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Chapter 1

Introduction

This thesis was written in order to obtain the doctoral degree from the Université Paris-Est Sup
via the doctoral school n°581 Agriculture, Food, Biology, Environment and Health (ABIES).
This work was carried out as part of a CIFRE (Conventions industrielles de formation par
la recherche) thesis, �nanced by ACTALIA and IFIP-Institut du porc, and hosted �rst at
the ANSES (French Agency for Food, Environmental and Occupational Health & Safety)
laboratory within the GAMeR (Genome Analysis Modelling and Risk) mission, and then at the
INRAE laboratory within research unit 1404 MaIAGE (Mathematics and Informatics Applied
to the Genome and Environment) in the StatInfOmics team.

This thesis was also part of the CasDAR-RT (Compte d'a�ection Spécial au Développement
Agricole et Rural) project n°1710 EMISSAGE (Epidemiology of Salmonella in the animal sector
by genomic approach), and supervised within the UMT ASIICS (Action pour la Surveillance,
l'Investigation et l'Intervention dans les Crises Sanitaires) of which ACTALIA is the lead organi-
zation. The objective of the CasDAR-RT was to improve the surveillance and characterization
of Salmonellain di�erent food sectors.

Salmonellais a major global bacterial pathogen, highly polymorphic in its diversity of host
range, clinical manifestation and outcome. Its impact on public health and its economical
burden have continuously been driving e�orts to understand the epidemiological situation or
reduce its dissemination, historically by leveraging the most suitable typing methods available
at the time.

The genomics era brought a valuable aid in the investigation and characterization of patho-
genenic bacteria for public health. While pathogenic mechanisms and determinants have been
characterised, the determinants of host tropism are still elusive and the toll on food safety and
public health continues to frequently hit the headlines in the global news.

This thesis project was designed to address the limitations of current methods focusing on
Salmonellagenomics and to transfer the resolutive power of tailored genomics to the under-
standing ofSalmonellaadaptive paths driving, in a context of food-safety control, the host
tropism (food, herd, contamination), the persistence, the resistance and some discriminant
markers. A focus was made in this thesis on twoSalmonellaprevalent serovars in dairy, pig
and pork food sectors :SalmonellaMbandaka,SalmonellaTyphimurium and its monophasic
variant.

The chapter 2 of this thesis presents howSalmonellais unique and diverse, and what is the
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CHAPTER 1. INTRODUCTION 2

state of knowledge after a century of research. A special emphasize was made on the genomics
methods and their increasing usage in both fundamental and applied research related to food
safety. The chapter 3 presents the developments implemented to increase the resolution of
bioinformatics methods in genome comparison, notably thanks to an innovative method based
on the pangenome. Finally, we will show in the chapter 4 the application of bioinformatics
methods in the genomic research ofSalmonellain the dairy and swine sectors, especially in
understanding the diversity and dissemination of these strains.



Chapter 2

State of the art

2.1 Public health and food safety

2.1.1 Brief history of food safety

The recognition and avoidance of inherently poisonous foods may have marked the begin-
ning of the history of food safety, which is almost as old as the history of humanity itself
[1]. Numerous scienti�c and technological advancements brought many discoveries that we
still bene�t today for the quality and safety of food. While most of food hazard a�ected
only a small part of the population, as human diets, habits and foods changed, food safety
became more standardised. Starting with speci�c applications of laws for certain products
(the Assize of Bread - 1202 [2]), states and countries started to de�ne sanitary criteria to
address issues related to health and adulterated products (�rst U.S. Food Safety Act - 1785 [3]).

In the early 1900s, foodborne diseases (typhoid fever, tuberculosis bovis, botulism and scarlet
fever, etc.) were at the highest incidence and prevalence, with the highest mortality rates in
all over the world [1, 4]. As a result, in the 19th and 20th centuries, laws governing food
safety and sanitation regulations as well as research into potentially hazardous microorganisms
were widely established. Some of the pathogens we know today are linked to the names of
microbiologists who discovered them. For example, David E. Salmon, who worked on the hog
cholera, identi�ed the bacterial genusSalmonella, which bears his name and is well-known for
being a serious threat to food safety [5].

Food safety concerns persist today despite thousands of years of experience, 150 years of food
microbiology research and appearance of the latest molecular biology techniques, particularly
given that epidemiological surveillance has shown a constant increase in the prevalence of
foodborne illness [6]. Indeed, devastating outbreaks occurred recently, particularly salmonel-
losis [7], listeriosis [8], enterohaemorrhagicEscherichia coliinfections [9], hepatitis A [10] and
other diseases in both developed and developing countries. The risk of foodborne illness has
increased dramatically, due to biological and chemical contamination of the areas where food
is produced, processed and consumed [6].

With regard to hygiene monitoring, Hazard Analysis Critical Control Point (HACCP) programs
were created to monitor critical control points for potential contamination during food pro-
cessing [11]. Rapid analytical assays were necessary in this quality control scenario due to the
stringent compliance to sanitary procedures in a food-processing environment [12]. Because of
this dogma, the public health community gave a high importance to analytical assays that are

3
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a�ordable and easy to use in the framework of quality control in food-processing environment.

To assure the quality of the detection of foodborne hazard, microbiological methods has
been develop to quickly characterise pathogens. Traditionally, detection of viable bacteria is
performed by cultivating and monitoring the growth of individual microorganisms. Several
tens of commonly used bacteriological media in the food industry have their own purposes
for monitoring of microbiological contamination and/or detecting of pathogenic bacteria [13].
For instance, the use of routine non-selective media such as trypticase soy agar or standard
methods agar, known as the aerobic plate count (APC) or standard plate count (SPC), is
worthy of discussion in terms of the numerous alternative techniques that have been designed
to improve upon it.

Viable and culturable cells can be grown on solid media and produce colonies assumed to be
clones from each isolated single cell (e.g. non-fastidious bacteria on standard media, fastidi-
ous bacteria on enriched media, speci�c bacterial taxa on di�erential agar, speci�c bacterial
taxa on selective agar). Biological culture dependent methods demand divers apparatus and
require laborious work. Usually they involve a long process of sample collection, serial dilution,
plating on selective and suitable media and waiting for appropriate incubation time to get
visible colonies. This quanti�cation of bacteria in each sample is frequently reported as total
number of colony forming units (CFUs). It is recognised that only cells cultivable under control
conditions can be counted with these methods (i.e. incubation temperature, incubation time,
selective media and oxygen availability) [14].

Therefore, despite the advantages of these usual culture methods for viable bacteria detection
(i.e. easy of use and low cost), their sensitivity levels is still relatively low compared with
alternative methods [15].

Immunological and nucleic-acid sequence based detection techniques are supposed to be the
most robust technologies in microbiology. Nucleic-acid sequence-based approaches like PCR
(Polymerase Chain reaction) can detect microbial cells and speci�c genetic elements (e.g. tox-
ins), while immunological approaches are not so speci�c for the detection of microorganisms
because the transcription of detected proteins is a�ected by the cell environment [15].

Thus, di�erent methods based on several PCR targets were created to reach accurate ro-
bust identi�cation and microorganisms detection while combining PCR along with capillary
electrophoresis [16], multiplex PCR based detection (which involves the simultaneous de-
tection of multiple targets in a single reaction well, with multiple pairs of primers to each
target [17, 18], and denaturing gradient gel electrophoresis (PCR-DGGE) (electrophoresis that
uses chemical gradient to denature the nucleic acids as it moves across an acrylamide gel).
Usually it separates genes of the same size based on denaturing ability and length heterogeneity.

Concerning these PCR-based techniques aiming at detecting quickly bacterial contaminants in
food with high sensitivity, the enrichment step is crucial to increase bacterial cell numbers, prior
to nucleic acid extraction and primer-speci�c ampli�cation. Nevertheless, chimeric sequences
induced by PCR-based techniques and associated electrophoresis technical issues limit the
application of such approaches [19].

Immunological methods are based on the speci�c binding of antibody and antigen. More
precisely, a targeted part of antigen (i.e. epitope) binds with the available antibody. Widely
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Disease
Number of
con�rmed

human cases

Hospitalisation Deaths
Reported hospitalised

cases
Proportion hospitalised

(%)
Reported deaths Case fatality (%)

Campylobacteriosis 120,946 8,605 21.0 45 0.05
Salmonellosis 52,702 6,149 29.9 57 0.19
Yersiniosis 5,668 353 29.1 2 0.07
STEC infections 4,446 652 40.9 13 0.42
Listeriosis 1,876 780 97.1 167 13.0
Tularaemia 641 64 52.0 0 0
Echinococcosis 488 44 60.3 0 0
Q fever 523 NA NA 5 2.1
West Nile virus infection a 322 219 91.6 39 12.1
Brucellosis 128 36 64.3 2 3.6
Trichinellosis 117 16 72.7 0 0
Rabies 0 NA NA NA NA

Table 2.1: Reported hospitalisations and case fatalities due to zoonoses in con�rmed human
cases in the EU from EFSA [37]

used immunological approaches in food investigation are enzyme-linked immunosorbent assay
(known as ELISA, which uses antibodies and identify the substance by color change), enzyme-
linked �uorescent assay (known as ELFA, is an immunological-based method, which is similar
to ELISA, but a more sensitive biochemical test) and immuno-magnetic separation (known
as IMS, is a laboratory tool that can e�ectively isolate cells from various food, blood fecal
samples, or other body �uids) [20, 21, 22, 23]. Major foodborne diagnostics are currently
characterized by commercially available ELISA kits [24].

Finally, as sequencing technology has advanced, microbiology has begun to give way to methods
of genomic characterization of strains. Whole genome sequencing (WGS) has been widely used
to provide detailed characterization of foodborne pathogens (detailed in section 2.2). These
genomes of diverse species includingSalmonella, Escherichia coli, Listeria, Campylobacterand
Vibrio have provided a better understanding of the genetic composition of these pathogens
[25]. Using WGS approaches, numerous government agencies, industry and academic institu-
tions have created novel applications for food safety, such as outbreak detection [26, 27, 28]
and characterization [9, 29], source tracking [30], determining the root cause of a contamina-
tion event [31], pro�ling of virulence and pathogenicity attributes [32, 25, 33], antimicrobial
resistance monitoring [34], quality assurance for microbiology testing [35, 36], as well as many
others. The future looks bright for additional applications that arise from new technologies
and tools in genomics and metagenomics.

2.1.2 Foodborne pathogen cases

In 2020, the reporting of foodborne outbreaks in the EU was a�ected by the COVID-19
pandemic, with a decrease in the number of total outbreaks, human cases, hospitalisations and
deaths (Figure 2.1) [37]. Even if the number of foodborne cases decreased, campylobacteriosis
was the most commonly reported zoonosis, as it has been since 2005 (Table 2.1). It accounted
for more than 60% of all the reported cases in 2020. Reported cases are the cases for which
microbiological detection have been carried out and con�rmed the presence of the pathogenic
agent. It was followed by other bacterial diseases frequently reported, such like salmonellosis,
yersiniosis and STEC infections. A total of 3086 outbreaks caused by foodborne agents was
declared in EU in 2020, whereSalmonellawas the principal agent accounting for 22.5 %
(N=694). Salmonellais also responsible for 19% of foodborne outbreaks in USA in 2017 [38].
Listeriosis and West Nile virus infection were the two most severe diseases with the highest
mortality and hospitalisation rates, with 13% and 12.1% of a fatal outcome.
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Figure 2.1: Number of human cases caused by foodborne agent between 2015 and 2020. Figure
made fromhttps://www.efsa.europa.eu/en/microstrategy/FBO-dashboard[37]

Most of outbreaks concern public catering and restaurants, pubs, street vendors, takeaway
and canteens [39, 40, 38], where the main food vectors are Crustaceans, shell�sh, molluscs
and products thereof [37]. However, similar number of outbreaks were reported from domestic
settings in EU [37], underlying the importance of proper HACCP implementation in public
catering. It is also important to take into account that domestic settings outbreaks are not
always reported, and therefore di�cult to estimate accurate numbers.
In France, grouped cases, de�ned by the apparition of at least 2 similar cases, generally
gastrointestinal, where the cause of which can be traced to the same food origin, are called
TIAC (Toxi-infections alimentaires collectives). 1,783 TIAC have been declared in France in
2019, a�ecting more than 15,641 people, of whom 609 (4%) were admitted to hospital and
12 (0.08%) died (Table 2.2) [41]. The most frequently con�rmed pathogen wasSalmonella
with 139 TIAC (36% of TIAC with con�rmed agent), followed byBacillus cereus(16%) and
Campylobacter(14%). 54% of TIAC declared in France are detected in domestic settings.
As in Europe, the consumption of shell�sh is the most responsible of TIAC (13%), but the
suspected foods are multiple and do not allow to suspect a particular food category.

The research activities of the present PhD thesis focus mainly onSalmonellawhich is a relevant
pathogenic bacteria in France (Table 2.2) and Europe (Table 2.1).
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Declared
cases

Sick cases
Hospitalised

cases
Agent N % N % N %
Total con�rmed agents 390 22 4,577 29 281 46
Salmonella 139 36 807 18 161 57
Campylobacter 55 14 241 5 23 8
Bacillus cereus 62 16 988 22 37 13
Staphylococcus aureus 17 4 107 2 8 3
Clostridium perfringens 39 10 957 21 10 4
Norovirus 49 13 1342 29 18 6
Histamine 8 2 41 1 4 1
Diarrheic Shell�sh Poison 1 0 3 0 0 0
Other pathogens 20 5 91 2 20 7
Total suspected agents 1,102 62 8,789 56 227 37
Total undetermined agents 291 16 2,275 15 101 17
Total 1,783 100% 15,641 100% 609 100%

Table 2.2: Detailed report of TIAC declared in France in 2019 from Santé Publique France
[41]

2.1.3 Surveillance of clinical and foodborne cases of Salmonella in France

French surveillance of human cases is carried out by the National Reference Center (CNR for
"Centre National de Référence") forSalmonellalocated at the Institut Pasteur in Paris, while
French surveillance for food contamination is carried out by the French Agency for Food,
Environmental and Occupational Health & Safety (ANSES) [42]. The CNR-Institut Pasteur
Paris analyzes and serotypes strains sent by hospitals and medical analysis laboratories, and
collects information on strains to follow the evolution of the number ofSalmonellastrains
isolated in humans, and to detect clustered cases. The CNR receives nearly 10,000 strains of
Salmonellaevery year, including around 400-600 from babies under the age of one.

For surveillance of non-human strains, the ANSES developed a food safety network provid-
ing passive monitoring throughout the food chain called theSalmonellanetwork [43]. It is
the counterpart to the humanSalmonellanetwork, and thus participates in the food safety
system. The network was o�cially created in 1997 and today includes nearly 150 public and
private veterinary laboratories in 94 departments across France. It is coordinated by ANSES's
Maisons-Alfort Laboratory for Food Safety, which receivesSalmonellastrains of non-human
origin from the various partner laboratories for serological typing (serotyping and/or molecular
serotyping), and collects epidemiological informations onSalmonellastrains that have under-
gone serotyping by the partner laboratories. One of the main objectives of the network is to
collect and characteriseSalmonellaserotypes of non-human origin isolated from the food chain
nationwide, in order to analyse geographical changes and di�erences over time. Each year,
the SalmonellaNetwork collects and centralizes epidemiological information (date isolation,
pathway, matrix, isolation context, etc.) on approximately 12,000 isolates ofSalmonella. Also,
the SalmonellaNetwork provides a source of information on rare serotypes and those not
covered by regulations.

These surveillance data are reported to Santé publique France (SpF) to monitor the salmonelo-
sis incidence, as well as emerging serovars and outbreaks. In addition, there is an active
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surveillance of TIAC cases, which can be declared by doctors, managers of collective or social
catering establishments or consumers who are aware of an episode that may be a TIAC.
Since 1987, TIAC have been subjected to mandatory declaration. SpF centralizes the manda-
tory declarations of TIACs noti�ed to the departmental health authorities from departmental
surveillance agencies (DDPPs - Direction départementale de la protection des populations), as
well as to the regional health agencies (ARS -Agences Régionales de Santé). Concerning the
food monitoring, the DGAL is responsible for the surveillance of zoonoses in the food chain
and of foodborne diseases. It draws up the regulations that govern its core tasks and veri�es
their proper application, working through decentralised services in France's departments and
regions. In order to elaborate surveillance plans and control plans the DGAL collaborates
with the Direction Générale de la Santé (DGS), Direction générale de la Concurrence, de
la Consommation et de la Répression des fraudes (DGCCRF), SpF, ANSES and national
reference laboratory (LNR for "Laboratoire naltional de référence") forSalmonella. In the
event of a health alert, theMission des urgences sanitaires(MUS) plays a national leadership
role and coordinates health alerts at the national level by receiving information on product
non-compliances and human case reports from the various actors presented above.

In France, TIAC and grouped cases are detected on the basis of the mandatory reporting
system (DO -déclaration obligatoire), and in parallel by the CNR system surveillance (about
2/3 of Salmonellasamples detected in humans have been detected at CNR [44]). In case of
a foodborne outbreak, SpF decides to investigate or not (depending on the epidemiological
context), in connection with the MUS regarding the alert elements in the food chain. SpF also
contacts the ANSES and theSalmonellanetwork to investigate a potential food contamination
as the origin of the TIAC. If some food isolates are suspected to be linked to the foodborne
outbreak, SpF centralizes the strains, and sequence them (section 2.2) to check their linkage.
In parallel, SpF conducts a survey investigation to identify the most likely source of contam-
ination. When the contaminated food product is identi�ed, it is removed from the market,
or recalled if it has already been sold. Then, SpF reports the investigation to the �eld ac-
tors with the DDPP to investigate the cause of contamination and the suppliers of the product.

Finally, other platforms are also being developed in parallel, such as the SCA (Surveillance de
la Chaine Alimentaire) platform, which brings together the main players in health monitoring
of the food chain, both public and private, with the aim of providing methodological and
operational support for the design, deployment, animation, promotion and evaluation of health
monitoring systems.

2.1.4 Surveillance of Salmonella at the European Level

In addition to the national surveillance systems, a European surveillance system has been im-
plemented in response to the expansion of worldwide trading favoring inter-country exchanges
of contaminated food.

Between 52,702 (in 2020) and 94,425 (in 2016) salmonellosis cases are reported each year
[37], estimating an overall economic burden of human salmonellosis as high as 3 billion euros
per year. To protect consumers fromSalmonellaand other pathogenic bacteria, the EU has
adopted an integrated approach for food safety from farm to fork. The approach consists of
both risk assessment and risk management measures involving all key actors: EU Member
States, the European Commission, the European Parliament, the European Food Safety Au-
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thority (EFSA) and the European Centre for Disease Prevention and Control (ECDC). The
approach is supported by timely and e�ective risk communication activities, and helped to
reduce human cases of salmonellosis in the EU by almost one-half over �ve years (2005-2009).
In 2003, the EU set up an extended control programme for zoonotic diseases, withSalmonella
as a priority. European surveillance ofSalmonellais mainly controlled by ECDC and EFSA.
While ECDC analyse and interpret data from EU countries on 52 communicable diseases and
conditions, EFSA is focused on diseases and emerging risks associated with the food chain.
EFSA's �ndings are used by risk managers in the EU and the Member States to monitor the
situation, to de�ne control measures and to set or review reduction targets forSalmonellain the
food chain. They are also used by risk assessors such as EFSA's Panel on Biological Hazards
to provide risk estimates. EFSA evaluates the food safety risks ofSalmonellaand provides
scienti�c advice about control options in response to requests from risk managers or its own
initiative, especially with the EFSA report which proposes an overview of important pathogens
in Europe every year [37]. It also assesses the impact of setting new EU-wide reduction
targets forSalmonellain various animals. Countries participating in EFSA monitoring report
their cases to make global estimation of foodborne and zoonotic pathogen prevalence in Europe.

EFSA and ECDC cooperate and coordinate their work in accordance with their respective
mandates under their Founding Regulations and other relevant legal acts. The bene�ts of
this cooperation are in the areas of food safety, control of communicable diseases, infectious
diseases prevention and emergency response. For instance, EFSA and ECDC assessed a
multi-country outbreak ofSalmonellaEnteritidis infections linked to eggs in EU countries [45].
More recently, EFSA and ECDC collaboration was able to identify the cause and the extent
of contamination of chocolate products that generated a multi-countrySalmonellaoutbreak
[46].

Finally, to connect all actors together, network like RASFF (Rapid Alert System for Food
and Feed), created in 1979, make it able to share information between di�erent EU members
and organisation or commissions, to provide a round-the-clock service to ensure that urgent
noti�cations are sent, received and responded to collectively and e�ciently [47, 48]. Thanks
to RASFF, many food safety risks had been averted before they could have been harmful
to European consumers. Vital information exchanged through RASFF can lead to products
being recalled from the market. A robust system, which has matured over the years, RASFF
continues to show its value to ensure food safety in the EU and beyond.

2.1.5 Salmonella control strategies

In Europe, the top �veSalmonellaserovars involved in human infections were distributed as fol-
lows : S.Enteritidis (48.7%), S.Typhimurium (12.4%), monophasic variant of S.Typhimurium
(1,4,[5],12:i:- described in section 2.3.1) (11.1%),S. Infantis (2.5%) andS. Derby (1.2%) [37].
In 91% to 95% of cases,Salmonellais transmitted to human by food consumption [49]. In
France, the products mostly frequently associated with food poisoning bySalmonellaare eggs
(20%), meat (10%), dairy products (7%) and poultry (7%) [44]. The three most commonly
food vectors involved in strong-evidence foodborne salmonellosis outbreaks were "eggs and
egg products" followed by "pig meat and products thereof" and "bakery products" [37]. In
developed countries,Salmonellawas rarely reported o�cially in water-borne outbreaks despite
it was frequently detected in surface waters including recreational waters and waters used for
irrigation or as a drinking water source [50]. The top �ve major sources responsible for human
infections are broilers, cattle, turkeys, laying hens and pigs, isolated from both animals and
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food, with a panel of 17,877 serotyped isolates from food and food-producing animals isolated
in 2020. Compared to humans, broilers are most of the time asymptomatic, thus representing
a major di�culty to detect the infection at the slaughter step. [51].

AsSalmonellais a risk for human health, contaminated products withSalmonellaenforces prod-
uct withdrawals as de�ned by the European Parliament Regulation (EC) directive n°2073/2005
and an obligation to take corrective measures to control and reduce risks for the producer.
These measures have a signi�cant economic cost for the food industry and distributors. Control
measures are framed by the zoonosis directive of the EC No 2160/2003 and of the Council of 17
November 2003 which aims to ensure the detection and control ofSalmonellaat every stage,
particularly during all stages of the food chain and in animal feed, to reduce its prevalence and
the risk to public health [52, 53]. It establishes a coordinated approach with the consultation of
EU country to propose regulation for each animal group (breeding �ocks of chickens in 2007,
laying hens in 2008). The purpose of these checks is to guarantee the microbiological safety
of products dedicated to the human consumption. For information purposes, EU 2073/2005
imposes the absence ofSalmonellain 25g for a large number of products intended for human
consumption, except for minced meat and mechanically separated meat where 10g is imposed.

EC regulation does not exist in pig farming. In France, the EU 2073/2005 and DGAL/SDSSA/
2014-860 imply ISO standards related to the sampling of pig carcass at the slaughterhouse.
However, a detailed guide of pigs measures "Analysis of the costs and bene�ts of setting a
target for the reduction ofSalmonellain breeding pigs" [54] was published by the FCC Consor-
tium for the European Commission SANCO/2008/E2/056 in 16 march 2011. This study has
estimated that the cost of human salmonellosis attributed to the pig and pork sectors was 86.1
million euros per annum across the EU (in 2011). This corresponded to 600 euros per human
case. It proposed several control measures with di�erent scenarios models, especially in feed
sourcing and monitoring, to replace contaminated breeding pigs bySalmonellafree pigs from
a trustworthy supplier (which provides aSalmonella-free certi�cation), quarantine procedure
for new arrival livestock, regulation veterinary checks and vaccination, bio-security measures
as cleaning and disinfection practices. The measures proposed here bene�t both human health
and pig production, and ensures a lower cost than the management of aSalmonellacontami-
nation crisis over the long term.

In the French dairy industry, EU 853/2004 imposes the elimination of milk from sick animals
with clinical symptoms such as fever, diarrhoea and for females having aborted until the end
of vulvar discharge [55]. In a case of a sale, the seller must declare on the health certi�cate
if the cattle comes from a herd where there have been cases of clinical salmonellosis. The
regulation describes that the case of salmonellosis must not have occurred over a period of 2
months or less, or less than 6 months when at least 2 cattle cases with clinical salmonellosis
were detected. Also, as part of theBrucellosissurveillance, abortions must been declared to
the sanitary police. Finally, if dairy foods are found in human cases, local authorities may take
any action to help maintain public safety. As with pork, regulatory and monitoring practices
depend on the country.

To tackle theSalmonellaissue and reinforceSalmonellaregulation, surveillance platforms have
been developed to identify the main sources of contamination, to improve source attribution
speed, and also limit the contamination spread in case of outbreaks.
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Figure 2.2: Genetic markers for taxonomic purposes. Description of WGS methods and their
resolution level. Adapted from Ranieri et al. [59].

2.2 Comparative genomics approaches in food safety

Faced with the persistence and risk ofSalmonella(section 2.1.4), whole genome sequencing
approaches, able to pin down mutations at the nucleotide level, have gained interest while
high-throughput sequencing and bioinformatics have enabled popularization.

The �rst DNA sequencing method (which made it possible to determine the exact base pair
sequence of a DNA fragment) was developed by Maxam-Gilbert and Sanger as early as 1977.
It did not initially �nd broad application in microbial typing as it had a low discriminatory
power at the genomics scale and was classi�ed as a specialized and expensive method [56].
However, with the development of high-throughput sequencing (HTS) technologies in the
2000s, also called next generation sequencing (NGS), the whole genome sequencing became
more a�ordable and rapid for detection and typing of foodborne pathogens.

Di�erent sequencing and analytical methods were developed to increase discriminatory power
and decrease cost (Figure 2.2). Firstly, bacterial sequencing methods were able to identify the
genus and/or the species based on 16S rRNA. Then, one of the most successful sequence-
based typing approaches, multilocus sequence typing (MLST) [57], has been able to de�ne
subspecies or sequence type groups of bacteria (see more description in the section 2.2.1).
Other methodological approaches, like ribosomal gene typing [58], have been able to increase
the discriminatory power with a more precise typing through the indexing of variations across
53 genes encoding the bacterial ribosomal protein subunits.

Nowadays, core-gene and whole-gene MLST along with coregenome SNP methods have been
proposed as methods of choice to characterizeSalmonellastrains [59]. In addition, NGS
sequencing has been implemented in di�erent countries as a routine method (especially in high
income countries) [60], allowing a constant increasing of outcome accuracy andSalmonella
genomes available in international archives. Nowadays, WGS is a helpful tool forSalmonella
phylogenomic analysis, detection of antimicrobial resistance (AMR) genes and virulence gene
predictions [61].
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Figure 2.3: Comparison of coregenome SNPs (A), cgMLST (B) and wgMLST (C) methods
from Alikhan et al. [62] . (A) Maximum parsimony genealogy of 73 genomes of serovar
Agona based on 846 core SNPs. (B) GrapeTree [63] of cgMLST (3002 loci) from 1082 Agona
genomes in EnteroBase. (C) GrapeTree of wgMLST (21065 loci) of the same genomes as in
part B.

Here, we will describe the latest methods used in characterization ofSalmonella.

2.2.1 Multilocus sequence typing

MLST was �rst described by Maiden et al. across a few loci within aNeisseria meningitidis
dataset, and proposed this technique for molecular typing and characterization of bacterial
species in a context of inter-country surveillance system [64]. The characterization is based on
the sequences of internal fragments of (usually) seven house-keeping genes. For each house-
keeping gene, the di�erent sequences present within a bacterial species are assigned as distinct
alleles and, for each isolate, the alleles at each of the seven loci de�ne the allelic pro�le or
sequence type (ST). Di�erent schemes have been proposed, and the two of the most popular
are the pubmlst scheme [65] and Enterobase scheme [66]. An advantage of this approach is
that, as with MLST, loci used in the schemes are readily maintained and easily shared among
laboratories using the same or similar online databases.
Today, the MLST method together with precision provided by WGS and development of new
algorithms provide powerful tools for international surveillance of pathogens [67]. Indeed, bioin-
formatics tools have been developed using MLST scheme at the core and whole genome scales.
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The coregenome (cg) MLST is a MLST approach including loci that are present in all isolates
of a given population or a subset thereof [57]. Also, whole genome (wg) MLST has been devel-
oped to take into account a selection of accessory loci as well. This resulted in a deeper analysis
than the historical MLST performed on few loci. Results are then analysed in a phylogenomic
tree, or in a minimal spanning tree representing the diversity of the dataset. Phylogenomic
trees are trees representing the evolutionary relationships among various biological species. An
example is represented in Figure 2.3 (A). The branch length represents the evolutionary time
between two nodes (or isolates). The evolutionary distance between two nodes is computed
as the sum of all the horizontal branch lengths (in an horizontal tree). A minimum spanning
tree is a subset of weighted edges that connect all isolates in a graph. Only edges that are the
total sum of edge weights that connect the entire graph are displayed. Examples are displayed
in (Figure 2.3 (B) and (C)).

2.2.2 k-mer

In genomics,k-mers are substrings of speci�c lengthk contained within a biological sequence.
Analysis ofk-mers is frequent and widely used to estimate the genome size [68], copy number
and repetitive sequences [69], short read assemblies with De Brujin graphs [70] and genomic
distance estimation [71, 72, 73]. The advantage is that the genomes are analysed without
resource consuming alignment-based algorithms. Comparative genomics methods usingk-
mers (Figure 2.4) relies �rst onk-mers counting for each genomes, where the length ofk
was determined before, andk-mers sets for each genomes are compared to calculate pairwise
distances. These distances can be used as such, but also clustered to visually determine the
distances between genomes.k-mers methods has signi�cant advantages, such as easy addition
of a new genome into a comparative analysis [72], and and allowk-mer pro�les to be processed
across genomes, taking into account accessory loci [74]. For the record, a kmer voting approach
was recently used to build a cg/wgMLST work�ow [75].

2.2.3 Coregenome SNPs

One way to exploit WGS data is the identi�cation of single nucleotide polymorphisms (SNPs)
that vary among isolates. Single nucleotide polymorphisms, frequently called SNPs, are the
most common type of genetic variation among isolates. Others variations, like CNV (Copy
number variations) or SV (Structural variants) de�ne large genomic alterations, and are not
as precise as SNPs. Each SNP represents a di�erence compared to a reference in a single
DNA building block, called a nucleotide. SNPs can be highly informative markers, which are
capable of revealing evolutionary history of homogeneous segments [77, 78], as well as detect-
ing and tracing outbreaks [27, 79, 80, 81]. InDels (insertions or deletion) are also detected
along with SNPs, but are known to be more challenging to call with accuracy than SNPs
[redelings_incorporating_2007 , 82, 84]. It has been showed that some serovars have a
higher mutation rate than other. For example, the mean mutation rates were estimated at
2.2 Ö 10-7 substitutions (1.01 SNPs per genome per year) forSalmonellaEnteritidis lineages
[85] or 9.3Ö10�8 per nucleotide/year for the accumulation of core SNPs (or 0.44 SNPs per
genome/year) forS. Agona [86].

It is di�cult to extrapolate these results becauseSalmonellais under pressure depending on
its environment. It was shown that increasing number of SNP di�erences was observed when
Salmonellais under pressure, and the genetic diversity within aSalmonellaserovar depends
upon sevorar [87]. Also,Salmonellahave an adaptation tool to its vector host thanks to
horizontal transfers. Some strains can also acquire new genomics content that other lineages
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Figure 2.4: Example of work�ow for alignment-free genome comparisons usingk-mers detec-
tion. Figure from Bussi et al. [76]. (A) Genomes are processed from left to right with a
sliding window of �xed length resulting ink-mer databases. (B)k-mer set comparisons are
then computed for pairs of genomes. Arrows indicate thek-mers shared betweenk-mer sets.
(C) From the set comparisons, similarity scores are calculated resulting in a pairwise similarity
matrix. (D) Hierarchical clustering of the similarity matrix yields a tree.

do not have, called accessory genome. Today, SNP-based methods focus on core SNPs be-
cause this analytical methods were originally developed to perform on genomes harboring less
horizontal gene transfer (HGT) [88] and also due to some limits discussed in section 2.2.8.

Coregenome SNP tools were mainly developed as their discriminatory power is higher than
cgMLST [89], and di�erent pipeline emerged during the time [90, 91, 92, 27, 93]. Coregenome
SNP tools relies on variant calling analysis [94, 95] between raw data from sequencing and
a reference genome, and then comparing the SNPs between all isolates. Raw data from
sequencing are mapped against a reference genome [96, 97, 98], and variants are detected
for each position across the genome. Then, using variants, comparison between all isolates
are visualized within a phylogenomic tree (Figure 2.3 (C)). SNPs are also analysed for AMR
(Section 2.3.5.5) or host adaption [98].

2.2.4 Pangenome genes

Work�ows were developed to extract all genes from the pangenome taking into account core
and accessory genes. Core genes correspond to genes shared by all strains in a dataset, while
accessory genes correspond to unique genes or genes shared by some strains. For example,
Roary [99], or more recently Panaroo [100] allow an exploration of the content of core and
accessory genes. Roary performs a hierarchical clustering based on a accessory gene patterns



CHAPTER 2. STATE OF THE ART 15

and provide aligned coregenes for downstream character-based phylogenomic reconstruction
(i.e. based in SNPs). Contrary to Roary which does not take into account non-coding part
of the genome playing an important role in regulation [78, 101], Panaroo is able to deal with
intergenic regions [102].

2.2.5 Pangenome SNPs

Pandora [102] uses graph-based reference on genes or intergenic regions to build a pangenome,
and can identify variants across the full bacterial pangenome. Here, the pangenome corresponds
to the core and the accessory genomes (coding and non-coding). Pandora is e�cient on
distanced related samples, where a single reference can not represent the whole panel. Also,
it can recover more rare SNPs, in the core panel or in the accessory panel. Unfortunately,
variants detected by Pandora are in the form of a graph, and cannot be used for phylogeny,
especially since some accessory variants have a di�erent evolution rate that must be taken into
account.

2.2.6 Genomic comparison using phylogenomic methods

Phylogenomic methods that explore the relationships between microbial genomes have been
used to study the emergence [30], geographical di�usion [103] and transmission of infections
[104]. Phylogenomic topologies can also be informative in terms of source attribution during
outbreak investigations [30].

Given a collection of aligned genomes or genes, a phylogenomic tree can be built based on
di�erent tools. Some fast and simple tools, such as fasttree, are able to estimate approximate
maximum likelihood trees, however they may have limited accuracy [105]. Maximum likelihood
(ML) phylogenomic tree providing large number of evolutionary models and boostrap setting
can be inferred with RAxML [106] or IQ-TREE [107]. Phylogenomic tree based on Bayesian
methods (Markov chain Monte Carlo method) can be inferred with MrBayes [108], or also
other tools like BEAST [109] which focus on timescaled trees. Another tool, ClonalFrameML
[110] allows the phylogenomic inference of recombinant bacterial species while mitigating
the e�ect of horizontal sequence transfer on phylogenomic reconstructions. This tool is also
used onSalmonellato remove recombinant SNP, as phylogenomic reconstruction based on
nucleotide substitution models are supposed to only take into account points mutations [111].

Finally, if some alignments are segmented, or focused on di�erent locus, reconciliations phy-
logenomic methods has been developed. Supermatrices refers to the concatenation of multiple
sequence alignments from di�erent genes/sequences. Unavailable genes/sequences constitute
the so-called missing data in the supermatrix. Nowadays, these methods are implemented in
Bayesian and ML methods, and can take into account the variation of evolutionary rates all
over the sequences. To account for di�erent evolutionary scenarios, partition models were
introduced to allow application of di�erent substitution models to di�erent genes substitution
models [112]. In opposite, supertree methods, combining inferred trees (called "source trees"
or "subtrees") into one �supertree� have been developed to tackle the time consuming method
of supermatrices due to large and potentially heterogeneous datasets. Divided into overlapping
smaller subsets, trees are estimated on each subset, and then combined into a single tree
representing the full dataset using a supertree method [113]. These methods have also been
recently applied onSalmonelladataset [114].
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2.2.7 Using WGS to develop fast tracking methods

If WGS methods have been widely used in outbreaks and epidemiological investigation, this
method is still expensive (a bit less than 100 euros/sample in routine analysis laboratories [115])
and time consuming (up to 2 to 3 days for DNA extraction, sequencing and then analyse the
results) for routine source attribution. PCR and other molecular typing techniques are still used
because they are fast and allow development of new PCR markers targeting sources without
having to explore systematically the entire genome with WGS. But with the new advances of
WGS, methods that can develop new primers have grown. Genomes are now explored to �nd
patterns for source attribution, and these patterns are identi�ed to develop fast, cheap and
simple markers to trace back the infection reservoirs (i.e. regions or sources). Primer-BLAST
[116] is one of the most useful software to design target-speci�c primer for PCR. It allows
the user to design PCR from a sequence of interest and proposes speci�c forward and reverse
�anking primers. Also, experimental properties are taken into account to ensure the matching
with the sequence of interest. A good requirement is that primers should have :

ˆ Length of 18-24 bases

ˆ 40-60% G/C content

ˆ Start and end with 1-2 G/C pairs

ˆ Melting temperature (Tm) of 50-60°C

ˆ Primer pairs should have a Tm within 5°C of each other

ˆ Primer pairs should not have complementary regions

Additional requirements may also be applied in certain cases. For example, to avoid unwanted
ampli�cation of genomic DNA in reverse transcription PCR (RT-PCR), it is recommended that
a primer pair span an intron or that one of the primers be located at an exon-exon junction.
Another concern is the possible impact of SNPs in the primer regions. Since SNPs may act as
a mismatch in some cases, one should consider picking primers outside of such regions.
To select these regions, di�erent strategies have been developed. Some strategy which rely
on conserved sequences from a set of target isolates against a set of exception isolates [117].
Some other strategies are based on kmer [118], micro satellites or low variable regions [119,
120] to ensure the stability of the primers. Finally, primers are most of the time designed from
genes of interest (virulence, host adaptation, AMR) [121], or serovar under strong regulation
in food chain [122, 123, 124]. In the latter, multiplex PCR were developed focusing on
�agellar and lipopolysaccharide genes to quickly determine known serovars of a particular host.
Unfortunately, multiplex PCR are under stringent selection as incorporating more than �ve
to six primer pairs in a single reaction becomes a challenge due to the increasing di�culty
in optimising PCR conditions and di�culty in di�erentiating PCR product sizes by agarose
gel electrophoresis [125]. Hence, multiplex PCR are limited, and primers should be selected
carefully with only one source target to avoid confusion in results.

2.2.8 Limits

While WGS is more sensitive and speci�c than conventional typing methods (MLVA), there are
still barriers to uptake for genomic surveillance around complexity of reporting of WGS results,
timeliness, acceptability, and stability [126]. Sequencing can contain many errors, including
contamination [127], which must be detected. These errors can in�uence the identi�cation of
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SNPs. Also, in term of bioinformatics methods, it was observed that cgMLST present a high
discriminatory power and is able to distinguish outbreak and non-outbreak strains in agreement
with the epidemiological data for someSalmonellaserovars which are heterogeneous enough.
However, it cannot discriminate outbreak and non-outbreak strains for homogeneous strains
(SalmonellaTyphimurium for example) [27, 79].

SNP typing can be extremely powerful, but the current existence of more than 20,000 genomes
of each of Typhimurium or Enteritidis in EnteroBase makes computationally di�cult a such
approach. While SNP-based methods present the highest resolution, cgMLST is less time
consuming and can be easily used on outbreak detection with high sensitivity [62]. Many
public health agencies rely on these techniques, with a risk of letting out some true positives
samples.

Finally, even the most resolutive approach (SNPs from coregenome or pangenes) displays
limitations. These limitations are associated with phylogeny-based methods only handling
variations that are present in all of the considered samples, due to transition models lacking
the frequencies to the unknown and absent states. This restricts variation analyses to the
minimal common sequences shared by all compared samples. Subsequently, the higher the
number of samples, the higher the probability to shrink down the "shared by all" base of
comparison, lowering resolution and depriving downstream analyses such as source attribution
or Genome-Wide Association Studies (GWAS) from a substantial amount of candidates. On
the other hand, pangene SNP approaches relies only on presence/absence of genes, letting
out of the analysis SNPs. Pandora, the only tools taking into account accessory SNPs, rely
on multiple alignment, which is time consuming, and pangenome variation output is not
compatible with phylogenomic inference methods [102]. In addition, it does not solve the issue
about missing data during phylogenomic inference.

To date, the WGS methods in production for conducting foodborne outbreaks investigations
and source attribution rely on coregene analysis or coregenome SNPs and allowed to improve
the detection of outbreaks [79, 128]. These methods also re�ned epidemiologic investigations
to improve source identi�cation and enable identi�cation of more outbreaks at earlier stages.
However, this means that a part of the genomic diversity signal is not used and weakens any
conclusion drawn.

2.3 The many faces of Salmonella

Salmonellais a major global bacterial pathogen, highly polymorphic in its diversity of host range,
clinical manifestation and outcome. Its impact on public health and its economical burden
have continuously been driving e�orts to understand the situation or reduce its consequences,
historically by leveraging the most suitable methods available at the time. This part outlines
the uniqueness and diversity ofSalmonella, and state of knowledge after a century of research.

2.3.1 The taxomomy of Salmonella

The genusSalmonellais a gram-negative Enterobacteria and a common foodborne pathogen
with global public health concerns, leading to 52,702 cases of gastroenteritis in Europe in 2020
[37, 129]. The genus nameSalmonellahad been adopted in the honour of Dr. D.E. Salmon,
who discoveredSalmonellafrom the intestine of a pig in 1885 infected by the �hog cholera
bacillus�, considered to be the causative agent of swine plague [130]. It was later on found to
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Figure 2.5: Classi�cation ofSalmonellaspecies and subspecies from Hurley et al. [133].

be only a secondary invader and was named asS. Choleraesuis. Eversince,Salmonellastrains
have been isolated from a wide host range, causing infectious diseases in both humans and
animals [131] with distinct syndromes [132].

