracy in attributing layers.

Country attributions

Understanding the proportion of human cases that are exposed
to domestic sources of Salmonella as opposed to imported sources is
important for control and mitigation prioritisation and strategies.
This dataset included Salmonella isolates from human and non-
human sources within the same country and thus allowed us to
examine how this changed per serovar and per country.

Overall, country attributions showed that sequences were fre-
quently attributed to their own countries (33.1%). For example, most
Typhimurium sequences were attributed to England and Wales,

where most of the isolates were also sourced from. Additionally,
Poland, the source of a prolonged S. Enteritidis outbreak in the EU/
EEA in recent years,”® had a relatively high proportion of sequences
attributed to from other countries (32.2%), specifically of Typhi-
murium in England and Wales, Portugal, and Denmark (all around
20% of sequences attributed to Poland). A significant percentage of
non-clinical sequences were provided by Poland (39.5%). In addition,
Poland and England and Wales are the only countries to submit non-
clinical sequences for each serovar. Thus, an overrepresentation in
the attributions is not unexpected. On the other hand, attributions
are not proportional to the number of sequences for all other
countries and/or sources for each serovar. Additionally, the model
performs well for country attributions (Table 2).

Model accuracy

The source attribution models achieved moderate accuracy
(F1=0.6-0.7), but lower than in previous studies using ML on WGS
data'® including a Salmonella Typhimurium data set.!' One ex-
planation is that these studies used isolates from fewer sources
(n=5) and fewer countries (domestic and imported). In general, the
most numerous livestock sources were predicted with high accuracy
and low abundant sources often representing wild animals and pets
were predicted with low accuracy. Even with over-sampling strate-
gies low classes with low abundance can be problematic to classify
correctly if they are not a single homogenous population. This
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highlights the importance of balanced datasets in order to avoid
potential bias, as other work on Campylobacter has also shown.”

An example of this can be found within Salmonella Typhimurium
where 26/28 ‘other pet’ sequences clustered monophyletically and 2
isolates clustered elsewhere in the population. The RF successfully
classified those 26 sequences and miss-assigned the 2 other isolates.
Furthermore, no additional sequences outside of that branch were
attributed to this class. In comparison, a source of similar size, cats,
had an F1 of 0.107. For this source, most of its sequences were dis-
tributed across the phylogeny and miss-classified. These sources
with no clonal signal are probably unreliable for attribution. The
phylogenetic analysis suggests that there is unlikely on-going
transmission within these populations and therefore they represent
transient infections, presumably originating from the main source
they are embedded within.

Despite these limitations, even moderate improvements in pre-
dicting minor sources could provide meaningful added value over
traditional typing methods, which already perform well for common
sources, and could support real-time surveillance at national and EU
levels. ML could therefore complement existing genomic surveil-
lance with limited efforts, though reliance on sequencing data may
limit implementation in low- and middle-income countries.

Several animal sources included in this work are not known to be
natural reservoirs of Salmonella, and they most likely acquire the
infection from the same sources as the clinical isolates. Thus,
Salmonella strains isolated from dogs may originate from the same
sources as for humans. In recent years, raw pet food has become
recognised as a higher risk factor for exposure to pathogens such as
Salmonella.’® Dogs are usually asymptomatic carriers, shedding the
bacteria for more than 6 weeks.?” Cats are not considered to be a
major source of human salmonellosis, but may play a role in
spreading infection in rural environments e.g. recolonisation of li-
vestock farms.?’ Cats also suffer recurring outbreaks of passerine-
adapted lineages of S. Typhimurium, which can to lead to clusters of
human cases.”® Considering these sources as either ‘intermediate’
infections or clinical cases may improve the accuracy of the model
and therefore the attribution estimates, but further data collection
from currently under sampled categories would be required (e.g.
wildlife).

Conclusions

This study provides comprehensive source attribution estimates
for the five of the most abundant Salmonella serovars in Europe. The
findings are in line with past attribution estimates utilising smaller
datasets or less discriminatory methods. We demonstrated the
challenges of using genomic population-based features in ML source
attribution, whereby the lack of clonality of some sources can
hamper their prediction. However, it is also likely that these sources
(e.g., pets) do not significantly contribute to the transmission of
human infection. Therefore, attributing them to the livestock com-
partments in which they are often found is both logical and appro-
priate. Moreover, there are clear indications that livestock remains
the main source for human infection. National action plans in the
poultry sector have been shown to successfully reduce the pre-
valence as well as human infections.' In contrast, implementation of
effective Salmonella control efforts in pigs and pork is still missing in
most EU countries.

Country attributions revealed that many human clinical isolates
are attributed to countries other than their own, highlighting the
geographical interconnection of sources, and the value of inter-
nationally harmonised Salmonella-control policies in the food pro-
duction chain.

In the future, improving sampling and data availability from both
the human and veterinary sectors, as well as refocussing on the
primary reservoirs, is likely to further refine the results. Additionally,
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different genomic features, such as those genetic markers that may
be representative of host adaption (e.g., acquired/lost genes) may
improve performance.
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