Molecular methods based on 16S RNA genes sequences have shown that the genusSalmonella
consists of two species,S. entericaand S. bongori (also referred to as subsp. V) [134].
Salmonella entericais divided into the following six subspecies :S. entericasubsp.enterica, S.
entericasubsp.salamae, S. entericasubsp.arizonae, S. entericasubsp.diarizonae, S. enterica
subsp.houtenaeand S. entericasubsp.indica (Figure 2.5). S. entericasubsp.entericais the
most well-represented species, accounting for approximately 60% of all serovars identi�ed and
greater than 95% ofSalmonellaisolates obtained from humans and domestic mammals [135].
S. entericasubsp. entericais biochemically di�erentiated into serovars based on the compo-
sition of their carbohydrate, �agellar, and lipopolysaccharide (LPS) structures. AllSalmonella
serovars can be designated by an antigenic formula proposed by Kau�mann, based on somatic
(O) and �agellar (H) antigens in addition to capsular (Vi) antigens.Salmonellaincludes more
than 2,600 serovars, which di�ers in host adaptation and virulence [136]. Some serovars are
host-speci�c, meaning they can only cause disease in one species. For example, the serovar
Gallinarum is speci�c to poultry. Other serovars can be host restricted, which means they are
predominantly associated with one host species, but can cause disease in other species as well.
The serovar Dublin, for example, is generally associated with severe systemic disease in cattle
but may also infrequently causes disease in humans [137]. Finally, some serovars are general-
ists, meaning they can infect and cause disease in a broad range of hosts. For instance, the
host range of the serovar Typhimurium includes humans, livestock, domestic fowl, rodents, and
birds [138, 136]. TheSalmonellahost range and adaptation can be driven by di�erent genetic
determinants related to the feeding environment of the animal, livestock diets, environmental
stimuli, physiological properties of the animal, and work habits for livestock health protection
[98].

2.3.2 Morphology and biochemical properties

Salmonellais a gram-negative rod belonging to the Enterobacteriaceae family. The size of the
bacteria varies with a cell diameter between about 0.7 and 1.5µm and length from 2 to 5
µm. They are aerobic and facultative anaerobes, and show predominantly peritrichous motility
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Figure 2.6: Di�erent biochemical characters ofSalmonellaspecies and sub species from Gri-
mont and Weil [5].

(except forS. e. Gallinarum and Pollorum) [139].
They grow radially, on simple media, over a range of pH between 3.8 and 9.5 and temperature
between 5 to 50� C (optimum pH=7 and 37� C) [140]. Most ofSalmonellaperish after being
heated to 60� C for 3 min [141], although if inoculated in high fat, high liquid substances
like peanut butter, they gain heat resistance and can survive up to 90°C for 30 min [142].
The bacteria ferments glucose and can reduce nitrate. Some of the biochemical properties
of most Salmonellaspp. can help distinguish subspecies and serovar. These biochemical
properties rely on the utilization of citrate, production of hydrogen sulphide from inorganic
sulphur, decarboxylation of ornithine and lysine (Figure 2.6).

2.3.3 Characterization of Salmonella by typing methods

The characterization and typing ofSalmonellahas steadily increased along with the technology
sweep. In the context of food safety control or food poisoning investigations, characterization
of Salmonellaserovars or sequence types is mandatory for source attribution. By analyzing
and comparing how often a given pathogen occurs in food and comparing it to those isolated
subtypes of humans and animals and/or animals production, it may be possible to make infer-
ences about the sources of human infections [143]. Here, we will described the typing methods
used in characterization ofSalmonella.
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2.3.3.1 Subtyping by slide agglutination

Salmonellaserotyping method is based on the Kau�mann-White-Le Minor scheme [5]. The
�rst publication of the Kau�mann-White scheme in 1934 listed 44 serovars [144]. The scheme
then got several changes, containing 958 serovars following Kau�mann's retirement in 1964,
2,267 serovars following L. Le Minor's retirement and following Popo�'s retirement there were
2555 serovars. Since L. Le Minor described most of the presently known serovars, it was
proposed to change the name of Kau�mann-White scheme to White-Kau�mann-Le Minor
scheme [145].

Serotyping is based on the agglutination of bacteria with speci�c sera to identify variants of
the somatic (O) and �agellar (H) antigens [146]. The O antigen is the saccharidic component
of the lipopolysaccharide exposed on the bacterial surface [147], encoded byrfb genes. Its
reacting toward speci�c antisera forms the basis of theSalmonellaserotyping scheme. Several
O antigens may be expressed together at the surface of a single cell. The �agellar (H) is
composed of two phage �agellar antigens, phase 1 and phase 2 encoded by�iC and�jB genes.
Some serovars have the property to express only one �agellar phase, like TMV serovar. Isolates
are assigned to serovar depending on the agglutination as a reaction against the antisera
prepared against these antigens. It is still the method of �rst choice in routine and monitoring
of Salmonellaserovars [148], and also in public health investigation.

2.3.3.2 Antibody microarrays

Some developments aiming at identifying serovars were based on microarray method [149, 150].
These researches were motivated by parallel detection of multiple serovars to reduce analysis
time compared to traditional serotyping. The main advantages of this method over traditional
serotyping are the standardized agglutination detection, and simultaneous detection of the O
and H antigens. In addition, the production and quality control of the hundreds of antisera
required to generate more than 2,500 serotypes is di�cult and time-consuming. At this time,
the method is used on speci�c serovars for strains with signi�cant interest in food safety. This
method needs further development upon its successful validation on a much larger number of
serovars.

2.3.3.3 Phage typing

Other methods based on phage identi�cation has been developed to discriminate serovars of
Salmonella[151]. The characterization is based on the phage lysis patterns between strains,
and is highly valuable in epidemiological studies [152]. Phage typing is a rapid and low cost
approach for the epidemiological surveillance and outbreak investigation for highly studied
Salmonellaserovar like Typhimurium [151, 152] or Enteritidis [153]. The advantage of phage
typing resides in the simplicity of its implementation, which requires only basic laboratory
equipment, but the method is also limited by the number of available phages and the fact that
some serovars cannot be discriminated by this method.

2.3.3.4 Molecular Typing techniques

2.3.3.4.1 Pulsed-�eld gel electrophoresis

Pulsed-�eld gel electrophoresis (PFGE) was until recently the method of chose for the molec-
ular characterization of bacterial pathogenic strains [154]. The method is based on enzyme
restriction of bacterial DNA. Restricted DNA bands are then separated using a pulsed-�eld
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electrophoresis [155, 156]. Standard PFGE protocols have been developed for typing of dif-
ferent bacterial species includingSalmonella, leading it to be one of the most widely used
methods for phylogenomic studies, food safety surveillance, infection control and outbreak
investigations. Potential drawbacks of this technique such as low throughput, time consuming
and labor-intensive caused researchers to think about replacing it with WGS methods due to
their higher resolution [157]. In addition, PFGE displays some limits in discriminating clonal
serovars such asS. Derby [158].

2.3.3.4.2 Molecular typing based on genes and genomics markers

As somatic and �agellar antigens are encoded in DNA, it is possible to develop multiplex PCRs
which can distinguish serovars based on the length of the ampli�ed DNA fragments. Some
studies focused on phase 1 and phase 2 H antigens where the higher detection score was 84.6%
of 500 routines samples isolates [18, 159, 160]. Others studies focused on lipopolysaccharide
of the O antigenrfb gene displaying promising results (94.3% O-antigen group correctly de-
tected) with reduced time compared to traditional serotyping [161]. But it has been observed
that the global diversity ofSalmonellaevolves independently in subspecies and serovars, and
therefore markers have been developed focusing on others genes to determineSalmonella
serovar. Multiplex PCR using gene marker focuses mainly on very persistent and abundant
serovars to reduce the identi�cation time of the most monitored serovars in public health
security. These detection methods mainly focus on the presence of serovar speci�c genes to
discriminate samples quickly [124, 123, 162].

2.3.3.5 Limits

Identi�cation of Salmonellaat the species level poses few problems. This is because most
members of this genus share common biochemical pro�les and a high level of genetic similarity
[163]. However, further identi�cation at the species and serovar levels requires expertise and
extra resources. Indeed, the completeSalmonellanomenclature represents a very complex
scheme, and scientists use di�erent methods to describe and communicate about this genus,
which can make the results confusing [164]. It should also be noted that some serovars share
the same antigenic formula and require additional testing for unambiguous identi�cation, e.g.
the clinically important serovarS. Chloeraesuis shares its antigenic formula (6,7:c:1,5) with
serovars S. Paratyphi C andS. Typhisuis [35].

Despite the utility of serotyping, problems associated with antiserum production and isolates
for which the serovar antigen cannot be detected have led to take advantage of molecular
approaches. With such assumptions, the discrimination power limits of serotyping by aggluti-
nation or pulsed-Field-Gel Electrophoresis (PFGE) are often challenged, especially on frequently
isolated serovars like Derby or Dublin [59, 165, 166]. Furthermore, traditional serotyping is
often not sensitive enough to provide the level of discrimination needed for foodborne illness
outbreak investigations, and it cannot be used to infer phylogenomic relationships [59].

2.3.4 Physiopathology

Salmonella entericais an invasive pathogen able to colonize the gut lumen from its host and
multiply in it [167]. Salmonellacolonizes the small and large intestine, causing gastroenteritis.
Following ingestion and passage through the stomach,Salmonellaencounters the intestinal
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Figure 2.7:Salmonellainfection described in Hume et al. [167]

epithelial layer (Figure 2.7). The epithelial monolayer underlying the mucus layer contains
distinct cell types with di�erent roles. M cells, the specialised antigen-sampling cells of the
mucosal immune system, are capable of transporting luminal antigens to the underlying lym-
phoid tissues. These cells are exploited bySalmonellaas the preferred route to invade the
host [168]. The genetics underlying this strategy is found inSalmonellapathogenicity islands
(SPIs) with gene clusters located at the large chromosomal DNA region and encoding for the
structures involved in the invasion process [169] (section 2.3.5). The bacterial e�ectors then
activate the signal transduction pathway and trigger the reconstruction of host cell's actin
cytoskeleton, resulting in the outward extension of the epithelial cell membrane to engulf the
bacteria [130].

Once the bacteria invade the intestinal mucosa, they replicate, releasing newly formed bacteria
into the gut. Salmonellacan survive and replicate long enough to allow systemic spread through
the reticuloendothelial system. In more severe forms in immunocompromised individuals, the
bacteria can invade further and spread to the bloodstream or the peripheral organs [170]. The
evolution of the disease then varies according to the serovar.
Based on the clinical patterns in human salmonellosis,Salmonellastrains can be grouped into
typhoid Salmonellaand non-typhoidalSalmonella(NTS).

2.3.4.1 Enteric fever

SalmonellaTyphi is the causative agent of typhoid fever, while paratyphoid fever is caused by
S. Paratyphi A, B and C [171]. Typhoid and paratyphoid fever present most often clinically
similar illnesses and are indistinguishable without accurate diagnosis relying on laboratory
con�rmation [172]. Both S. Typhi and S. Paratyphi fever are called "enteric fever", and are
referred to typhoidSalmonella.

SalmonellaTyphi and SalmonellaParatyphi are adapted to human hosts and are considered
as host-restricted serovars [173]. Humans can become ill by consuming contaminated food
or water but also by direct transmission. They can carry the bacteria in their gut for very
long periods (chronic carriers), and classical symptoms include gradual onset of sustained
fever, chills, hepatosplenomegaly and abdominal pain. In some cases, patients experience
rash, nausea, anorexia, diarrhea or constipation, headache, bradycardia and reduced level of
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consciousness [174].

While the number of cases declined thanks to the improvement of prevention and control
strategies such as vaccination measures [171], it is estimated that between 11 and 20 million
of typhoid and paratyphoid fevers cases occurred every year (WHO data, and 14.3 million
cases in 2017 [175]). It was estimated that 135,000 deaths from typhoid and paratyphoid fever
occurred globally in 2017 [175]. Low income countries are the most a�ected, particularly in
Asia and sub-Saharan Africa.

2.3.4.2 Non-typhoidal Salmonella

Salmonellastrains other thanS. Typhi andS. Paratyphi are referred as NTS, and are predom-
inantly found in animal reservoirs.Salmonellaexhibits highly variable host range among the
mammals and colonize the gut of various livestock animals such as poultry, pigs or cows. It
can invade a broad range of hosts causing both acute and chronic infections. Infection with
non-typhoidalSalmonellamanifests itself through a broad range of clinical symptoms and can
result in either asymptomatic carriage or gastroenteritis and in severe cases, death [176].
Most people withSalmonellainfection presents symptoms such as diarrhea, fever, and stomach
cramps butSalmonellastrains can sometimes cause infection in urine, blood, bones, joints, or
the nervous system (spinal �uid and brain) of immunocompromised hosts. Symptoms usually
begin six hours to six days after infection and last for four to seven days. However, some
people do not develop symptoms for several weeks after infection and others may experience
symptoms for several weeks.

2.3.4.3 Host speci�city

Salmonellaspeciation happened 25 to 40 million years ago, diverging fromEscherichia coli
lineage. Then,Salmonellamost likely evolved in three phases [177]. during the �rst phase
the microorganism acquired, through horizontal gene transfer, the SPI-1 which conferred it
pathogenicity determinants. During the phase 2, two distinct species ofSalmonelladiverged
: Salmonella entericaby acquiring SPI-2 to help surviving within host cells, andSalmonella
bongori. Finally, the third phase is related to the division ofSalmonella entericato subspecies,
and the adaptation of subspecies. Subspeciesentericahas adapted to warm-blooded vertebrates
(mammals, birds) [137], increasing the range of hosts, while the remaining subspecies are mainly
adapted to cold-blooded vertebrates [178].
Among the di�erent serovars ofSalmonella entericasubsp. enterica, there is observed di�er-
ences in host range. All animal species are susceptible to carry di�erentSalmonellaserovars
with di�erent clinical range. Most of the serovars belonging to subspeciesentericaadopt a gen-
eralist behavior in clinical symptoms, but the susceptibility to host adaptation is variable, from
serovar with single or restraints hosts to a greater number of hosts. For example,Salmonella
Dublin andSalmonellaCholeraesuis cause systemic disease in cattle and pigs, respectively, while
other species or human could be infected accidentally, or through these vectors. However, in
this example, infection is frequently asymptomatic, making them healthy carrier animals and
shedders in the environment. A smaller number of serovars have only one narrower host range,
generally causing more serious pathologies than a simple gastroenteritis [177] (Figure 2.8).

2.3.5 Pathogenomics

Salmonellais able to displays di�erent virulence and resistance capacities due to its genomic
adaptation [179, 180]. The colonization of hosts bySalmonella entericadepends on the
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Figure 2.8: Host adaptation ofSalmonella entericasubspeciesentericaserovars from Feasey
et al. [176].

function of a large number of virulence determinants [181]. Identi�cation of these virulence
determinants has been approached by various methods such as screening mutants and analysis
of the genes content that contribute to the virulence traits at the molecular and cellular levels.
Di�erent virulence factor, including �agella, capsule, plasmids, adhesion systems, and type
3 secretion systems (T3SS) are most of the time encoded withinSalmonellaPathogenicity
Islands (SPI) [182, 183].

SPIs are gene clusters located in certain areas of theSalmonellachromosome and encodes
various virulence factors (adhesion, invasion, toxin genes, etc.). These factors allowSalmonella
to colonize its host through attaching, invading, surviving, and bypassing the host's defense
mechanisms such as the gastric acidity, gastrointestinal proteases and defensins as well as
aggressins of the intestinal microbiome [184, 185]. For example,Salmonellaencodes a type
III secretion system (T3SS) within SPI-1 (the SPI-1 T3SS), which is necessary for bacteria-
mediated endocytosis and epithelial invasion in the intestine [186]. So far, a total of 17 [186]
or 18 [187] SPIs are recognized.
Here, we will described only SPIs that have an important role in this thesis.

2.3.5.1 Salmonella Pathogenicity Island 1

SPI-1 is a 40kb locus that encodes virulence genes for promoting the invasion of host cells and
induction of macrophage apoptosis (Figure 2.9). The T3SS is assembled from the proteins
encoded by SPI-1 and is termed the needle complex. The needle complex spans the bacterial
envelope, and a needle-like extension protrudes from the bacterial inner and outer membranes
to the host cell membranes. Di�erent proteins, as described in Figure 2.9 are required to en-
code the protein complex, such asinvA, SpaP, SpaQ, SpaR, and SpaSthat form the complex
base [190], orinvG, PrgH and prgK that form the rest of the structure [191]. Finally,SipB
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Figure 2.9: Comparative genomic analysis ofSalmonellaPathogenicity Island 1 (SPI-1) from
Lerminiaux et al. [188]. Alignment ofSalmonella entericaserovar Typhimurium LT2 SPI-1 to
the same locus in Escherichia coli K12. Genes are coloured by function based on annotations
in Genbank and SalCom.

is a Salmonellatranslocon protein that is inserted into host membranes to form a channel
associated withSipD at the needle tip, through which T3SS e�ectors are translocated into
the host cell [192]. The schema of the interaction ofSalmonellaand the host cell using T3SS
is displayed in Figure 2.10.

Among serovars, SPI-1 can have di�erent functional genes as some genes coding e�ectors can
be missing. For example, forSalmonellaTyphi, a partial insertion sequence and transposase
are present at the end of the locus, compared toSalmonellaTyphimurium [187].

2.3.5.2 Others Salmonella Pathogenicity Islands

Here, we will describe on other SPIs identi�ed in this thesis.
SPI-2 is a 40kb locus that encodes for a second T3SS, which is involved in intracellular
survival, in both in intestinal and disseminated infection, and is required for growth within
cells of di�erent hosts [193]. The full repertoire of SPI-2 T3SS e�ectors is not present in
all Salmonellaserovars. However, loss of function of the SPI-2 T3SS in di�erent serovars
invariably causes a strong virulence defect, and when tested, this is usually associated with an
intracellular growth defect, regardless of host cell type [194].

SPI-3 is a 17kb pathogenicity island involved in survival in macrophages and also required
for growth of Salmonellain low-magnesium environments [195]. The distribution of SPI-3
sequences varies among the salmonellae. The virulence genemgtC, which confers the survival,
is conserved in all eight subspecies ofSalmonella. However, some parts of the sequence are
variable, suggesting a di�erent incorporation process in the evolution ofSalmonellasubspecies.

SPI-4 is a 27kb region which harbors genes responsible for toxin secretion and apoptosis as
well as intramacrophage survival, thanks to the contribution ofsiiD, siiE andsiiF genes [196].
It has also been demonstrated that SPI-4 has a major role in in�uencing intestinal colonization
of mammalian species [197]. But some studies still contradict each others as the exact func-
tion and the contribution of the virulence genes contained in SPI-4 had not previously been
conclusively shown to be required for pathogenicity in vivo.
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Figure 2.10: Schematic diagram of the SPI-1-related T3SS needle apparatus in contact with
a host cell from Lou et al. [189].

SPI-5 is an island <8kb in size and consists of �ve genes (pipA, pipB, pipC, sopB, and pipD
[198]). SPI-5 plays a vital role in enteropathogenicity and encodes e�ectors of SPI-1 and SPI-2.

SPI-9 is a 16kb harboring 3 ORFs that encodes a type I secretory apparatus (T1SS) and a sin-
gle, large RTX-like protein. It encodes for virulence factors of type I secretion system [186, 199].

SPI-12 is a 15kb region that encompasses tRNA gene [186] and encodes a remnant phage
known to contribute to bacterial virulence [200]. This SPI is well known inSalmonellaCholer-
aesuis but also found inSalmonellaTyphimurium.

SPI-13 is a 19kb locus carrying 18 functionally genes, mostly found inSalmonellaGallinarum
andSalmonellaTyphimurium. Theses genes contributes to the virulence ofSalmonella, involved
in the bacterial metabolism, and are likely linked to nutritional virulence of this pathogen [201].

SPI-14 corresponds to a 9kb region encoding for a transcriptional regulator and others unknown
function [202]. SPI-14 was studied inSalmonellaEnteriditis and displays a contribution to
systemic infections in chickens [203]. This SPI was also identi�ed inSalmonellaTyphimurium
isolates, with hypothesis of a contribution in the virulence of this serovar [204].

SPI-16 is a 4.5kb long island encoding for genes that are responsible for lipopolysaccharides
modi�cation and linked glucose translocases [205].
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Figure 2.11: Schematic representation ofSalmonellatype 1 �mbriae (T1F) from Kolenda et
al. [206]. (A) �m gene cluster organization, (B) structure of �mbrium, and (C) biogenesis by
the chaperon-usher pathway.

2.3.5.3 Fimbriae

Fimbriae or pili play an important role in the pathogenesis ofSalmonella, as they represent
the most common adhesion system to host cells, a crucial process for the pathogenicity of the
bacterium. Fimbriae represents proteinous structures found on the surface of the bacteria that
can mediate interaction with cells. They mediate adhesion ofSalmonellato di�erent surfaces
(hosts' cells, food, stainless steel, etc.) and have been implicated in a variety of other roles
such as bio�lm formation, cellular invasion [206], and macrophage interactions [207].

Duguid et al. classi�ed �mbriae in seven types (types 1�6 and F) according to the morphology
and haemagglutination patterns [208]. However, another classi�cation, based on serology,
better predicted genetic relatedness of �mbrial antigens. Fimbriae can also be classi�ed based
on the mechanism by which these appendages are assembled on the bacterial surface. This
classi�cation has gained popularity because members of an assembly class can be readily
identi�ed by the sequence homology of their �mbrial biosynthesis genes [209].

Among dozens of di�erent bacterial �mbriae, type 1 �mbriae (T1F) are one of the most com-
mon adhesive organelles in the members of the Enterobacteriaceae family, includingSalmonella,
and are important virulence factors [206]. Figure 2.11 displays the structure of �mbriae proteins
�mAICDHF and three independently transcribed regulatory genes�mZYW . It has been showed
that there is a high degree of allelic variation in adhesins that promote host colonization�mH
in di�erent serovar, likely to contribute to pathoadaption to diverse hosts ofSalmonellaserovar
[210]. This adaptation is important to mention because most studies of host adaptation and
pathogenicity only rely on the analysis of speci�c virulence genes, not undertaking the function
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and the consequence on the protein structure of the �mbriae. Also, the production of the
�mbriae proteins is important for the pathogenicity of the bacteria, because it was shown that
deletion of any one of�mA , �mF or �mH results in an absence of �mbriae production [211].

2.3.5.4 Others important virulence factors

Salmonellavirulence factors can also be located on extra-chromosomal genetic elements or in
segments inserted within the chromosome that originate from other genomes. The acquisition
of a new gene may occur by genetic transformation, but when virulence genes are located on
plasmids (self-replicating double-stranded circles of DNA) they can be mobilised by conjugative
transfer [212]. Often, the genes carried in plasmids provide bacteria with genetic advantages,
such as antibiotic resistance.
SomeSalmonellaserovars possess speci�c virulence plasmids. In these plasmids, there is a
Salmonellaplasmid virulence (spv) locus, whose expression inSalmonellaorganisms has been
reported to be important for intramacrophage survival and multiplication ofSalmonellawithin
the reticuloendothelial system including liver cells and the spleen [213, 214, 215, 187]. It has
also been described that some virulence plasmids confer advantage to certain host.Salmonella
Kentucky isolates have been identi�ed containing an IncF virulence plasmid acquired from an
avian pathogenicEscherichia colistrain that may confer an advantage in an avian host [216].

2.3.5.5 Antimicrobial resistance

The modern era of antibiotics started with the discovery of penicillin by Sir Alexander Fleming
in 1928 [217] and since then, they have been used for combating pathogenic bacterial agents
in both human and animal. Unfortunately, the extensive use of the antimicrobial agents has
led to the evolutionary emergence of resistance to one or more of the antibiotics used against
pathogenic bacteria. Shortly after the prescription to serious infections by using penicillin,
penicillin resistance bacteria emerged, became a substantial clinical problem, so that, by the
1950s, many of the advances of the prior decade were threatened [218]. Since then, resistance
has been seen to nearly all antibiotics that have been developed (Figure 2.12).
The Centers for Disease Control and Prevention (CDC) predicted that 16% of non-typhoidal
infections in the United States between 2015 and 2018 were resistant to one antibiotic or
more [219]. The World Health Organization (WHO) published a survey on antibiotic-resistant
bacteria that present a serious threat to public health [220].Salmonella sppis reported on
this document as a priority pathogen because of the emergence of Fluoroquinolone resistant
Salmonella. Fluoroquinolone resistance inSalmonellaseriously compromises treatment op-
tions, especially for invasive salmonellosis, and di�erent mecanisms have evolved to increase
the survival of the bacteria [221, 222]. InSalmonellaMbandaka, a total of �ve quinolone
resistance genes (qnrB1, qnrB19, qnrB6, qnrB9, and qnrS1) have been already identi�ed in
the genome, but without phenotype con�rmation [103]. InSalmonellaTyphimurium, qnrB5
and qnrS1 has been described as plasmid-mediated quinolone resistance [223]. Finally, in
monophasic variant ofSalmonellaTyphimurium,oqxAB, qnrB and qnrS have been identi�ed
to drive quinolone resistance [224].

One of the most important factors in�uencing the spread of AMR is horizontal gene transfer.
Salmonellais able to resort to di�erent mechanisms (DNA incorporation, integration of plas-
mid content) which allows it to acquire resistance and e�ective virulence for better survival
in its environment. Mobile genetic elements, including plasmids, phage, and transposons, can
facilitate HGT via conjugation, transduction, and transformation, respectively [225, 226].
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Figure 2.12: Timeline of Key Events of developing Antibiotic and Antibiotic resistance reports
from Ventola CL [217]. Dates are based upon early reports of resistance in the literature.

Plasmids, self-replicating mobile DNA elements transferable from one bacterium to another,
are an important vector for these genes of resistance [226]. Resistance genes on plasmids are
usually located on mobile DNA elements (transposons) that can recombine in plasmids or in
the bacterial chromosome via insertion sequences that allow them to integrate into host DNA.
Conjugative plasmids are self-transmissible, giving them the potential to increase the spread of
antimicrobial resistance (AMR) genes. A conjugative plasmid is composed oforiT genes which
prepare the transfer of the DNA content, MOB genes which process the DNA being replicated
and transferred to the new cell, and �nally mate-pair formation (MPF) genes that form the
channel between the two cells where the DNA can travel. Figure 2.13 describe the process
of the conjugation. Mobilizable plasmids carry the genesoriT and MOB genes for plasmid
transfer but generally lack the MPF genes needed for pilus formation. Mobilizable plasmids
can use the help of other coresident plasmids in the same cell to complete the conjugation
process [227]. Some plasmids are called non-mobilizable because they are neither conjugative
nor mobilizable. They spread by natural transformation or by transduction. Hence, plasmids
can be classi�ed into three categories according to mobility: conjugative, mobilizable, and
non-mobilizable. Studies found that there are 15% conjugative, 24% mobilizable, and 61%
non transmissible plasmids in prokaryotes. [227].
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Figure 2.13: Schematic representation of plasmid conjugation from Périchon et al. [228].
Bottom right, donor bacterium; bottom left, recipient bacterium. The chromosomes are repre-
sented in a condensed state. Plasmid is represented as a ring. After a single nick on one of the
two complementary DNA strands of the plasmid, one strand is transferred from the donor to
the recipient. During this process, the complementary strand of the remaining DNA strand in
the donor is synthesized while the complementary strand of the incoming DNA is synthesized
in the recipient. After transfer, each bacterium contains a copy of the plasmid (top) and can
therefore act, in turn, as a donor.

Plasmids are typed based on incompatibility with other plasmids, which are de�ned as the
inability of two plasmids to be maintained together in the same cell line [229]. Twenty-
eight incompatibility groups have been isolated inEnterobacteriaceaeand di�er by the AMR
genes they can carry. Despite the identi�cation of the plasmids in anEnterobacteriaceae
and aSalmonella, the plasmid can evolve and gain or lost functions, making not possible the
prediction of AMR of aSalmonellabased on the presence of a plasmid [230]. Thus, even though
Salmonellacontain plasmids that can be found in many organisms, serotypes ofSalmonella
di�er in the frequencies of plasmids they contain, and new plasmids can emerge within any
serotype. While some serotypes are more likely to contain certain plasmids than others, these
plasmids can exist in any serotype, and no incompatibility group is con�ned to a single serotype.
Presented examples of serotypes that can contain certain plasmids more frequently than others
(Figure 2.14).

Typing plasmids is important to understand the AMR circulating in strains. The cmy-2 gene
was detected in a plasmid distributed inSalmonellaTyphimurium strains [231], which confers
resistance to ceftriaxone, a highly used drug treatment of children with invasiveSalmonella
infections. IncHI2 plasmids have been identi�ed inSalmonellaMbandaka strains [103], me-
diating for quinolone resistance in Mbandaka, but also� -lactams resistance from food and
clinical strains ofSalmonellaTyphimurium [232].

Finally, other vectors as phages and Genomic Island can mediate the AMR and the multiple
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Figure 2.14: Examples of plasmids groups associated with someSalmonellaserotypes from
McMillan et al. [226]. Virulence or antimicrobial resistance genes added by the plasmid is
displayed.

AMR of Salmonella. WhileSalmonellaPathogenicity Islands (SPI) displays high set of virulence
genes,SalmonellaGenomic Islands (SGI) tend to carry antibiotic resistance genes. SGI-1
(SalmonellaGenomic Island 1) is a chromosomal locus identi�ed inSalmonellaTyphimurium
and widely distributed in other serovars. SGI-1 carries di�erent resistance genes, with variable
pro�les according to the serovar [233]. Resistance to ampicillin, chloramphenicol, �orfenicol,
streptomycin, spectinomycin, sulfonamides, and tetracycline is a well-studied combination of
resistance genes found in SGI-1 [234, 233].

2.3.5.6 Biocides resistance

Salmonellais in constant mutation leading to more persistent and more resistant strains to the
di�erent sanitation products used in industries [44], threatening general hygiene and safety.
The determinants driving persistence, transmission and their evolutionary frame are not fully
known. Biocide type used depend on theSalmonellaserovar identi�ed [235], as some cleaning
product are no longer e�cient due to the emergence of multi-resistantSalmonella.
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The main targets of biocides action are the lipoproteins and phospholipids present in the outer
membrane of bacteria. To ensure its survival,Salmonellauses strategies, such as changing the
type of its outer membrane to resist biocides [236, 237]. Other genes determinants, likeacrB
has displayed a biocide resistance phenotype forSalmonellaTyphimurium [238]. Finally, SPI
can carry resistance genes likePipB that is associated with membranes and play a critical role
in biocide resistance [239].

In addition, to tackleSalmonelladissemination, biocides play an essential role in limiting the
spread of infectious disease. The food industry is dependent on these agents, and their in-
creasing use is a matter for concern.Salmonellawith increased tolerance to biocides emerged,
endangering the food industry. Some resistance to biocides (benzalkonium chloride, chlorhex-
idine, triclosan) has been identi�ed inSalmonellaserovars Enteritidis and Typhimurium [240].
Furthermore, over-exposures of biocides contribute to the development of microbial resis-
tance mechanisms, highlighting that inappropriate use of biocides in situations where they
is unnecessary are dangerous. Other studies showed a strong resistance of someSalmonella
strains. Salmonellaisolated from 39 hen eggshell surfaces displayed tolerance to benzalkonium
chloride (7.7%), cetrimide (7.7%), hexadecylpyridinium chloride (10.3%), bisphenols triclosan
(17.9%), hexachlorophene (30.8%) and �nally P3-oxonia (25.6%) [241].Salmonellastrains
with higher tolerance would be expected to also have greater possibilities for survival to dis-
infection processes. Also, the study pointed out that diluting biocides below their e�ective
concentrations would play a role in survival and then in the acquisition of resistance genes
[242], and also in cases of bio�lms, biocide-tolerant strains could play an important role of
Salmonellapersistance in the environment.

While partial explanatory factors were characterized within the genome and transcriptional
regulation realms [243], it is clear that the complete elucidation of biocides resistance is far
beyond the boundaries of the routine analyses. To add to the pressure resulting from sanitation,
co-evolution with the host drives the pathoadaptation and the clinical manifestations, impacting
for example the transience ofSalmonellapresence in milk. Being most essentially a gastric
pathogen,Salmonellacoexists with the gut microbiome which restrains its possibilities in term
of adaptation. All these constraints forced all sides � the pathogen, the host and the �ora �
to adapt their defense mechanisms, leading to a rapidly obsolete knowledge of systems and
arguing for continuous research, survey and updates.

2.3.6 Monitoring Salmonella using genomics

WGS can provide more insight in outbreaks investigations [244], thus some public health
agencies, especially in developed countries, have developed WGS methods to overcome the
lack of precision of usualSalmonellatyping methods [26, 245, 246]. Conventional typing
results do not always have su�cient granularity or robustness to de�ne strains unequivocally,
and su�cient epidemiological data are not always available to establish links between patients
and the environment. The most advantages reported by public health agencies using WGS
is the database of genomes used for the monitoring of the overall number ofSalmonella
isolated at frontline laboratories and the number of isolates referred to the laboratories [247].
Di�erent kind of data can be saved (ST, SNPs, virulence, AMR) and compared to pro-
vide more insights of a new outbreaks. MonitoringSalmonellausing WGS was able to make
possible the detection of new epidemic cases and new linked samples on an epidemic case [126].
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WGS have been demonstrated to provide improved and exhaustive data related to pathogen
genotypic characteristics and can allow the identi�cation of virulence determinants, AMR genes
and serotypes forSalmonella, allowing a real-time monitoring of emerging resistances [245]. It
can also evaluate the evolution of strains during an outbreak [248].

Studies displayed that both SNP calling and cg/wg MLST accurately distinguishes outbreak-
related isolates from non-outbreak isolates [249]. The identi�cation of genetically closely
related isolates using cgSNPs or wgMLST are highly concordant with epidemiological data and
provides more resolution than cgMLST. But it was also reported that cgMLST was su�cient
for bacterial surveillance [128], especially due to clustering through minimum spanning tree
(MST) [63].

At the Public Health of England, the SNP detected in genomes is now utilized by epidemi-
ologists and microbiologists as the primary method for identifying microbiological clusters of
gastrointestinal infections and detecting potential outbreak events. Case isolates that fall
within a 5-SNP single linkage cluster are considered likely to be exposed to a common source
of contamination. The 5-SNP threshold is variable depending on the serovar, but it was esti-
mated to be a stringent and su�cient threshold for common serovar isolated in England [250,
251]. In Australia, the SNP cuto� is< 8 SNPs forSalmonellaTyphimurium, also de�ned
from observed SNPs in known outbreaks. Using this threshold, WGS data combined with
epidemiological data link an additional 9% of isolates to at least one other outbreak isolate
(compared to MLVA), and 19% more isolates compared to epidemiological data alone [126].
Finally, some approaches based on dynamically increased SNP cut-o�s are used to generate
outbreak investigation clusters, but these methods are still under study [252].

In France, WGS is not systematically implemented as the main typing tool forSalmonellain
foodborne outbreak investigation. CNR Pasteur, described in section 2.1.3, has implemented
WGS as its primary typing tool [44], but it is not routinely implemented at ANSES. It is
therefore di�cult to trace back outbreaks. Combined with epidemiological data, investigators
can track back the dissemination of strains at the regional scale and point-out exchanges of
strains between places and the origin of their contamination.

2.3.7 Salmonella in the pig and pork industry

2.3.7.1 Serovar prevalence in pig and pork

SalmonellaCholeraesuis was the �rstSalmonellaserotype isolated from pigs [253], only 2
years after the �rst isolation ever ofSalmonella, performed by Ga�ky in 1884 [254]. During
1950s and 1960s,SalmonellaCholeraesuis, including variant Kunzendorf, was the predominant
serotype isolated from pigs worldwide [255]. From all theSalmonellaserotypes, the more
important ones causing clinical disease in pigs areSalmonellaCholeraesuis andSalmonella
Typhimurium. In recent years,S. Typhimurium and its monophasic variant have replacedS.
Choleraesuis as the predominant serovar (described later) in many countries [256, 33, 257].

Pork is the most signi�cant source of meat responsible for human transmission ofSalmonella
[259]. It is well known that pork is a strong vector ofSalmonella[260, 261]. Pigs can be either
asymptotic or display strong in�ammatory response leading to salmonellosis and sometimes
death. In French human food sector, 37 di�erent serovars were isolated in 2019 from pork
food, monophasic variant of Typhimurium serovar being the most prevalent followed by serovar
Derby and Typhimurium, which together account for 56.5% of serovars detected [262].
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Figure 2.15: Distribution of the three main serovars for the main sectors of the human food
sector from Leclerc et al. [258].

Together with S. Enteritidis, S. Typhimurium and its monophasic variant, these three
serovars represented 77.6% of the con�rmed human cases acquired in the EU in 2020 [37].
S.Typhimurium was mainly linked with broiler and pig sources. The monophasic variant of
Typhimurium was related mainly to pig and secondly to broiler sources.SalmonellaEnteritidis
is primarily related to broiler source, but rarely found in pork [37].

In the pig and pork industry, non-typhoidalSalmonellainfections are mostly related to serovars
S. Typhimurium and its monophasic variant [259], representing 17.9% and 43.7% of all
Salmonelladetected in pork meat in 2015 [43]. They are 2 of the 3 main serovars detected in
the human food sector (Figure 2.15), and have caused outbreaks especially in dry sausage in
2010 [263].

The monophasic variant of Typhimurium (TMV) �rst appeared in Europe in the mid-1990s
and the threat dramatically increased between 2005 and 2008, where it became one of the top
three isolated serovars in human health and has kept its place today [44, 44]. This serovar is
characterized by a high prevalence of resistance to ampicillin, streptomycin, sulfonamides, and
tetracyclin [264, 265], representing a public health issue.

2.3.7.2 Clinical and prevalence of Salmonella in pigs

Prevalence ofSalmonellais hard to estimate at the pig farming level due to the asymptomatic
carriage of pigs. But, according to studies, the prevalence ofSalmonellain pigs and pork
products can vary between 25% [266] to 50% [267] in some country, with di�erent prevalence
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according to the health protocols of certain farms. Reporting salmonellosis cases in pig is
mandatory, but asymptomatic cases do not allow a complete follow-up of the number of cases.
In slaughterhouse and processing industries, controls are mandatory on raw materials and
�nished products, and allow a good vision on the distribution of serovars in this part of the food
chain. Between 2009 and 2015,SalmonellaDerby was mainly found in slaughterhouse carcasses
(28% of isolated serovars), whileS. Typhimurium was more prevalent in food processing and
pork products (31% of isolated serovars) [268]). In 2015, the mean prevalence ofSalmonella
in pig carcass was between 1.8% and 9.5% depending on the slaughterhouse category [256].
Salmonellamight occur at any age, but is more frequent in growing pigs of 8 weeks or
older. Infection withSalmonellaTyphimurium has been associated with a strong in�ammatory
response and activation of immune mechanism in pig [269]. Although infections in pigs by
ubiquitousSalmonellaserovars could result in enteric and even fatal disease, infected animals
frequently and asymptomatically carrySalmonellain the tonsils, gut and gut-associated lym-
phoid tissue without seeing clinical e�ect. Without the implementation of speci�c measures
during slaughtering, such as carcasses bagging or speci�c singeing of fecal stains, a risk of
cross contamination of the carcasses from the faeces during evisceration or removal of the
tonsils exists resulting in the contamination of the meat, thus being a potential risk for human
health [270, 259].

Pigs can be subclinical carriers ofSalmonellafor long periods of time because the organism
survives in the mesenteric lymph nodes located in the intestine. In addition, the bacteria
survives well in feces and infecting pigs can shed after 24h of the infection, increasing the
time of exposure to the disease [271]. It was also demonstrated that a few pigs shedding low
levels ofSalmonellaorganisms before slaughter can result in rapid transmission and subsequent
shedding by many swine [271]. Many of these carriers do not excrete the bacteria in faeces,
unless they are under stressing conditions like transport to the slaughterhouse. Transmission of
Salmonellabetween pigs occurs mainly via the faecal�oral route [261] although some studies
have demonstrated that the upper respiratory tract and lungs could be portals of entry as well
[272].

In addition, contamination of pig carcasses can be linked to cross-contamination from other
carcasses and the presence ofSalmonellain the environment [259]. The disease depends on the
strain and the dosage. To limit humans cases due to contaminated pigs, various treatments,
such as probiotics, prebiotics [273], and vaccination have been developed [274, 275].

2.3.7.3 Salmonella Typhimurium, the most prevalent serovar in pig industry...

SalmonellaTyphimurium represents 17.9 % ofSalmonellaserovar isolated in pork industry in
2015 [43], and 7.7% in 2019 [262]. While this serovar is multi-host, it is well implemented in
this industry, causing serious health hazards. Irish data from the EU baseline survey (2016)
on the prevalence ofSalmonellain slaughter pigs showed that 57% ofSalmonellaisolated
wasSalmonellaTyphimurium [267]. In UK, 43.9% ofSalmonellaisolated in pig in 2020 were
SalmonellaTyphimurium [276]. Although this serovar is also common in Africa [176, 277] and
Asia [278], it is impossible to compare these data since they are muddled with TMV isolates
(described in 2.3.7.4).

Studies have been conducted to understand the prevalence of this serovar in some hosts, and
also their evolution pathways that emerged in di�erent ST. For example, a study suggested
that passerine-adaptedS. Typhimurium from USA and UK countries have emerged in recent
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decades, shared a common ancestor that may be spread by gulls and terns, and formed lin-
eages distinct from the majorS. Typhimurium lineages originating from humans and domestic
animals [279].

Di�erent sequence types have been described for this serovar. Some ST are more prevalent in
some continents or countries. For example, in Africa, ST313 is the major ST, followed by ST19
and ST394 [280]. In Brazil, ST313 and ST19 were identi�ed, while ST313 is rare outside of
sub-Saharan Africa, displaying the ability of theSalmonellato adapt in di�erent environment.
In Europe, ST19 is most commonly associated withSalmonellaTyphimurium in pork [79, 281].
Others ST (ST328, ST34) have also been isolated from this host.

2.3.7.4 ...becoming less prevalent than its monophasic variant

Salmonellaserovars can produce two types of �agellar proteins and switch from one type
to the other by the expression regulation of�iC , �jBA , and hin genes [282]. Salmonella
Typhimurium is bi-phasic, meaning it can express the two type of �agellar porteins : phase
1 �agellin (FliC)and phase 2 �agellin (FljB). However, since the late 1990s, a new variant,
lacking expression of the phage 2 �agella has increased among human cases of salmonellosis.
It was detected in Spain (10 strains from 1993 to 1996), but started to spread as the �Spanish
clone,� which emerged rapidly since 1997 [283].

This lack of mutation can be explained by a various deletion ofFljBA, or other mutations and
deletions of�jA or hin, or even deletions directly on promoters that control the expression of
�jB and �iC [284, 285].

Nowadays, it became the most prevalent serovar in di�erent countries such as France [37,
44]. It represents 43.7% ofSalmonellaserovars detected in pork in 2015 [43] and 25%
of all human cases of non-Typhoidal Salmonellosis. It has taken a prominent place among
Salmonellaisolates in France, and has been increasing steadily from 2008, mainly due to the
international spread of the multi-resistant antibiotic clones [286]. In 2020 in UK, for the �rst
time since 2014, TMV was less present thanSalmonellaTyphimurium in pigs (34.4% TMV,
43.9%SalmonellaTyphimurium), but this event is rare, as TMV is the 1st isolated serovar in
previous years, ahead ofSalmonellaTyphimurium by between 3% to 27%.

While there is no clear explanation about its prevalence, TMV showed a large panel of heavy
metal gene resistance like copper, silver or mecury [287]. This panel of resistance can be
explained with the description of genomics island encoding for these genes [180]. Several
studies targeted its genomic and phenotypic singularities, for instance several insertion [180,
288] or deletions [289] in intergenic regions speci�c toSalmonellaTyphimurium were found.
None of them however explained which determinant makes this variant persistent neither it is
known how it spread around the world.

With an evolutionary point of view, TMV clones are spread word-wildly. Studies demonstrated
that UK isolates associated with many animal species and human clinical infections in the
United Kingdom arose recently, clustering with previously described North America and Spain
isolates [180].
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Figure 2.16: Geographical dissemination of monophasic variant ofSalmonellain France. Map
inferred bySalmonellaNetwork data [43] with personal data isolated from pig sector.

2.3.7.5 Notes about speci�c genomics investigation of Salmonella Typhimurium and
its monophasic variant

SalmonellaTyphimurium and its monophasic variant have been well described due to their
prevalence in humans and animal reservoirs. AMR has been studied,in silico and in vitro
[228, 290]. In USA, the most frequently observed antibiotic resistance patterns found in
S. Typhimurium were tetra-resistant pattern ASSuT (ampicillin, streptomycin, sulfonamides,
and tetracycline) and the penta-resistant pattern ACSSuT (ampicillin, chloramphenicol, strep-
tomycin, sulfonamides, and tetracycline [291]). In Asia [224], tetracycline, ampicillin, sul-
�soxazole, and streptomycin resistance were found in more than 75% of the isolates. Other
resistances were less prevalent for cipro�oxacin, cefotaxime, ceftriaxone, cefepime, ceftazidime,
and colistin, but of great concern in terms of their current clinical importance [220]. Studies at
the pig herd level revealed that most clonal groups ofSalmonellaTyphimurium and TMV were
highly drug resistant due to the presence of multiple AMR genes [292], with evidence of recent
on-farm plasmid-mediated acquisition of additional AMR genes (pSTM and IncHI2 [293, 232]).

Also, phage content was strongly analysed as it provides rapid, accurate, and a cheap method
of investigatingSalmonellaTyphimurium and TMV strains for epidemiological reasons. Phage
type U288 is particularly associated with pigs and is the most commonly isolated phage type
of S. Typhimurium in 2020 in UK, followed by DT193 [276]. DT204, phage resistant against
sulfonamides and tetracycline were one of the most frequently isolated phage from pigs in
SalmonellaTyphimurium, but recently, TMV clones DT104 [294], virulent and drug-resistant
isolates, are spreading all around the world [295].
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Finally, to analyzeSalmonellagenome variants, most of the time a pipeline based on reference-
mapping is implemented. To increase the quality and accuracy of the downstream analysis,
the choice of a good quality and a well representative of the dataset reference genome is
crucial [296]. InSalmonellaTyphimurium, the most common used reference isSalmonella
Typhimurium LT2 [297]. SalmonellaTyphimurium LT2 is one of the most studied lineage
since the 1950s, with a major focus on its genetic and biochemical content [298].

2.3.8 Salmonella in cattle

2.3.8.1 Serovar prevalence in cattle

Overall, the 10 most frequently reported serotypes between 2000 and 2017 in cattle are Monte-
video, Typhimurium, Kentucky, Meleagridis, Anatum, Cerro, Mbandaka, Muenster, Newport,
and Senftenberg [299]. According to this study, these serovar accounts for 65% of the isolates.
SalmonellaMontevideo andS. Dublin are the most frequently reported serotypes in North
America and Europe, respectively, whileS. Typhimurium is the most frequent in Africa and
Asia. In UK, SalmonellaDublin remained the most commonly reported serovar accounting
for 57.7% of total cattle isolations. It was also observed that the prevalences ofSalmonella
serovar have little variations, and the most prevalent serovars are persistent. The second most
common serovar in 2020 in UK wasS. Mbandaka (16.2% of total cattle isolations) [276].

In France in 2019, in animal health and production, the sectors mostly a�ected bySalmonella
were the poultry and bovine sectors, and the most frequently isolated serovars from bovine
sectors were Dublin, Montevideo, Typhimurium and Mbandaka (Figure 2.17), displaying a
concordance with data from others European country [258, 262, 300].
Focusing on milk industry, the two most detectedSalmonellaserovars areS. Montevideo
(26.3%), S. Mbandaka (21.1%) andS. Dublin (17.3%) in France [43]. Several outbreaks of
food poisoning occurred in the dairy industry associated to di�erent raw milk cheeses [301,
302, 303] forS. Montevideo andS. Dublin, demonstrating that the identi�ed strains are able
to be transferred all along the chain to infect humans [258]. While others serovars seem to be
adapted to cattle industry from all over the country,SalmonellaMbandaka is isolated mainly
in northern France and Brittany regions (Figure 2.18).

2.3.8.2 Clinical and prevalence of Salmonella in cattle

According to a systematic review based on studies published between 2000 and 2017 [299],
pooled prevalence ofSalmonellain cattle is around 9% in the world. Signi�cantly high het-
erogeneity was observed within continents, where the prevalence varied from 2% (Europe)
to 16% (North America). In addition, prevalence varies among all studies, because some
studies have focused on farms with very high prevalence for the purpose of investigation. For
example, a study in USA estimated a prevalence from 27 to 31% of dairy herds are colonized
by Salmonella, taking into account environmental samples [304]. In France, prevalence of
Salmonellain cattle is at the same level as for pork, around 9% [300]. As for pork, reporting
salmonellosis cases in cattle and dairy farms are not mandatory.

Beyond the considerable economic losses, contaminated raw milk or �nished products infected
by carrier cows can cause severe infections in dairy cattle [305]. Although diarrhoea is a
common consequence ofSalmonellainfections in cattle, the consequences of others serovars
like S. Dublin commonly reach respiratory syndromes in calves or abortion in gravid cattle
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Figure 2.17: Distribution of the �ve main serovars for each of the four main sectors of the
animal health and production sector (2019) from Leclerc et al. [262].

Figure 2.18: Geographical dissemination ofSalmonellaMbandaka andSalmonellaDublin in
France between 1999 and 2021. Map inferred bySalmonellaNetwork data [43] with personal
data isolated from bovine sector. Left : map ofSalmonellaMbandaka isolated from bovine
sector in France. Right : map ofSalmonellaDublin isolated from bovine sector.



CHAPTER 2. STATE OF THE ART 40

[306, 307]. Calves aged two to six weeks are most commonly a�ected often following purchase
from a market although such trade in dairy calves is now much less common. The clinical
signs depend on age and the presence of passively derived immunity. Some studies report high
morbidity (14% to 60%), and mortality could vary from 0% to 14% in some cases of adult
cattle [308]. When salmonellosis occurs on a farm, large numbers of animals can become very
sick in a short period of time. Consequently, this disease can be extremely costly.Salmonella
infections in cattle can produce long-term asymptomatic carriers that can periodically shed
bacteria in the environment, contributing to the propagation within herds [309], or to humans
through direct contact or consumption of contaminated products. Also, a seasonal trend has
been observed forSalmonellacontamination in calves, with a peak seen in the autumn, which
probably re�ects the tendency for many dairy herds to calve later in the year [276]. The
prevalence ofSalmonellain cattle could be explained by a diversity of factors: the bacterial
ability to survive in the environment, the asymptomatic carriage of individuals, the intermixing
of cattle and their exchanges between farms, contaminated food and other factors [310].

2.3.8.3 Salmonella Mbandaka, a multi-host serovar

Salmonella entericasubsp. enterica serovar Mbandaka was �rstly isolated from human
salmonellosis in the Belgiun Congo in 1948. Soon after, this serovar has become a global
problem, with occurrence of salmonellosis and strain isolation in Sweden, Belgium, the Nether-
lands and Germany [311]. Finally, S.Mbandaka became widespread globally, being currently
classi�ed as one of the top-10 serovars responsible for salmonellosis cases in humans in the
EU [37]. It was detected in intermittent outbreaks in Michigan, or in a multistate outbreak
infection linked to Kellog's cereals [312]. In Poland, this serovar has been associated with in
feed and poultry [313].

SalmonellaMbandaka is a multi-host serovar, often found in cattle and poultry. Contrary to
SalmonellaDublin, the most prevalent serovar in cattle salmonellosis,SalmonellaMbandaka
causes asymptomatic carriage and fecal shedding but can be deadly in some cases [300, 299].
In France,SalmonellaDublin is the most prevalent serovar but there is a strong prevalence of
SalmonellaMbandaka in North France. This serovar represents 21.1% ofSalmonellaserovars
detected in milk in France in 2015 [43]. It is also the third serovar isolated in Uk in 2018 [276].
Despite a high prevalence,Salmonellahas not be well studied in genomics, mostly because
human cases are rare, and cases of illness among bovines are not as violent as others serovar
like SalmonellaDublin. But some outbreaks have been studied where the number ofSalmonella
Mbandaka found in livestock or human cases where exceptional [314, 315].

2.3.8.4 Mbandaka is poorly studied in genomics

In genomics,SalmonellaMbandaka has been poorly studied, mainly because of the lack of
human cases. Most of the time, paper reportingSalmonellaMbandaka genomics results are
from paper with multi-serovar analysis [315]. For example, the �rst sequencing ofS. Mbandaka
strains from cattle was achieved in 2013 [315] and displayed some annotation on the genome,
like GC content, genome length and number of genes predicted. Another study from Timme
et al. [316] associated aSalmonellaMbandaka strain with a sublineage close toSalmonella
Typhi. Finally, a study [87] calculated the genetic changes ofSalmonellaMbandaka after short
timed heat treatment in a low water activity and high fat matrix. These strains displayed 19
randomly appeared SNPs in the genome after 10 heat treatment cycles, and were responsible
for a population of diverse isolates. These results highlighted the importance of stress condi-
tions of theSalmonellain source tracking investigations.
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Finally, one thesis [317] focused on genomics aspects ofSalmonellaMbandaka as AMR or
host attribution. The phylogenomic structure ofS. Mbandaka was studied, incorporating
enormous amount of genomes from di�erent country and sources. It also identi�ed virulence
and AMR gene repertoire ofSalmonellaMbandaka, and revealed the capability of this serovar
as a potential threat to public health (streptomycin resistance and aminoglycoside resistance
genes for example). It also identi�ed the major sequence types ofSalmonellaMbandaka :
ST413, followed by ST1602, ST2238, ST2404 and ST2444.

2.4 Problem statement

To improve the surveillance and the characterization ofSalmonellain di�erent food sectors, the
UMT (Unité Mixte Technologique, Joint Technological Unit) ASIICS (Action for Surveillance,
Investigation and Interventions in Sanitary Crisis) was created, teaming up three institutes
involved in food safety in di�erent food sectors: the French Agency for Food, Environmental
and Occupational Health & Safety (ANSES) and two agro-industrial technical centers, the
French Pig and Pork Institute (I�p) and the French Food Safety and Dairy Products Institute
(ACTALIA). They are aiming at sharing their resources, knowledge, data, workforce, experience
and expertise to gather targeted material, spread and transfer the genomic approaches and
methods to food safety actors, perform research, genomics analyses and ultimately edit safety
guidelines and outreach by publication the spread of the scienti�c �ndings.

In French pig sector, the dissemination ofSalmonellaTyphimurium and its monophasic vari-
ant is not yet clearly understood, especially concerning the prevalence of the TMV over
SalmonellaTyphimurium. Even if some studies have been made at the European scale [286],
there is no study about the geographic diversity of these serovars in France in a speci�c
host. The persistence of these strains in pig farms and slaughterhouses is not explained,
and we do not know if there are local adaptations that explain it. There is a need to char-
acterize their diversity over the country, and compare and contextualize this diversity with
the worldwide diversity. Also, there is still some genomic investigation left to understand the
reason for their breakthrough in agri-food lines in spite of the current sanitary and safety levels.

Concerning the dairy sector, the problematic is a bit di�erent.SalmonellaMbandaka has
never been fully investigated at a genomic scale due to the rarity of outbreaks in humans,
but it remains very present and persistent in cattle farm, especially in the north-western
France, without any clues about this speci�c geographical location. Some hypothesis about
this persistence targets food products or environment contamination, but research has not
been carried out. In addition, no fully investigation and genomics approach on this serovar
has been performed in France, and very little precise genomic investigation in relation to its
persistence and diversity has been carried out in other countries. We also do not know what fac-
tors could explain its adaptation to cattle, and whether the strains have health risks for humans.

The serovars of our project, which albeit sharing the greater part of their genome, highly di�er
in their global genomic diversity level, host spectrum and sanitary outcomes. Thus, two kind
of limitation of the state of the art methodology appear to be challenging the breadth of the
investigative e�orts, calling for development of inclusive methodology.

Previous genome investigations onSalmonellaTyphimurium, and especially TMV, demon-
strated a highly conserved genome. These serovars do not harbor much SNP di�erences,
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which makes it challenging to analyze the diversity of strains. Delineated isolates within
homogeneous samples is delicate, especially in the context of sanitary investigation, where
attribution of source and identi�cation of contamination is essential. With the highest res-
olution, coregenome SNPs, there are still limits that prevent to analyse fully the accessory
genome to fully characterize the diversity at the SNP level.

The �rst bioinformatics limit is the requirement of a reference genome for coregenome in-
vestigation. In coregenome SNP approaches, the selection of a reference genome is a crucial
step and depends on the analysed dataset. Mapping reads against a reference genome which
is not well selected can bias amount of called variants and even report false positive variants
from homologous recombination events and repeated regions, and then on the phylogeny [318,
319]. In addition, reads coming from a sample region which does not exist in the reference
genome will not map and the related variants will not be called. This will a�ect subsequent
analysis, especially for dataset with isolates of genetically diverse origins. Some coregenome
information can be left out when analysis new emerging serovar, or a highly clonal dataset
where the reference selected is not close enough.

The second bioinformatics limit is that accessory genome is left out of analysis. The accessory
genome, coding and non-coding, has been shown to be responsible for key evolutionary elements
in the bacterium [101, 320, 246], and therefore ignoring these data could skew epidemiological
interpretations. Accessory genome could explain the diversity of a clonal cluster, or reconnect
missing links between strains of the same outbreak that cannot be explained by the coregenome.
News methods are taking into account pangenes [99, 100] when analysing genomics content,
but these results remain focused on the presence or absence of genes and do not take into
account the SNPs. While the last pangenomic up-to-date pipeline is able to take into account
variant on accessory genes and intergenic regions, it does not take into account non-coding
SNPs in phylogenomic tree, and no other visual representation has been proposed to display
this new information.

2.5 Aims and objectives

This project calls for the holistic analysis at the genomic variant level of three serovars which
recently became of notorious concerns in food chains, including the characterization of their
respective diversity over the country, their comparison and contextualization with the world-
wide diversity through public international data and the investigation of the reason for their
breakthrough in agrifood lines in spite of the current sanitary and safety levels.

For the dairy sector, the main questions that will be addressed in this thesis are:
1/ what is the extent of the biodiversity ofSalmonellaMbandaka in the di�erent reservoirs
(environment, feed, herd, cow, milk, cheese)?
2/ Is the Salmonelladiversity comparable between the reservoirs and is it possible to trace
back the origin of the observed diversity (such as cow feed, animal trade, environmental
contamination . . . )?
3/ Are there markers distinguishing host reservoir inSalmonellaMbandaka genomes?
4/ What are the main genetic factors favoring theSalmonellapersistence in livestock?

For the pork industry, the main investigation will be focus on:
1/ depict the genomic diversity ofS. Typhimurium and its monophasic variant SI 4,[5], 12:i:-
2/ assess the link between the geographical distribution of farms and the phylogeny of the
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strains
3/ compare the French diversity to worldwide diversity.

2.6 Solution approach

Fundamental work will tend to 1) develop a holistic genomic analysis method and 2) unravel
the evolutionary patterns ofSalmonellaand its diversity while applied endeavors will advance
toward high throughput diagnostic marker probes for sanitary control and database population
from perceptive sampling. Although the thesis project is structured in two independent parts
for each serovar according to practical issues (sampling, history and organization of the produc-
tion chain, etc.) the concept is however common: genomics for sanitary control, assessment
of Salmonellabiodiversity in an animal production sector, origin of contamination, selection of
variants and the bioinformatics methods used.

Concerning the bioinformatics analysis, a more discriminant comparative genomics method
is need according to the literature. In this project, we aim at developping a whole-genome
approach, on coding and non-coding regions, core and accessory, to take into account all
available SNPs. After identifying this new accessory information, it also requires to use the
accessory parts of the genome to increase the phylogenomic signal. The objective is to display
the importance of the accessory genome in epidemiological investigations. This new method
developed in this thesis will be presented in chapter 3 of the manuscript.

Concerning the pig sector, the focus is on the geographic diversity ofSalmonellastrains.
Sample from waiting rooms, processing premises and pork carcasses at the slaughterhouse will
be analysed to understand the diversity all along the food chain. A special attention will be
given on isolates from pigs herds, as the contamination can be disseminated from herds to
slaughterhouses. The genomic analysis will also focus on multi- and extended-AMR of the
TMV to understand the prevalence. Finally, worldwide genomic diversity of the TMV spread
will be assessed, from raw-reads material made publicly available.

For the dairy sector, we focused on the characterization of the genomic diversity all along the
steps of the cheese production chain. Sampling from cattle farms (feed, water, environment,
animals), transport chain, dairy and cheese production plants and distribution steps will be
analysed. To compare to another host, the collection will be complemented with strains coming
from poultry sector. These results will be compared to outcomes of aSalmonellaDublin study
I also performed during this thesis, where the diversity has been characterized at a geographic
scale.

For both serovar, the host or the geographic diversity will be able to serve to conceive cheaper
and quicker surveillance assays, for example based on PCR primers or hybridization chip probes
for high-throughput screening to give industrial workers the possibility of quickly tracing their
source of contamination. All genomic analysis of these three serovars will be presented in
chapter 4 of the manuscript.

Finally, results will be discussed in chapter 5. Annexe and Supplementary data will be presented
in chapter 6 and 7.
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Chapter 3

Improving food safety with
bioinformatics development

3.1 Introduction of the Chapter

Distinguishing isolates within homogeneous samples can be challenging, especially in the
context of sanitary investigation, where the identi�cation of the origin of contamination is
essential. In this chapter, I will present the strategies and developments I set up to reach a
higher-resolution method in genomics-based phylogeny (i.e. named phylogenomic method in
the present manuscript) [59, 146]. To improve the resolution in phylogenomic approaches,
a new method has been developed called "pgSNP". The pgSNP's purpose is to take into
account all pangenomic information, core and accessory [321], coding and non-coding [322,
102], in order to integrate the whole genomics variation to distinguish isolates.

The study described below is the main works of my thesis. In this chapter, the pgSNP pipeline
that contributed in the characterization of bacterial samples in sanitary investigation will be
presented. This pangenomic pipeline has been validated on several robust epidemiological
datasets [79, 323, 324], each time consistent with expected epidemiological clustering, empha-
sising the importance to take into account information from the core and accessory genome
at the same time to perform a phylogenomic reconstruction. These improvements are also
discussed in this chapter, along with additional project proposals for even �ner strain analysis.

3.2 Material and methods

3.2.1 The pgSNP pipeline

The strategy of the pangenome analysis we designed can be summarized in two main steps:
1/ de�ning the reference pangenome on which we can compare all sequences present in at
least four samples among all those of a set and 2/ characterizing sample using phylogenomic
approaches under an evolutionary model. In brief, we summarize the genomic content present
across all the samples into a reference pangenome : a repertoire of unique sequences, where
redundant genomic elements are merged. This reference pangenome is then used together
with variant calls for each sample to reconstruct a phylogenomic tree depicting the sample
phylogeny. To address the phylogenomic tree reconstruction of samples that do not share all
of their sequences due to the inclusion of the accessory part, i.e. when a sample do not have
an accessory segment, we resort to a two step approach: First, we generate multiple trees,
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one for each segment of continuous homogeneous set of samples. Second, we reconcile the
phylogenomic information from all the segment trees into a super tree. In the following section,
I will present the details of the methods we selected, developed and combined to implement
pgSNP.

3.2.1.1 Building a reference pangenome

We decided to build the reference pangenome from contigs gathered from all the paired-end
reads involved in the sample dataset of interest in order to identify the entire set of pangenomic
variants, namely single nucleotide polymorphisms (SNPs) and insertions/deletions (InDels),
during downstream variant calling analyses.

In order to produce a reference pangenome, paired-end reads are assembled into contigs by a
de novoassembly work�ow called ARTwork [98] for each sample in the dataset. First, reads
are �ltered based on quality control (QC) and normalized [325]). Reads are then trimmed
by Trimmomatic [326] to remove technical sequences such as adapters or polymerase chain
reaction primers. Finally, contigs are created by Spades [70] which perform ade novoassembly
based on a de Bruijn Graph. At this step, we have as many genome assemblies as there are
samples in the dataset.

To produce a pangenome, we summarize the genomic content present across all the samples
into a more unique repertoire of sequences, as a union function where redundant genomic
elements are merged. Based onde novoassemblies of samples, we created an in-house script
based on BLASTN [327] in order to build a �le which contains all genomic variability existing
across the dataset. First, contigs built previously are sorted based on their length, and the
largest contig is used as a reference. Then, contigs or fragments of contigs which do not match
with a de�ned BLASTN parameter set against the reference pangenome are added into this
last. Iteratively, all contigs in all samples are processed through this BLAST-based process.
BLASTN parameters were selected to keep a high quality and amount of aligned reads, and
described at section 3.3.2. This allows us to build a dataset-speci�c (reference) pangenome
to identify all the variants in the following variant calling analyses. The obtained reference
pangenome represents all sequences of the dataset.

3.2.1.2 Pan reads alignments and variant detection

In the present study, the genomic variability between all samples of a dataset refers to all
core and accessory variants identi�ed across paired-end reads mapped against the reference
pangenome. In the strategy implemented here, the short paired-reads are aligned against
the reference pangenome (Bowtie2 [328]) and variants are identi�ed through variant calling
analysis (i.e. FreeBayes [95]) based on programs implemented into the Snippy work�ow [329].
Heterozygous SNPs are then �ltered out to only retain relevant variants and stored in a VCF
(Variant Call Format) �le.

3.2.1.3 Contig alignment

Based on positions of variants in comparison to the reference pangenome from VCF �les, I
developed an in-house script to produce multi-FASTA �les harboring variants for each sample
and sites containing the same character for all samples (i.e. invariant sites) for each contigs
of the reference pangenome. This multi-FASTA �le is required to estimate tree topology
and branch lengths during phylogenomic reconstruction. More precisely, variants are modi�ed
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directly in a version of the reference pangenome. An option for integrating insertion and
deletion is added but was not used in the present study (discussed in section 3.4.1.2). Then,
the alignments of each contigs are produced and samples without corresponding contigs are
discarded from this alignment and will not be present in the contig tree. As the reference
genome is not included into the multi-FASTA �les, we produced as many alignments as there
are contigs present in the reference pangenome. In summary, we obtained associated alignments
of each contig including only variants of strains whose paired-end reads aligned to these contigs.

3.2.1.4 Phylogenomic tree inference

3.2.1.4.1 Source trees

A phylogenomic tree is a diagram that represents evolutionary relationships among organisms.
To represent the relationships among bacterial samples for a fragment of DNA information, a
phylogenomic tree was built for each contig alignment. To this end, we used IQ-TREE [107]
which is an well-known maximum likelihood method for phylogenomic inference. It is widely
used in the computation of huge trees and can also provide accurate results on small datasets
[107, 330]. It is also able to propose a model which �t best on data based on the log-likelihoods
of an initial parsimony tree [331].

3.2.1.4.2 Supertrees

Finally, to obtain one �nal tree which takes into account all core and accessory variants identi�ed
in the bacterial dataset, supertrees methods were implemented in this pipeline to reconcile
subtrees (contigs tree) into a single species tree. By abuse of language, supertree methods
was developed to compute species trees. Here, for our examples, it is always the same species,
so the �nal tree inferred by supertree method will be called "pangenome tree" in this pipeline.
FastRFS [113] was selected for this part. It divides source trees into quartet trees using
ASTRAL-II [332] and resolve the Robinson-Foulds Supertree Problem (�nd a species tree that
have the minimum RF distance with the input source trees). The selection of the supertree
method is described in section 3.2.4.2.

3.2.1.4.3 Branch lengths

Branch lengths are an important attribute of phylogenomic trees, providing essential informa-
tion to understand the evolutionary time. However, supertree methods focuses on the topology
or structure and does not estimate the branch lengths. To estimate branch lengths, we used
ERaBLE [333]. ERaBLE estimates the branch lengths from a phylogenomic tree and sub-
distance distance matrices using a weighted least squares (WLS) branch length estimation.
WLS �ts the branch lengths of a tree making the distances between its leaves as close as
possible to the input distances. In pgSNP pipeline, distance matrix from subtrees (section
3.2.1.4.1) are used to calculate the branch length and then applied to the supertree (section
3.2.1.4.2).

3.2.2 Quality assessment

To ensure that the quality of the pangenome, we designed a stringent set of rules and �lters
as follow.
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3.2.2.1 De novo assemblies quality

Quality control was systematically performed and subsequent assemblies failing to meet a set of
highly stringent rules were discarded. All datasets of raw-reads were assembled using the same
ARtWORK work�ow ([98]). More precisely, Trimmomatic [326] was used for the trimming
step. The applied quality rules for the raw-reads are: (1) length of reads higher or equal
to 50 base pairs (bp) otherwise excluded, (2) Phred score per base higher or equal to 30X,
and (3) �lter away adapters based on an internal database with Illumina adapters. FastQC
version 0.11.5 was used to control the read quality. Then, SPAdes [70] was used to perform
de novoassembly. For all datasets, I rejected samples presenting high number of assembled
bases unaligned to the reference of the species or a high number of InDels per 100kb computed
by QUAST [334]. Potential inter- and intra-genus contamination was detected using Con�ndr
[127] based on assembly metrics and blast, respectively. Samples with inter- or intra-genus
contamination according to the default Con�ndr parameters (samples with multiple genera
found in the Mash screen step or more than two single nucleotide variants (SNVs) in ribosomal
genes) were discarded from the study.

3.2.2.2 Sample set quality

ConcerningSalmonelladatasets, sample serotyping was �nally performedin silico based on
the assembled genomes using SeqSero [335]. SeqSero determines theSalmonellaserotype
based on a curated database ofSalmonellaserotype determinants (i.e genes of antigen and
�agels). This work�ow consists of an alignment of genes in genome sequences using BLAST
and determine O and H antigens. Then, serotype is predicted according to White-Kau�man-Le
minor scheme. Unless con�icting or with reasonable doubt on the error source (metadata, low
coverage, etc.), lab-typed and predicted serotypes other than the studiedSalmonellaserovar
[79] have been discarded. TheSalmonellaTyphimurium serovar was previously con�rmed by
glass slide agglutination according to the White-Kau�mann-Le Minor scheme [5] and PCRs
following EFSA recommendations concerning monophasic variants of serovar Typhimurium
[336, 337]. I checked carefully that the strains had similar genomics patterns and they did not
present high dissimilarity that could impact the �nal phylogeny (i.e. long branches).

3.2.2.3 Pangenome quality criteria

Using 57 genomes and raw-reads ofSalmonellaTyphimurium, a dataset was build as test
dataset to access parameters of the pgSNP pipeline. Several pangenomes were computed with
di�erent length (from the less stringent to the most stringent in term of contig length), and
raw reads were aligned against all of them. At the same time, raw reads were also aligned
on a single reference genome (here, Typhimurium LT2). Samtools [338] was used to compute
the number of reads mapped against each alignment �le from each sample. Only reads that
are paired-end aligned against a reference were taken into account, since only these reads are
taken into account into downstream analysis.

In addition, the read mapping quality was assessed using the Shannon entropy calculation
[339]. Entropy is a measure of uncertainty. In our context, it means to quantify the sequence
variability at a particular site. It is used in genomics to calculate the local variability between
genomes, or within the same genome by comparing all sites. This metric is most of the time
applied on virus analysis [340, 341] or in protein analysis [342], but it is also used in bacterial
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genomics [343, 344]. Shannon entropy is calculated for each site following the formula :

�
nX

i =1

Pi log(Pi )

wherePi is the probability of the event i.
The lower the entropy score is, the lower the variability is. In other words, reads aligned on a
position present less SNPs, and are consequently better aligned.

3.2.3 Coregenome pipeline

PgSNP was compared to a coregenome work�ow, iVARCall2 [345], which detect SNPs
and small InDels following the best practices proposed by the Genome Analysis ToolKit
(GATK [346]). More precisely, reads are mapped onSalmonellaTyphimurium LT2 (NCBI
NC_003197.1) genome reference, and duplications were excluded before variant calling anal-
ysis via localde novo assembly of haplotypes in active regions. The matrices of pairwise
SNP di�erences and pseudogenomes were computed using in-house Python scripts called
`VCFtoMATRIX' and `VCFtoPseudoGenome', respectively [345].

3.2.4 Benchmarking of tools

3.2.4.1 Selection of the variant calling method

We wanted to check on the impact of the variant caller on the �nal phylogenomic tree. From
the literature, some variant caller have better performance and sensibility than other [94]. In
the pgSNP pipeline, the variant caller Snippy [329] was selected for several reasons. Snippy
can detect variants on contigs, is really easy to use, presents additional features compared to
Freebayes [95], and �nally has a high performance compared to other variant callers [94].

To ensure the robustness of Snippy, the program was compared to GATK [347], also one of the
most used variant calling in bacterial samples. GATK 4.0 has a high performance and is widely
used because of its best practices guides which facilitate the installation and the interpretation
of the results [348]. The same reads quality cleaning and the BWA [328] aligner parameters
were applied on both variant callers.

3.2.4.2 Supertree method selection

Supertree methods are able to take into account all source trees (subtrees) to build a "species"
tree which represents all subtrees [349, 350]. Supertree methods are not very often used on
bacterial datasets. These under-representations of supertree methods comes from the improve-
ment of sequencing and small-scale size of bacterial genomes. Supertree methods are used
most of the time on datasets with partially sequenced genomes and speci�c data from genomes
where only genes are selected, or when the alignments are way too large to be managed simply
by ML or Bayesian phylogenomic methods [351, 352, 353, 354]. Before phylogenomic tree
methods could manage colossal alignments in a lower computational time, super-alignment
methods were trending and in competition against supertree methods [355, 352, 349].

These two methods are gradually being abandoned, but studies still try to improve their
accuracy from large datasets such as mammalian genomes. Here, our principal interest in
supertree methods is the management of contigs resulting from the creation of the reference
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pangenome, and taking into account missing data due to the accessory genome.

We compared three supertree methods [113, 332, 356] with a coregenome tree [345]. ASTRAL
was proposed [332] because at it was the most accurate supertree method with its third version
[357] at the beginning of this PhD.

ASTRAL �nds the species tree that agrees with the largest number of quartet trees induced
by the set of gene tree, also called "Maximum Quartet Support Species Tree" problem. One
of the advantages of ASTRAL is its branch length in coalescence units, because all supertree
methods does not calculate the branch length. Branch lengths calculated by ASTRAL are on
all branch except leafs. Distance of a set of samples will appear on the tree, but the individual
supplementary distance will be left out from the analysis.

Secondly, ASTRID [356] was selected, as it is the only tool published and tested on aSalmonella
dataset to build a supertree [358]. ASTRID's method is based on the calculation of an average
distance matrix and then using neighbor joining method to produce the species tree. ASTRID
is less accurate than ASTRAL according to the ASTRAL-III paper, but can handle large
amounts of data in a little time.

Finally, a new method developed by ASTRID author emerged, call fastRFS [113]. FastRFS
divides the source trees into quartet partitions using ASTRAL-II and resolves the Robinson-
Foulds (RF) supertree problem (i.e. �nd a species tree that has the minimum RF distance
with the input source trees). FastRFS is more accurate than ASTRID and ASTRAL-II, but
was not compared to ASTRAL-III. Notably, fastRFS was validated on coding and non-coding
dataset.

To select the best supertree method for our pgSNP method, the selection was based on few
criteria :

ˆ First, the computation time.

ˆ Second, compatibility with IQ-TREE.

ˆ Third consistency of the supertrees with epidemiological data and coregenome phyloge-
nomic inferences.

To select the method according to these criteria, supertree methods were compared on a
SalmonellaTyphimurium and monophasic variant of Typhimurium (TMV) datasets to check
that the results are consistent with the serovars results. This dataset is described in detail in
the section 3.3.4.1.

To compare which supertree method �t the dataset best with our criteria described above,
we compared them using the Robison-Foulds distance [359], which calculate the size of the
symmetric di�erence in splits between a treeT1 and a treeT2. This distance calculated using
the formula :

d(T1; T2) = i (T1) + i (T2) � 2vs(T1; T2)

wherei (T1) and i (T2) corresponds to the number of internal edges, and

2vs(T1; T2)

correspond to the number of internal splits shared by the two trees.
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3.2.5 Datasets

To evaluate the behaviour and results of pgSNP, we selected bacterial outbreak datasets pub-
lished or available along with epidemiological metadata and initial interpretation based on
core-SNP or MLST methods. The goal being to check whether the results are epidemically
consistent, and to analyze the impact of the accessory genome on the phylogenomic relation-
ships evaluation of strains.

3.2.5.1 Salmonella Typhimurium and its monophasic variant outbreak dataset

The studiedSalmonellaserovars in this PhD areSalmonellaTyphimurium and monophasic
variant of Typhimurium (TMV) from the pork industry, andSalmonellaMbandaka from the
cattle industry. To evaluate and justify the pgSNP pipeline, a well described epidemiological
genome dataset ofSalmonellaTyphimurium and its monophasic variant was analysed �rst [79].

This paper is composed of 4 outbreaks, twoSalmonellaTyphimurium outbreaks, and two TMV
outbreaks that occurred in France between 2010 and 2014. The collection of strains included
63 samples from outbreaks (8 from outbreak 1, 12 from outbreak 2, 21 from outbreak 3 and 22
from outbreak 4), with di�erent food source of contamination (Pork, eggs and diary products).
To characterize the diversity and the strain dynamics, 129 non-outbreak controls presenting
the same PFGE patterns (de�ned in section 2.3.3.4.1) as outbreaks samples were added to the
dataset. The author of the paper compared samples using di�erent Whole Genome Sequencing
approach such as coregenome SNPs, genes, kmer, cgMLST and wgMLST. Phylogenomic tree
was inferred on the coregenome SNPs using iVARCall2 pipeline [345], and the authors splitted
the sample dataset in two (one with allSalmonellaTyphimurium, and one with all TMV), and
made a phylogenomic tree for each using RAxML.

In this study [79], 2013LSAL03045, a sample isolated 2 years after outbreak 4 in a di�erent
geographical area was observed to be closely related to the outbreak 4 while 11CEB5591SAL,
a sample supposed to be link to outbreak 4 from epidemiological data had a genomic distance
too large to be related. Other outbreak samples were clustered together as predicted, and
the pairwise SNP distances between intra- and clusters supported these epidemiological and
phylogenomic-based clusters. Some sporadic samples are near outbreak samples, but not
supported enough by non-parametric tests between pairwise SNP distances to be considered
as linked to the studied outbreaks.

In addition,SalmonellaTyphimurium samples (n=57) have been used in the validation of the
pgSNP pipeline.

3.2.5.2 Escherichia coli outbreak dataset

Then, to explore the possibility of using pgSNP on another bacteria dataset, I selected a
dataset of a species well-studied, as well with high quality metadata for outbreaks and spo-
radics samples.Escherichia coliinfection was the third most reported zoonosis in humans,
which increased from 2015 to 2019 [360]. Since the complete genome ofEscherichia coli
O15:H7 has been assembled [361], I decided to study VerotoxigenicEscherichia coli(VTEC)
O157:H7 strains based on a dataset presenting well-characterized epidemiological data [323].
The other advantages of this dataset are the short isolation period and the short branch
lengths displays on the phylogenomic trees. This would allow us to more easily demonstrate
the impact of the accessory on the phylogeny, as di�erences in the accessory genome could
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have a considerable impact on the topology of the phylogeny and the links between the strains.

The authors collected 209 samples de�ned in eight outbreaks from 14 multi jurisdictional states
identi�ed between 2011 to 2013 in Canada [323]. They also added 41 non-outbreaks isolates
occurring within 60 days of the selected outbreaks, making a collection of 250 samples. IIt
must be noted that there was a duplication of samples whose raw-reads had di�erent QUAST
scores. We proceded to included these supplementary raw-reads in the analysis as an inde-
pendent sample (n=251). In comparison to a traditional subtyping method, the goal of the
study was to demonstrate the increased genetic resolution of WGS for cluster detection during
VTEC O157:H7 outbreak investigation in Canada. The authors compared an in-house pipeline
called SNVPhyl against wgMLST method, and demonstrated the high level of congruence with
respect to the typologies generated by the two methods.

According to the study conducted by the authors on this dataset,Escherichia colisamples were
demonstrated as highly clonal, and the strains have very few pairwise coregenome di�erences.
In this PhD study, pgSNP was compared against the single nucleotide variant (SNV) phy-
logenomic tree provided by the authors, to analyze the topology and reconciliation di�erences
between the two methods.

3.2.5.3 Neisseria meningitidis dataset

In the two previous datasets, the new links identi�ed by pgSNP can not be proven because the
sporadic strains do not have enough metadata information (time of isolation, geographical data,
possibility to be related to another outbreak sample). Consequently, we searched databases
and the literature for datasets that would allow us a more accurate assessment of the pgSNP
pipeline. We found a dataset composed of validatedNeisseria meningitidisoutbreaks strains
that could be relevant for that purpose [324].Neisseria meningitidisis a highly recombinant
species responsible of meningitis, with a high �exibility on its chromosomal structure to adapt
to human upper respiratory tract invasion and other local bacteria [362, 363]. An important
criteria was met with this dataset, namely that sporadic samples are annotated with robust
metadata that could help determine whether they are linked to an outbreak or not.

This dataset is composed of 15 epidemiologically de�nedNeisseria meningitidisoutbreaks
from 2009 to 2015 in the US. It is composed of 201 samples in total, with 84 outbreak
samples and 117 sporadic samples from 10 states. Samples are separated in two serogroup,
serogroup B (Outbreak = 32, Sporadic = 61) and serogroup C (Outbreak = 52, Sporadic
= 56). Samples related to outbreak are annotated with the outbreak number (OB1, OB2
etc), and sporadic samples which were collected at the same time and region of an occurred
outbreak are annotated with the number of the outbreak (SP1, SP2, etc). The original study
aimed to compare WGS methods in order to de�ne the suitable procedure for the outbreak
investigation of meningococcal disease cases [324].

The study analysed �ve genome analysis pipelines. The �rst one used the Snippy phyloge-
nomic pipeline based on aligned core-SNPs (reference-based short read mapping) corrected for
homologous recombination event using ClonalFrameML [110]. The second one used kSNP, a
phylogenonic pipeline based on aligned core-SNPs [364]. The third one proposes a core-gene
MLST phylogenomic inference [65] based on aligned core-gene. The fourth one is the Parsnp
phylogenomic pipeline [365] using the whole genome core alignment generated by Parsnp with
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SNP corrected from recombination using CloneFrameML. Finally, a Roary [99] phylogenomic
pipeline was used based on the aligned core-gene protein sequence inferred by Roary and
concatened by PRANK [366], with SNP corrected from recombination using ClonalFrameML.

This study concluded that most of the US meningococcal outbreaks were caused by clonal
strains with a low rate of genetic variation, except for two meningococcal outbreaks (OB7 and
OB8) where outbreak were caused by divergent strains. The authors observed that most of the
sporadic isolates were not phylogenomically related to the outbreak isolates. Some sporadic
strains, SP7 and SP14, were clustered with samples from OB7 and OB14, respectively. These
sporadic isolates were collected in the same timeframe than the outbreak, suggesting they were
in fact linked to the outbreak but not determined at the time of the investigation. The authors
also observed that some sporadic isolates were strongly linked to outbreak strains, although
they were not sampled in the same time frame.

3.3 Results: Implementation and validation of the pgSNP
pipeline

3.3.1 Description of the pgSNP pipeline

The development of this pipeline was divided into three distinct tasks.

ˆ 1 - Build a reference pangenome

ˆ 2 - Mapping and variant identi�cation

ˆ 3 - Infer phylogenomic tree

For the �rst point, a reference pangenome was built using a cumulative iterative BLAST
approach [327] (described in section 3.2.1.1). Then for the second point, using the reference
pangenome, raw-reads were mapped and variants were identi�ed across isolates to reconstruct
contigs from each sample [97, 95] (described in section 3.2.1.2). Finally, for the last point,
trees were inferred from alignments of contigs [107] and used to build the pangenome tree
based on core and accessory variants [113] (described in section 3.2.1.4). All steps and meth-
ods of the pgSNP pipeline is described in Figure 3.1.

This pipeline was elaborated during the �rst two yearS of my PhD. The expectation was
to develop a pangenomic pipeline, taking into account as much as information contained in
samples, and also in a reasonable computation time. In order to be able to deploy the pipeline
on the laboratory site and in open-source, the computation time needs to be fast to meet
the needs of health investigations. The computation time depends on the dataset length, for
example in a 400 samples dataset, the �nal phylogenomic tree is built within less than 24
hours on a 4x48 CPUs cluster. To provide a comparison, the implemented usual coregenome
based-pipeline called iVARCall2 [345] used by the laboratory take to two days to analyse a
400 samples dataset. In term of e�ectiveness, only the variant calling step and the subtrees
step are parallelized on a cluster, where one sample (for variant calling step) and one contig
alignment (for subtrees step) are dispersed into one cluster job. The other steps were not
optimised because of their very short computational time, e.g. steps related to the pangenome
building and read alignments, which take two hours and �fteen minutes, respectively.

Now, the next section will describe the choice of parameters and methods selected for the
pgSNP pipeline, and the robustness assertions established to ensure the veracity of the results.
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Figure 3.1: Pangenome SNP work�ow description

3.3.2 pgSNP pipeline parameters

In this section we describe the set of parameters used to build the reference pangenome. Our
goal was to �nd the best BLASTN identity parameters, and the minimum length of a DNA
sequences that can be added to the reference pangenome. The BLASTN identity threshold
corresponds to the maximum identity between the contigs and reference pangenome. If the
BLASTN identity is set at 80%, then only sequences with average nucleotide identity below
80% will be added to the pangenome reference. The minimum length of a DNA sequence
corresponds to the minimum length of contigs or non-hits sequence that we can add in the
reference pangenome. If the minimum length is 500bp, then only sequences with more than
500bp are added to the reference pangenome.

In practice, the identity value quantify the redundancy in the reference pangenome, and the
minimum length quantify the quality of assembly. These assessments were done to provide
default setting recommendations about BLASTN identify (i.e. redundancy) and contig length
(i.e. assembly quality) during the reference pangenome building.

To validate the quality of the built reference pangenome based on an iterative BLASTN
method, we assessed two criteria:
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- The �rst one is the quantity of information gained during read mapping in comparison to a
usual single reference-based work�ow.
- The second one is the quality of read mapping in comparison to a usual single reference-based
work�ow.

In this part, assessment of the pangenome quality and choices of default BLASTN parameters
will be described.

3.3.2.1 Reference pangenome allows a higher read mapping

First, the objective of the reference pangenome is that it represents the diversity of the strains
of the dataset, i.e that there is a maximum of reads aligned on this reference. The big
disadvantage of a single reference is that some parts may not be covered, and reads that do
not align with them are removed from the analysis. Here, I wanted to show that the reference
pangenome makes it possible to have a greater coverage of aligned reads.

To achieve this, 57SalmonellaTyphimurium raw-reads (collected from the dataset described in
section 3.2.5.1) were mapped on 7 reference pangenomes, including a single reference genome
used in coregenome analyses, named LT2 reference genome. For the reference pangenome,
BLASTN identity was set to 80% and the minimum contig length was varied to analyse the
impact of the length of the reference pangenome on read mapping.

In Figure 3.2, the purple line represent all reads mapped against the LT2 reference genome.
In total, 203,654,876 reads are correctly mapped against the LT2 reference genome. The
number of reads was converted in percentage to get a proper graphical representation. As
we demonstrated in section 3.3.2.2, intermediate values between 750 bp and 10 kb are not
interesting parameters for the reference pangenome, and thus not explored in this part. The
observation here displays a big gap of reads lost between pangenomes which incorporates
contigs >10kb and and contigs >750 bp. Lower than this value, pangenomes that contain
smaller contigs slightly increase the number of reads that align with the genome, reaching a
level of about 2% additional mapped reads (corresponding to 4M reads), so more information
is computed. These reads mainly correspond to accessory parts of genomes, because of the
low variability of the dataset, and the fact that the reference is very close to the selected
strains. Despite this, a high number of reads are aligned against the reference pangenome and
will be taken into account in downstream analysis. Including others serovars, more samples or
a di�erent sequence type (ST) should increase the variability of the dataset, and thus increase
the number of reads corresponding to accessory part.

From this simulation, we concluded that the reference pangenomes built with contigs below a
minimum length of 750bp allow for the inclusion of a higher amount of reads and improve the
quality of mapping as compared toSalmonellaTyphimurium reference LT2 genome. Using a
reference pangenome increases the number of reads aligned on it (4M reads here), showing
that more information can be explored after on variant calling.



CHAPTER 3. IMPROVING FOOD SAFETY WITH BIOINFORMATICS 56

Figure 3.2: Cumulative plot of the percentage of supplementary reads which aligned on a
reference. X = Genome number. Y = % of reads added to the reference. The 0 line is
determined based on the number of reads aligned on LT2 reference genome. Calculated on 57
genomes

3.3.2.2 Reference pangenome allows a higher quality of read mapping

3.3.2.2.1 Global entropy computed on all reference pangenomes

Even if more reads are aligned thanks to the reference pangenome, it is necessary to ensure
that the alignment of the reads is correct, and if the reference allows better alignment of
reads. We computed pangenomes with di�erent parameters, and compared the mean entropy
of these to a single reference (LT2 reference genome), in order to showcase the advantage of
using a reference pangenome. To avoid wrong entropy estimation due to di�erent number of
reads mapped against pangenomes, only reads that aligned onto the LT2 reference genome
were selected.

This selection was made by retrieving reads which map on LT2 reference genome and use
BamTools [367] and BBMap [325] �lterbyname.sh to create new raw reads containing only
reads which map against LT2 reference genome. By this method, all pangenomes are based
on the same dataset of reads, and a bias related to the number of aligned reads aligned on
the pangenome is avoided.

The entropy is computed for each pangenome, and normalized by the number of reads that
align on the pangenome. The main concern here was to �nd a pangenome having a lower
entropy than the others because less reads were mapped on it. For example, as discussed in
section 3.3.2.1 and displayed in Figure 3.2, the stringent pangenome that accept only contigs
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80 6.42522 6.418995 6.396853 6.39147 6.396567 6.401563 6.507905 6.695316
90 6.370421 6.356472 6.339352 6.336123 6.338286 6.342758 6.4333 6.604887
95 6.31184 6.297994 6.281942 6.27745 6.282369 6.284922 6.410159 6.531734
99 6.254178 6.248966 6.221627 6.219032 6.21915 6.220883 6.299971 6.356559

99.5 6.245479 6.231302 6.214109 6.214356 6.214767 6.215864 6.302092 6.350428
99.9 6.1715321 6.165166 6.151652 6.157276 6.153789 6.1563 6.232711 6.275764

id/contig 100 150 250 500 750 1000 5000 10000

Table 3.1: Entropy calculated for di�erent pangenome parameters, normalized by number of
reads. Score are multiplied bye� 11. LT2 entropy is 6.418278e� 11

longer than 10kb harbors less mapped reads. In that case, the entropy can be lowered due to
a smaller sequence coverage and thus distort the comparison.

The results displayed in Table 3.1 show that decreasing identity stringency increases entropy.
The lower the entropy is, the lower the variability is, meaning the reads are better aligned.
Decreasing the identity causes the pangenome to have fewer contigs. This result display that
reads have the ability to align correctly when they have more potential multiple position. In
addition, this means that forcing reads to align on a low quality reference genome increases
the entropy in some sites, emphasising misalignment events.

Furthermore, the results indicate that a shorter contig length results in a lower entropy, and
so as with BLASTN identity, reads align better when they have more choices. An entropy
plateau is observed between 250bp and 500bp. When small contigs (100bp 150bp) are added
in the pangenome, the entropy slightly increase.

Compared to LT2 entropy, the maximum BLASTN parameters that displays a lower entropy
than LT2 are BLASTN parameters = 80% identity bound with maximum contig length of
1000bp. Even the least stringent reference has a lower entropy than LT2 reference genome,
highlighting a questioning about the wide use of single references used during health crises
and outbreak investigations.

We showed that the use of a pangenome reduces the mean entropy, meaning that reads are
properly aligned against pangenomes in contrast to LT2 reference genome.

3.3.2.2.2 Understanding the impact of pangenome reconstruction parameters on the
entropy

To understand if the decrease in entropy observed above impacts a high number of posi-
tions in the genome or not, we compared the least stringent pangenome (10kb) with various
pangenome (from 150 to 750bp) pangenome, and calculated the entropy for each position
shared by them.

Results are plotted in Figure 3.3. On the Y axis, we observed that the number of bases
where the entropy is lower than in 10kb reference (meaning there is less variability in this
position) is increasing when contigs accepted in the reference were smaller. A level is reached
between 250 and 500 bases where the count of di�erence does not seems to change signi�cantly.

However, a slight decreasing of number of position with lower entropy is observed in smaller
contigs (between 250 and 100bp). Between 10kb stringent reference and 250bp pangenome
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Figure 3.3: Density of the di�erence of entropy score calculated on each bases position, com-
pared between a stringent reference (10kb) and various pangenome (from 150 to 750bp). The
Y axis represents the number of bases in the labelled pangenome where the entropy is lower
than the 10kb pangenome. The X axis represents the density of the di�erence of entropy score
for each bases between the labelled pangenome and the 10kb pangenome. The di�erence is
calculated between the entropy score at the position X in 10kb pangenome and the entropy
score at the position X in another pangenome

reference, 2,287,281 positions exhibits lower entropy, while 2,204,359 positions exhibits lower
entropy between 10kb stringent reference and 100bp pangenome reference. We hypotheses
that reads with many alignment possibilities are prompt to misalignment, or else reads are
truly dispatched on too many sites, which create a higher entropy than observe if all reads
where mapped at the same position. These results agree with the observations on Table 3.1
as discussed previously.

In conclusion, these observations showed that the impact of pangenome parameters on read
alignment is important on the quality of read mapping, and also a�ects a large part of the
genome.

3.3.2.2.3 Example of comparison between a pangenome reference and LT2 reference
genome

Finally, to provide an example, we speci�cally compared the LT2 reference genome versus a
pangenome with 95% identity and 250bp minimum contig length. The two reference were
aligned using Mauve aligner, and reads were mapped against aligned blocs for each reference.
This way, the entropy score are compared on the same site for the two references.
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Figure 3.4: Example of entropy and depth comparison between LT2 reference genome and a
pangenome reference (identity = 95%, minimum contig length = 500bp) on bloc 38. Positive
values means a lower entropy or a deeper depth coverage for the reference pangenome. Negative
values means a lower entropy or a deeper depth coverage for the single reference. X axis
corresponds to the position on both genomes

The Figure 3.4 displays the di�erence of entropy and depth between a bloc aligned to refer-
ence pangenome and LT2 reference genome. In this speci�c bloc, there is two patterns. The
�rst one is from site 0 to site 500 where the entropy of the reference pangenome is lower
that this of the LT2 reference genome, together with a small increase of depth for the LT2
reference genome. The second one is from 1,800 to 2,800 and 3,200 to 4,600, where no reads
are mapped against the pangenome, resulting in non-estimated entropy at these positions.
Using reads identi�er, reads which mapped against LT2 reference genome but not against the
reference pangenome were located in two di�erent unique blocs of the pangenome.

Using this information, the whole entropy of this alignment was compared between the reference
pangenome and LT2 reference genome. Comparing the density of entropy for all the reads
mapped against the LT2 reference genome and reference pangenome as displayed in Figure
3.5, reads aligned against the reference pangenome present higher quality scores of alignment
and exhibit a lower entropy than if there are mapped on LT2 reference genome. The two peaks
of entropy distribution have the same density, but the one of the single reference has higher
entropy values. Also, the distribution shows that the very high entropy values in the reference
single are lower in in the reference pangenome. The mean entropy in the pangenome reference
is 0.013, while the mean entropy in the single reference is 0.028, displaying the advantage of
using a pangenome reference.
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Figure 3.5: Log entropy distribution between the LT2 reference genome and reference
pangenome. X axis corresponds to the log of all entropy values calculated on bloc 38 for
the LT2 reference genome and reference pangenome (identity=95%, minimum contig length
= 500 bp).

3.3.2.2.4 Taking into account the alignment length

Finally, one of the crucial steps of the pgSNP pipeline is the alignment step. In the alignment
step, aligned genomes depend on the used pangenome, and trees are inferred on each contig.
While this method allows to take into account the accessory genome, contigs where less
than 4 isolates aligned against it were excluded from the phylogenomic reconstruction. So
unique contigs cannot be inferred in the �nal tree. This element made us review the reference
pangenome, because being too stringent on the identity will create unique contigs, and there-
fore the additional information taken into account by the reference pangenome will not be
included into the phylogenomic reconstruction. To prevent the loss of information, the length
of all aligned contigs which will be inferred through phylogenomic trees is also calculated and
taken into account in the �nal assessment of the entropy score.

80 4718276 4717007 4716572 4714644 4711467 4708500 4632906 4516636
90 4736375 4736450 4734722 4730367 4728271 4725723 4669101 4565573
95 4743618 4743121 4742320 4740308 4736498 4734067 4677975 4596856
99 4681864 4681373 4680834 4679193 4677262 4675656 4670228 4643122

99.5 4596214 4595670 4595511 4595442 4597042 4598563 4597991 4587784
99.9 3720871 3719893 3719304 3719634 3721112 3723171 3747591 3786391

id/contig 100 150 250 500 750 1000 5000 10000

Table 3.2: Alignment length of all contigs inferred by phylogenomic trees

The table 3.2 displays the length of each pangenomic alignment used for tree inference. Using
a very stringent reference with 99.9% identity, the alignment length strongly decreases due to
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unique contigs distinguishing strains. With this very stringent identity, sequences that displays
1 SNP every 1,000 bases are considered as two contigs. Looking at all the score, the alignment
length increases from 80% identity to 95% identity, displaying additional accessory genome
segments into the alignment. From 95% identity to 99.9% identity, the decreasing of the
alignment length highlights the distinguishing of contigs, which means that the information
is separated in multiple unique contigs. This therefore impacts the total alignment which is
taken into account in the phylogenomic trees. Based on these observations, I hypothesise that
all accessory genome has been added with 95% identity, and having much stringent genome
does not add any additional information to the reference pangenome, but distinguish contigs
more stringently.

3.3.2.2.5 pgSNP default parameters selection

In this section, the pangenome parameters were analysed and highlighted the advantage of a
reference pangenome compared to a circular reference genome accessible in the international
archives (e.g. the LT2 reference genome). The use of a pangenome as a reference increases
the number of aligned reads and hence includes more diversity. In addition, the reference
pangenome improves the quality of read mapping. In regard to the observations above, the
�nal entropy score was normalized by the alignment length (see Appendix table 7.1). The
best combination that displays the lowest entropy with a large alignment size is 95% BLASTN
identity and a minimal contig length of 500bp and used as default settings. Users will have
the ability to change this setting and adapt it to the properties of their dataset. For example,
in species with fewer repeat sequences in the genome, it might be worthwhile to decrease the
BLASTN identity to avoid mapping errors.

3.3.3 Selection of pgSNP pipeline tools

In this part, I will justify the choice of tools selected for variant calling and phylogenomic
inference. For each part of the pipeline, tools has been reviewed, on one hand by literature,
and one the other hand, when several tools had similar results or have not been compared on
data sets similar to our problematic.

3.3.3.1 Variant calling comparison

The two pipelines were tested on the same 57 strains dataset described above (section 3.2.5.1).
GATK identi�ed very few di�erent variants, most of the time in the coregenome. Some
di�erences occurs in the accessory part, rather on the beginnings of sequences, most likely due
to the di�erent scores the two pipelines use to denote whether or not a SNP occurs. Overall, as
described in 3.6, the di�erences are very small and have very little impact on the phylogenomic
tree. The new reconciliations are made between the strains which have few di�erences on
the core and the accessory genome. The RF distance is 30, which is negligible in view of the
dataset sizes I worked with. In addition, GATK displayed slow computation time compared to
Freebayes in some datasets [368].
With regard to the above results, the choice of the variant calling method does not seem to
have a signi�cant impact on the �nal phylogenomic tree, especially when both caller variants
perform very well and have almost no di�erence in terms of genome clustering. In the �nal
pipeline, Snippy was chosen due to its speed of execution and its ease of use. An option was
added in the pipeline to allow the user to choose GATK if desired.
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Figure 3.6: Variant calling methods impact on the �nal phylogenomic tree. Left tree is phy-
logenomic tree inferred using Snippy variant detection, right tree is phylogenomic tree inferred
using GATK variant detection.

3.3.3.2 Supertree selection

As previously discussed before in section 3.2.1.4, we compared three supertree methods [113,
332, 356] compared to a coregenome tree [345]. Only ASTRID [356] has been used on a
Salmonelladataset, while the others two focused on mammalian datasets. There was therefore
a need to evaluate these methods withSalmonelladatasets.

In the Figure 3.7, 3.8 and 3.9, all supertree methods manage to distinguish serovars as ex-
pected. We can notice that ASTRID and ASTRAL could distinguishSalmonellaTyphimurium
samples from TMV samples, while these methods were not able to recognize TMV out-
breaks. With regard to RF distances between reference pangenomes and a coregenome trees
(RF=308), ASTRID seems to present higher topology di�erences compared to the two other
supertree methods. While ASTRAL and fastRFS present the same RF distances (ASTRAL :
RF=228, fastRFS : RF=228), ASTRAL is not able to cluster samples from outbreaks 3 and
4. FastRFS is the method displaying the more consistency between reference pangenome and
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coregenome trees, and is able to cluster samples from outbreaks as expected in agreement
with epidemiological data.

fastRFS was the most consistent phylogenomic tree for each outbreak compared to the other
two supertree method. According to these results, we consequently selected fastRFS as the
supertree method to implement into the developed pgSNP pipeline.

3.3.4 Pipeline validation on di�erent outbreaks

In this part, I will present pgSNP results on the three di�erent datasets presented in section
3.2.5. The objective here is to show that pgSNP produces consistent results with epidemiolog-
ical data (section 3.3.4.1), and also that there are advantages of using a reference pangenome
over a coregenome (section 3.3.4.2) and taking into account the accessory genome (section
3.3.4.3).

3.3.4.1 Study of Salmonella Typhimurium outbreaks

First, the pgSNP pipeline has been tested on aSalmonelladataset [79], to ensure its robust-
ness and its consistency with epidemiological data. To compare the coregenome phylogenomic
tree from the study and developed pgSNP-based reference pangenome trees, the coregemome
trees were re-inferred using iVARCall2 [345] and IQ-TREE [107] methods. The �nal tree in
3.10 presents the same clustering as displayed by the author in the study. Three trees were
inferred using pgSNP : one tree composed of all samples (n=186) was inferred to overview the
variability of the dataset. The two coregenome trees from each serovar were inferred, splitting
samples as presented in the study [79] and including all samples together.

3.3.4.1.1 pgSNP impact on the dataset

A reference pangenome tree was built using the default parameters previously optimized in
section 3.3.2. The pgSNP pipeline took one day to create the reference, identify variants and
build phylogenomic trees. The highest calculation time was taken by the phylogenomic trees
(i.e. 12 hours on 4x48 CPUs).
The alignment length is 6,432,965 base long, so pgSNP adds about 1.6Mb of genetic informa-
tion compared to coregenome-LT2 based analysis. This pangenome tree was calculated on 127
subtrees, where 77 are coregenome trees representing 4,859,394 bases. 157,764 supplementary
bases are analysed in more than 50% of the sample, and 1,415,807 bases positions are present
in less than 50% of the sample in the dataset. These rare contigs can correspond to speci�c
adaptation to a stress of some isolates, and/or highlight acquisition of genetic material from
other bacteria through horizontal transfers.

Looking at the phylogenomic tree inferred by pgSNP in Figure 3.11, the results highlight the
consistency between epidemiological data and the pangenomics clustering. TheSalmonella
Typhimurium and TMV samples form two clusters on each side of the tree, with limited
inconsistencies between the sub-typing annotation and the genomic clustering. Indeed,
12CEB3073SAL, 12CEB3073SAL and 12CEB4594SAL, annotated as TMV, are clustered
with SalmonellaTyphimurium samples with two long branches. In addition, 10CEB1178SAL,
10CEB1178SAL, 10CEB01160SAL, 12CEB70SAL and 13CEB1205SAL are 5 samples anno-
tated asSalmonellaTyphimurium but are clustered with TMV samples. These inconsistencies
are a bit visible on the coregenome phylogenomic trees of the article, but are not explored
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Figure 3.7: ASTRID supertree inferred onSalmonellaTyphimurium outbreak [79]. Pangenome
reference parameters : identity = 95%, minimum contig length = 500 bp. The inner ring
corresponds to serovar annotation; outer ring corresponds to outbreaks annotation.

Figure 3.8: ASTRAL supertree inferred onSalmonellaTyphimurium outbreak [79]. The inner
ring corresponds to serovar annotation; outer ring corresponds to outbreaks annotation.

Figure 3.9: fastRFS supertree inferred onSalmonellaTyphimurium outbreak [79]. The inner
ring corresponds to serovar annotation; outer ring corresponds to outbreaks annotation.
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Figure 3.10: Coregenome iVARCall2 tree from the paper, computed with all dataset in one
tree (n=186). The inner ring corresponds to serovar annotation; outer ring corresponds to
outbreaks annotation.

Figure 3.11: Pangenome tree inferred by pgSNP onSalmonellaTyphimurium outbreaks from
[79]. Parameters : 95% identity, contig minimum length 500bp. The inner ring corresponds
to serovar annotation; outer ring corresponds to outbreaks annotation.
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by the authors [79]. As the annotation was made by sub-typing, we cannot conclude in a
potential annotation error. Genomic can show a di�erent genomic pattern that pushes towards
a di�erent evolution for theSalmonella, but this does not automatically has an impact on
the expression of the phenotype. As the main interest here is the genomic content of the
bacteria and impact of the dispensable genome in epidemiological investigation, serovars will
be estimated according to genomics interpretation in downstream analysis.

Concerning the outbreaks, samples are clustered together, except for three. The �rst two
are the false positive (11CEB5591SAL) and negative (2013LSAL03045) samples described
previously in the paper [79]. The third one is a false negative sample not previously described
(12CEB4594SAL) which is a sporadic sample clustered with samples from outbreak 2 . As
the sample was sub-typed as a TMV, this result was not discovered by the authors. While
discussing the results with the authors, they linked this sample with anotherSalmonellaTy-
phimurium outbreak 2 in another analysis, reinforcing the assumptions that the strain is well
connected to the outbreak [286]. However, the metadata of this sample show a high geographic
distance and temporal distance with the samples from outbreak 2. Outbreak 2 occurred in
2014 from contaminated eggs in two neighbouring French departments. 12CEB4594SAL has
the same ST than Typhimurium samples, so the genomics link is possible, but this sample was
isolated 400km away. Also, this sample was isolated in October 2012, so the time lapse does
not match a short-term outbreak. Another sample from the same region at the same date was
sub-typed as a TMV, and was not clustered at all with samples from the outbreak 2.

There are two hypotheses for this sample (12CEB4594SAL). The �rst one is that the metadata
are wrong and that this sample comes from the same department than the outbreak 2 samples.
This hypothesis is proposed because the metadata are the same as the 12CEB4916SAL sample
except on the ST prediction. The second hypothesis is that this sample is in fact linked to the
outbreak, as the matrix isolates are the same than the source contamination of the outbreak.
The transport network in poultry industry is really complex, but maybe a link between the
two herds can be established. The hypothesis of the contamination through network is likely
to be possible as this kind of transport is well implemented in France [369]. In addition, the
12CEB4916SAL sample was isolated from a broiler, not eggs or hens, so the two sample can
come from the same parent �ocks, and the contamination could have happened earlier in
the production chain [336]. Finally, hens and broilers are subject to contamination from the
environment, so the contamination through a vector like wild birds is possible. It was described
previously [370, 371] that infected bird droppings contaminate food or water and thus transmit
the disease to the farm. It could also explain the two year span between the samples.

Di�erences of topology were not observed between pgSNP and iVARCALL2. In both trees,
outbreaks are clustered together. The few di�erences come from the new reconciliations
intra-cluster with longer branch lengths in pgSNP phylogenomic tree. At leaf level, isolates
presents di�erences in the accessory genome as observed in the subtrees and pgSNP tree, even
in outbreak clusters. The topology di�erence of the two trees was assessed using cophyloplot
[372].

There are two pro�les of di�erences in the plot 3.12. In the left,SalmonellaTyphimurium
samples have a topology recombination by cluster, meaning that the reconciliation only change
for inner branches, not for the leaves. On the other hand, from the middle to the right
of the tree, TMV samples have reconciliation on the leafs. From the observation, it seems
that the SalmonellaTyphimurium topology di�erence is impacted by the TMV dataset more
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Figure 3.12: Cophylo plot of tree comparison between pgSNP and iVARCall2. Bottom is
pgSNP, up is iVARCall2 tree. Color : green : TMV annotated sample, orange :Salmonella
Typhimurium annotated sample. Outbreak color : 1 in red, 2 in light blue, 3 in pink, 4 in dark
green

than othersSalmonellaTyphimurium strains themselves. Meanwhile, for the TMV dataset,
reconciliations between samples seems to happen more often on the leafs, even for outbreak
samples. Overall, the RF distance between the two trees is 228, and even if the outbreak
clusters are respected, adding accessory genome create slightly more distances between these
samples, but not enough distance to really split them completely.

To visualise the results more precisely and to understand the di�erent reconciliations,
SalmonellaTyphimurium dataset (57 samples) was separated from the TMV dataset (123) for
a more precise comparison between the two trees. The annotation ofSalmonellaTyphimurium
or TMV isolated was redone using the genomic results, and the samples where the serotype
was not determined were excluded from the analysis.

While looking at the comparison of the two trees in Figure 3.13, we observe that the topology
of the SalmonellaTyphimurium dataset is more preserved in both trees concerning the topology
of the TMV dataset. In addition, the RF distance between pgSNP tree and iVARCall2 tree
is 186 for the TMV dataset, and 58 for theSalmonellaTyphimurium dataset, showing much
more topology di�erences for the TMV dataset compared to theSalmonellaTyphimurium
dataset. One of the hypotheses is that the distance is bigger betweenSalmonellaTyphimurium
samples than between TMV samples. Because of this higher distance between the samples,
adding accessory information does not create news reconciliations between samples. The new
reconciliations only a�ect samples which are very close, for instance outbreak samples or non-
outbreak samples with small branch length in the tree. On the other hand, for the TMV tree,
all the isolates are very close genetically to each other (few SNPs distance), so the slightest
information added on the alignment has a great impact in the topology of the tree. As we
can see on the �gure (Figure 3.13), the clusters are preserved, but the reconciliation between
the samples is di�erent, and some isolates or group of isolates (e.g. outbreak 4 in dark green)
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harbor alternate topologies.

3.3.4.1.2 Additional information taken into account

To add perspective on these topology di�erences, the genome alignment taken into account
to create the subtrees was also studied. Looking at theSalmonellaTyphimurium alignment,
the supertree was inferred from 5,227,660 bases. As a reminder, the LT2 reference genome
was inferred tree from 4,857,450 bases, soSalmonellaTyphimurium seems to harbor a vast
accessory genomes. Looking at the alignment of the subtrees, 123 subtrees correspond to
coregenome alignment, in a total of 4,754,134 analyzed bases. The rest (i.e. 86 subtrees,
473,526 bases) is considered as accessory as it is not present in all samples. This result is
interesting because even if we only analysed only 57SalmonellaTyphimurium samples, the
wide accessory genome provides itself much informative.

For TMV dataset sample, the alignment length is 5689954 bases. The coregenome of TMV
is 4876166 bases distributed on 127 subtrees, making 813788 bases considered as accessory
genome (i.e. 73 subtrees). Putting it in perspective with the number of samples (i.e. 123 for
TMV isolates, 57 forSalmonellaTyphimurium isolates),SalmonellaTyphimurium seems to
contains more accessory genome than TMV samples.

But the main results here is that some sample coregenome fragments not existing in LT2
reference genome are taken into account by pgSNP. This result emphasizes that the pipeline
take also into account coregenome fragments which would not be recognise as such by methods
using a reference genome which do not harbor these last.

Finally, most of the accessory fragment in TMV are present in a very small panel of strains,
hypothesising short evolution span. In addition,SalmonellaTyphimurium accessory presence is
more distributed in the panel. Looking at the accessory genome, the evolution of TMV seems
to be more clonal, as described in chapter 4 section 4.3.4.1.

On a side note, the accessory genome alignment content seems to be larger for the entire
dataset compared to the sum of accessory in the TMV dataset and theSalmonellaTyphimurium
dataset, considered separately. In the largest dataset, there are new contigs added that were
not taken into account in single-serovar datasets because there were not enough strains that
shared this contig to reach our threshold of sequence inclusion (four). For example, we have
contigs which are shared by 2SalmonellaTyphimurium and 2 TMV samples that are added as
accessory genome. Also, there are 6 supplementary samples in the largest dataset, that were not
taken into account in single datasets due to the contradiction between thein vitro serotyping
result and thein sillico genomic serotyping prediction betweenSalmonellaTyphimurium or
TMV of these strains.

3.3.4.1.3 Content of the reference pangenome

To analyse precisely the di�erence between our reference pangenome and the LT2 reference
genome, we aligned them using Mauve aligner [373], to retrieve DNA segments speci�c to
each reference. Mauve aligns genomes using local alignment to identify genome rearrange-
ments. Each local alignment detected by Mauve are separated into blocs. Parts of DNA
which does not align are considered as unique blocs. Mauve analysis showed that 1,749,298
bases of the pangenome reference are absent from the LT2 reference genome. Some blocs
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Figure 3.13: Cophylo plot of tree comparison between pgSNP and iVARCall2. Lefts tree
corresponds to pgSNP, rights tree corresponds to iVARCall2. Left comparison isSalmonella
Typhimurium dataset. Right comparison is monophasic variant of Typhimurium dataset. Color
: green : monophasic variant of Typhimurium annotated sample, orange :SalmonellaTy-
phimurium annotated sample. Outbreak color : 1 in red, 2 in light blue, 3 in pink, 4 in dark
green
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Figure 3.14: Example of a contig subtree containing plasmid pEQ2 contig. Seven samples
contain this contig, and present structural and SNPs variation

were annotated using BLASTN [327] to understand the origin and functions of these sequences.

Some contigs come from plasmids or phages. For instance, in a bloc of 314kb (nine contigs),
one of the contigs corresponds toEscherichia coliplasmid pEQ2. This plasmid displays struc-
tural variation among strains, and therefore create di�erent reconciliations on the contig tree,
as shown in Figure 3.14. One strain contains all the plasmids contigs (10CEB186SAL), while
others contains only some genes (10CEB1014SAL), or only one gene (�ve samples) coding
for a IS1 transposase geneinsB [293, 374]. Insertion sequences (IS) are the most abundant
mobile genetic elements in theEnterobacteria, and a study suggests that the IS1 was recently
transferred betweenEscherichia coliand SalmonellaTyphimurium [375]. This could be a
perspective to understand why this small cluster of samples harbors this accessory genome,
and how these samples are epidemiologically related. In the �ve samples, two of them come
from sausage samples isolated in April 2014 in Loire region, and the other three come from
three human samples isolated in March 2014 in Haut-de-Seine region. The time interval being
very small, we can imagine that these strains are related. Looking at the coregenome tree,
these samples are already related, by adding accessory data and detecting DNA contents that
are only found in these strains emphasizes the fact that there was an outbreak that de�nitely
occurred in this time frame, that passed under surveillance radars.

Another interesting plasmid was identi�ed in almost allSalmonellaTyphimurium samples ex-
cept for three genomes (10CEB1014SAL, 2011_10160 and 2013LSAL02229). This plasmid is
identi�ed as the virulence plasmid pSTV-MU1, which can carry multipleSalmonellavirulence
factor genes [376] including theSalmonellaplasmid virulence (spv) locus and the plasmid
encoded �mbriae (pef) locus, along with an extensive array of IncF-associated genes [377].
Otherwise, this plasmid was detected in otherSalmonellaTyphimurium with di�erent anno-
tation (E40V, PNCS014854). Interestingly, this plasmid seems to be detected in some TMV
samples by BLASTN, but is completely absent in all of our TMV samples. This plasmid
does not present any variation in its structure, but some SNPs which are in concordance with
SalmonellaTyphimurium clusters found in the �nal tree, as shown in Figure 3.15. For exam-
ple, SalmonellaTyphimurium clusters of non-sporadic samples are identical to those from the
corresponding plasmid tree, highlighting the existence of sporadic strains that could be related
to an outbreak, undercover so far.

Finally, we detected the presence of phages in the reference pangenome. Using PHASTER
[378], we detected a total of six phages incorporated in the pangenome ofSalmonellaTy-
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Figure 3.15: Example of a contig subtree containing plasmid pSTV-MU. 54 samples contain
this contig, and present SNPs variation

phimurium and TMV in this dataset. Two phages are also identi�ed in the reference coregenome
of SalmonellaTyphimurium LT2, but the four others are not present in the latter. In the �ve
phages, two are present in all isolates (SfI, GF_2, Phi20), one is present in 171 isolates
(118970_sal3), and �nally one is present in 14 isolates (�AA91). The mean length of the
phages is 20 kb, and some phages present SNPs and structure di�erences between samples.
For example, in phage 118970_sal3, in 46 isolates, one tail protein and some hypothetical pro-
tein are not present. This phage is present in almost allSalmonellaTyphimurium, so this phage
seems to be serovar speci�c. These SNPs along the phage, which are unique toSalmonella
Typhimurium outbreak 2, strengthen the connection to epidemiological data.

3.3.4.1.4 Accessory genome distinguishes betweenSalmonella Typhimurium samples
and TMV samples

To deeper understand the accessory genome distribution trough the strains, a phylogenomic
tree was inferred, containing only the accessory subtrees (i.e. the subtrees which do not
contain all the strains contained in the dataset). The accessory genome harbored su�cient
coverage in the subtrees, so the �nal supertree contained the whole dataset (n=186) as shown
in 3.16. Even if the accessory genome is not evenly distributed between all samples (1.4Mb
present in less than 50% samples described in section 3.3.4.1.1), there is a big di�erence in
genome content betweenSalmonellaTyphimurium and TMV which distinguishes them into
two clusters. This result is surprising, because there are few contigs that are serovar speci�c.
This shows that there is enough di�erence in SNPs or smaller contigs in the accessory genome
to distinguish strain types. On the other hand, the outbreaks samples are not clustered
together, displaying the e�ect of coregenome on these strains, but also pointing that the
accessory content can be quite di�erent between two strains of the same outbreak, calling for
a questioning about the threshold to consider whether two strains are related or not.



CHAPTER 3. IMPROVING FOOD SAFETY WITH BIOINFORMATICS 72

Figure 3.16: Phylogenomic tree inferred using accessory subtrees onSalmonellaTyphimurium
and TMV dataset. The inner ring corresponds to serovar annotation; outer ring corresponds
to outbreaks annotation.

3.3.4.1.5 Conclusion

In conclusion, using pgSNP with this dataset does not add new reconciliations with outbreaks,
but provides a better resolution when investigating these samples. The addition of the accessory
genome brings a better consistency, and hypothetical links between non-outbreak strains when
they share a lot of dispensable genomes. In the study, the authors conclude that theSalmonella
Typhimurium and TMV datasets present a similar pangenome construction, but as some sample
considered as TMV were serotyped asSalmonellaTyphimurium and vice versa, the pangenome
analysis was a bit distorted. More precisely, we could see that the accessory genome is di�erent
in the two datasets when annotating the samples from the phylogenomic analysis. In addition,
in this dataset, the TMV samples have a fewer variability than theSalmonellaTyphimurium
samples, so the impact of the accessory genome on reconciliation has a greater consequence
on branches reconciliation.

3.3.4.2 Analysis of Escherichia coli outbreaks

The pgSNP pipeline has been tested on aEscherichia colidataset [323], to ensure its robustness
and its consistency with epidemiological data for another bacterial study. A supertree of 251
genomes has been inferred using pgSNP (Figure 3.18), and compared toEscherichia colitree
inferred by SNVPhyl (described in section 3.2.5.2).
[323]
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3.3.4.2.1 Coregenome analysis

As described by the authors and displayed 3.17, all the outbreaks are well clustered regarding
their epidemiological data, except for outbreaks 3 and 6 which are scattered in the phylogenomic
tree. Most of the sporadic data are clustered together on the right of the tree, close to
the samples from outbreak 3 and 6. Intra-cluster distances from outbreak samples present
very low SNV di�erences (18 maximum SNVs for each cluster). Overall, theEscherichia coli
phylogenomic tree suggests a clonal evolution except for outbreak 1 and 2 which are distant
from the rest of the tree.

Figure 3.17:Escherichia coliphylogenomic tree from the study. Tree inferred on SNV pipeline
described in the paper. The outer ring corresponds to outbreaks and sporadic annotation.

3.3.4.2.2 The addition of accessory genome provides new reconciliations

Using pgSNP, the topology of the phylogenomic tree (Figure 3.18) is preserved for almost all
the outbreaks and is in good agreement with the epidemiological clusters. The only di�erence
is located at the right side of the tree, where the sporadic strains close to the outbreak 3 and 6
samples observed in the coregenome are located. Concerning the SNVPhyl tree, one the right
of the tree, sample 12-0745 from outbreak 3 is clustered with 9 spodaric samples between
outbreak 3 and outbreak 6 samples. On the pgSNP tree, this sample and the 9 sporadic
samples are clustered at the bottom on the tree. The sample 12-0745 is closer to 3 others
outbreak 3, showing a consistency with the epidemiological data that did not appear on the
study tree.

While investigating this di�erence, we observed that the accessory genome was quite small
compared toSalmonella. Indeed, the reference pangenome alignment is 6.0 Mb long, while
the reference genome NC_002695 is 5.4 Mb long. This is a low addition of accessory genomes
compared to the other investigated datasets, even more for a collection of 251 samples. The
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Figure 3.18: Escherichia coliphylogenomic tree. Left : Phylogenomic tree from the study.
Tree inferred on SNV pipeline described in the paper. The outer ring corresponds to outbreaks
and sporadic annotation. Right : pgSNP phylogenomic tree inferred on the dataset. Blast
parameters : identity=95%, contig maximum length = 500bp. The outer ring corresponds to
outbreaks and sporadic annotation.
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length of the alignment highlights the low genomic variability of this dataset.

As adding the accessory genome in the phylogenomic tree did not have such a high impact on
leafs of the tree, we hypothesise that the new reconciliation of these 10 samples could come
from the coregenome impacted by the reference pangenome.

To con�rm this hypothesis, we investigated di�erences between the reference pangenome and
the NC_002695 reference genome ofEscherichia coliO157:H7 used to infer the tree pre-
sented in the studied paper [323]. All the coregenome contigs were retrieved from the reference
pangenome, and were aligned against theEscherichia coliO157:H7 reference genome by using
MauveAligner. Using Biopython, the blocs of the pangenome reference which does not align
on the reference genome were collected. Finally, 206kb that do not align on theEscherichia
coli reference genome were retrieved. In other words, 206kb of DNA segments present in all
isolates did not exist in theEscherichia colireference genome. This is an interesting result
because it highlights that the use of a reference genome that does not contain all the genomics
variability can distort the phylogenomic reconstruction.

To prove that the 200k supplementary bases had the e�ect on the tree topology observed
in the pangenome tree (3.18), a tree containing only coregenome subtrees (meaning that all
samples are present in each subtrees) was inferred.

Figure 3.19: E.coli core-subtrees pgSNP inferred on the dataset. Blast parameters : iden-
tity=95%, contig maximum length = 500. The outer ring corresponds to outbreaks and
sporadic annotation

Using only the core subtrees, the topology displayed in Figure 3.19 is the same than the
pgSNP tree (Figure 3.18), meaning the reconciliation of news clusters does come from the
core-subtrees identi�ed using pgSNP. In Figure 3.19, the outbreaks 4 and 7 are not clustered
together due the lack of a discriminating contig that segregates these strains. Based on the
outcome of pgSNP, this contig is considered as accessory, thus not taken into account in this
core-tree. The core-tree with this supplementary contig is displayed in supplementary Figure
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7.1, and shows a reconciliation identical to that shown with the whole pangenome.

3.3.4.2.3 Conclusion

On this dataset, pgSNP provided a new strain clustering that seems to better correspond to
available epidemiological information. Because the reference pangenome contains pretty much
all the core and accessory SNPs of the dataset, the likelihood to miss a fragment of core DNA
during the analysis is very low. In this example, the new reconciliation of the 10 samples is due
to a fraction of core DNA that is not contained in thisEscherichia colireference genome. This
result highlights the impact of the reference in coregenome analyses, and also demonstrates
the bene�t of using pgSNP. The accessory genome provides a higher resolution on this dataset
but does not add new reconciliations. Nevertheless, the accessory genome highlights that
this pipeline works very well on a bacterial dataset other thanSalmonella, and also on a low
variability and low accessory content dataset.

3.3.4.3 Testing pgSNP on Neisseria meningitidis outbreaks

In the two previous datasets, the new links identi�ed by pgSNP can not be proven because
the sporadic strains do not have enough metadata information (time of isolation, geographical
data, possibility to be related to another outbreak sample). Here, we applied pgSNP on 201
samples fromNeisseria meningitidis[324] with robust metadata for sporadic samples (described
in section 3.2.5.3), to be able to fully determine new links highlighted by the pangenome tree.
Compared toEscherichia coli, Neisseria meningitidisis highly recombinant, and has a much
smaller genome size, and therefore allows the pipeline to be tested on a completely di�erent
genomic type. In this study, pgSNP has been compared to the Snippy pipeline proposed in the
study (described in section 3.2.5.3). Trees inferred by the study are displayed in Figure 3.20.

3.3.4.3.1 Results of the pgSNP analysis

In our pgSNP analysis of theNeisseria meningitidisdataset, we set the parameters at 95%
identity and 500 bp contig minimum length. A tree with 193Neisseria meningitidissam-
ples was obtained, as eightNeisseria meningitidissamples had contamination or low-quality
reads that did not allow proper assembly. First, the tree was inferred with the whole dataset
to overview the variability and behavior of reconciliations taking into account the accessory
genome.

The pgSNP tree is displayed in Figure 3.21. Outbreaks are de�ned in two groups : the serogroup
B group and the serogroup C group. As sporadic SP8 samples were not in the same serogroup
as the OB8 outbreaks samples, and because I did not want to miss potential new reconciliations
via pgSNP, it has been decided to include all isolates �rst. Because a high number of outbreaks
is assessed, the result of the analyses is reported below by serogroup for the sake of clarity.

3.3.4.3.2 Analysis of the serogroup B

Looking at the serogroup B, the outbreaks 1, 3, 6, 10, 12, 13 and 15 display the same topology
clustering as described in the paper [324]. Nevertheless, the outbreak 11 (OB11) samples are
not as close to each other as described in the paper. In addition, the OB 11 M27846 sample
is not clustered with the other outbreak samples, and a sporadic sample (M25166) is also
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Figure 3.20:Neisseria meningitidisoutbreaks tree from the study. Phylogenomic trees has been
inferred using SNIPPY pipeline described in 3.2.5.3. Left is the phylogenomic tree inferred on
segroup B isolates. Right is the phylogenomic tree inferred on serogroup C isolates. Samples
are colored by clusters.
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Figure 3.21: pgSNP onNeisseria meningitidisoutbreaks. The inner ring corresponds to sample
name annotation as described on the paper; outer ring corresponds to outbreaks and sporadic
annotation

closer to this isolate (OB 11 M27846) compared to others from the outbreak (OB11 M27312
and OB11 M2773). One sample from OB11 is missing in the dataset because it presented
contamination, so we have not been able to check the position of this isolate in the tree.
To get higher discriminatory power, I decided to reconstruct the phylogenomic relationships
within the serogroup B samples only.

The supertree in Figure 3.24 is inferred on a total of 3,246,450 bases, whileNeisseria menin-
gitidis reference genome length is approximately between 2.1 and 2.2 Mb. The Genome size
common to all samples is 1,787,956 bases long. Adding bases from the 90% coregenome
(contained in 90% samples), we obtain a reference pangenome of 2.2Mb. 425 kb more are
carried by 50% of samples, meaning that the accessory genome with low prevalence is huge
(637kb) and can have an impact on the topology of outbreak 11.

To compare the new reconciliations made with accessory genome, we focused on �ve relevant
samples. OB 11 M27846 clustered with OB 11 M27712 and OB 11 M27732 samples in the
study tree, while it is clustered with the sporadic sample SP11 M25166 in the pgSNP analysis.
To understand why OB 11 M27846 is closer to the sporadic sample in pgSNP instead of other
outbreak 11 samples, SNP distance and subtrees comparison was made on a total of 9 samples
from cluster where the strains of interest are 3.22 and Table 3.3 . OB 11 M27712 and OB
11 M27732 samples are clustered with SP12 M29308, SP8 M27469 and SP8 M27312, while
OB11 M27846 is clustered with SP11 M25166, SP12 M21738 and SP8 M28430. The pange-
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id
SP8

M27312
SP12

M29308
SP8

M27469
OB11

M27732
OB11

M27732
SP11

M25166
SP8

M28430
OB11

M27846
SP12

M21738
SP8

M27312
0 72116 78197 56107 50156 158140 158131 173616 158960

SP12
M29308

72116 0 78746 81713 75922 170662 171324 183420 168223

SP8
M27469

78197 78746 0 82283 87221 174532 175398 184416 172097

OB11
M27732

56107 81713 82283 0 58884 170125 169874 156883 169817

OB11
M27732

50156 75922 87221 58884 0 165373 165504 176691 164618

SP11
M25166

158140 170662 174532 170125 165373 0 20054 41721 21280

SP8
M28430

158131 171324 175398 169874 165504 20054 0 45196 24483

OB11
M27846

173616 183420 184416 156883 176691 41721 45196 0 40348

SP12
M21738

158960 168223 172097 169817 164618 21280 24483 40348 0

Table 3.3: Snp distance calculate by snp-dists with option -a to calculate all di�erence on
pangenome alignment of M27312, M29308, M27469, M27732, M27732, M25166, M28430,
M27846 and M21738

nomic alignment is analysed on 2,614,710 bases, where 2,440,390 is considered as "core trees"
(length of the genome of the subtrees shared by the 9 samples), and 177,197 as "accessory
genome" (length of the genome of the subtrees shared between 1 or 8 samples).

Figure 3.22: Prunned tree from OB 11 outbreak cluster.

To ensure that the topology di�erences come from the accessory genome and not from a
coregenome fragment which would not exist in theNeisseria meningitidisreference genome,
a tree was inferred with only coregenome subtrees in �gure 3.23. In this tree, we observe
that the two outbreak samples OB11 M27712 and OB11 M27732 are clustered together with
outbreak sample OB 11 M27846, as described in the study.

Consequently, I hypothesized that accessory genome has an impact on the topology of these
strains. pgSNP produced 96 of accessory trees for this alignment, but the presence absence
matrix of trees show a higher similarity between sporadic sample SP11 M25166 and outbreak
sample OB11 M27846 compared to outbreak sample OB11 M27846 and outbreak sample
OB11 M27712, justifying the distance between the two outbreak isolates. If we analyse the
entire pangenome alignment of all the samples and compute the distance between all of them
taking into account gaps, we observe (see table 3.3) that outbreak sample OB11 M27846 and



CHAPTER 3. IMPROVING FOOD SAFETY WITH BIOINFORMATICS 80

sporadic sample SP11 M25166 are indeed closer than outbreak sample OB11 M27846 to the
two other OB11 samples.

Compared to coregenome, the accessory genome impacts the topology locally, and displays that
outbreak sample OB 11 M27846 is not so close of other OB11 strains due to its divergence in
the accessory genome. OB 11 outbreaks already displays high diversity in the study due to OB
11 M37349 sample not clustered with other, creating a maximum SNP distance of 836 SNPs
(calculated by Snippy method described in 3.2.5.3). OB 11 outbreak happened in 2013, while
sporadic samples in the same cluster was isolated between 2012 and 2014, which corresponds
to the timeline. Unfortunately, only SP 11 M25166 can really show proximity to OB11 M27846
because the metadata show that they are isolated in the same geographical area. For the other
sporadic strains, we do not have the information. Given thatNeisseria meningitidisis recombi-
nant [362], we can think that the strains have a possibility to be derived from the same ancestor.

Overall, pgSNP adds genetic distance between outbreak samples, especially due to the mobile
genetic elements and genetic �exibility ofNeisseria meningitidis, that can make outbreak in-
vestigation hazardous [379]. However, outbreak samples with close coregenome and accessory
genome (for example, outbreak 13 samples) are still clustered together in the phylogenomic
tree, demonstrating the importance of accessory genome in epidemiological investigation. This
also opens up a discussion of the weight of the accessory genome in a phylogenomic tree and
health surveys, addressed in the section 3.4.1.3.

Figure 3.23: Only coregenome subtrees from pgSNP on serogroup B dataset. The inner ring
corresponds to sample name annotation as described on the paper; outer ring corresponds to
outbreaks and sporadic annotation

Finally concerning the outbreak 12 and analysing the tree including only the serogroup B out-
break, we observe that OB12 samples are still clustered together, but divided in two subgroups :
M37244, M28634, M29678 and M29401 together, and others OB12 isolates together. Looking
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id OB8 M25941 OB8 M26417 OB8 M26263 SP8 M23151 SP6 M25165 SP6 M25683
OB8 M25941 0 20275 19523 33327 158103 168713
OB8 M26417 20275 0 17793 33352 159700 170730
OB8 M26263 19523 17793 0 33424 159267 170686
SP8 M23151 33327 33352 33424 0 146751 158926
SP6 M25165 158103 159700 159267 146751 0 79105
SP6 M25683 168713 170730 170686 158926 79105 0

Table 3.4: Snp distance calculate by snp-dists with option -a to calculate all di�erence on
pangenome alignment of OB8 M25941, M26417 and M26263, SP8 M23151 and two sporadic
sample M25165 and M25683

at the accessory genome, there is at least 7 kb of di�erence between those two sets of samples,
associated to contigs of 5kb and 1 kb. These contigs are present in one of the datasets, making
them closer intra-cluster. This di�erence was not seen on the whole dataset tree (Figure 3.21)
because of the scale, but is visible on the tree of the serogroup (Figure 3.23), adding divergence
and therefore question epidemiological clusters. This divergence can be due to homologous
recombination, which can divide the cluster in two. This kind of phenomenon has already been
observed in other species, when outbreak sample diverged due to homologous recombination
events across 20% of genomes [380].

3.3.4.3.3 Analysis of the segroup C

For the serogroup C, the samples from outbreak 2, 4, 8 and 14 display the same clustering as
previously described in the paper [324]. However, a di�erence appears on three samples from
outbreak 8 (OB8 M25941, OB8 M26417 and OB8 M26263). They are clustered together in
the original paper, while pgSNP also links the sample SP8 M23151 to these three samples.
Looking at the accessory genome, sporadic sample SP8 M23151 harbors a lot of contigs in
common with the three isolates of the outbreak OB8. At least 2.2Mb are shared by these four
samples (OB8 M25941, OB8 M26417, OB8 M26263 and SP8 M23151). In conclusion, we
have strong presumptions that the sporadic sample SP8 M23151 belongs to outbreak OB8.
This would need more metadata information to conclude on these results.

Finally, we noticed that the M26251 sample (outbreak OB9) did not cluster within the same
branch together with other OB9 strains in the pgSNP analysis. This isolate seems closer to
other sporadic isolates (SP6 M20758 and SP14 M38738), but as the non-sporadic samples were
not named in the study tree [324], no new reconciliations could be proven on these strains.

3.3.4.3.4 Conclusion

We were able to show the advantage of pgSNP using a new non-foodborne outbreak dataset,
involving a bacterial species whose genome length and genome evolution dynamics is di�erent
from Salmonella. UsingNeisseria meningitidisoutbreaks, the ability of pgSNP to manage small
length genome with high recombination rate was emphasized. pgSNP shows great consistency
with the epidemiological data and the results obtained on the coregenome based on species
with variable genomic characteristics. The reference pangenome increases the amount of
gathered genomic information between strains and we observed that the accessory genome
has an impact on the clustering of speci�c strains. We were able to demonstrate that one
sample from outbreak 11 had a completely di�erent dispensable genome compared to other
outbreak 11 samples, and we also established a new link between outbreak SP8 samples and one
sporadic sample that was not observed previously. In conclusion, this dataset analysis con�rms
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Figure 3.24: pgSNP on segroup B fromNeisseria meningitidisoutbreak. The inner ring cor-
responds to sample name annotation as described on the paper; outer ring corresponds to
outbreaks and sporadic annotation.

Figure 3.25: pgSNP on segroup C fromNeisseria meningitidisoutbreak. The inner ring cor-
responds to sample name annotation as described on the paper; outer ring corresponds to
outbreaks and sporadic annotation.
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the interest of using the information associated to the pangenome for outbreak investigation.

3.4 Discussion

3.4.1 How to improve pgSNP

3.4.1.1 How to improve the pangenome reference

In this section of the PhD thesis, I developed a reference pangenome with the objective
of inferring a phylogenomic tree. This idea was always kept in mind when developing this
method, and therefore the reference pangenome was optimised as well as possible with this
objective. The reference pangenome represents a biological reality of the variability contained
in a dataset. We did not create a pangenome with consensus contigs, because we wanted
to ensure that raw-reads would align to the contigs. A consensus could distort the reference
pangenome, and lead to a potential loss of reads. In contrast, the management of repeated
regions remains di�cult, and thus advanced management of these repeats would be needed to
make a consensus pangenome.

The reference pangenome described as a genomic sequence is an innovative method, which
has already been explored by C. Jandrasits a PhD student from the Robert Koch Institute
(Berlin, GER). Indeed, Christine Jandrasits developed a pangenome reference method called
Seq-seq-pan [381], and then a pairwise variant calculation called PANPASCO [382]. Seq-seq-
pan is a method to build a pangenome reference which is similar to pgSNP, but using Mauve
aligner instead of BLAST, and which creates one reference pangenome constituted of a unique
contig. In further development, it could be interesting to compare results of the present PhD
thesis with outcomes of the other method. However, the Seq-seq-pan reference pangenome
constituted of a unique contig, would increase the computing time and be based on a unique
nucleotide substitution model in comparison with the pgSNP pipeline.

These aspects were not taken into account by the authors [382], because they only used their
reference pangenome to detect SNPs. Accessory and core SNPs are mixed because their goal
was to add information to compare very close samples. Also, the authors started with the anal-
ysis based on SNP di�erences rather than phylogenomic inferences. In the current PhD thesis,
we answer to a more general problematic: taking into account accessory genome to delineate
homogeneous isolates but also try to �nd if some sporadic samples are linked to outbreak
samples to support o�cial investigations. Therefore, we considered accessory SNPs as well
as their di�erent evolutionary processes depending on the contig in which these SNPs are found.

A new trending way to analyze the pangenome is to use a pangenome graph as a reference.
The idea of a pangenome graph was previously proposed, but still at this time, pangenome
graph can hardly be used as reference genome for mapping. For example, Minigraph [383]
creates graphs that detect SVs (structural variants) within samples, but depends on a reference
genome to build the graph, as described in many studies [384, 385, 386, 387, 388, 389]. DNA
information will be missed and will not be taken into account into the phylogenomic recon-
struction. We did not want to rely on a reference genome to build our reference pangenome,
so we did not use those kinds of methods.

Most of the pangenome graph developed nowadays are used for variant genotyping, or to
overview large dataset of genomes.These methods are very recent and are still in progress,



CHAPTER 3. IMPROVING FOOD SAFETY WITH BIOINFORMATICS 84

but show very encouraging results. The construction of pgSNP reference pangenome is linear,
but a pangenome graph may improve the raw-reads alignment and also the variant calling
detection. Pandora [102] was published at the beginning of my third year, and was the �rst
method to build graphs without a reference genome, and detect SNPs from core and accessory,
genes and intergenic regions. Pandora is e�cient with distantly related samples, where a usual
reference genome can not represent the whole diversity. Despite the limitation, Pandora is the
most advanced tool for pangenomic graph analysis. We are currently in the preliminary stage
of these new methods. Pangenome graphs really started to be implemented in 2020, so we
can anticipate a new wave of development for the next 5-10 years that would be focused on
pangenomes graphs.

Our method can build a reference pangenome without using a prede�ned reference genome,
and we wanted to use a method which would be able to work with already implemented down-
stream analysis, due to the conceptual simplicity of identifying variants with a linear reference
genome, and the mature tool chains developed during decades. The reference pangenome in
fasta format is right in the middle of new developments nowadays. Graphs have to build their
own methods to detect SNPs which were not developed at the beginning of my thesis.

Finally, the selected parameters were the optimal combination for the lowest entropy, the high
supplementary number of aligned reads and also the highest alignment length. While this
combination is display a good mapping quality (3.3.2.2), the pangenome built with a 95%
identity could insert sequencing error or assembly error. In pgSNP pipeline, the pangenome
contigs that do not harbor su�cient aligned reads are discarded from the multiple-alignments.
In addition, as the phylogenomic tree needs to have at least 4 samples in the alignment, con-
tigs which do not meet this requirements are also discarded. Assembly errors would generate
unique contigs, and thus be discarded in our analysis. At the end, a high number of contigs
can be not taken into account in the downstream analysis, but it ensures us that the error rate
is low, and the results are robust even if the assembly may present errors.

To improve the mapping quality, we should have taken the best entropy parameter. As the
number of samples by alignment is the sticking point, the contig alignment length has to be
taken into account. If the method proposed a solution about the integration of unique DNA
or DNA contained in less than four samples, the lowest entropy score would have be retained.
At this stage of development, it is the best compromise that we have found.

3.4.1.2 Variant detection

Detecting variant on accessory genome is easily done by Snippy, GATK or whatever variant
caller if reads of coverage is su�cient for variant calling. In addition, the variant calling
only identi�es variants to then recreate the genomics alignments correctly. Variants uniquely
identi�ed due to variation into the reference are consequently not taken into account in the
phylogenomic inference.

In this PhD thesis, we only investigate SNPs because of the di�erent level of complexity we had
to control in the pipeline. SNP and presence/absence of contigs was already di�cult to handle
because of the issues related to missing data management during phylogenomic inferences.
Nevertheless, an option about the identi�cation of InDel was added. InDel is still not well
managed by phylogenomic methods and may have di�erent evolutionary speed [82, 83, 84], so
we did not include it during phylogenomic inferences. But adding them and analyse the impact
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of InDel is the next step to improve the resolution.

3.4.1.3 How to improve the substrees

We designed the pipeline with subtrees due to a main problematic in phylogenomic inference:
phylogenomic tree methods have di�culties in handling missing data. Some phylogenomic
tree methods count gaps as a "5th base", and eliminate columns in the alignment when
missing data are too much present. In the context of handling missing data, supermatrices
methods have been developed, and are now incorporated into phylogenomic tree tools like
IQ-TREE [112]. But these methods are time consuming, and it also brings a new re�ection on
the management of the di�erent evolution parts of the genome (presented in Annexe section
6.1.2). Indeed,Salmonellais prone to genomics content exchange through horizontal transfers,
and incorporates several new elements like plasmids, phages, SPI, ICE and other accessory
elements (described in section 2.3.5). Instead of aligning DNA segments together to infer a
phylogenomic tree, the reference pangenomic contigs are handled in separate alignments, and
a phylogenomic tree is built for each alignment. With this method, two parts of the accessory
genome are taken into account :

- First, the accessory can have a di�erent evolutionary model and evolutionary rate. As each
tree is computed independently, the evolution rate can be di�erent between two trees if their
genetic content is di�erent.

- Second, each accessory genome is found in some strains, but not in all. Using a tree for each
alignment, only samples which have the same accessory genome will be found in the subtrees.

With this method, subtrees can be analysed independently and ease the analysis of accessory
genomes. Also, accessory trees can be easily be analysed to search for presence and absence
of DNA segments or SNPs on elements of interest. Merging all contig alignment into one
super-alignment was not possible, because of the di�culties to connect all contigs and clus-
ters them into one single alignment. Here, by separating all contigs alignments, we are in a
divide-to-conquer strategy which was used for a long time on large datasets, before maximum
likelihood (ML) phylogeny methods were able to �nd solutions for large datasets in a timely
manner or other ressource-wise.

A great innovation in this pipeline is the use of subtrees and then a supertree method to
infer a phylogenomic tree that would take into account core and accessory genome at the
same time. This method is robust, as demonstrated previously, but depends a lot on the
contig selection during reference pangenome building. In addition, all substrees are taken into
account in fastRFS with the same weight. This method works well given the concordance of
the results with epidemiological data, and without knowledge about contig exactness, it would
not be wiser to give di�erent weight to subtrees formed by contigs. One of the most promising
developments would focus on contig cutting to improve the resolution and to more robustly
de�ne the evolutionary speed and evolutionary model for each DNA segment [390, 391, 392].

Methods which derive genomes into accessory segments are often based on a multi-alignment
with windows to measure the impact of a DNA content on another window [391, 392, 393]. We
wanted to build a method independent of a multi-alignment and keep the ability to analyse the
genome content (% GC for example) and create a windows where the length varies according
to the nucleotide content. This might reveal windows with diverse genetic compositions,
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which might indicate a di�erent evolutionary process, such as recombinations or horizontal
genes transfer. Unfortunately, no published method which �t this problematic was found.
Alternatively, we might attempt establishing a new window by �rst aligning the readings to
the reference and then cutting the alignments when we notice a region with a reduced depth
of coverage compared to the prior window. This method was not a priority because the
pgSNP outcomes were most of the time consistent with the epidemiological data. Nevertheless,
concerning the contigs from plasmids or phages, it would have be judicious to split these
related contigs because these elements are known to be impacted by recombination events
which bring together DNA fragments with theirs own evolution history and may integrate into
the chromosome [111, 394]. A script was developed which cut a contig window based on
the presence or absence of a contig, and the percentage of SNP detected in the window. For
example, if a window has a percentage of SNP higher than another window, it could mean that
this window is not subject to the same selection pressure, thus resulting in identi�cation of a
recombination event or another foreign gene. Nevertheless, because of the lack of time, this
method was not properly investigated. I consider that this step is the most important step to
improve in a near future. This development would also solve the issue observed in theNeisseria
meningitidisdataset when outbreaks were split due to accessory genome and the creation of
long intermediate branch and �nal leafs in the phylogenomic tree.

3.4.1.4 How to improve the branch length

Another problematic step in pgSNP was the branch lengths. Supertree methods do not
calculate branch lengths, so we had to �nd a way to add this important information into
the tree. Some papers propose to calculate branch lengths based on pairwise-distance, or
derive the branch length from a concatenated alignment [114].The fact that ASTRAL employs
coalescence units allows computing of some branch lengths, but it does not calculate the �nal
branch lengths, which is crucial for understanding the divergence of the strains. We choose
to use ERaBLE since it addresses our problem. ERaBLE is based on distance matrix from
all subtrees, so individual genetic distance can not be taken into account. However, ERaBLE
displays some negative branch lengths, which is a unsolved issue. The authors advised to delete
negative branch lengths (as it is advised for negative branch lengths from Neighbour Joining
trees), but this solution is not the most suitable for our dataset. The use of partitioning data
in the phylogenomic inference was an idea developed to counter this branch length problem.
But the computation time is too expensive to invest more time in this method (discussed in
Annexe section 6.1.2).

Even though it is imperfect, the only option we now have is the one in place. To get a higher
resolution and also take into account the unique accessory fragments, we could develop a ML-
like method which can calculate the di�erences from alignments and overlay the results on the
pangenome tree. Nevertheless, we would encounter once again di�culties from missing data.

3.4.1.5 Perspectives of pgSNP

This study advances pangenome analysis, and can be extended on di�erent pathways : a
valuation of tools described here with several benchmarks ; a methodological development on
evolutionary events such as InDels, but also genome fraction (integration of plasmid, of genes,
prophage etc) ; suggest a reference pangenome for all serovars, in order to improve analysis
resolution and develop a common method, and publishing variants instead of sequences.
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Figure 3.26: A phylogenomic network forStreptomycesgenerated using SplitsTree to investi-
gate recombination events. Figure from [397]

Establishing a pangenome reference database could be an interesting development to highlight
the current state of knowledge of strain sequences in public databases. In order to develop
a pangenome reference database, a selection of the most analysed samples in genomics is
required. Then, a pangenome could be built on all the reference genome existing for a species,
and this reference would be available to biologists and bioinformaticians to perform their
research with an increased resolution.

Finally, these references could be used in other downstream analyses, for example accessory
analysis to quickly target phages, plasmids or other accessory elements in order to better
understand the genomics variability of a strain or to create markers. Otherwise, instead of
publishing pangenome, a pangenome variant database could be also developed. It would work
like the pangenome database, but with pangenome variants to ensure the anonymity of the
provenance of the strains. Variants databases already exists for SARS-CoV [395] in the idea
of tracking the evolution of a pathogen, and therefore it would be possible to repeat the same
idea but with pangenomic variants.

3.4.2 Is a phylogenomic tree the best view to understand genomics vari-
ability?

A great re�ection was carried out during the thesis about phylogenomic trees. Most of the
genomic pipelines developed nowadays depends on detecting variants them infer a phyloge-
nomic tree to compare genomics samples between them, analyse their genomics evolution,
and try to identify outbreaks. Adding accessory genome, we were not convinced that it was
a good idea to mix all the data together and put them into 2D dimensions represented by a tree.

Because an accessory SNP does not have the same evolution pattern and mutation rate, the
question arises whether to mix this data with coregenome data. We explored a bit 3D possi-
bility, but the research subject should have been completely based on it, in addition to taking
into account accessory genome. Split Tree [396] is a phylogenomic method considering that
a unique tree is not enough to represent the variability of a dataset, especially when there is
con�icting phylogenomic signal. Instead of a phylogenomic tree, the dataset is represented as
a tree-like network, and it is used in genomics content analysis, or for example in recombination
events investigation in a dataset, as represented in 3.26. This type of graph is an interesting
method to explore, with the possibility of making accessory genome links and missing data.
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We also explored graph-like representation, as described in 6.1.1, but the results were not
fully consistent with epidemiological data when there were too much missing data. Finally,
subtrees seem to be the easiest option to explore accessory genome, and supertree was the
logical continuation. We could also try to use subtrees and create a graph which concatenates
all distances, but we did not have time to explore this option.

Putting aside graph options, we thought of a statistical method in the earliest steps of the
PhD. The goal was to develop a method that would analyse each SNPs and DNA content
to seek correlation and di�erence between samples. This innovative method could give a
correlation score between strains while taking into account certain original aspects of these
parameters such as the rarity of SNPs or accessory contents. This score could also de�ne if
two samples are linked together, without the use of thresholds of pairwise mutation di�erences,
but a threshold on the �rst order risk - i.e. calling two strains not linked when they truely
are - based on the probability knowning from the databases the frequencies of each character
common or di�erent between 2 samples. This score could also be plotted as a graph for a
visual representation. Also, this method could resolve partially the horizontal gene transfer
problematic, as some non-parametric approaches are less impacted by recombination events
than some phylogenomic method [79, 398]. As the implementation of new statistical measures
appeared di�cult and time-consuming, we had kept this idea in mind as a side project. This
kind of method seems very promising by combining it with pangenomic graph, because at the
time of my thesis, tools were not to available to represent the di�erences between strains based
on graphs and SNPs identi�ed from reference pangenome.

3.4.3 How to de�ne an outbreak in genomics

When outbreak samples harbor di�erences from accessory genome, it becomes di�cult to
determine if the strains are well linked or not. In pgSNP, the question often asked is how
signi�cant these di�erences are that the strains are no longer related. For example, in section
3.3.4.3, we showed that two strains which were related in coregenome were distant in accessory
genome. But, as the distance is also not very large compared to the dataset, it is an utopia to
de�ne a threshold. Also, the genomic di�erence between two isolates can be highly due to the
presence or the absence of accessory genome, adding complexity to the threshold delimitation.

With pgSNP phylogenomic trees, we could see visually the clusters in the tree by using the
topology. But, when outbreak samples have small variations in their accessory genome, how
to take it into account to de�ne epidemiological links between isolates? Also, if one isolate has
a stranger element which induces a resistance or virulence factor that could explain an out-
break, does an isolate which does not possess this characteristic must be left out of the analysis?

Ten years ago, the cost of whole genome sequencing was too high to prioritize developments
of SNP-based approaches [399]. But today, even when whole genome sequencing pipelines has
been developed as a routine implementation [26, 245, 246], sub-typing and PFGE is still used
to de�ne outbreaks. Cg and wgMLST are also still widely used due to their ability to share se-
quence type between laboratories, although these methods have di�culty to segregate related
samples of TMV [79] and are highly dependant of thede novoassembly quality of samples [67].

De�ning a threshold in each method is an utopia given the heterogeneity of the serovars [79,
400]. While some serovar can be linked by a threshold of less than 5 SNPs according to other
authors (monophasic variant of Typhimurium samples [80],SalmonellaDublin sample [401]),
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some others, likeSalmonellaMbandaka can not be linked with this information. For example
in a SalmonellaMbandaka outbreak study [314], the authors de�ned an outbreak ofSalmonella
Mbandaka human cases with SNP di�erences between 10 and 25 SNPs (Figure 3.27). When
looking at another potential cluster with sporadic samples linked to outbreak samples, the
SNP di�erence varies between 12 and 82. Besides, SNPs cuto� also depends on the genomics
method used, which adds an additional problem.

Figure 3.27: Phylogenomic tree generated from whole-genome SNPs for outbreak and non-
outbreak cases ofS. Mbandaka in New South Wales. From [314]

We wanted to develop a cut-o� like method which could take into account the scarcity of
some SNPs or accessory genome content to add more weight on subtrees in the �nal supertree
reconstitution. But these kinds of methods are complex to implement, and the parameters
settings would take a long time, so we did not considered it.

3.5 Conclusion

During this chapter, we were able to set up an innovative pipeline called pgSNP, which takes
into account the accessory, coding and non-coding genome, and makes it possible to infer
these results on a phylogenomic tree. This pipeline contributes to the identi�cation of the
variability in the accessory genome of di�erent samples, to understand its prevalence and
distribution, the persistence and the hazard in food safety, which is not detected and oblivious
in coregenome analyses.

During this chapter, we display the advantages and the news results inferred by pgSNP. pgSNP
is able to �nd consistent results with a coregenome SNPs approach, but also to add more
resolution on phylogenomic tree analyses. In this study, we displayed news reconciliations due
to the use of the reference pangenome inEscherichia colidataset, but also news reconcili-
ations due to the use of accessory genome inNeisseria meningitidisdataset. InSalmonella
Typhimurium and monophasic variant of Typhimurium outbreaks, pgSNP was able to show
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the impact of the accessory genome on very similar strains, and the bene�t of using this tool
to further investigate the accessory genome.

Finally, we demonstrated the advantages and the limits of the pipeline, with suggestions for
script improvements. We are very aware that pangenomic analyzes will greatly improve in the
coming years, and we believe that this study will have enabled progress in this area.



Chapter 4

Analysing the genomic diversity of
Salmonella in the context of food
safety

4.1 Salmonella issues in milk and pork food sectors

In this chapter, I will present the genomic analysis of the two main serovars investigated in my
thesis : SalmonellaMbandaka,SalmonellaTyphimurium and its monophasic variant. A study
of SalmonellaDublin will also be presented in this chapter, with the objective of understanding
the dissemination of this serovar in bovine strains from two French regions. Other serovar
speci�c questions are presented in 2.4. Although the thesis project is structured in independent
sections dedicated to each serovar speci�c issues (e.g. sampling, history and organization of
the production chain, etc.), the conceptual framework is however common: genomics for
sanitary control, assessment ofSalmonellabiodiversity in an animal production sector, origin
of contamination, selection of variants and the bioinformatics methods used.

First, I will present the selection of samples to answer each important serovar speci�c ques-
tions. For SalmonellaTyphimurium and its monophasic variant, the dataset represents the
geographical diversity of these serovars in pig and pork sectors. ForSalmonellaMbandaka,
the database includes strains of dairy origin from the north of France and another host (i.e.
poultry). For SalmonellaDublin, the dataset should represent the diversity of strains detected
in the cattle and dairy sector of two regions.

Concerning the pig and pork industry,SalmonellaTyphimurium and its monophasic variant
are the predominant serovars encountered in this sector. Although monophasic variants of
SalmonellaTyphimurium (TMV) are now more prevalent thanSalmonellaTyphimurium, they
are still distinguished only based on phenotypic traits and therefore it is important to fully
analyze this serovar at the genomic scale. The objectives of this section are to understand the
diversity of this serovar in the pig and pork industry, from pig herds to the �nished product,
and also its dissemination in France by comparing its genomics diversity to its geographical
diversity. Finally, the genomic contents will be analysed comparing French TMV strains to
worldwide strains in order to understand the links that may exist between the diversity of
strains from various countries.

For the bovine industry, I will �rst characterize the biodiversity ofSalmonellaMbandaka in
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Subtyping SeqSero2 prediction
Project Typhimurium TMV N/A Typhimurium TMV N/A
I�p 45 136 3 28 143 13
GAMER 15 123 0 14 124 0

Table 4.1: Summary of all available data.

Year Matrices
<2016 � 2016 Slaughterhouses Pig herds Processing plants

Samples 73 249 182 17 123

Table 4.2: Metadata summary of the dataset (n=322).

the di�erent reservoirs (i.e. environment, feed, herd, cow, milk, cheese). The capacity of
adaptation to the host ofSalmonellaMbandaka will be investigated in the poultry sector
of the north-western France. A complete genomic review ofSalmonellaMbandaka will be
presented, as we have little global knowledge in genomics for this serovar.

Finally, I will present results of the track of environmental and geographical persistence of
SalmonellaDublin in two regions. As this serovar is well-studied compared toSalmonella
Mbandaka, I will rely on this work to then compare with the genomic diversity ofSalmonella
Mbandaka.

4.2 Material and Methods

4.2.1 Salmonella Typhimurium and its monophasic variant dataset

4.2.1.1 Slaughterhouse and processing plant dataset

In order to investigate the genomic diversity of theseSalmonellaTyphimurium and its monopha-
sic variant in France, a dataset has been built using available data from swine. This dataset
comes from two sources. The �rst one was collected by the IFIP (The French Pork and Pig
Institute) and is constituted of samples from internal collaborations (i.e. samples collected
from partner companies) and a monitoring plan managed by the DGAl (Direction Générale
de l'alimentation) between 2016 and 2018. The second source is an in-house sequencing
database in ANSES (GAMeRDB) where paired-end reads from di�erent projects were de-
posited for pre-processing and further analyses. Metadata of these sequences come from
Acteolab (ACTEOLab-Salmonella), a national network for the epidemiological surveillance of
Salmonellastrains of non-human origin.

185SalmonellaTyphimurium and its monophasic variant genomic sequences were provided by
IFIP and were isolated from swine strains. One sample was predicted asSalmonellaDerby,
thus withdrawn from the analysis. 248SalmonellaTyphimurium and its monophasic variant
genomic sequences were isolated in France and came from GAMeRDB and Acteolab. Looking
more precisely, 138 samples isolated from swine data were selected for the study. In total, 322
samples were analysed. These dataset collections are described in Table 4.1.
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Figure 4.1: Dataset selection ofSalmonellaTyphimurium and its monophasic variant. A : Data
selected from France from pig herds. B : Data selected from the world

Extracted Assembled Total
IFIP 138 138 138
ANSES 51 50 50

Table 4.3: Dataset selection ofSalmonellaTyphimurium and its monophasic variant from
di�erent partners of this study

4.2.1.2 Geographical dataset

To study in detail the genomic diversity ofSalmonellaTyphimurium and its monophasic variant,
I collected genomes harboring information related to departments of herds. The selection was
delicate, as the western French regions produced roughly 78% of the French pig production
[402]. We selected samples from 3 regions in order to be able to analyse the genomic variability
across geographical origin. The region 1 corresponded to northern-west of France (Brittany
region) where most of pigs are produced. The region 2 corresponded to the mid-west of
France (Pays-de-la-Loire) which corresponded to the 2nd most producing region. The region
3 corresponded to the south west of France. Other samples from other regions were labelled
as "others" in the corresponded study. Samples were collected from di�erent sources: IFIP,
ANSES Maisons-Alfort (i.e. internal network andSalmonellanetwork) and ANSES Fougères
(i.e. monitoring plan).

In brief, 138 samples from IFIP had the department of origin of a pig found in a slaughter-
house. As most samples have been isolated from region 1, 51 samples from region 2 and
region 3 have been added to the dataset by ANSES. While all samples have been isolated,
sequenced and assembled without any contamination or quality problems, 1 sample has been
discarded due to metadata incongruences. A total of 50 isolates has been added to the dataset.

In total, 188 samples were assembled and have passed quality checks to be used in this study
(Table 4.3). The amount of samples selected for each region is illustrated in Figure 4.1-A.

4.2.1.3 Worldwide dataset

With the objective to access the global diversity, I also selected TMV samples from other
countries available in Enterobase and published studies [286]. Only ST 34 samples from swine
were selected in this study. Using data previously analysed, I selected 132 TMV samples from
France wherein vivo and in vitro investigations identi�ed monophasic variant of Typhimurium
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Europe
Belgium France Germany Italy Portugal Spain UK
3 132 24 29 1 1 18

Asia
Cambodia China Japan Thailand
2 1 30 5

America
Canada Ecuador USA
23 5 51

Table 4.4: Description of samples selected from other countries using Enterobase

and ST 34.

Concerning the other countries, 38 samples have been selected from the COMPARE project
[286] where all samples have been isolated from pigs from Europeans countries. Using Enter-
obase, only ST 34 samples were selected. From 21,191 available samples, I retrieved those
presenting an expected SeqSero2 identi�cation (i.e. TMV) isolated after 2012 with available
Illumina raw reads. Finally, 964 samples were selected including 858 samples isolated in USA.
Further criteria were added from USA samples, such as the subtyping prediction and the geo-
graphical metadata available to downsize the dataset to 50 samples. Finally, with 5 samples
discarded due to poor raw reads quality or poor assembly, only 51 samples have been selected
from USA. All samples used from other countries are described in Table 4.4 and plotted in
Figure 4.1-B. At last, 38 samples were selected from study [286], 132 from France, and 155
from Enterobase for a total of 325 genomes.

4.2.2 Salmonella Mbandaka datasets

4.2.2.1 Bovine data

S. Mbandaka is highly prevalent in north-western France, while there is no explanation for its
persistence in this region (as described in section 2.3.8.1 and Figure 2.18). To �rst describe
the diversity ofS. Mbandaka, a collection ofS. Mbandaka isolates from bovine was collected
from this region of interest. In total, 148 samples have been collected from Normandy, thanks
to ACTALIA and industrial partners (FGIE) and Caen University. From the 148 samples, 143
have been sequenced with Illumina NextSeq technology at ICM (Institute for Brain and Spinal
Cord) and produced proper paired-end raw reads that could be assembled with a SPAdes-
based pipeline [70, 345] which is described in section 4.2.4. All assemblies were subjected to
a quality aassessment as described in the section 4.2.5. Among these samples, three were
identi�ed as serovar other than Mbandaka and discarded from the downstream analysis. All
other Salmonellapresents the same GC% ( 52.10%), a alignment length superior to 4.6Mb
(S. Mbandaka reference is 4.8Mb,S. reference selected here is described below), no more than
500kb of miss assembled bases, and InDels per 100kb is around 2 for all genomes. Number
of genomes from each source is described in 4.5. Finally, 140 proper draft genomes from
Normandy were available for this study.

As SalmonellaMbandaka is monitored in the dairy sector in this study, we selected samples
presenting metadata related to bovine (i.e. faeces, manure) and dairy origins (i.e. milk, milk
�lter). Also, samples from cheese and feed products were added to the dataset to monitor
whether contamination was due to matrix-speci�c clusters or occurred through all the produc-
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FGIE Caen University
With metadata 100 48

Assembled 99 44
Mbandaka serovar 97 43

Table 4.5: Summary of data source

Cow and its environment Milk Cheese Feed products
55 70 6 9

Table 4.6: Summary of data matrices

tion chain. Strains from feed products were also added to check whether contamination in
farms occurred. The summary of the data matrices is displayed in Table 4.6.

4.2.2.2 Poultry data

We collected 170 poultry samples from ANSES and collaborators (ANSES HQPAP, ANSES
Fougère andSalmonellaNetwork [43]) between 2016 and 2020. Unlike cattle, the major
production basin of poultry is not Normandy. I selected the maximum of poultry isolates from
north-western France (70%) as described described in Table 4.7. In a nutshell, 51 poultry
strains were collected elsewhere in France such as in Hauts-de-France, Auvergne-Rhône-Alpes,
Grand Est or Occitanie regions. One strain of duck and �ve strains of turkey isolated in
north-western France were also included in the panel.

All samples has been serotyped through glass slide agglutination, according to the White-
Kau�mann-Le Minor scheme [5] as described previously. Sequencing, assembly and quality
criteria of selected samples are the same that those described in the section 4.2.2.1. One
sample had incomplete metadata and had been taken out from the analysis. From the 168
poultry samples correctly assembled, 1 genome was predicted asSalmonellaTennessee, and
4 genomes belonged to the ST3016. As the prevalent ST from our dataset was ST413, we
withdrew these samples from our study. In total, we have gathered 164 poultry samples. One
strainSalmonellaMbandaka 100727 (NCBI ID SRR6860551) belonging to the ST506 has been
added to the dataset to root the phylogenomic tree.

4.2.2.3 Reference selection

Looking at a previously published genomic analysis ofSalmonellaMbandaka, two reference
genomes are commonly used : CP022489 and CP019183 [403]. To select the best reference
genome, all raw reads fromSalmonellaMbandaka bovine (n=140) has been mapped against
both references with BWA [328]. Then, the breadth of coverage of genomes has been calculated
against the reference with Samtools [338]. Breadth of coverage corresponds to the proportion
of nucleotides from the aligned reads according to the reference sequence length. The mean
breadth coverage of CP022489 was 98%, while the mean breadth coverage of CP019183 was

Pays-de-la-Loire Bretagne Normandie Others
47 34 32 51

Table 4.7: Summary of region of isolation of poultry dataset
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89% (Figure 7.14). This results showed that the CP022489 reference �ts better to theS.
Mbandaka raw reads compared to CP019183. For downstream analysis, CP022489 will be
used as single reference.

4.2.2.4 Wild bird data

To explore the hypothesis of a possible cross-contamination between wild and farm animals,
we extracted, from the open accessSalmonellaEnterobase database [62], 2,465 raw reads (on
October 2021) whose serovar was con�rmed asS. Mbandaka, the MLST pro�le of ST413 to
keep the same pro�le for all strains of the dataset, and available epidemiological information
such as host and country of isolation. Among these reads, 42 were retained because they were
isolated from wild animals with 10 genomes from �Avian�, 2 from �Canine�, 2 from �Marsupial�,
4 from �Reptile� and 23 �No-determined�, respectively. Among these 42 genomes, no one was
isolated in French or Europe. We still decided to go through the analysis, as some wild birds
might be responsible of inter-continent contamination [404].

Finally, we chose 9 of the 10 genomes from strains isolated from wild birds (i.e. �Avian�). One
genome was excluded due to read errors. The selected 9 genomes came from the American
East coast: 6 from the United States, 2 from Canada and 1 from Mexico.

4.2.3 Salmonella Dublin dataset

During this thesis, I also had the opportunity to work onSalmonellaDublin serovar which
is extremely prevalent in the bovine sector. In this work I performed a retrospective study
of SalmonellaDublin outbreak that took place in France between 2015 and 2017. Two
regions producing a raw milk cheese linked to human cases were speci�cally targeted. I in-
vestigated the diversity and the circulation ofSalmonellaDublin strains in 2 regions in cow
herd, milk and cheese environments with the aim of understanding the routes of contamination.

This study required a collaboration between four private and public laboratories to collect
2,249 strains within the time range of the outbreak. Beyond the results provided by the study,
the objectives of the project was to demonstrate that WGS can provide more insight during
outbreak investigations for the actors of this sector. In order to demonstrate the advantage
of WGS, additional samples from linked cases of salmonellosis under local epidemiological
and microbiological investigations were added in the study, called selection A,C,D,E (n=104).
Description of the targeted selection samples is available in Table4.8.

Selections A C D E

Description

Single dairy farm
where strong

clinical signs of
salmonellosis cases

in cows were
observed over

the years

Contamination
from cattle to
cheese from

limited
geographic area

Contamination
from milk

in short period
of time in
restricted

geographic area

Samples from
cattle on

di�erent farms
in restricted

area

Table 4.8: Summary of targeted selection metadata

Collection of metadata and samples are described more precisely in the article presented in the
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Data origin Isolates Metadata Gower Assembly ok QC ok

This study
Random 2249 2101 398 331 315
Targeted 104 104 104 70 70

From ANSES 77 77 77 59 58
From Pasteur 371 109 109 109 37
Tally 2697 2478 917 569 480

Table 4.9: Contingency table of sample sources, �ltering and selection. RND: Random. Tar-
geted corresponds to SELEC A + SELEC C + SELEC D + SELEC E. An exhaustive �ltering
description is presented in methods.

section 4.5. Overall, a collection of 480 samples selected from private and public institutes
is displayed in Table 4.9. The selection of samples for the study was performed based on a
subsampling algorithm based on the Gower distance [405] and 2,249 strains collected at the
time of the epidemic outbreak. In addition, ANSES provided 77 samples from its collections
of strains and the Pasteur Institute provided humans samples [301] in order to bring genomic
background to the outbreak, and also propose a e�cient surveillance plan that would cover
the genomics diversity ofSalmonellaDublin in the two incriminated regions.

4.2.4 Assembly

The ARTwork pipeline �ltered reads based on quality control and normalization by estimating
the coverage of reads with bbmap [325], normalized the reads with bbnorm [406] and con-
troled the quality of the reads with fastqc (https://github.com/s-andrews/FastQC). Reads
were then trimmed by Trimmomatic [326] to remove technical sequences such as adapters or
polymerase chain reaction primers. Contigs were produced by Spades [70] which perform a
de novoassembly based on a de Bruijn Graph. Sequence type (ST) of isolates were detected
by MSLT based on PubMLST scheme (https://github.com/tseemann/mlst). Sca�olding was
performed with Medusa [407] using the closest reference detected with Mash [408]. Finally,
gap �lling was done with GapCloser [409] and contigs were trimmed with Biopython [410].

4.2.5 Quality assessment

Quality assessment has been described in the section 3.2.2.
Rules for analysis was carried out with QUAST are described as:

ˆ more than 1,000,000 assembled bases unaligned to the reference

ˆ less than 4,000,000 assembled bases aligned to the reference

ˆ more than 2 InDels per 100kbp

ˆ less than 80% of assembled bases with 30X coverage

ˆ absence of the genome fraction estimation computed by QUAST

ˆ assembly fragmented into more than 200 contigs

ˆ contamination detected in the assembly
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4.2.6 Characterization of serovars and sequence type

Sample serotyping was performedin silico based on the assembled genomes using SeqSero2
[411] described in the section 3.2.2.

In addition, all genomes were characterized byin silicoMLST using the 7 housekeeping gene se-
quences (aroC, dnaN, hemD, hisD, purE, sucA, andthrA) described in the PubMLST database
[58]. The ST of each genome was obtained with MLST tseeman tool (described in 4.2.4).

4.2.7 Coregenome analysis and phylogenomic inference

Coregenome analysis was performed by the iVARCall2 work�ow described in the section 3.2.3.
Recombination tracks were identi�ed using ClonalFrameML [110] with the following parameters
set to true: -em, -guess_initial_m, -use_incompatible_sites, -reconstruct_invariant_sites, -
output_�ltered. The parameter -emsim was set to 20 and other parameters were kept to their
default values.
Phylogenomic tree was inferred by IQTREE [107]. IQTree was subsequently used with -m TEST
model selection on alignments with and excluding variants from homologous recombination
detected by ClonalFrameML [110]. Robustness was tested with IQTree parameters -alrt 1000
and -bb 1000.

4.2.8 Identi�cation of virulence factors and resistance genes

Genomes were screened for the presence/absence of genes mediating resistance and virulence
using Abricate (https://github.com/tseemann/abricate). The Blast-based Abricate application
was used in combination with the VFDB [412] database available from the Institute of Pathogen
Biology, the MEGAResV2 database [413], the ResFinder [414] and SPIFinder [415] databases
available at the Center for Genomic Epidemiology (CGE) (Denmark). The Abricate outputs
show only the genes found on at least one genome of the analysed panel. The threshold was
set at a 90% identity over at least 3/5 of the length of the gene or genomic region.

4.2.9 Plasmid identi�cation

Assembly were further analysed to characterise the presence of mobile genetic element (MGE).
MOB-suite tool [416] was used to identify plasmids. MOB-suite identi�es plasmids contents
in genomes by predicting the mobility that is based on the presence of relaxase, mate-pair
formation and oriT sequences. Putative plasmids were blasted against the NCBI nucleotide
archive to identify the closest plasmid neighbor.

4.2.10 Pan-genes analysis

Genes content detected in the core and accessory genome was performed by Panaroo [100].
Panaroo is a graph-based pangenome clustering tool that is able to account for many of the
sources of error introduced during the annotation of prokaryotic genome assemblies. Using
GFF (General feature format) �les from each genomes produced by Prokka [417], Panaroo
detect and clusters genes and produces a pangenome (i.e. statistics about the gene content
and alignment of genes). The identity threshold for the gene clustering was increased to 90%
to minimize divergence between targeted markers.
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4.2.11 Markers exploration

In order to identify robust combinations of phenotype speci�c markers, I then developed a
Python3 tool called MarkerFindr. MarkerFindr calculates the combination of maximum 3 genes
or variants with the best discrimination accuracy score according to a phenotypic criterion, so
called the host origin in the present study. The two MarkerFindr input �les are a �le with the
list of genes or variants and a �le compiled with the corresponding phenotype. MarkerFindr
output compiles the best combination of maximum 3 genes or variants found according to
associated accuracy scores: (TP + TN) / (TP + TN + FP + FN) with TP corresponding to
�true positive result�, TN to �true negative�, FP to �false positive� and FN to �false negative�.

4.3 Results: Characterisation of the Salmonella Typhimurium
and its monophasic variant geographical diversity in the
pig and pork production

In this section of the thesis, we will characterize the diversity ofSalmonellaTyphimurium
and its monophasic variant in the pig and pork sector in France. Using these results, we will
try to understand the link between the genomic diversity ofSalmonellaTyphimurium and its
monophasic variant and geographical distribution of farms. Finally, we will characterize the
diversity of French strains compared to worldwide strains, and compare the diversity with the
aim of producing useful tools for monitoring the dissemination of TMV strains.

4.3.1 Depicting the genomic diversity of S. Typhimurium and its monopha-
sic variant

To decipher the diversity, we used a coregenome SNP approach using iVARCall2 [345] with
SalmonellaLT2 reference on 322 samples (section 4.2.1.1), as described in 3.2.3. To measure
the impact of recombination in this dataset, we investigated homologous recombination events
and inferred two trees : one using all positions from isolate alignments, and one with variants
from homologous recombination events excluded from alignments, using ClonalFrameML [110]
as previously described 4.2.7.

In total, 37 homologous recombination events have been detected, where 24 were located in
leaves, and 13 in internal nodes. More homologous recombination events have been detected
on this dataset compared toSalmonellaDublin (described in section 4.5.2 andSalmonella
Mbandaka dataset (described in section 4.4.1). Looking at the samples impacted directly by
homologous recombination events, 9 were harbored by 15SalmonellaTyphimurium genomes,
and 9 by TMV genomes. In internal nodes, 1 homologous recombination event was located in
the node splittingSalmonellaTyphimurium and the TMV samples, and another on the node
splitting TMV samples and all other genomes at the east of the tree (Figure 4.2). Other
homologous events in internal nodes were located inSalmonellaTyphimurium internal nodes
(4) and TMV internal nodes (7). This result is interesting because it demonstrates di�erent
behaviors betweenS. Typhimurium and TMV strains. Even if the dataset size of TMV strains
was larger thanS. Typhimurium one, much more homologous recombination events were
identi�ed in TMV genomes thanSalmonellaTyphimurium genomes.

We inferred both phylogenomic trees using IQ-TREE [107]. Comparison of the two trees
is displayed in Appendix Figure 7.3. After exclusion of the variants located in homologous
recombination segments, 4,762 out of 4,893 SNPs remained. The topology of the coregenome
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Figure 4.2: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs. Inner ring corresponds
to serovar annotated by sub-typing. Second ring corresponds to the serovar predicted by
SeqSero2. Third ring corresponds to the matrix of isolation. Outer ring corresponds to the
year of isolation.
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SNP-based maximum likelihood (ML) inference was slightly impacted by the removal of ho-
mologous recombination variants, with only few minor di�erences observed between nodes.
Most of the di�erences relied on TMV samples (Appendix Figure 7.2). To characterize the di-
versity of this dataset, the phylogenomic tree of samples excluding homologous recombination
variants has been inferred in Figure 4.2. The tree was obtained after convergence at 102 iter-
ations with an optimal log-likehood of -6796629 and follows an evolutionary model TVM+F+I.

First, the global diversity of these serovars was analysed. Looking at Figure 4.2,Salmonella
Typhimurium samples are clustered together at the top left of the tree, while TMV samples
are clustered together on the right.SalmonellaTyphimurium genomes at the top left of the
tree were all annotated as ST 19 predicted by MLST (https://github.com/tseemann/mlst),
while TMV samples were annotated as ST 34. Samples annotated as N/A wereSalmonella
isolates with ambiguous phase 2 �agellin (FljB) (i.e. doutable agglutination results).

There were few di�erences between SeqSero prediction and the serotyping identi�cation, but
most of the tree was clustered according to serovar. SixSalmonellaTyphimurium according to
SeqSero are clustered in the monophasic variant clade, against 15S. Typhimurium according
to serotype identi�cation. The presence of TMV clustered withSalmonellaTyphimurium raises
di�erent hypothesizes. The simplest hypothesis is that these strains were Typhimurium whose
agglutination serotyping did not work well. False-positive reactions may occur as a result of
weak, non-speci�c agglutination [418]. Another hypothesis is that these strains present some
mutations on the genes or promoters of phase 2 �agellin which means that this phenotype does
not appear during agglutination. Finally, the emergence of TMV is still under assumptions, as
some authors described that TMV does not represent a single lineage, but rather a diversity
of lineages originating from a few common ancestors [419]. Given the quite di�erent length of
the branches of these TMVs compared to the other ST19Salmonellaon the left of the tree,
it is possible that these strains are indeed TMVs.

While the mean SNP di�erence of this dataset was 216 SNPs, it was shown thatSalmonella
Typhimurium had a higher diversity in terms of SNPs than TMV. Indeed, the mean SNPs
di�erence between TMV genomes was 57 SNPs (Max = 117 SNPs), while the mean SNPs
di�erence betweenSalmonellaTyphimurium was 356 (Max = 780 SNPs). The high diversity of
this dataset is due toSalmonellaTyphimurium which displayed a higher divergence compared
to TMV genomes which seemed to be more clonal. This observation allowed us to conclude
that ST 19 had a higher diversity than ST 34, and thereforeSalmonellaTyphimurium strains
had a higher diversity than TMV strains. This could be also explained by the fact that TMV
strains emerged in the 1990s [283], and therefore may have had less time to diverge compared
to S. Typhimurium.

Source or year of isolation did not explain or showcaseSalmonellaTyphimurium and its
monophasic variant variability (Figure 4.2). Samples were most of the time clustered with
other samples from the same sampling date and department, but source clade did not appear
in phylogenomic trees. Since most of the samples originated from 2017, the molecular evolu-
tion analysis of strains by year was challenging due to the short time period. Sample position
must be studied case-by-case to highlight contamination or a proximity of strains. For example,
the monophasic variant found in a breeding in 2016 was found in di�erent carcass samples in
a nearby department in 2017, maybe due to a contamination at the slaughterhouse, during
transport, or linked to the purchase of equipment between farms [420]. Looking more precisely,
isolates from di�erent sources were disseminated all around the tree. For example, a sample
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isolated in the slaughterhouse (17Q003071) had 5 SNPs di�erences with a sample isolated from
pork meat in processing plant (2018LSAL03329) with 1 year di�erence. Otherwise, a sample
isolated in a pig herds (12CEB4512SAL) has been linked to a sample detected in a pork meat
preparation processing plant (2014LSAL05406) with only 8 SNPs di�erences (Supplementary
�gure 7.3). Similarly, 6 SNPs di�erences have been detected between an isolate from pig herds
(12CEB1732SAL) and one from a pig carcass (11CEB4110SAL) in a slaughterhouse one year
earlier. Last isolates described were in a small cluster including samples from di�erent years
(from 2009 to 2017) were clustered together with a low SNP di�erence, which suggested a
continuous contamination between these pigs herds, the slaughterhouse and the processing
plant. All these comparisons and dissemination of genomes with di�erent sources all around
the tree suggested that the strains contaminated the whole production chain, without showing
any adaptation to a speci�c source.

4.3.2 Assessing the link between the geographical distribution of farms and
the phylogenomic reconstruction

The section just above showed a continuous exchange of strains between sources over the years.
Unfortunately, it was not possible to show whether the diversity was related to geography or
not, due to the fact that most of the strains available came from slaughterhouses and few
samples were isolated directly from the farm. Here, news samples were selected for this study
to focus on the geographical diversity ofS. Typhimurium and its monophasic variant.

4.3.2.1 Phylogenomic analysis revealed an undiversi�ed dissemination of TMV in
France

To explore the geographical diversity ofSalmonellaTyphimurium and TMV, 188 samples has
been selected (section 4.2.1.2). Coregenome phylogenomic tree was inferred by IQ-TREE [107]
using SNPs identi�ed by iVARCall2 [345] pipeline, as described before 3.2.3. The tree followed
an evolutionary model of TVM+F+I, and converged with a commensurate negative likelihood
(-6794043.972) after 108 iterations. As displayed in Appendix 7.5, most of the nodes were sup-
ported by high bootstrap values. The tree was inferred on 4,247 SNPs. Using ClonalFrameML
[110], 132 SNPs have been identi�ed in 25 homologous recombination events in a total of
3,668 bp (14 in leaves, 11 in internal nodes). Two samples presented 2 homologous recombi-
nation events detected in their leaves. Looking more precisely at homologous recombination
events detected in leaves, only 3 have been detected for monophasic variant of Typhimurium
(TMV), while 11 have been detected inSalmonellaTyphimurium leaves. On internal nodes, 4
homologous recombination events corresponded exclusively to TMV genomes. Typhimurium
with longest branches (top mid of Figure 4.3) had multiple homologous recombination events
(3): 1 event was detected including allSalmonellaTyphimurium, and 1 other was detected in
the branch that splittedSalmonellaTyphimurium from monophasic variants.

Comparing the trees including and excluding homologous recombination events (model=
TVM+F+I, log-likelihood=-6787102.637, iteration=102), the phylogenomic topology was
slightly impacted (RF=114) (Appendix Figure 7.4) with some new reconciliations in very few
branches. Overall, only few minor di�erences were observed between nodes.
The left of the produced tree is composed ofSalmonellaTyphimurium isolates, 3 TMV
genomes and 2 genomes with undetermined serovar (4.3). As previously discussed in the
section 4.3.1, all these genomes were predicted as ST 19. From the top right of the tree to the
bottom left, most of the TMV samples were clustered together. This cluster was constituted
of ST 34 samples, except for 2 samples which were predicted as ST 5239. The di�erence
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Figure 4.3: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs. Inner ring corresponds
to serovar annotated by sub-typing. Outer ring corresponds to the region of isolation of the
genome.

between ST 34 and ST 5239 is located on the locisucA, where the allele pro�le predicted for
ST 34 is 9, while the allele pro�le predicted for ST 5239 is 826. At the genomic level, these
two strains have a longer common branch than the other ST 34s, but were clustered together
at the south of the tree in the middle of the ST 34s. Overall, TMV clusters presented a lower
diversity thanSalmonellaTyphimurium samples. This result was described previously in others
studies [421, 422], where TMV genomes were described as less heterogeneous compared with
SalmonellaTyphimurium genomes.

Looking at the geographical metadata, we observed that the main genomic association came
from the ST, and not from the geographical distance. The strains of TMV were clustered
together without any geographical link. All regions were scattered around the tree. Region 1
was the most present with respect to the number of strains, but several strains from di�erent
regions were clustered together. This was the case of the genomes located at the north-east of
the tree, where the di�erence between samples from 3 di�erent regions is lower than 6 SNPs
(3 SNPs between 17Q003567 from Region 1 and 17Q003094 from Region 2, 6 SNPs between
17Q003567 from Region 1 and 17Q003801 from Region 3).

Because the genomic di�erence between samples was really low, we hypothesized that only
one clone was disseminated in France. Looking more precisely, the mean SNP di�erence of the
152 TMV samples from the north-east to the west of the tree was 64 SNPs. Topologically, a
inner node splitted the 152 TMV into two clusters of 104 and 48 TMV samples, with an intra
cluster mean of 49 and 51 SNPs, respectively. In addition, it seemed that TMV genomes did
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not present a geographic speciation, and therefore would not have region-speci�c environmental
adaptation factors. To better understand if other adaptation factors exists between regions
that would discriminate the diversity of TMV in pigs herds, we also analysed the genomic
content of all strains.

4.3.2.2 Genomic analysis of Salmonella Typhimurium and TMV reveals a complete
arsenal to adapt to the swine environment

4.3.2.2.1 Virulome analysis

In total, 126 virulence genes and 10 di�erent SPIs have been detected in the 188Salmonella
Typhimurium and TMV dataset. The SPI-2, 3, 5, 9, 13, 14 have been identi�ed in all isolates.
SPI-1 has been detected in all samples except 2 (17Q003133 and 17Q004300). Looking more
precisely at the virulence genes, thesipD gene involved in a type III secretion system has not
been detected on 17Q003133, while all others genes coding for the type III secretion system
SPI-1 were present, such asinv, prg, org, sic, sip, ssp, spa, sopE, sopE2and sptP [189]. In
addition, genes coding for the type III secretion system SPI-1 were also present in 17Q004300.
Because the most important genes encoding T3SS-1 were present, we assumed the presence
of SPI-1 in these two samples. The lack of detection by SPIFinder can possibly be due to
mutations localised in intergenic regions, and/or fragmented SPI sequences induced by poor
assembly.

In the same way, the SPI-2 genes coding for the T3SS-2 were detected in all genomes, such
asssaJto ssaUgenes,ssa, sscandpip. These genes are the main component of T3SS-2, and
have been deeply analysed inSalmonellaTyphimurium.

The MgtB andMgtC genes coding for Mg2+ transporter and membrane protein were present
in all genomes from the dataset and located on the SPI-3 which has been described as a
requirement for intramacrophage survival, virulence in mice and growth in low-Mg2+ media
[195]. In addition, themisLgene described an extracellular matrix adhesin involved in intestinal
colonization has also been identi�ed in allSalmonellaTyphimurium and TMV [423, 424].

Interestingly, the SPI-4 has been detected in all samples except 19. Looking at the �gure 7.6,
the absence of SPI-4 did not matched a pattern, except for 4 genomes clustered together at
the bottom of the tree (17Q002738,17Q002741,17Q002739 and 17Q002742).

The pipB and sopB genes localised in the SPI-5 were detected in all genomes [198]. These
genes code for e�ector proteins that alter host cell physiology and promote bacterial survival
in host tissues, but are not necessary to invade the host.

The SPI-12 has been identi�ed in 3 genomes (2014LSAL03857, 2021LSAL06139, EmisE1_8L7),
in oneSalmonellaTyphimurium sample and two TMV samples. This SPI-12 has already been
identi�ed in SalmonellaTyphimurium [200] and contributes to the bacterial virulence, but the
fact that this SPI was rare in our dataset showed that this SPI is not mandatory forSalmonella
Typhimurium invasion and pathogenicity.

Finally, the SPI-13, SPI-14 and SPI-16 carried virulence genes which were not identi�ed by
VFDB, most certainly because the genes are not present in the database. The SPI-13 and
SPI-14 were identi�ed in all genomes, however the SPI-16 was absent in 2SalmonellaTy-
phimurium samples (BCV-16-18150-12 and 17Q002757) not clustered together.
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As detected previously with otherSalmonellaserovars, gene clusters ofcsg [425], �m [426],
shdA, bcf [427] andlpf involved in Curli �bers and �mbriae have also been identi�ed in all
genomes. TheratB e�ector gene coding �mbriae has been identi�ed in di�erent serovars
[428]. Thepef [429] andgrvA genes, coding for �mbriae and antivirulence gene [430] have
been identi�ed only inSalmonellaTyphimurium samples (Appendix Figure 7.8). ThegrvA
was annotated as antivirulence gene because it has been demonstrated that this gene acts to
decreaseSalmonellaTyphimurium virulence in mice. This result is interesting, because this
gene is located in the prophage Gifsy-2. ThesodCI gene also located in the same phage was
detected in all genomes, and was described as a positive virulence factor [431]. Overall, these
results suggested the Gifsy-2 phage is present in all studiedSalmonella, and proposed that
TMV genomes lost thegrvA likely to keep virulent abilities.

Finally, the spv and rck genes have also been identi�ed only inSalmonellaTyphimurium
genomes (Appendix Figure 7.8). Thespv encodes for a toxin [432], whilerck expression
mimics the natural host cell ligands and triggers engulfment of the bacterium by interacting
with the epidermal growth factor receptor [433]. Therck expression has been demonstrated
to be linked with thepef expression [433], therefore, detecting them together was expected.

4.3.2.2.2 Biocides and heavy metal resistance analysis

Five genes involved in biocide resistance activity were identi�ed. Four of them had been
detected inSalmonellaMbandaka in section 4.4.3.2. More precisely, these genes are involved
in paraquat herbicide (yddG), peroxide (sodA), hydrogen peroxide � monochloramine (rpoS)
and cation biocide resistance (smvA) [434, 435, 436, 437, 438]. In addition, thenmpC gene
was identi�ed in all genomes as a paraquat resistance. AsyddG and sodA, the nmpC gene
codes for a porin genes and is encoded near thesmvA gene [434, 439]. All genes has been
identi�ed in all genomes, as described in Appendix Table 7.2.

As detected inSalmonellaMbandaka, metals resistance genes have enabled strains to cope
with metals like magnesium and cobalt (cor and mgtA) [440, 441, 442], copper (CUEP
[443]), gold (golS) or arsenic (PSTB), compounds found in food and water [444]. Concerning
SalmonellaTyphimurium and TMV in pigs, copper resistance has been identi�ed previously,
suggesting that the success of this serovar may have been driven by the extensive use of Copper
as a growth promotor in pig rearing [180, 445]. In addition, thesil, pco and ars genes were
identi�ed in the 150 ST 34 samples (Appendix Figure 7.9), and have been reported as gene
conferring resistance to silver [446], copper [443] and arsenic [447], respectfully. Thepco,
sil and ars genes are carried by the SPI-4 and have been associated with a strong enhanced
resistance to Copper in anaerobic conditions, environment encountered bySalmonellain the
host intestinal tract [448]. Themer genes conferring resistance to arsenic [449] were detected
on 80 ST 34 samples, but in di�erent phylogenomic clusters (Appendix Figure 7.9).

Finally, the same 8 genes involved in multi-compound resistance were detected (Appendix Table
7.3) as described inSalmonellaMbandaka (section 4.4.3.2). AllSalmonellaTyphimurium and
TMV exhibited copper resistance due to thecuiD gene or iron resistance due to theprmG gene,
both previously identi�ed during a metagenomic study related to co-occurrence of antibiotics,
biocide and metal resistance genes in pigs [450].
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4.3.2.2.3 Plasmids and antibiotics resistance analysis

In total, 33 mobilizable plasmids and 18 conjugative plasmids were detected. Otherwise, 180
non-mobilizable plasmids have been identi�ed, meaning they are missing relaxase and oriT, but
can be mobile by other process, e.g transduction, natural transformation or cointegration in
mobile plasmids [227]. Conjugative and mobilizable plasmids were only found in few genomes,
between 1 and 30. Some plasmids were unique to a serovar, but only in small number. All
plasmids considered, none of them were able to distinguish regions ofSalmonellaisolation.

More antimicrobial resistance (AMR) genes (MEGAResV2 [413] and Res�ndr) were detected
in SalmonellaTyphimurium and TMV compared toSalmonellaMbandaka. TMV is known to
harbor multiple AMR genes related to the antibiotics tetracycline, ampicillin, sul�soxazole, and
streptomycin [224]. In our study, we detected AMR genes against aminoglycoside (aph, aac,
aph), becta-lactam (blaTEM-1B_1, tem, carB), phenicol (�oR ), sulphonamide (sul, folP),
tetracycline (tet ) and trimethoprim (dhfr).

We observed that beta-lactam resistance was carried by most TMV strains, whereas resistance
to phenicol was carried byS. Typhimurium strains (Supplementary �gure 7.7 and 7.9) through
the �oR gene. The phenicol resistance carried by�oR in SalmonellaTyphimurium [295, 451]
and beta-lactam resistance associated to TMV isolates [224] have been previously observed.

Otherwise, trimethoprim resistance (dhfr) was carried by 15 genomes, disseminated all around
the tree. Looking at the plasmid data, this gene did not seem to be carried by a plasmid,
but it was studied before inSalmonellaTyphimurium and othersEnterobacteria[452]. Further
analysis would be needed to understand its involvement in the diversity ofSalmonella.

4.3.2.3 Genes and variants diversity highlights the low diversity of Salmonella Ty-
phimurium and TMV in France

The objective was to examine whether it is possible to �nd geographical markers that could
be used to develop rapid (PCR) methods to identify the origin of strains. To reach this
objective, genomic analysis of genes and variants contents has been made as described in
section 4.4.2.2 using variants from coregenome SNP analysis [345] and gene contents from a
strict pangenomic analysis [100].

In total 7,350 genes were detected in the pangenome (Panaroo), from where 4,069 were iden-
ti�ed as coregenes. More precisely, 2,406 genes were considered as cloud genes (contained in
less than 15% of strains), displaying a consequent accessory genome. On the other hand 4,590
variants have been identi�ed in the reference-based pangenome (iVARCall2), from where 343
were identi�ed as core variants thus withdrawn from the analysis. As observed forSalmonella
Mbandaka, we did not detect a single gene or variant that could distinguish the regions of
strain isolation.

In order to explore combination of markers, we used the MarkerFindr script developed initially
for SalmonellaMbandaka analysis (section 4.4.2.2). More precisely, the best combination of
maximum 3 genes 4.10 or variants 4.11 were compiled, in term of associated accuracy scores.
For each combination, the accuracy, the sensitivity and the speci�city [453] ofSalmonella
Typhimurium and TMV isolates (n=188) were tested, as well as TMV isolates only (n=152).
For genes (Table 4.10 and variants 4.11), the highest accuracy scores were able to distinguish
samples isolated in region 1 from samples isolated in regions 2 and 3.
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Name Accuracy Sensitivity Speci�city

Typhimurium + TMV
group_3078,
hin_2� hin,
group_2530

0.76 97% 48%

TMV
tufB� tufB_2 � tufA_2,
group_3092,
group_0238

0.77 83% 70%

Table 4.10: Combination of 3 genes to �nd marker forSalmonellaTyphimurium and its
monophasic variant

Name Accuracy Sensitivity Speci�city

Typhimurium + TMV
9724_A_G,
178926_C_T,
4626125_A_G

0.74 72% 77%

TMV
2082_C_T,
178926_C_T,
4626125_A_G

0.82 87% 77%

Table 4.11: Combination of 3 variants to �nd marker forSalmonellaTyphimurium and its
monophasic variant

As the combination of 2 genes did not show accuracy greater than 0.60, combinations of 3
genes or 3 variants were investigated. For the combinations of 3 genes, an accuracy of 0.76
was proposed to discriminate Region 1 sample from Region 2 and Region 3 sample, using
all data (Table 4.10). Using only the TMV isolates, the accuracy increased to 0.77, with
83 % sensitivity (67/78 true positive) and 70 % speci�city (22 false positive) (Table 4.20).
Compared to the accuracy using all samples, the accuracy did not change much, but the
speci�city increased from 48% to 70%, which showed that the selected genes were much more
discriminating on strains from other regions. Overall, as the accuracy is inferior to 90%, this
result tends to hypothesize that there is no discrimination between samples from the di�erent
regions. Genes annotation in Table 4.12 indicates that the combination using the whole
dataset (n=188,SalmonellaTyphimurium and TMV isolates) relies on accessory genome. 2
genes identi�ed in the combination correspond to proteins identi�ed onSalmonellaphage
118970_sal3. The last one is gene identi�ed is ahin gene, a DNA-invertase required for the
inversion of the�jB controlling region [282], the phase 2 �agellar ofSalmonellaTyphimurium.
This discovery is intriguing since it should be able to distinguishSalmonellaTyphimurium from
TMV samples more e�ectively than a speci�c region. A study using only TMV strains was
also conducted for this reason. Looking only at monophasic variant of Typhimurium strains,
genes selected seems to be less accessory, except for an ORF identi�ed inSalmonellaphage
ST64T. Other genes are identi�ed as elongator factor described inEscherichia coli[454], or
a protein produced by an insertion sequence [455]. Overall, these genes seem coming from
horizontal transfers or mobile elements, which would explain their selection as the discriminator.

Using variants, an accuracy of 0.74 was obtained for a combination of 3 variants using the
whole dataset. This result is surprising, because it is smaller than the accuracy found using
genes as marker. On theSalmonellaMbandaka dataset, variants were far more discriminating
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Panaroo name Annotation De�nition Sensitivity Comment

group_3078
118970sal3
(00123)

Putative
transcriptional
activator

249

found in
Salmonella
phage
118980sal3

hin_2� hin hin
DNA-invertase
hin

540

group_2530
118970sal3
(00130)

Putative holin 387

found in
Salmonella
phage
118980sal3

tufB� tufB_2 � tufA_2 tufB
Translation
elongation
factor Tu

300

group_3092 orf-81 ORF from phage 255

found in
Salmonella
phage
ST64T

group_0238 Unamed Protein p-43 387

Table 4.12: Annotation of genes found as markers from Table 4.10 forSalmonellaTyphimurium
and TMV isolates.

than genes. However, using the combination of 3 variants using exclusively TMV strains, the
accuracy increase to 0.82, with 87% sensitivity and 77% speci�city, which is much higher than
the gene's accuracy. The three variants identi�ed are located on genes (Table 4.13). One
mutation located in position 2082 on genethrA can have impact on bacteria's pathways, such
as thialysine resistance as studied before [456]. These mutations are interesting, but does not
allow to discriminate geographical areas due to low accuracy.

4.3.2.4 Applying pgSNP on the dataset to explore accessory diversity

In this section, we will present pgSNP applied to the problematic of the variability ofSalmonella
Typhimurium and TMV accessory genome within pig herds in France. As no markers were

Position Gene name CDS begin CDS end Comment
9724 yaaH 9376 9950 Putative regulatory protein

178926 aceF 178918 180807
Acetyltransferase
(component of pyruvate
dehydrogenase complex)

4626125 ulaA 4625215 4626645
Ascorbate-speci�c
(PTS system EIIC component)

2082 thrA 337 2799
Bifunctional aspartokinase
homoserine dehydrogenase

Table 4.13: Annotation of genes found as markers from Table 4.11 forSalmonellaTyphimurium
and TMV isolates.



CHAPTER 4. ANALYSING THE GENOMIC DIVERSITY OF SALMONELLA 109

Figure 4.4: pgSNP onSalmonellaTyphimurium TMV dataset from pig herds (n=188).
Pangenome reference parameters : identity = 95%, minimum contig length = 500 bp. The
outer ring corresponds to the sample department origin.

identi�ed in the coregenome, and given the coregemone proximity of the TMV strains, a
hypothesis arose that geographical markers could be found in the accessory genome.

4.3.2.4.1 pgSNP analysis supports the similar diversity between regions

To understand if the low diversity between regions is only signi�cant in the coregenome, acces-
sory genome was explored using pgSNP (section 3.2.1). A tree was inferred on 188 samples
with department data fromSalmonellaTyphimurium and TMV dataset described in section
4.2.1.2. From the 4.4, it does not seems that there is any new geographical reconciliations.
SalmonellaTyphimurium are still on the left of the tree, and TMV samples are clustered
together, without any geographical clustering. There are longer branch lengths on the leaf,
but the scale is still small. The total reference pangenome alignment length (6064743 bases)
is smaller than this ofSalmonellaTyphimurium and TMV from 3.3.4.1, while the datasets are
approximately the same size (188vs 192 samples). The time scale is wider on this dataset,
but the matrices are wider on the outbreak dataset (strains from pork, eggs, humans and dairy
products), that could explain a greater genomic variability in terms of analyzed base number.

Compared to the coregenomic tree 7.12, we observed a similar clustering for the strains of
SalmonellaTyphimurium in the center of the pangenomic tree and for TMV strains on the left of
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the �gure. Overall, the RF distance is 194, which is high but less thanSalmonellaTyphimurium
and TMV outbreak dataset (RF=228 between pgSNP phylogenomic tree and coregenome tree
inferred by iVARCall2 [345]), for this dataset the addition of accessory genome does not provide
additional information allowing to di�erentiate strains. Looking the department data, there
is no new reconciliation that could explain a potential prevalence of one type of strain per
region. We �nd some reconciliation between samples from the same department, showing
some consistency in the fact that strains that come from the same breeding will most likely be
related.

4.3.2.4.2 pgSNP allows a rapid identi�cation of accessory content of Salmonella
Typhimurium and TMV

Using reference pangenome, it is extremely easy to analyse the core and accessory genome
present in dataset sample. Each contig was analysed to identify some elements which could
explain a prevalence of the strains in herds. We focused our attention on mobile element con-
tent like plasmids using MOB-suite [416] and Blast. These accessory pieces are key elements
of the adaptability ofSalmonella, and as we have studied them before, it allows us to compare
results and displays the importance of taking into account SNPs and structural variation,
instead of only presence and absence of plasmids. We identi�ed 15 plasmids or plasmids
fragment mobilizable or conjugative (de�ned in section 2.3.5.5) in the whole dataset that are
displayed in table 4.14 and �gure 4.5. There is not a single plasmid contained in all strains
and four plasmids are contained in more than 80 isolates. Compared to plasmids identi�ed
using assembly in section 4.3.2.2.3, it was di�cult to make the link between the two sections,
because the annotation of the closest plasmid may have duplicates due to the low identity (80%
and 90%) [416] of the plasmids elements (oriT, mpf, described in section 2.3.5.5). But overall,
plasmids present in a large number of strains are well retrieved using reference assemblies and
pangenome, supporting the use of pgSNP to rapidly identify the presence and SNPs of plasmids.

What is interesting with pgSNP is that it is possible to identify SNPs in plasmid. For example,
the biggest conjugative plasmid AR_0116 found inCitrobacter freundii(230kb), is detected
as a complete sequence in 4 isolates, but one transposase of this plasmid is contained in
153 other samples. These genes can be found in other plasmids as well, therefore it is not
possible to hypothesize on the link of integration of this gene in the chromosome of these
strains. This plasmid is also found inEscherichia coli, Shigella, and someSalmonellaserovars
Manhattan, Senftenberg and Choleraesuis, often found in pigs. SNPs are present on this
plasmids, and the 4 strains that contain the entire plasmids are not clustered together, which
can lead us to think that the integration of this plasmid was done through independent events.
Analysing the alignment, 9 SNPs are located all along the sequence, but also 17kb of gaps
appears on one isolate, which shows a variation in structure. This part of the plasmid is not
annotated, so the phenotypic repercussion remains uncertain, but this pattern is taken into
account phylogenomically (Supplementary �gure 7.13).

Phage content was also investigated inSalmonellaTyphimurium and TMV samples (Table
4.15). The advantage of pgSNP is to be able to use only the reference pangenome for an-
notation. Nine phages have been identi�ed in the dataset. The presence of these phages is
displayed in �gure 4.5. Gifsy-2, 118970_sal3 and SPN9CC contained in 188 isolates, Gifsy_1
contained in 183 isolates, SfII contained in 128 isolates, GF_2 contained in 26 isolates, En-
tero_lambda and pro483 contained in 8 isolates, and �nally SSU5 contained in 7 isolates.
Gifsy-2 was previously mentioned in section 4.3.2.2.1 as virulome genes of this phage has been
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Plasmids name Number of isolates
pETEC_6 138

pExPB5-59-1 131
pST1120 81
pKPHS4 36

pKPHS4_2 36
p10-3184.2 33
p11-0813.1 28

p2CFSAN000752 20
p3.8k 11

pO26_2 5
L725 plasmid unnamed4 5

FDAARGOS_647 4
pSH14-009_2 4

Table 4.14: Mobilizable and conjugative plasmid presence inSalmonellaTyphimurium and
TMV dataset

Phage name Number of isolates
Gifsy-2 188

118970_sal3 188
SPN9CC 188
Gifsy_1 183

SfII 128
GF_2 26

Entero_lambda 8
pro483 8
SSU5 7

Table 4.15: Phage presence inSalmonellaTyphimurium and TMV dataset

identi�ed in all genomes. Phages also present structural variation, such as pro483. One isolate
has a Phage-like supplementary protein in the beginning of the sequence which is taken into
account in the subtree corresponding to this phage, but as these strains are not clustered to-
gether in the �nal tree, it is di�cult to prove an e�ect on the phylogenomic tree. Others phage
such as GF_2 exhibits some SNPs between samples, but overall all the sequence of phages is
conserved in the strains.

4.3.2.4.3 Impact of the accessory diversity contribution to the analysis

The pgSNP phylogenomic tree shows that there are new reconciliations thanks to the accessory
genome, but not associated with a geographical prevalence by department. Using the reference
pangenome, we could easily observe the content of accessory genome and horizontal gene
transfer by the presence of plasmids and phages. We showed that the presence of a plasmid or
a phage could be highly variable across the strains, and that there were structural di�erences
which are most certainly due to an integration of these elements at di�erent evolution time, or
through environmental exchanges with di�erent other organisms. As demonstrated in 3.3.4.1,
the accessory genome impact more TMV thanSalmonellaTyphimurium samples, mostly due to
the low diversity of TMV in the coregenome. Even with the new reconciliations, this supports
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Figure 4.5: Mobilizable and conjugative plasmids, and phages presence inSalmonellaTy-
phimurium and TMV pig herd dataset. Branches are colored according to the serotype. The
�rst column group corresponds to plasmids present in the dataset. The second column group
corresponds to phage detected in the dataset.
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the hypothesis of a low diversity of TMV circulating in France in pig farms, which evolves
and could adapt to its environment thanks to its accessory genome. In conclusion, pgSNP
has brought resolution to the issue of genomic variability ofSalmonellaTyphimurium and
monophasic variant of Typhimurium in France.

4.3.3 Compare the French diversity to the worldwide diversity

As we previously showed that the diversity of TMV in France seems to be clonal, a new question
arose : is the low diversity in France unique or is this diversity shared by all country? In this
part, I will compare the diversity found previously in France and the diversity from worldwide
strains available online.

4.3.3.1 Phylogenomic analysis revealed a geographical diversity of TMV

325 samples from France and others countries were selected as described in section 4.2.1.3.
Coregenome phylogenomic tree was inferred by IQ-TREE [107] using SNPs identi�ed by iVAR-
Call2 [345] pipeline, as described before 3.2.3.

The tree followed an evolutionary model of TVM+F+I, and converged with a commensurate
negative likelihood (-6795270.421) after 140 iterations. Bootstraps values are displayed in
Appendix Figure 7.10. As described previously, the impact of recombination events on the
phylogenomic tree was measured using ClonalFrameML [110] in Appendix Figure 7.11. The
phylogenomic tree with homologous recombination events was inferred using 3825 SNPs, while
114 SNPs were detected in 34 homologous events (10 on internal nodes, 24 on leaves). 17
homologous recombination events on leaves were located on other isolates than French ones.
As previsouly shown, the homologous recombination events did not have a high impact on the
topology of the tree 7.11, as only few minor di�erences were observed between nodes.

Analysing the phylogenomic tree of monophasic variant of Typhimurium, long branches
were observed on some genomes (SRR11901838 from Canada, ERR3415697 from China,
ERR5443072 from Belgium), but overall the scale was small compared toSalmonellaTy-
phimurium orSalmonellaMbandaka phylogenomic tree. The mean SNP di�erence between
all samples from the tree was 68 SNPs, which can be explained by the fact that the dataset
was larger, with a higher diversity in geographical areas. Also, long branches created further
distance between samples, as the maximum SNP di�erence was 186 (SRR11901838 from
Canada - ERR5443072 from Belgium). Overall, the phylogenic tree presented topological
structure, with samples with low SNPs di�erence between them, and others with a unique
diversity displayed by long branches.

Looking at the global topology of the phylogenomic tree, we observed that French genomes
were disseminated in two groups. This di�erence is illustrated in Figure 4.7, where both groups
were topologically visible on theSalmonellaTyphimurium and TMV from French tree. We
observed that in the group 1 (blue), genomes from Italy were clustered with genomes from
France, with fairly large branch distances. A small cluster of 6 samples from America was close
to two French samples (17Q003798 and 17Q003798), but these two strains had a very large
internal node which demonstrated a high genetic distance between them and the American
strains. Looking at the group 2 (green), French samples were clustered with 7 strains from
other European countries (Germany, Italy), and one sample from Thailand. Overall, French
genomes seemed to cluster together, with some exceptions of isolates from bordering countries.
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Figure 4.6: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
Monophasic variant of Typhimurium isolated from pigs (n=325). Outer ring corresponds to
the country origin of the strains, colored by continent.

This observation highlighted the genomic speci�city of monophasic variants in France.

Looking at genomes from other countries, Japanese strains clustered together with low SNPs
di�erence. All Japanese genomes came from the same laboratory, with a time scale of two years
(2016 and 2017), which could explain this low diversity. Thailand strains were disseminated all
around the tree, while strains had all been isolated by the same laboratory in 2019. A previous
investigation of strains in Thailand displayed di�erent antimicrobial resistance pattern [457],
but further analysis would be necessary, especially focusing on trading market as Thailand
exports and imports pigs and pork products [458].

Focusing on European countries, Germany samples were disseminated all around the tree, with
Italian and UK samples, while most of UK samples were clustered together at the bottom
of the tree. Overall, European countries seemed to share close genomes, certainly due to
the spread of ST 34 in all European countries [286] in all sectors from humans to farm and
environment. Finally, all American strains were clustered at the top of the tree, except for
Ecuador samples which were clustered at the bottom of the tree. Canada and USA shared
some strains that clustered together, highlighting the geographical proximity linked with the
genomics proximity. This result is interesting, because most of both countries strains shared an
internal node, that then cut in two clusters, one for each country. This displayed a genomics
distinction between these two countries. Further analysis focusing on these strains would be
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Figure 4.7: Comparison of the topology of Monophasic variant of Typhimurium in France and in
the world. Left : coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood
of Monophasic variant of Typhimurium isolated from pigs (n=325) in the world. Right :
coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood ofSalmonella
Typhimurium and its monophasic variant in France (n=188). Outer ring is described by the
caption to the right of each tree. French TMV isolates are colored in blue (group 1) or green
(group 2) according to topological groups.

interesting to conclude on these hypotheses.

With this information we can estimate that there may be two clones in France, one of which
is strongly shared with Italian strains and the other which seems more unique.

4.3.3.2 Can a diversity pattern be attributed to French samples?

Finally, to understand if the diversity is really discriminating between European countries and
worldwide countries, or between France and worldwide countries, the genes and the variants
contents was studied, combined with MarkerFinder to see if there were any discriminating
combinations. 9,671 genes have been identi�ed with Panaroo, where 3,458 were considered as
core-genes. Meanwhile, iVARCALL2 identi�ed 4,148 variants, where 3,825 were considered as
SNPs. As the diversity between TMV samples is low, no unique gene or unique variant could
discriminate France samples from worldwide samples.

Using the combination, European strains could not be discriminate from worldwide strains,
given that the combination accuracy values were low. However, focusing on France samples
against worldwide samples, a combination of 3 genes was found with 0.86% accuracy, and
a combination of 3 variants with 0.81% accuracy (Table 4.16). The fact that the accuracy
score for variants combinations was lower than the accuracy score for genes combinations
was surprising because the score of the variants was always higher in the previous tests on
SalmonellaTyphimurium and TMV dataset in France, andSalmonellaMbandaka. However,
this di�erence can easily be explained by the fact that the variants detected by iVARCall2 were
variants on coregenome positions, so all the accessory part was not taken into account. On
the other hand, the screening of gene combination will prioritize the accessory genes via gene
presence/absence detection from Panaroo. Due to the fact that TMV genomes do not have
much diversity, it is very important to take into account the accessory genes to add discrimina-
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Name Accuracy Sensitivity Speci�city

Gene
group_5096,
group_2046,
napA_2� nap_A_1

0.86 86% 86%

Variant
201482_G_A,
658777_G_A,
680767_A_T

0.82 55% 99%

Table 4.16: Table of combination of variants and genes with the highest accuracy score.

Panaroo name Annotation De�nition Sensitivity Comment

group_5096 STM3521
Putative
ribonucleoprotein
related-protein

168

operon in a RNA
polymerase-
holoenzyme
subunit

group_2046 tnpA1
Transposase for
insertion sequence
element IS200

459
identi�ed in
multi-resistant
bacteria

napA_2 � nap_A_1 napA_1 Nitrate reductase 231

Table 4.17: Annotation of genes found as markers, discriminating France TMV samples from
worldwide TMV samples

tion. Yet, the variant combination was really interesting, due to the exclusivity score at 99%.
Indeed, 192/193 genomes from world dataset was not targeted by this variant combination,
but only 73/132 genomes from France were targeted. In any case, this combination could
ensure that a strain detected from a pig did not come from another pig coming from abroad.

However, the combinations of 3 genes seemed more stable, and further analysis would be
needed to improve the accuracy, in particular by analysing whether there are any accessory
variants on these genes.

Finally, genes and variants detected as combination markers to discriminate French samples
from worldwide samples were annotated, using the method previously described 4.4.2.2. In
Table 4.17, one gene is annotated as a transposase, previously described in multi-resistant bac-
teria [459]. Others genes have been annotated as an operon in a RNA polymerase holoenzyme
subunit [460], or a nitrate reductase [461]. These genes are important in the bacterial growth,
notably napA_1 which is mainly used bySalmonellaunder anaerobic growth conditions in
the presence of low nitrate concentrations. Variants markers have been identi�ed on genes
(Table 4.18) essential for growth of the bacteria (yadF[462]), or to mediate most reactions of

Position Gene name CDS begin CDS end Comment
201482 yadF 201410 202088 Carbonic anhydrase
658777 entE 657443 659053 dihydroxybenzoate-AMP ligase
680767 rna 679992 680798 RNase I

Table 4.18: Annotation of variants found as markers, discriminating France TMV samples from
worldwide TMV samples
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RNA metabolism [463]. The impact of the variant has not been investigated, but it would be
interesting to understand why these variants discriminate against worldwide genomes.

4.3.4 Discussion and limits of the study

4.3.4.1 Low divergence of ST 34 strains

Low divergence of monophasic variant ofSalmonellaTyphimurium has been demonstrated in
this study, with a hypothesis of the dissemination of one or two clones in France in all the
farms. While this conclusion is based on our observations and our dataset, it was previously
described in Ireland in pigs [292]. The author pointed out that TMV isolated colonised recently
pig herds, and undergone limited sequence divergence. Low divergence was observed between 9
farm investigated in 3 provinces (between 0 and 12 SNPs), and in some cases identical or near
identical strains were isolated from more than one farm or feed mill, suggesting a common
source of contamination. As we observed in this study, this kind of pattern suggest either
contamination of multiple farms from a common source, or direct transmission between the
farms. Further analysis would be needed, as integrating information regarding movement of
animals and all risks of contamination related to these movements, such as livestock exchanges,
contamination by transport from farm to slaughterhouse, or also contamination by the human
vector (personnel). Also, as discussed inSalmonellaMbandaka, implication of feed as an
important source ofSalmonellaon farms should be investigated. A PhD thesis demonstrated
that 2 TMV samples isolated from feed mill samples has been associated to 2 farms, using
molecular typing [464]. These data provided evidence that feed had a possible role to play in
transmission ofSalmonellato pigs [465, 466]. Using WGS, the analyzes could be much more
precise and could show the link in a more robust way. The few isolates from feed of our pork
dataset did not allow us to conclude on this hypothesis, but o�ered a new perspective to this
work.

4.3.4.2 Persistence of strains

In this study, I was able to display biocides resistance from di�erent genes involved in paraquat
herbicide or compounds in other detergents. These compounds are most of the time used in
agricultural for weed and grass control. Hydrogen peroxide resistance can also be linked to
detergent [467]. However, resistance genes to the main compound of detergents like quater-
nary ammonium has not been detected. In MEGAResV2, onlyemeA, galE andbcr genes have
been identi�ed as quaternary ammonium resistance genes [468]. In the dataset, I identi�ed
qacL gene in 3 genomes, which has been described as a quaternary ammonium compound
resistance protein [469].

It was demonstrated thatSalmonellais able to develop resistance were exposed to a stressful
environment [470, 471]. A study pointed out that cleaning and disinfection protocols were
not su�cient to eliminate Salmonellain slaughterhouse, that thus were able to contaminate
the carcasses [472]. If these protocols are not su�ciently bactericidal, they can help the
Salmonellato adapt and develop new resistances to detergent compounds. The study pro-
posed that to avoid cross-contamination in slaughterhouses,Salmonellastatus of the herds
should be determined closer to the slaughter date, to adapt cleaning and disinfection protocols
especially for critical machinery and better hygienic designed equipment. However,Salmonella
shredding is intermittent in pigs, and can be accelerated by stress, such as transportation to a
slaughterhouse [473, 474]. It is therefore di�cult to calculate when the status of salt should
be done.



CHAPTER 4. ANALYSING THE GENOMIC DIVERSITY OF SALMONELLA 118

It was also discussed previously that ST34 samples are circulating in Europe and are present in
all sectors from farm and environment to humans, but remain predominantly associated with
the pig reservoir and does not persist long-term at individual farm level in other food animal
species as humans or poultry ([286]. Further analysis comparing genomes from di�erent animal
hosts could also highlight resistance genes which would be included only in porkSalmonella
strains and would explain this persistence in this host.

Finally, studies are needed to understand the modes of dissemination ofSalmonellaTy-
phimurium and its monophasic variant. It should be noted that clinical salmonellosis is more
often caused bySalmonellaTyphimurium (37.5% in 2008) contamination and not TMV (1%
in 2008) [475], while pigs more often shed TMV (85% serovars detected in 4 farms [476], 20%
in 100 farms between 2020 and 2022 [477]).

4.3.4.3 Limits

The limit of this part of the study is the lack of balance in the dataset. This is mainly due
to the di�culty of �nding other strains outside of Region 1, forSalmonellaTyphimurium but
also for TMV strains. Region 1 accounts for 78% of pig production in France [402]. To
compensate, strains from slaughterhouses with known geographical data of the pig herd have
been added. However, a pig that is slaughtered while contaminated can spread the bacteria to
the rest of the chain resulting in cross contaminations. For example, in a study carried out on
the analysis of strains in slaughterhouses, the authors have shown that a recycled water used
in dehairing machine was identi�ed as a important source forSalmonellacontamination [478].
This means that there is a possibility that strains found on a pig may come from another
infected pig, which would distort the results. However, in France, most of the herds are
located near slaughterhouses, with a mean distance between the herd and the slaughterhouse
of 120km (see Figure 4.8). While these data should not change signi�cantly for Regions 1 and
3, it is quite possible that slaughterhouses in Region 2 can accommodate pigs from Region 1.
Furthermore, trade agreements between producer groups and slaughterhouses can distort the
results, with animals being transported between di�erent regions.

Despite, I was not able to �nd genomics markers that would be able to discriminate samples
between Region 3 and Region 1 while lefting out Region 2 samples from the analysis. So even
if there is the possibility of having cross-contamination in the slaughterhouse, the conclusion
remains the same. In any case, there is a lack of direct monitoring in pig farms, and the lack
of data has been �lled by slaughterhouses data. Overall, additional data could provide better
robustness in the event of contamination of the same clone, or displays the diversity spread
over the whole country.

Another limit to the study was the lack of methodology to take into account accessory variants.
On TMV, I showed that the genetic markers were rather on the accessory, as these genomes
showed little divergence on the coregenome. Here, I displayed the importance of taking into
account accessory genome, especially for serovar like TMV. In the next chapter, methodology
that took into account dispensable genome will be described, but the lack of time did not allow
me to use these accessory SNPs as markers in the dataset. Given the scores determined with
the accessory genes, we can hypothesize that adding a variant would increase the accuracy
score.
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Figure 4.8: Slaughtering and distances by department of origin of farms. The size of circles
corresponds to the number of pigs slaughtered, from small (less than 500) to large (more than
2000). Colors corresponds to the mean distance between the herd and the slaughterhouse,
from blue to red. Map from IFIP.

4.3.5 Salmonella Typhimurium and its monophasic variant in pigs: conclu-
sions

Geographical diversity ofSalmonellaTyphimurium and its monophasic variant has been studied
in this part. By comparing strains, I highlighted the low diversity between the strains from
the 3 di�erent regions of the dataset. I also highlighted that this diversity was not linked to
an origin/source in the chain production chain and, despite the year of isolation, strains from
di�erent origins/sources were found clustered together. In France the strains are disseminated
all along the chain, without any particular adaptation to the source. This suggests a continuous
contamination between the pigs herds, the slaughterhouse and the processing plant (section
4.3.1). I also characterized the French diversity of monophasic variant of Typhumurium com-
pared to the diversity existing in other European and worldwide countries (section 4.3.2.1 and
4.3.3). Comparison with monophasic variant isolates from other countries highlighted the
genomic speci�city of monophasic variants in France, with some exceptions of isolates from
bordering countries. We observed a discriminative signal between two groups of TMV from
France, where one seemed to be shared by Italian samples, and the other one seemed unique.
Bordering countries sharing the same diversity could be due to pigs trades, or contamination
by a vector such as food products, trucks or food mill.

Looking at the genomic content, the high number of resistance genes to antibiotics, heavy
metals and biocides explained the prevalence of these two serovars in pig farms. Considering
my results, genomic diversity did not appear to be related to geographic diversity, as the anal-
ysis of variants or genes did not pointed out a discrimination between samples from di�erent
regions. This results supported the hypothesis of the dissemination of the same TMV clone in
the country. ForSalmonellaTyphimurium, the lack of strains did not allow us to support the
same conclusion as for TMV.
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Finally, I also was able to characterize the diversity using a combination of genes and variants,
and pointed out the possibility to trace back a French human infection to pigs herds using
genomic markers. Further work would be needed to verify that these markers are viable for
potential PCR, and also further analysis of accessory variants may reveal better accuracy.
But looking at the scores, the hypothesis that there is not enough regional genomic diversity
between the French strains to separate them seems the most logical.

4.4 Results: Investigation of Salmonella Mbandaka in bovine
and poultry industry

SalmonellaMbandaka is poorly studied serovar at the genomic scale, but highly prevalent
in north-western France in cattle herds and production chain (discussed in section 2.3.8.1).
In order to understand its dissemination and its diversity, three main axes presented in the
introduction will be explored.

ˆ First, we will analyse the diversity ofSalmonellaMbandaka in France, in di�erent reser-
voirs.

ˆ Second, the adaptation ofSalmonellaMbandaka to its host will be investigated to �nd ge-
nomics markers that would explain the dissemination ofSalmonellaMbandaka in bovine.

ˆ Third, main genetic factors will be explore with a major review on the genomics of
SalmonellaMbandaka which was poorly studied before.

4.4.1 Analysing the extent of the biodiversity of Salmonella Mbandaka in
the di�erent reservoirs

To understand the global diversity of this serovar in bovine industry in north-western France,
we inferred a phylogenomic tree using 140 genomes. All samples were de�ned as ST 314
by MLST [479]. Phylogenomic tree was inferred by IQ-TREE [107] using SNPs identi�ed
by iVARCall2 [345] pipeline, as described in section 3.2.3. The tree followed an evolutionary
model of GTR+F+I, and converged with a commensurate negative likelihood (-6663601.9824)
after 121 iterations. Most of the nodes were supported by high bootstrap values.

Altogether, 1,062 SNPs has been detected in the 140 bovines genomes, which is roughly the
same number of SNPs observed inSalmonellaDublin (section 4.5.2), except that the dataset
is more than 3 times smaller thanSalmonellaDublin dataset. Using ClonalFrameML [110],
48 SNPs has been identi�ed in 8 homologous recombination events in 285 bp (4 on leaves, 4
on internal nodes). Excluding the 48 variants located in homologous recombination segments,
a tree was inferred to measure the impact of the homologous recombination segments in the
topology. The tree without variants from homologous recombination also converged with a
commensurate negative likelihood (-6662273.430) after 200 iterations, following TVM+F+I
model. Comparing the two phylogenomic trees (Figure 7.17), the topology was slightly im-
pacted by the removal of homologous recombination variants. Two neighboring clusters are
switched in the phylogenomic tree without homologous recombination variants, but overall
with only few minor di�erences observed between nodes.

The phylogenomic reconstruction indicated that the isolates do not tend to group by years or
matrices in Figure 4.9. Some isolates from cheese and milk are clustered together on the left
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Figure 4.9: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine between 2016 and 2019, with homologous recom-
bination events excluded. Inner ring describe isolation year. Outer ring display the isolation
matrix.

of the tree, suggesting a likely contamination through the food chain production. Also, it is
interesting to note that feed products are all around the tree, which suggests a potential source
of contamination in cattle by this vector, itself heterogenous. Looking at isolate sources in
Figure 7.15, we observed that most of the sample isolated from the same farm are clustered
together. However, some samples isolated from raw milk from di�erent farms (ACT20SMb64
and ACT20SMb61) are identical at the coregenome scale, with 0 SNPs di�erences while some
samples from geographic area "V2" are disseminated all around the tree. All isolates from
"V2" are milk isolates, suggesting a contamination through di�erent bovine farms. Moreover,
the "Ind" isolates corresponding to the cheese matrices are scattered all around the tree, which
indicates a potential contamination by di�erent milks. The samples isolated from the "B" farm
at the same year displayed a 4 SNPs di�erence. This number of SNPs between the two strain
can come from two di�erentSalmonellapopulations introduced at di�erent time [478]. Overall,
the max di�erence of SNPs between 2 strains is 197 SNPs (ACT1919833 and ACT20SMb25),
and the mean di�erence is 82 SNPs (median = 102). This �nding demonstrates the great
diversity ofSalmonellaMbandaka, as well as the contamination along the production chain,
but also between herds.
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4.4.2 Is Salmonella Mbandaka adapted to its host?

As observed previously,S. Mbandaka is described by a high number of SNPs on a small
geographic scale. To understand if this genomics diversity is speci�c to the dairy industry, or
if this serovar has an overall high diversity, bovine samples have been compared from poultry
samples, as this serovar is well associated to poultry industry in France [43].

4.4.2.1 Phylogenomic analysis of the diversity of Salmonella Mbandaka in bovine
and poultry

Phylogenomic tree was inferred by IQ-TREE [107] using SNPs identi�ed by iVARCall2 [345]
pipeline, as previously described. The tree followed an evolutionary model of TVM+F+I
detected with ModelFinder, and converged with a commensurate negative likelihood (-
6705306.4880) after 196 iterations. Most of the nodes were supported by high bootstrap
values.
Altogether, 3,567 SNPs has been detected in the 304 genomes, of which 64 lay within 13
homologous recombination events (7 on leaves, 5 on internal nodes) among a total of 1460
bp. Host speci�c clusters were not identi�ed according to homologous recombination events.
A tree was inferred excluding the 64 variants located in homologous recombination segments.
The tree without homologous recombination variants converged with also a commensurate
negative likelihood (-6702439.362) after 110 iterations, following TVM+F+I model. As ob-
served previously, the comparison of the topology with and without homologous recombination
events displayed a slightly di�erence (Figure 7.19), impacted only by bovine samples.

The phylogenomic analysis in Figure 4.10 revealed clusters of bovine and poultry disseminated
all around the tree. Some genomes (n=11) are clustered with samples from other matrices,
but overall we mainly observed genomics clusters distinguishing between the strains isolated
from cattle and poultry. More precisely, 6 poultry samples were clustered in bovine groups,
while 5 bovine samples belonged to poultry groups. We investigated these samples focusing
on more precise matrices of isolation displayed in Figure 7.18. The 6 poultry samples and the
5 bovine samples clustered within other hosts were all isolated in the same geographic region
(i.e. Normandy).

Of these six poultry samples, two (S17LNR0564, S19LNR1916) were genetically closed to
bovine samples from milk, displaying a mean of 37 SNPs with the 5 bovine closed to the
poultry sample. Two other poultry samples (S17LNR0975, S16LNR1497) were clustered
with a environmental bovine sample from faeces with 38 SNPs apart. One poultry sample
(S17LNR0496) was close (20 SNPs di�erences) to 4 bovines samples isolated in raw milk and
enrichment broth. Finally, one poultry sample (S18LNR1821) was clustered with one bovine
sample from milk, exhibiting 27 SNPs di�erence.

Of these �ve bovine samples, four (ACT1919926, ACT1919928, ACT1919929, ACT1919833)
were isolated from manure and faeces, and therefore rather come from an environmental
matrix. ACT1919929, only harbors 22 SNPs di�erence with a broiler isolate (S20LNR0837).
Other bovine displayed 24, 29 and 45 SNPs di�erence with the nearest poultry strains.

The last bovine sample (ACT20SMb25) was isolated from cattle feed, and displayed only 10
SNPs di�erences with the 2 other poultry samples in the same internal branch. This observa-
tion is interesting, as some food products are used to both feed cattle and chickens [480], and
therefore allows us to hypothesize a potential source of contamination by food products.
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Figure 4.10: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine and poultry. Outer ring corresponds to the matrix
of isolation.

Overall, the results observed on this tree for bovine groups are the same as those previously
observed based on the cattle tree: the strains are not clustered by matrices and bovine milk
strains are clustered with bovine cheese strains, demonstrating a continuous exchange of strains
between matrices over the year, and a possibility of transmission of the bacteria throughout
the production line. Interestingly, both poultry samples isolated from layer and broiler hens
also cluster together. Finally, turkey samples are disseminated all around the tree, but with
unique long branch length, and were consequently identi�ed as singletons.

The geographical metadata in Figure 7.18 reveals that most of the time, poultry sample clus-
ter with isolates from the same region (east of the tree), or from the same bordering regions
(south and north-east clusters). The geographical data are not precise enough to suggest that
the geographical distance is a major factor in genomic divergence, but with these minimal
metadata we can hypothesize that the geographical and genetic distances are correlated.

However, in the upper part of the phylogenomic tree, strains from di�erent regions are clustered
together, without any geographical proximity links between the regions. This low diversity
between strains from di�erent geographical sources almost exclusively a�ects poultry isolates,
which allows us to hypothesize that a common breeding source may exist. Indeed, parenting
�ocks are in farms and take care of the births of the hens, which are then sorted into broilers
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Name Accuracy Sensitivity Speci�city

Genes
group_1062,
ydiO

0.80 72% 91%

Variants
1567699_G_T,
3213391_T_C

0.91 87% 96%

Table 4.19: Duo combination of markers

Name Accuracy Sensitivity Speci�city

Genes
group_716,
group_2947,
group_2909

0.92 91% 96%

Variants
199204_C_T,
1567699_G_T,
3213391_T_C

0.95 95% 97%

Table 4.20: Trio combination of markers

and layers hens. These hens are then redistributed in farms, and can spread the disease from the
same source. Unfortunately, the lack of metadata does not allow us to explore this hypothesis.

4.4.2.2 Screening for genomic markers of Salmonella Mbadandaka linked to host
discrimination

As the phylogenomic tree revealed di�erent host speci�c clusters, we hypothesised that ge-
nomic determinants speci�c to one of the hosts may exist. Indeed, the main objective of this
study was to �nd markers in order to discriminate poultry samples from bovine samples. To
achieve this objective, genomic analysis of genes and variant content has been performed. We
retrieved variants from the coregenome SNP analysis with iVARCall2 [345]. Gene content was
inferred by using Panaroo [100], a graph-based pangenome clustering tool, with a threshold
increased to 90% of cluster identity to avoid �nding markers that would cluster with other genes.

First, the content of variants and genes were analysed. Panaroo detected 9488 genes, where
3655 were identi�ed as core genes (present in all samples). 3922 variants have been identi�ed
by iVARCall2, where 342 were identi�ed as core variant. Looking at accessory genes and
accessory genome, no unique gene or variant that could discriminate bovine samples from
poultry samples was found, so combinations of genes or variants has been explored.

A combination of 2 genes has been proposed to discriminate samples using MarkerFindr (section
4.2.11) from bovine or poultry host, with an accuracy of 0.80 (Table 4.19). Using a combination
of 3 genes (Table 4.19), the accuracy increase to 0.92, with 91 % sensibility (127/140 bovines
identi�ed) and 96 % speci�city (11 false positive poultry) (Table 4.20). Genes identi�ed
annotation reported in Table 4.21 displays that the identi�ed genes corresponds to accessory
DNA (phage gene) exceptydiO. This gene has been predicted as a acyl-CoA dehydrogenase
and a modi�cation methylase subunit [481] to protect the DNA from cleavage by the BsuMI
endonuclease [482]. It has been previously identi�ed inSalmonellaTyphimurium as a secondary
� -oxidation pathways which can be used by the bacteria to growth on lipids in anaerobic
conditions [177].
Using the combination of 2 variants, the accuracy increase to 0.91, which is higher than the
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Panaroo name
Annotation
by Uniprot

De�nition
Gene
length
(bp)

Comment

group_1062 Not found
tyrosine-type
recombinase/
integrase

1071
integrase of phage
29485 found in
Salmonella

ydiO ydiO

putative BsuMI
modi�cation
methylase subunit
YdiO

1197

group_716 Not found phage tail protein 486

found in Klebsiella
phage 4LV2017
and Salmonellaphage
RE2010

group_2947 mEp235_051
portal protein/
Uncharacterized
protein

270
found in Enterobacteria
phage mEp235

group_2909 AMBK_57 DNA replication protein O 279
found inSalmonellaphage
vB_SosS_Oslo

Table 4.21: Annotation of genes found as markers

Position Gene name CDS begin CDS end Comment

1567699 STM1546 (99% identity) 1566277 1567785
Serves to protect the cell
against DNA damage
by alkyl hydroperoxides

3213391 tsr 3212787 3214448
Serine sensor receptor /
Methyl-accepting
chemotaxis protein I

199204 prgH 198059 199237
Type III secretion system
inner membrane ring
protein PrgH

Table 4.22: Annotation of variants found as markers

combination of 2 genes (Table 4.19). The combination of 3 variants displays a accuracy of
0.95, with 95% sensitivity and 97% speci�city (Table 4.20). The 3 variants identi�ed are in
position 199204, 1567699 and 3213391 in the genome ofSalmonellaMbandaka SA20026234.
All variants are located in genes not impacted with homologous recombination events. The
position of these variants can have a signi�cant impact on the phenotype of the bacteria
(Table 4.22), such as the variant at position 199204 located on a type III secretion system
protein, impacting directly the invasion of the bacteria [193]. These mutations can be used to
investigate the host source of aS. Mbandaka genome. Overall, the criteria of sensitivity and
speci�city are not high enough to use these genes or variants as markers in the �eld, but they
can very well be used after sequencing.

4.4.2.3 Making topological groups to propose diversity traceability

In order to analyse more precisely these host groups, clusters based on the topology of the
phylogenomic tree (branch with robust bootstrap) were proposed, containing more than 5
strains. As SNP thresholds are not present in the literature forSalmonellaMbandaka, I
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Figure 4.11: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood
of SalmonellaMbandaka isolated from bovine and poultry. Inner ring corresponds to the
matrices. Clusters are colored in green for major bovine clusters, and brown/yellow for major
poultry clusters

focused on topology to identify host clusters. Using this methodology, 12 major groups were
selected (Figure 4.11). Among these 12 groups, 5 contained 134 bovine genomes over the total
140 bovine genomes analyzed (95%). These 5 groups were characterized by SNP di�erences
comprised between 12 and 34 SNPs. The resting 7 groups contained 118 poultry genomes
over the total 164 analyzed poultry genomes (72%). These 7 groups were characterized by
SNP di�erences between 5 and 68 SNPs (Figure 4.11).

Among poultry samples, 40 were not clustered in any groups, while among bovine samples
only 1 genome was not clustered (i.e. these unclustered genomes will be called �singleton�
below). The maximum SNP di�erence was 163 SNPs between bovine samples, while it was
214 SNPs between poultry. This result is not surprising, as poultry samples were collected
from a larger geographic area than bovine (Figure 7.18).

Using these clusters, it was proposed to identify cluster speci�c genomic markers in order to
propose an alternative to host markers and allow actors in the �eld to follow the evolution of
strains in their sector (a farm or a dairy for example). Using the gene content (Table 4.23),
groups A,B,C,E can be identi�ed by one gene, with 100% sensitivity and 100% speci�city. The
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Source
Markers for
the cluster

Sensitivity Speci�city

Clusters Bovine Poultry
A Poultry 0 8 group_2040 100% 100%
B Poultry 0 14 rrrD_1 100% 100%
C Poultry 1 10 intQ 100% 100%
D Poultry 0 26 / ND ND
E Bovine 7 1 group_2923 100% 100%

F Poultry 0 8 group_5614 100%
99.7%
(FP 1 Poultry)

G Bovine 11 3 livJ_1 78% (11/14) 100%
H Poultry 0 14 / ND ND
I Bovine 21 2 / ND ND

J Bovine 18 0 group_261 100%
99.7%
(FP 1 Poultry)

K Poultry 4 38 / ND ND
L Poultry 77 0 / ND ND

Table 4.23: Genes marker analysis of each clusters

groups F and J can be identi�ed with one gene, with 100% sensitivity and 99.7% speci�city,
due to false positive isolates. The group G can be identi�ed with one gene with 78% sensitivity
and 100% speci�city, due to 3 true negative isolates. Other groups could not be identi�ed
by one unique gene. However, each group can identi�ed by a variant which is unique to the
group (Table 4.24). With this result, it is possible to �nd the origin of the cluster of a strain
by looking at a precise position of the genome. This tool can be used for monitoring diversity
within a farm (introduction of a new strain), or monitoring in the high risk areas in agri-food
sectors.

4.4.2.4 Exploration of wild bird contamination

In this PhD thesis, several hypotheses about contamination sources have been put forward
for SalmonellaMbandaka in cattle. The �rst hypothesis concerned cross-contaminations due
to the feed products that would be passed on to the bovine farms. This hypothesis was
assessed partially, due to the lack of feed strains and inaccessibility to information related to
the production and distribution of feed products. The other hypothesis from the local actor
in the bovine sector is that the persistence ofS. Mbandaka in the north-western of France
would come from an animal vector which would have transmitted the bacteria to cattle. It
is known thatSalmonellacan easily adapt to wild bird [483], and can have a major role in
contamination of outdoor herds [370, 484].

The variant calling (SNPs) phylogenomic analysis was carried out as described above with the 9
American genomes and 215 French genomes (section 4.2.2.4). The 215 French genomes were
selected to be representative of the di�erent groups identi�ed by the phylogenomic analysis of
bovine and avian strains from France (n=100 bovine, n=114 poultry) in section 4.4.2.1.

Phylogenomic reconstruction is displayed in Figure 4.12. American genomes isolated from wild
birds clustered with French genomes. One sample (SRR14570238) clustered with a poultry
sample isolated in a farm next to the sea (S16LNR3059) and a sample isolated from bovine
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Source Markers for the cluster Sensitivity Speci�city
Cluster Bovine Poultry
A Poultry 0 8 1140003_C_A 100% 100%
B Poultry 0 14 1125159_C_T 100% 100%
C Poultry 1 10 679466_A_T 100% 100%
D Poultry 0 26 243237_G_T 100% 100%
E Bovine 7 1 713565_C_T 100% 100%
F Poultry 0 8 149101_T_G 100% 100%
G Bovine 11 3 887092_A_G 100% 100%
H Poultry 0 14 706527_T_C 100% 100%
I Bovine 21 2 87065_C_A 100% 100%
J Bovine 18 0 35615_C_T 100% 100%
K Poultry 4 38 423715_C_T 100% 100%
L Bovine 77 0 41677_T_A 100% 100%

Table 4.24: Variant marker analysis of each clusters

manure (ACT1919846); another sample (SRR13620966) clustered with a poultry sample iso-
lated further inland (S18LNR1879); and 5 wild bird genomes clustered together but very close
to poultry strains from the French coast. Among the 5 poultry samples clustered with the 9
wild bird genomes, 2 are from the coast (S16LNR0359, S18LNR1211) and 2 are further inland
(S18LNR1879, S18LNR0214) but close to a near river that connects directly to the Atlantic
Ocean (S18LNR1879), and last one (2019LSAL01500) where only the department crossed by
a river was addressed. The lowest SNP di�erence (29 SNPs) is between the sample isolated
from bovine manure (ACT1919849) and a wild bird sample isolated from an avian from United
States (SRR1515029).

Given the geographical distance between the French strains and wild bird, we could expect
a large genomic distance or a cluster composed exclusively of wild bird strains. In fact, the
genomic distances are high between American wild bird strains, but similar to the genomics
distances between poultry strains. Moreover, wild bird strains cluster with genomes isolated
in departments bordering the ocean, which reinforces the hypothesis of a epidemiological link
between these strains. This hypothesis deserves further investigation but would require access
to isolated samples of French birds.

4.4.3 What are the main genetic factors favoring the Salmonella persistence
in livestock?

In this section, we analysed more precisely the genomic content ofSalmonellaMbandaka, like
antimicrobial agents, virulence genes and others mobile genetic elements which have never
been studied inSalmonellaMbandaka in France previously. Virulome and accessory genome
were analysed to better characterise this serovar and then to identify possible genomic dif-
ferences between strains isolated from bovine and poultry sectors. This approach explores
the presence/absence of virulence and resistance genes compiled in open access databases
targeting known virulence factors,SalmonellaPathogenicity Island (SPI) genes, multi-drug
resistance genes and genes conferring heavy metal or biocide resistances.

Because we have not able to identify markers that could discriminate bovine from poultry sam-
ple, probably explained by highly divergent genes, this section will focus on genomic elements



CHAPTER 4. ANALYSING THE GENOMIC DIVERSITY OF SALMONELLA 129

Figure 4.12: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine, poultry and wild birds. Inner ring corresponds to
the region of isolation

of interest potentially explaining the persistence ofS. Mbandaka strains in cattle and poultry.

4.4.3.1 Virulome analysis

The infection of cells bySalmonellarequires di�erent steps involving a arsenal of virulence
factors. After moving to reach targeted host cells through its �agella (e.g.�iC and �jB genes
coding for z10 and e,n,z15 �agellar types), adhesion factors (e.g. �mbriae and adhesins present
on its surface) allow solid attachment to the surface of host cells. Among the considered sam-
ples, 60 virulence genes have been detected. Among them, gene clusterscsg [485], �m , bcf
and lpf [429], coding for both Curli and chaperonne/placier type �mbriae, were detected in
all considered French strains. In addition,misL [486] andmgtCB genes coding for adhesins
were also observed in the bovine and poultry samples.

The SPI-1, SPI-2, SPI-4 and SPI-9 coding for type III (T3SS-1 and T3SS-2) and type I
secretory apparatus (T1SS) responsible for survival and proliferation in various intracellular
environments, were identi�ed in the genomes (Figure 7.20).

SPI-1 genes, encoding for T3SS-1 apparatus required for invasion of intestinal epithelium
cells, such asinv, prg, org gene clusters andsicA, sipABCD, sspABC, sopB, sopE, sopE2
regulator/e�ector genes, were identi�ed in all genomes. In the same way, SPI-2 genes encod-
ing components of the T3SS-2 apparatus, required for bacterial virulence and proliferation in
macrophages, such asssa, ssc, ssegene clusters andpipB, pipB2, soxSregulator genes, were
also identi�ed within all French genomes. Interestingly,siiA/B/C/D/E/F SPI-4 gene cluster,
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encoding for a type I secretion apparatus that contributes to the colonization of the bovine in-
testines, was also observed in the dataset with the exception of 5 out the 164 poultry genomes.

Even if SPI-9 was identi�ed by SPIFinder database blast analysis in all genomes, important
operon such as STY2876, STY2877, STY2878 and STY2875 were not displayed by VFDB
blast analysis. This incoherence could be explained by the fact that the open reading frames
STY2876, STY2877 and STY2878 present 98% identity with type 1 secretory apparatus
(T1SS), and therefore not identi�ed by blast. Further analyses would valid or invalid this
hypothesis.

4.4.3.2 Biocide and heavy metal resistance analysis

Six genes implied in biocide resistance activity were identi�ed. Among these 6 genes, 3 (yddG,
baeRand baeS[435]), are described in the literature as involved in methyl viologen dichloride
hydrate (paraquat herbicide) resistance [436] (See Appendix 7.4). The other 3 genes (sodA,
rpoS and smvA) code for peroxide [437], hydrogen peroxide � monochloramine and cation
biocide resistance [438], respectively. These components can be used in bovine industry to
rinse the claw sleeves or that clean dairy cow's udder [487, 488], or in water disinfection [489].
Metal resistance genes detected in all samples allow strain survival in present of metals like
copper (CUEP), gold (golS/T ) or arsenic (PSTB), components found in cattle and poultry
farm, especially in food [490, 491] and water [492] (See Appendix 7.4). Also, 2 of the metal
resistance genes are annotated as multi-resistance. ThemgtA gene induces cyclohexane resis-
tance and mediates magnesium in�ux to the cytosol [442], while thecorA/B/C/D gene lead
to magnesium and cobalt resistance [440, 441]. Finally, 8 genes involved in multi-compound
resistance were identi�ed, likecuiD which exhibits a copper sensitive phenotype as well as a
normal resistance to other metal ions [493], orAcrD which is involved in heavy metal e�ux
and encodes components of a resistance-nodulation-division family transporter that actively
transport aminoglycoside drugs out of the bacterial cell.

4.4.3.3 Plasmid and antibiotic resistance analysis

In total, 36 mobilizable plasmids and 23 conjugative plasmids were identi�ed. Only 15 plasmids
are contained in more than 4 samples. 159 non-mobilizable plasmids have also been identi�ed.
Overall, no plasmids has been identi�ed in all samples from one host or one group. Most of
plasmids has been identi�ed in one or two genomes. The plasmid p15ODMR present in ten
poultry strains of the genomic group D carring multi drug resistance genes (blaTEM-1b), sul-
fonamide (sul2), streptomycin (aph(6)-Id), tetracycline (tet(A) ) and trimethoprim (dfrA14),
was characterized as non-mobilisable. Interestingly, the non-mobilizable plasmid p-F219, pre-
viously associated with epidemic multi-drug-resistance strains of theS. Infantis isolated from
a small farm in the southern region of Peru in 2017 [494], has been identi�ed in 285 genomes
of our panel (122 bovines and 163 poultry) and the conjugative plasmid pSLU-1913 previ-
ously described in theS. Montevideo strains has been identi�ed in 27 strains of our panel [495].

In parallel, genes involved in antimicrobial resistance (AMR) genes were identi�ed in all sam-
ples, including antibiotic families belonging to �uoroquinolone (gyrB, parC/E) and rifampin
(rposB). Additional AMR genes related to sulfonamide (sul2), beta-lactam (tem) and tetracy-
cline (tetA/B ) have also been identi�ed for a cluster of samples at the top of the phylogenomic
tree in Figure 7.21, which corresponds to the presence of the p150DMR plasmid.
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Figure 4.13: pgSNP onSalmonellaMbandaka dataset from bovine and poultry samples
(n=304). The outer ring corresponds to the sample host.

4.4.4 Does the accessory genome have an impact on the topology and links
between strains?

As described above (paragraph 4.4.2),SalmonellaMbandaka presents a quite di�erent genetic
diversity compared to TMV andSalmonellaDublin (section 4.5.2), with longer branch lengths
and many genomics di�erences between strains from the same source. Despite this high ge-
nomics diversity, host speci�c of some topological clusters has been observed and consequently
may allow identi�cation of clustered host speci�c genomics markers. However, even if some
speci�c genomics diversity has been observed in some clusters, the accessory genome has not
been taken into account and could play a signi�cant role in the host adaptation [496, 497].
To fully understand the genomic diversity ofSalmonellaMbandaka and related host adapta-
tion (i.e. bovine and poultry), the developed pgSNP pipeline with default parameters allowed
analysis of the phylogenomic e�ect of the accessory genome.

4.4.4.1 Salmonella Mbandaka genomics di�erences are even more frequent in ac-
cessory sequences

The pangenomic tree in �gure 4.13 displayed the same clusters than the coregenome tree
4.4.2.3. The branch length is surprising, because other pangenomes phylogenomic inferences
did not harbored such long branches so far. The total reference pangenome alignment length
is 6170413 bases, where 4.7Mb corresponds to coregenome, which roughly corresponds to the
size of the Mbandaka reference genome used in the coregenome-based inferences. Around
1.2Mb corresponds to accessory genome shared by less than 50% of strains, suggesting that
most of accessory genome has been acquired recently due to local adaptation to speci�c stress
or environment.

In comparison to the coregenome SNP tree (Figure 4.14), the addition of accessory genome did



CHAPTER 4. ANALYSING THE GENOMIC DIVERSITY OF SALMONELLA 132

Figure 4.14: Comparison of pgSNP tree and iVARCALL2 tree onSalmonellaMbandaka dataset.
Left tree is pgSNP tree, right tree is coregenome SNP tree. Branches are colored according to
the host sample.

not impact substantially the topology. As discussed previously,SalmonellaMbandaka presented
high coregenome divergence between samples, and adding the accessory genome increased
branch distances, but did not produce news reconciliation of branches. We only observed few
new reconciliations between bovines samples that harbored low pairwise coregenome di�erences.

4.4.4.2 Using pgSNP for genomic and annotation analysis

We investigated the content of accessory genomes and more particularly elements which can
lead to a prevalence ofSalmonellaMbandaka in farms, such as phages and plasmids [103, 317].
Some phages and plasmids identi�ed in the consideredS.Mbandaka genome collection have not
been previously identi�ed in this serovar, in favor of other serovars isolated from the same hosts.

For example, a unnamed plasmid gene has been identi�ed in 55 samples ofSalmonella
Mbandaka bovine and poultry that carries unnamed genes previously identi�ed inSalmonella
Kentucky, serovar often isolated from poultry host, and othersSalmonellafrom poultry indus-



CHAPTER 4. ANALYSING THE GENOMIC DIVERSITY OF SALMONELLA 133

Blocks Number of samples
0kb-17kb 59
17kb-20kb 1
20kb-23kb 52
23kb-29kb 4
29kb-35kb 1
35kb-53kb 66
53kb-68kb 67
68kb-71kb 18
71kb-96kb 59

Table 4.25: Description of the plasmid p12-4374

try [498, 499]. This plasmid is contained inSalmonellaMbandaka from bovine and poultry,
which could support the hypothesis that this plasmid is not host dependent, even if it has been
identi�ed rather in poultry serovars. Also, in a more global way, it could also suggest thatS.
Mbandaka samples in poultry are passed on to cattle.

One surprising results is the identi�cation of a 96kb plasmid in 67 isolates that present structural
variation all along the sequence. This plasmid is annotated asSalmonellaHeidelberg p12-4374
plasmid [500] from poultry with 92% coverage. Structure of this plasmid among the 70 genomes
is interesting and separated in blocs. Only one isolate harbored the entire plasmid, while others
blocks were missing in some samples. Blocs are simply described in table 4.25 (and described
more precisely in appendix section 7.24).
Interestingly, the 8% coverage not found in p12-4374 plasmid corresponds to 2 small blocks
from 29kb-35kb and 68kb-71kb, blocks with low coverage in the plasmid alignment (in Sup-
plementary Figure 7.24). The phylogenomic subtree did not re�ect any host pattern (in
Supplementary Figure 7.23). Otherwise, some clusters of isolates in the subtrees were also in
concordance with the main pgSNP tree, for example 13 bovines samples are clustered together
in both trees and displayed few di�erences.

Some large plasmids like pSTM2 (97kb, contained in 70 samples) and pGD27-62 (50kb)
were detected in some samples which were localized all around the tree without any spe-
ci�c SNP pattern. On the other hand, smaller plasmids were also detected. For example a
small 2kb mobilizable plasmid was found in 61 isolates, and another of 1.5kb was identi�ed
in 7 isolates. These two small plasmids carred genes predicted as replication protein which
plays an important role in DNA replication and homologous recombination [501]. Overall,
17 contigs were identi�ed as mobilizable or conjugative plasmids in between 4 to 70 isolates,
showing an important exchange betweenSalmonellaMbandaka and its surrounding microbiota.

8 phages were identi�ed among theS. Mbandaka genomes of out panel (Supplementary �gure
7.22). One of them, theSalmonellaphage PSP3 is detected on all samples. This phage
belonging to the P2-like phage family and is widely spread within otherSalmonellaserovars
[502]. The others phages identi�ed were displayed at table 4.26.

All these phages are known amongSalmonellaserovars, but some of them such as phiV10 have
a high number of genes in common withEscherichia colispeci�c phages [503]. Interestingly,
the three phages phiV10, SEN34 and ENT39118 were observed only in the genomes of strains
isolated from poultry sector with the exception of a strain (ACT20SMb25 presenting the phage



CHAPTER 4. ANALYSING THE GENOMIC DIVERSITY OF SALMONELLA 134

Phage name Number of samples
PSP3 304
Fels2b 207
pro483 161
ECP1 148
4LV2017 41
phiV10 29
SEN34 14
ENT39118 11

Table 4.26: Phage presence inSalmonellaMbandaka dataset

ENT39118) that has been isolated from animal feed in a cattle farm. We have not observed a
geographic repartition of the phages within the French genome analysed however some of the
groups identi�ed were characterised by speci�c phage pro�les such as the groups A, D and E
characterised by the phage PSP3 and Fels2, the group B characterised by the phages PSP3,
ECP1, phiV10 and SEN34 or the group F characterised by the phages PSP3, Fels2 and pro483.

The structure of some of these phages were conserved all along the contig across all samples,
like PSP3 and ENT39118. In contrast, some phages were partially conserved in some isolates.
For example, 13 samples harbored the entire ECP1 phage. The structure of the phage was
described in Figure 7.16. All bovines samples except one only harbored a potential phage tail
site, while some poultry samples had the tail site, the �ber protein, some hypothetical protein
and portal proteins. Otherwise, 29 poultry samples had additional coat protein or hypothetical
protein, and 13 of them have the terminase site. Some of phages studied in Mbandaka [504]
were not detected in our dataset. This could be explained by the di�erence of annotation
between some authors. In contrast, we identify the P2 phage in agreement with [317].

4.4.4.3 What including accessory sequences brings to Salmonella Mbandaka ge-
nomics studies.

In conclusion, the analysis of a small dataset of Mbandaka strains isolated from a restricted
geographical area showed that this serovar displayed a high genomics diversity. The analysis
conducted with pgSNP led to a higher resolution than the coregenome-based inference. Thanks
to accessory genome, it has been demonstrated that this serovar harbor diversi�ed genomic
patterns from what is known in other bovine serovars. For example,SalmonellaDublin is
highly clonal and the geographical distance is a major factor in the genomic divergence for this
serovar [401]. In addition,SalmonellaMbandaka harbored long branch length, often linked
to higher mutation rate and/or many homologous or non-homologous horizontal transfers.
This diversity is surprising given the small studied geographical area, and would require further
genomics study to understand the high prevalence of this serovar in north-western France.

4.4.5 Discussion and limits of the study of Salmonella Mbandaka

4.4.5.1 Segregation of Salmonella samples from bovine and poultry

In this section, a comparison betweenSalmonellaMbandaka from bovine and poultry host was
performed. To further assess the hypothesis about the genomic distinction between poultry
and bovine samples, it would be necessary to take also into account another host, like pork,
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where SalmonellaMbandaka is less prevalent [267, 505]. In addition, geographical origins
must also be taken into account to be able to prove that hosts are associated with the genonic
background. In aSalmonellarecent paper [103], the authors described that they could not
�nd any speci�c pattern in theSalmonellaMbandaka population structure in relation to either
geographical origin or isolation source, disproving the hypothesis that host speci�c clades may
be emerging in this serotype, based on a dataset of 403 samples from di�erent sources isolated
in di�erent countries. Looking at the thesis from the author [317], some sub-clusters presented
geographical pattern (i.e. samples coming from the same country in di�erent hosts), or matrix
pattern (i.e. samples coming from the same matrices of isolation). In one cluster, samples
from food commodities of Asia, North America and Europe were clustering with human sam-
ples. SNP di�erence was not comparable with our dataset because the authors only selected
coregene variations from the concatenated and aligned housekeeping genes. If the theory that
Salmonellais persistent in its environment and that it spreads all along the chain, then this
kind of clusters could be explained by the globalization of products and contamination in
humans. Also, some clusters displayed porcine samples linked to animal feed, as hypothesised
in our analysis. Another study performed with a larger dataset demonstrated thatS. Mbandaka
strains clustered very closely by geographic source and host, producing fairly even clusters of
isolates from cows, plants, dairy, and chicken farms, in agreement with our results on bovine
strains and poultry [506]. It also displayed that almost all clades were country-speci�c, but
each country were dispatched in multiple micro-clades. This results has been produced with
cgMLST pipeline, so SNP analysis would therefore be necessary to corroborate our results.
Overall, further analysis with geographical data may prove some potential links between herds
or explain some links between bovine and poultry strains.

In our study, we used isolates from wild birds available on Enterobase. The clustering of the
wild birds within poultry and bovine samples, which come from a geographical area close to the
sea strongly, validated the hypothesis of terrestrial animal contamination through this avian
vector. If the hypothesis that there is no adaptation to the host inS. Mbandaka is true, then
this hypothesis about contamination with di�erent vectors is even stronger. However, wild bird
strains were still clustered among poultry strains, as the bovine strain from the environment did
not show a real link with the bovine host. This result could partially support the hypothesis of
host discrimination. The complete validation of this hypothesis would require to validate these
links with wild bird strains from France. Combined with data from other countries that share
the same wild bird diversity (UK, Belgium, Netherlands) it would be possible to demonstrate
that wild birds can be a vector of contamination.

4.4.5.2 Persistence and diversity of Salmonella Mbandaka in herds

It is very di�cult to determine the whole diversity ofS. Mbandaka in cattle, but compared
to the dataset ofSalmonellaDublin (section 4.5.2),S. Mbandaka seems to have a higher
diversity (1062 SNPs) even if it the study was restricted to only one region. However, the
whole dataset does not allow us to conclude about the overall diversity of the serovar. Matrix
speci�c clusters were not observed, suggesting a continuous contamination all along the food
chain, from bovine to cheese. Feed samples are disseminated all around the phylogenomic
tree, suggesting a potential way of contamination through food. Finally, isolates from the
same geographical area which are disseminate all around the tree were isolated most of the
time from milk, suggesting that down-the-line transformation steps are more likely associated
to host genomics diversity.
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Among 9,488 genes including 3,655 coregenome, genes involved in AMR, virulence and heavy
metals resistance did not distinguish geographical or host origins. Most strains displayed the
same resistance pro�le, whether in poultry and cattle, with an exception for 10 multi-resistant
poultry strains. The discriminatory power of small variation was higher than genes because
higher accuracy was estimated from variants than genes.

Genomics content analysis can provide genetic hypothesis explaining the persistence of
SalmonellaMbandaka within herds, but remains to be proven within vivo phenotype tests.
Indeed, the presence of many known resistance genes have already been tested with other
Salmonellaspecies, but mutations in promotors and/or regulators, as well as epigenetic siganls
(i.e. adenine methylation) [507], can prevent the translation of this gene.

It is worth mentioning thatS. Mbandaka is more prevalent thanS. Dublin in the north-western
of France, and may have may have been subject to undiscovered speci�c adaptations to the
environment (e.g. climate). Our observations about the wild birds and the arsenal of resistance
common to all isolates may explain the persistence because the sameS. Mbandaka genomes
may continuously contaminate the environment.

4.4.5.3 Lack of Salmonella Mbandaka genomic information

The main di�culty of the present study was to work with a serovar which has poorly been
studied at the genomic scale. In spite of the high prevalence of this serovar in bovine [300,
299], the lack genomics studies may be explained by the rareness of human outbreaks related to
SalmonellaMbandaka. It was pointed out thatSalmonellaMbandaka seems to be commonly
shed to the environment by livestock rather than being a primary human pathogen [506]. One
study focused on human cases of salmonellosis caused bySalmonellaMbandaka in Australia,
and described two humans clusters where the SNP di�erence varied between 12 and 82 for
one case, and between 10 and 25 SNPs for the other case. This SNP di�erence is very high
considering the threshold proposed by di�erent studies to identi�ed related strain of serovars
isolated from cattle likeSalmonellaDublin [401] or other serovars [252, 508, 509, 510] (between
5 to 15 SNPs). In the present study, the SNP di�erences were high considering the scale of
the study (i.e. same geographic area, low time scale), but in agreement with the high diversity
of other genetic elements (i.e. genes and homologous recombinaison events). It seems to be
di�cult to explain this diversity with the lack of precise geographical metadata. More likely,
the bacterium may have been (or may be) under high stress pressures, and developed quickly
mutations to adapt to its environment, as it was shown before that genetic changes has been
observed onSalmonellaMbandaka after the exposure to heat treatment (up to 19 SNPs after
10 cycles in [87]). This high number of SNPs could also been explained by a higher mutation
rate, as it was observed that some serovar have a higher mutation rate than others [85, 86].

4.4.6 Conclusion of Salmonella Mbandaka in bovine sector

In conclusion, this study has brought to light news aspects ofS. Mbandaka genomic biodiver-
sity and provided a �rst overview of the epidemiological dynamic of this serovar in the farms of
northern-west France. Phylogenomic clusters were not associated with matrices of isolations,
suggesting a continuous contamination all along the food chain, from bovine to cheese, and in
poultry herds. Despite this heterogeneity, our results revealed a degree of adaptation to bovine
and avian hosts, with clusters more adapted to one or the other host. In addition, we have
shown that there was a high probability of contamination between hosts, whether through
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environmental bovine strains that cluster with poultry, or also through another vector such as
wild birds.

In this study, we investigated genomics markers to distinguish hosts ofS. Mbandaka. I was
able to develop a pipeline to consider genes and variants combination and also identify unique
markers from the studied strain clusters. This opened up a possibility of monitoring the
evolution of strains within a farm and between farms in the same department. As the markers
studied are conserved in all sequence, it is possible to set up PCR ampli�cation or sequencing
protocols [120, 116, 118, 123]. The identi�ed markers can be useful for monitoring in the
agri-food sectors, but also in case of TIAC to trace back quickly the pathogenic agents. There
is today a need to characterize strains more and more precisely for monitoring throughout
the chain. With additional metadata, it would have been possible to study more precisely the
hypothesis about geographic persistence, and also the track of contamination in foods.

Analyses the genomic content ofSalmonellaMbandaka demonstrated that the bacteria can
adapt to its environment, explaining its persistence in herds.SalmonellaMbandaka presented
an important arsenal of virulence genes which may provide with a higher pathogenicity and
adhesion to its host. At least 4 SPI was identi�ed, with lingering doubts for the presence of
SPI-9. These SPIs are responsible for virulence and pathogenicity through attaching, invading,
surviving, and bypassing the host's defense mechanisms. Biocides resistance was identi�ed in all
genes, which may provide bacterium with abilities to survive longer in its environment. Heavy
metal resistance screening displayed also the bacteria's ability to adapt to its environment. A
large panel of AMR genes was detected, including �uoroquinolone resistant genes that may
compromise human treatment options [220]. A multi AMR plasmid was identi�ed in poultry
strains that carried important AMR genes. Many AMR genes were carried by plasmids, which
appeared a key element of the AMR spreading between bacterial lineages. I also investigated
FimH gene to analysis whether a host-speci�c adaptation exists in the �agellar ofSalmonella
Mbandaka (Section Annexe 6.2.1), and I showed that this �agellar did not distinguish host
origins ofSalmonellaMbandaka.

Overall, this study is the �rst characterization study ofSalmonellaMbandaka strains from
the dairy and poultry sectors in France, and provides new hypotheses and an overview of the
diversity of this serovar.

4.5 Results: Assessing the genomic diversity of Salmonella
Dublin in France in bovine industry

4.5.1 Context of the study

In January 2016, FNRC-ESS and Pasteur Institute in Paris, reported to Santé publique France,
the national public health agency, an increase ofSalmonellaDublin infections across the
country. Epidemiological and microbiological investigations were published [301] pointing two
types of raw-milk cheeses as vehicles of theS. Dublin outbreak at that time, but the causes
and sources of contamination had not been identi�ed. To better understand the dissemination
and circulation of strains in the two incriminated regions, a working group was formed to
perform a retrospective study using samples isolated from di�erent matrices of the two regions
(i.e. cow, milk, cheese, processing plant and human).

The goal of this retrospective genomics analysis of 480SalmonellaDublin samples (section
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4.2.3) was to characterise the overall genomics diversity of this serovar in two regions, and con-
textualised with geographical and temporal links to actual outbreak events. Phylogeographic
and coregenome approaches were developed in this study, with an extra attention given on the
dataset due to the sensitive data.

With this study, I displayed the precision brought by WGS methods for the identi�cation of
di�erent clusters and unknowmn links between samples. I also demonstrated that the geograph-
ical distance is a major factor in the genomic divergence forSalmonellaDublin concerning the
early stages of the production processes (i.e. animals, farms), while downstream transformation
steps are more likely to harbour genomic diversity. This study was a good pillar to understand
bacterial genomics in a targeted region, and also allowed me to develop coregenome SNP and
phylogeographic methods that can be applied to other serovars ofSalmonella. These �ndings
also pave the way toward the development of news comparative tools integrating others sources
of variation as a discriminative metric along with SNPs, such as InDels, structural variations,
mobilome and accessory genome contingency. On a side note, this study was also a demonstra-
tion of the possibility of using WGS in outbreaks and genomics analyses ofSalmonellafor food
safety actors. Altogether, the present results brought an insight on regional genomic diversity
of highly related genomes involved in foodborne outbreaks, underlining the necessity to drive
investigations toward the most resolutive comparative genomics methods.

4.5.2 Journal article
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4.6 Discussion

4.6.1 Same WGS tools for di�erent objectives

In this chapter, I study 3 di�erent serovars, which displayed 3 di�erent diversity backgrounds.
Using the same WGS method tools, comparative functional genomics highlighted the whole
diversity of these serovars, whether core or accessory. The geographic persistence was inves-
tigated for SalmonellaDublin andSalmonellaTyphimurium and its monophasic variant, while
SalmonellaMbandaka analyses focused on the persistence in hosts. Even focusing on the same
objectives, the analyses performed withSalmonellaDublin andSalmonellaTyphimurium and
its monophasic variant demonstrated completely di�erent adaptation histories. On one hand,
SalmonellaDublin adapted and persisted in the environment. On the other hand, monophasic
variant of Typhimurium had a resistance arsenal very well adapted to the pig host (copper re-
sistance, biocide resistance), and did not seem to have developed any environmental speci�city
to be able to spread easily throughout the environment in France. Some studies contradict our
results [286, 103] while others support them [267, 506], due to the scale of the studies. Most
of the time, study that mix di�erent hosts and/or serovars do not analyze SNP content and fail
to detect the genomic patterns that we identi�ed in the current chapter. Here, the restricted
dataset without too many di�erent vectors allowed us to explain these persistence phenomena.
Thanks to all the tools used in this chapter, we have been able to analyze genomes at a core
variant scale, and core and accessory gene content. Additional analysis with accessory variants
would make the methodology more robust, especially for the marker screening.

4.6.2 Comparison between Salmonella Mbandaka and Salmonella Dublin

While SalmonellaTyphimurium and its monophasic variant are well studied in genomics [511,
512, 513, 287, 180, 286],SalmonellaMbandaka lacks of genomic review to fully characterize
the diversity of the dataset and compare it with other studies. Comparing this serovar to
another widespread serovar in cattle,S. Dublin, the genomic dynamics are very di�erent.
Overall, 1062 SNPs has been detected in the 140 bovines genomes forSalmonellaMbandaka,
while 1041 SNPs were detected along the 480 genomes forSalmonellaDublin. This is roughly
the same number of SNPs observed, except that theS. Mbandaka dataset is more than 3
times smaller thanSalmonellaDublin dataset. Even though these serovars have very similar
clinical consequences and host range, speci�c environmental pressures may have shape the
observed divergent genomics structures.

Despite similarities have been identi�ed, in particular concerning the continuous contamination
all along the food chain from bovine to cheese, geographical data were not precise enough
to suggest that the geographical distance is a major factor explaining in genomic divergences
of S. Mbandaka, even if low genomic diversity has been identi�ed in the same farms (Figure
7.15).

4.6.3 Limits of the three studies

Regard this, the overall limitation that has emerged for each serovar was the lack of accurate
metadata to conclude. Given the sensitivity of the information, it was di�cult to obtain
minimum metadata throughout my PhD, especially for serovars such asSalmonellaDublin
which a�ects PDO (Protected Designation of Origin) cheeses. This lack of metadata did not
allow us to conclude about important leads in each serovar. ForS. Dublin, only half of strains
could really be analyzed geographically. ForS. Mbandaka, the precise geographical persistence
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of strains and links of contamination between cattle or poultry farms could not be analyzed.
Finally, for S. Typhimurium and its monophasic variant, a link between genomic diversity
and geographical diversity was not demonstrated, as only departmental data were available,
and therefore it was not possible to make links between certain farms or processing plants.
In addition, studies about the transport networks or the exchanges between farms would be
necessary to �nalize the results, but this kind of data is very di�cult to obtain. With this in-
formation, we could have answer to more hypotheses, either at the scienti�c or industrial levels.

A methodological limitation appeared in the analysis of markers for the monophasic variant of
Typhimurium, but this issue remains global for the three serovars. There is a lack of analysis
of the accessory genome, although it is part of theSalmonellagenomic background and allows
an important plasticity of the genome. Concerning the gene analysis [100] core and accessory
genes were clustered, but variants were not analyzed on accessory genes. Otherwise, the non-
coding segments were poorly analyzed, such as the intergenic DNA, whereas a variation could
have consequences on the phenotype ofSalmonella[322, 101].
Finally, a limitation of knowledge appeared concerningS. Mbandaka, as this serovar is not well
studied.

4.6.4 What does the accessory genome bring to the study?

Using pgSNP with the sample collections of interest, we concluded that it is highly probable
that a single clone of monophasic variant of Typhimurium appeared in pig farms with slight
environmental adaptation. ForSalmonellaMbandaka, we were able to show that this serovar
is very heterogeneous, and has large di�erences between strains from a restricted geographical
area. The limited knowledge of the coregenome greatly limits the understanding of the hetero-
geneity of the accessory genome, and does not allow to fully understand the contribution of the
phylogenomic pangenome. Overall, the main di�erence was displayed on the TMV dataset, but
the contribution of the accessory genome did not bring new hypothesis for the dissemination
of these strains in di�erent regions of France. On the other hand, this study has highlighted
the importance of SNPs in the accessory genome, and further studies could help to understand
their impact, especially on important accessory elements such as phages or plasmids. These
conclusions also call for an increased monitoring of the monophasic variant of Typhimurium
clone in farms on the one hand, and a more in-depth investigation to understand the evolution
of the SalmonellaMbandaka rate on the other hand.

4.7 Conclusion

During this chapter, I was able to characterize the diversity of three mains serovars detected in
dairy and pork industry :SalmonellaDublin, SalmonellaMbandaka,SalmonellaTyphimurium
and its monophasic variant. This work has been developed with the aim of scienti�c under-
standing of the dissemination of strains, but also with the aim of helping industrial actors to
understand the persistence of these strains.

Using coregenome analysis, I displayed the advantages of using WGS combined with epidemi-
ological data, to better understand the persistence and the dissemination of the bacteria over
a region, a country, or compared to worldwide data.

I provided a strong overview of the diversity ofSalmonellaTyphimurium and its monophasic
variants in pork industry. I highlighted that the diversity ofSalmonellaTyphimurium is higher
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than TMV which is more clonal, and I characterized this diversity at a global scale. I also
demonstrated the low diversity of TMV samples between herds, hypothesising the dissemina-
tion of a single or two clonal strains. Some samples from bordering countries shares the same
diversity, highlighting the pigs trades between these countries, or contamination by a vector
such as food products. The high amount of AMR genes, heavy metals and biocides explain the
prevalence of these two serovars in pig farms and also reinforces the little di�erence between
these strains. I also proposed genomics markers to detect samples from France using genes
and variants screening.

UsingSalmonellaMbandaka dataset, I highlighted that the genomic diversity reveals a degree
of adaptation to bovine and avian hosts, with clusters more adapted to one or the other host.
I demonstrated the absence of matrix clusters, suggesting continuous contamination all along
the food chain, from bovine to cheese, and in poultry herds. I also proposed two sources of
contamination that could explain the dissemination of these strains, with food products and
wild birds vectors. Finally, I characterize the persistence of this serovar in cattle and poultry,
analysing virulence and resistance genes, and I proposed several genomics markers to improve
the surveillance of di�erent clusters within herds.

Finally, in SalmonellaDublin, results display the geographical distance as a signi�cant factor
in genomic divergence and relatedness for the early stages of the production processes (an-
imals, farms), whereas down-the-line transformation steps are more likely associated to host
genomic diversity. These �ndings also suggest thatSalmonellaDublin in those regions are
geographically segregated with clusters containing di�erent matrices potentially emphasising
spreading the bacteria over the entire food chain, and within herds. I also demonstrated that
this genomic signal can be used as a valuable tool to track back contamination.

Overall, these studies focusing on threeSalmonellaserovars demonstrate the strength of using
WGS to solve di�erent sanitary issues such as foodborne outbreaks investigations and source
attribution.



Chapter 5

General discussions and
conclusions

The project's aim was to investigate the genomic diversity and dissemination ofSalmonella
Mbandaka,SalmonellaTyphimurium, and its monophasic variation in the milk and pork food
sectors. These serovars recently became of notorious concern in food chains. For this pur-
pose, the strains were characterized in two ways: �rst, using the methods already validated
and accepted by the scienti�c community (chapter 4), and second, by the development of an
innovative method in order to increase resolution and overcome the shortcomings of the latest
genomic methods (chapter 3). In this part, I will discuss the pros and cons of phylogenomic
inferences taking into account SNPs from the core and accessory genome, especially for het-
erogeneous serovars like those studied in this thesis. In addition, I will display the comparison
of the main results for each serovar, to show the possibilities of application of WGS to various
issues.

5.1 The place of the accessory genome in food safety inves-
tigation

In this thesis, a pangenomic pipeline called pgSNP was developed (chapter 3), and compared to
coregenome SNPs approaches. While coregenome SNP pipeline presented robust and concrete
results on the genomic diversity of strains, described in the chapter 4, I showed with pgSNP
that the accessory genome left out of the analysis was too informative not to consider it.
Using pgSNP, I was able to overcome 2 limitations discussed in the section 2.4.

The �rst limitation was the requirement of a reference genome for coregenome investigation.
With coregenome SNPs approach, the selection of a reference genome for a dataset is a crucial
step and poor selection can lead to loss of information, whether in variant detection, distance
comparison between strains, or other downstream analysis [318, 319]. In this thesis, I proposed
a straightforward BLASTN [327] implementation that might be used to quickly construct a
pangenome-dependent dataset. This method demonstrated a better mapping quality and an
increase in the number of mapped reads for the following analyses.

The second limitation is that accessory genome was left out of the analysis, while it represented
keys to the adaptation and diversity ofSalmonellain their environment [101, 320, 246]. Here,
along with the pangenome reference, I implemented a methodology based on the pangenome
reference contigs inferred in subtrees, and then concatenated in a one pangenome tree using a

152
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supertree method. Using this pipeline, I demonstrated that pgSNP brought a higher resolution
to the genomic comparison of bacterial genomes, but also concordant results observed with
other methodologies and epidemiological investigations.

pgSNP has been already well discussed in section 3.4.1, including opportunities for pipeline im-
provements to ensure robustness of results, especially in the case of food safety investigations.
Overall, this tool brought a higher resolution compared to coregenome ones, but also raised
new questions about the implementation of this new information in the case of an epidemic
investigation. During investigations, it was important to gauge the proximity of the samples
to know if they were linked to the same source of contamination or not. With the addition
of the accessory genomes, the distance between strains from the same outbreak can increase.
For example, if a strain has an additional mobile element but very little di�erence in the
coregenome, do these two strains must be considered as related or unrelated? This discussion
has been already observed in section 3.3.4.3, where samples from the same outbreak were
divided in two subgroups due to 7kb of accessory genome from 2 contigs. While it would be
possible that an outbreak related genome may be excluded from the outbreak cluster inferred
with pgSNP due to high level of SNP di�erences induced by mobile genetic elements, it is
important to note that we did not observe this phenomena with the studied dataset. While
in the coregenome it has been proposed SNP thresholds to judge the proximity of the strains
(section 4.5.2), it is not possible at this time to apply the same method to the accessory
genome, or additional studies should be set up to gauge the contribution of the accessory
genome to the characterization of outbreak strains. Nevertheless, I have shown that the
accessory genome could be discriminating enough to separate 2 sequence types (ST), likeS.
Typhimurium and TMV in section 3.3.4.1.4.

In addition, I demonstrated that pgSNP allowed exploration of the accessory genome thanks
to the cutting of contig and reference pangenome, which is linear, and thus easier to annotate.
For example, to detect de�ned DNA fragments (e.g. gene presence, phages), there was no
need to detect these elements with dedicated work�ows (section 4.3.2.2, 4.3.2.4, 4.4.3 and
4.4.4). Indeed, I just identi�ed these elements based on pangenome annotation. However,
this strategy did not allow detection of these elements in case of segments present in less
than 4 samples. In addition, if the annotation was made on the whole pangenome reference,
without truncating the alignment, sequencing errors could be inserted, and thus the quality of
the annotation and detection could have been weakened. In the context of food safety and
outbreak investigation, the detection of these rare mobile genetic elements are important to
case of emergence or reappearance of known pathogenic elements. On the other hand, this
pgSNP could be very suitable for a quick screening of genes on a panel of strains, before
characterizing them precisely on each assembly.

Finally, a supertree represents a variety of subtrees, thus there may be a loss of accuracy.
The objective was to bring a higher resolution and accurate precision of the accessory genome
using branch lengths. ERaBLE [333] was able to re�ect genomic distance, and maintain the
concordance that could be seen on the branches of a coregenome tree. Overall, it is possible
to draw similar conclusions regarding genomic diversity from both core and pangenome SNPs.
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Datasets
Salmonella Typhimurium and

its monophasic variant
Salmonella Mbandaka Salmonella Dublin

Number of genomes
(core analysis)

322 genomes (section 4.2.1.1)
188 genomes (section 4.2.1.2)
325 genomes (section 4.2.1.3)

140 genomes (section 4.2.2.1)
304 genomes (section 4.2.2.2)
224 genomes (section 4.2.2.4)

480 genomes (section 4.2.3)

Coregenome SNPs
of smallest dataset

4,247 SNPs for 188 genomes 1,062 SNPs for 140 genomes1,041 SNPs for 480 genomes

Homologous
recombination

events
25 13 8

Characterisation
of the diversity

Low diversity for TMV,
High diversity forSalmonellaTyphimurium

High diversity Low diversity

Main results

- No geographical segretation in France
- Large adaptation panel
- Possibility of genomic speci�city of TMV
in France compared to other countries

- First characterisation of
the genomic diversity of
this serovar in France
- Large adaptation panel
- Possibility of host pattern
- Possibility of contamination
through wild birds

Regional segregation

Number of genomes
(pan analysis)

118 genomes (section 4.2.1.2) 304 genomes (section 4.2.2.2) /

% genome added to
the study

(+) 30% DNA (4,7Mb ->6,2Mb) (+) 27% (4,8Mb ->6,1Mb) /

Contribution of
the accessory genome

- Supports the low diversity
- Supports the fact that there
is no geographic segregation

- Support the high diversity
of SalmonellaMbandaka
- High variability
of accessory genome

/

Table 5.1: Conclusion of the genomic analysis of each serovar of the thesis

5.2 Investigation of the genomic diversity of three di�erent
serovars

Three serovars have been investigated, using di�erent methods, core and accessory ones, to
characterise their diversity. It allowed me to show that genomic methodology can be applied
to di�erent issues. Table 5.1 summarizes the main results for each serovar.

For the pig and pork sector, the questions explored in this thesis were the diversity ofSalmonella
Typhimurium and its monophasic variant at di�erent stages of the food chain (waiting rooms,
processing premises and pork carcasses), the geographical diversity of these serovars in pigs
herds, the comparison of this diversity at a worldwide level and �nally the main genetic factors
favoring theSalmonellapersistence in pig herds.

For the dairy sector, the main questions addressed in this thesis forSalmonellaMbandaka
were the extent of the biodiversity, the possibility of patterns related to the reservoir (food
chain: bovine environment, milk, cheese; host: cattle, poultry), and the main genetic factors
favoring theSalmonellapersistence in livestock. Finally, forSalmonellaDublin in the dairy
sector, investigations were conducted on the geographical diversity of this serovar in cattle.

Multiple datasets have been selected to answer each question. First, I displayed that the strains
contaminated the whole production chain, without showing any adaptation to a speci�c source
for the three serovars. This result was already discussed in the literature [360, 514, 259] for
SalmonellaDublin andSalmonellaTyphimurium and its monophasic variant.

Concerning the geographical diversity, I demonstrated that the dissemination ofSalmonella
Typhimurium and its monophasic variant was not associated with the geographical origin in
France, while the geographical distance was a major factor in genomic divergence forSalmonella
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Dublin. On the other hand, by exploring the diversity of TMV worldwide, I have shown that
this diversity was quite speci�c to France, and partially shared by some bordering countries like
Italy or Germany. ForSalmonellaMbandaka, the hypothesis of linking the genomic diversity
with the geographic diversity has not been explored in order to focus on investigating of the
genomic diversity related to the host reservoir ofSalmonella.

In this part, topological clusters linked to the host have been shown, but more in deep explo-
rations are needed to demonstrate the existence or not of genomic patterns linked to the host,
subject still under discussion by several studies [103, 506].

Regarding genetic factors favoring theSalmonellaTyphimurium and its monophasic variant
or SalmonellaMbandaka persistence in pig or cattle herds, I have shown in both cases that
Salmonellacould possess an arsenal of genes and genetic elements to adapt to its environment,
including biocides for the farm environment, but an adaptation antibiotic resistance which can
be a threat to human health [220]. The analysis of virulome also showed the possibilities
of colonization ofSalmonellawithin its host. These genomic analyses cannot be validated
without concomitant phenotypic studies. In addition, the methodology used did not take into
account SNPs found on genes and genetic elements of interest, which could invalidate the
phenotype related to the presence of a gene.

Finally, the application of the accessory genome has not shown great topological di�erences on
S. Mbandaka, but has been able to reinforce the hypotheses of a great diversity of this serovar.
On the contrary for TMV, SNPs from the accessory genome had greater consequences because
the distance in the coregenome of these strains is small. Having the opportunity to work on
these two serovars allowed us to demonstrate the possibilities of using pgSNP on serovars with
di�erent genomic diversities.

These di�erent studies allowed me to show that while TMV andSalmonellaDublin showed
low diversity (few SNPs),SalmonellaTyphimurium andSalmonellaMbandaka displayed a high
diversity. This �ndings are supported by the high number of SNPs despite the size of the
dataset, and also by the long branches on the phylogenomic reconstruction. I also observed
that the number of homologous recombination events di�ered between serovars, with much
less recombination events forS. Dublin.

With regards to impacts on the industrial sectors, this thesis also demonstrated the advantages
of WGS for the surveillance, characterization and investigation of strains from foods. In France,
WGS is not systematically implemented as the main typing tool forSalmonellain foodborne
outbreak investigation and surveillance, issue discussed in section 4.5.2. Having the opportunity
to work with industrial actors in the dairy and pork sector allowed me to have quick feedback on
certain hypotheses from the �eld, such as the possibility of contamination by feed or transport,
or possible exchanges between farms. I also had the opportunity to visit to visit dairy farms
and pork slaughterhouses to have a real understanding of the foodborne risks and the sanitary
protocols in place. This work has been very informative on practices, and being able to
meld genomic research with direct application was an opportunity to appropriate knowledge in
industries.
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5.3 Conclusion

This thesis allowed the methodological development of an innovative method, and its direct
application to �eld cases, using pangenomic approaches implemented in a tool called "pgSNP".
In chapter 3, I summarized the advantages and the new results inferred by pgSNP. pgSNP was
able to �nd consistent results with a coregenome SNPs approach, but also to provide more
resolution in phylogenomic analyses. I demonstrated the possibility to apply this pipeline on
di�erent bacterial outbreak datasets to show the importance of the information gained with
this method. I analysed the advantages and limits of the pipeline and suggested improvements.
I had the opportunity to work on pangenomic analyses, trending methods which will be greatly
improved in the coming years, and I believe that this study will have enabled progress in this
area.

I also had the opportunity to �nely characterizeSalmonellaserovars prevalent in the pig and
pork and dairy food industries. By using comparing genomic methods, I was able to char-
acterise the diversity of these strains under di�erent issues. I also showed the application of
my developments on serovars with di�erent plasticity, evolution, and also on clonal or hetero-
geneous genomes. Even if the serovars showed very di�erent issues and contextualization, I
demonstrated that the WGS methods discussed in this thesis were e�cient enough to explore
the di�erent questions raised. This thesis validated some hypotheses and proposed new ones
on these prevalent serovars that cause food safety and also livestock health risks. These
results opened new possibilities of studies concerning the serovars of the thesis, either in the
bioinformatics or the microbiological �eld.

To conclude, this thesis re�ects methodological research and applied research in a rapidly
expanding �eld, and reviews the current state of research in this area, while proposing elements
of answers and new topics to explore.



Chapter 6

Annexes

6.1 Others methods developed in this thesis

6.1.1 Graphs

6.1.1.1 Introduction

Graphs are the new trending way to visualise genomes, and it has been recently improved to
analyse pangenomes content of a sample dataset. A graph is made of by vertices and edges
to represent the relation between variable quantities. In pangenome studies, vertices are rep-
resenting kmers or genomes, and edges the relation between two vertices. Pangenome graphs
are built from a dataset using di�erent algorithms to take into account all studied genomes, or
a gene set. A common way to construct a basic pangenome graph is to generate a compacted
de Bruijn graph (cDBG). In practice, pangenome graphs can represent all the dataset, and be
useful to identify coregenome (parts of the graph were there is only one path), the part of a
genome or gene set that is shared across the majority of the strains or related species in a clade.

We can also use graphs to represent the genomic variability of a dataset. These methods show
an advantage to clustering methods, thanks to their precision and the fact that all distances are
represented. For instance, GrapeTree [63] implemented a minimum spanning tree algorithm
wich can be adapted to di�erent kind of mutations (genes, SNPs, kmers or cg/wgMLST [515])
to infer a rapid graph representing only the minimal genetic relationships between samples.
Also, SNP network analysis has been developed to investigate SNP interaction in the genome
[516, 517] underlying SNPs co-evolution [518].

However methods representing genomes as vertices and SNPs distance as edges to represent the
relationship of a dataset has not been fully developed and studied yet, despite the low compu-
tational time compared to ML and Bayesian phylogenomic trees. In food safety, the main goal
is to understand links between samples, thus it is not necessary to trace the whole story of the
strain evolution. As the phylogenomic tree is faster and faster, the developments did not focus
on graphs. But in large genome alignment (for example 300 whole-genome isolates alignment)
with high dissimilarity level between genomes, ML or Bayesian calculation can take up to 1 or
2 days, when speed is essential for monitoring and investigating outbreaks. Graphs could po-
tentially help interpretation of clusters when the SNP threshold of a new serovar is not de�ned.

During my thesis, I worked on the development a SNP-based graph which could take into
account accessory SNPs. This short study was implemented by myself and a Master 2 student
(Valentin BALOCHE) whom I supervised during 1 month. To achieve this objective, I divided
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the project in two parts: the �rst one is the computation of a distance matrix, and the second
one is the representation of these distances.

6.1.1.2 Distance matrix calculation

Di�erent pairwise di�erence matrices calculation were tested: dist.alignment from seqinr [519],
distance_calculator from Biopython [410], and home-made matrix calculation. The two �rst
were not discriminant enough to separate some TMV strains, even using coregenome SNPs.
Finally, we implemented a method with python to measure the pairwise SNP di�erence between
isolates. For each column of the alignment, if two sample present a di�erent base, the distance
between these two samples will increase by one. This home-made script was build to control
the gap score of the pairwise SNP di�erence matrix. Also, an implementation of a gap score
that would evolve according to the constitution of the accessory genome between two strains
was proposed. For example, if one genome contains an additional DNA fragment, instead
of adding the distance of the length of the fragment for each genome, this addition of DNA
fragment could be interpreted as a single event weighted by its SNPs to avoid under-estimation
pairwise di�erences from accessory genome, instead of a succession of evolution in the DNA
like SNPs.

We decided to select a distance calculation converting the alignment into a data frame with
rows corresponding to strains and columns corresponding to positions in the sequences. The
distance was then calculated referring to the most represented bases on a position. Even if
this method is less resolutive by using only presence/absence of the most represented bases
on a position, the discrimination is su�cient and better than that calculated by the distance
calculator which uses a distance matrix for each bases di�erence.

6.1.1.3 Graph representation

Finally, to represent the distance into a graph, I used the Qgraph [520] package in R. Qgraph
creates a graph based on R plotting methods and a distance matrix. One advantage of
this method is the recalculation of isolate positions based on springs between two samples,
calculated using Fruchterman Reingold algorithms, where two samples with low distance will
be close into the space of the plot.

The student implemented the graph using NetworkX [521] python package and imposed a
node positioning using the Kamada-Kawai algorithm. Using Fruchterman Reingold algorithm
on Networkx shows inconsistent results, something I had observed myself when trying to use
Networkx's layout springs.

Using the Qgraph and the simple distance calculation on coregenome SNPs alignment, we
are able to quickly recognize outbreak from sporadic samples. Qgraph intensi�es the color of
edges based on the weight edge between two isolates, and samples which are too distant have
a light color, or in some case no edges at all between them. Looking at the coregenome graph
in Figure 6.1, outbreaks are clustered together on the graph, and the edge color is intensi�ed
enough to agree with epidemiological data.

NetworkX is able to discriminate TMV outbreaks samples, keeping them away from other
sporadic strains. However, epidemiological clusters from TMV are clustered in the middle of
sporadic samples (Figure 4 in Supplementary material 7). We hypothesise that using a distance
referring to the most represented bases on a position causes the calculation to lose resolution,
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Figure 6.1: Qgraph plot of SNPs alignment forSalmonellaTyphimurium and monophasic
variant of Typhimurium dataset from [79]. Left is qgraph using core genome SNPs alignment.
Right is graph using pan-genome SNPs alignment

and therefore close strains will be even closer with this simpli�cation. Using absolute pairwise
di�erence developed in python, it was possible to discriminate TMV outbreaks sample from
sporadic sample, with higher resolution.

When adding accessory SNPs, the results are di�erent and not really consistent with epidemio-
logical data. In 6.1, I computed the absolute pairwise distance taking into account each bases
as one single event.SalmonellaTyphimurium outbreaks are found, except for two samples
from outbreak 1. TMV samples are all clustered together, making unlikely the identi�cation of
strong outbreak relationships between samples. In this example, one accessory fragment counts
for one di�erence into the matrix, it may be that phylogenomic core signal and consequently
become in disagreement with epidemiological data. Di�erent gap score or accessory SNPs
score has been tested, but was not su�cient to distinguish outbreak samples from sporadic
samples. However, these results are promising and should consequently be improved in a near
future.

Figure 6.2: Qgraph plot of SNPs alignment forEscherichia colidataset from [323]. Left is
qgraph using core genome SNPs alignment. Right is graph using pan-genome SNPs alignment

This algorithm was also applied onEscherichia colidataset to check that the epidemiological
clusters which were not found genetically linked according to the trees (outbreak 3 and 6),
could clustered in a graph. In the �gure 6.2, we can see that even using di�erence matrix
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and graphs, outbreak 3 and outbreak 4 are scattered in small clusters around the graph. On
the other hand, it is interesting to mention that the strains of the outbreak 1 are clustered
together, but are still farther apart than expected. This results is also visible with regard
to pairwise di�erences between two isolates from outbreak 1. For example, the 11-1024 and
11-1133 samples from outbreak 1 have 15 SNP di�erence, while intra-di�erence from others
outbreak are lower (for example, 13-0081 and 13-0137 have 1 SNP di�erence). This result
was not visible on coregenome SNP tree, while on pangenome SNP tree displays it. This could
be due to the fact that the samples of outbreak 1 and 2 are very genetically di�erent from
others samples in the dataset, creating the long branch that splits the tree into two subclusters.
These long branch crushes the leaves of outbreak 1 and 2, forming a rake even if the stumps
are farther apart than expected. Using graphs, sample are clustered but also displays this
di�erence. Using the pangenome SNPs data, some outbreak are well clustered together, but
samples which were close in the tree (outbreak 3,4,5,6) are even closer and mixed in the graph,
making the outbreak identi�cation impossible.

6.1.1.4 Conclusion and discussion

In conclusion, this study is a preliminary work about genomics applications through graphs.
Using coregenome SNPs, expected epidemiological data-based outbreaks are well identi�ed,
and allows displaying of close relationships between strains in a larger space than a phyloge-
nomic tree. The Master 2 student study was also oriented to �nd thresholds on graphs to
de�ne clusters. The threshold of both, phylogenomic tree (i.e. sensitive and speci�c pairwise
mutation di�erences) and graph (i.e. the intensity of edges weight) depends on the related and
unrelated strains of the whole dataset. In Qgraph and Networkx, the cut value is automatically
chosen from the a quantile (75th quantile for Qgraph) of all edges weight in the dataset,
meaning that the cut value will change if you add only very similar strains in your dataset. The
phylogenomic tree and graph thresholds can only be calculated if there are proven outbreak
strains and proven non-sporadic strains in the dataset.

Concerning the outcomes of pangenome SNP graph, the poor clustering of epidemiological
clusters are mainly due to the lack of time I was able to devote to the project. With hindsight,
these results are promising because some outbreaks are detected and there is some consistency
with the epidemiological data some cases. Also, results from theEscherichia colidataset
emphasizes that the clustering issue is due to the matrix rather than the graph method. The
graph method allows to separate the clusters correctly, with a more realistic distance than
what can be observed in a phylogenomic tree. In a near future, proper calibrations of the
pairwise SNP di�erence matrix and graph management may provide more consistent clustering
according to expected epidemiological data-based outbreak clusters.

The work made by the student Valentin Baloche who I supervised added new perspectives on
the use of graphs for outbreak investigation and was also very concerned about the time factor
that could bene�t to approach. It also highlights the up-front work required to create a proper
distance matrix that adequately represents data from the investigated sample collection. The
student's report has been added to the supplementary data (Supplementary material 7).
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6.1.2 Bayesian for partitioned data

6.1.2.1 Improving the downstream pipeline results

In this section, the possibility of using another strategy than the subtrees and supertree method
is also discussed. One of the downsides of the pipeline is that unique accessory fragments are
not taken into account, and the method for calculating branch lengths occasionally comes up
with negative branch lengths that we have to replace with 0 (as proposed by the authors of
ERaBLE [333]). To tackle this issue, the supermatrices-like strategy using MrBayes partition
management has been tested. MrBayes [108] is able to perform Bayesian inference of phy-
logeny using Markov Monte Carlo (MCMC) method. It estimates the posterior distribution of
model parameters and the posterior probabilities of phylogenetic trees using Bayes theorem.
MrBayes is also able to divide data into partition, to use di�erent models on the data, or also
to estimate parameters separately for the individual partition.

To use this new strategy, a character set (charset) was de�ned on the contigs alignments.
A charset de�nes an alignment bloc that have an individual parameters estimation. On the
dataset, charset is in agreement with the pangenome contigs. MrBayes parameters were set
based on aSalmonellapublication [522] : a GTR-like model for the substitution with an
invariable proportion of the sites, and 3 heated chains and one cold chain. As we had no
support for using nucleotide substitution models for the accessory genome, we decided to try
a small number of generation �rst (10k), and then increase it gradually. The selection criteria
selected to stop the analysis is based on the average standard deviation of split frequencies,
the Potential Scale Reduction Factor (PSRF) and the average E�ective Sample Size (avgESS)
[108]. If the average standard deviation is low, it means that the tree of the generation N-1
and the tree of the generation N are becoming increasingly similar. The PSRF score gives an
idea of the convergence of the trees on a large dataset. Finally, the average ESS estimates
how many truly independent samples of a given parameter the MCMC outcome represents
[523]. All of these parameters are convergence criteria for trees constructed with MCMCs.

To investigate �rst the impact of partitioning data on the phylogenomic tree, the method was
applied on theSalmonellaTyphimurium and TMV dataset described in 3.3.4.1. Based on the
outbreak data and serovars, the topology of two MrBayes phylogenomic tree were compared,
with and without partitioning data, after 1M iterations. Based on the observation in �gure
6.3 and 6.4, the partitioning data have more concordant clusters with epidemiological data.
Phylogenomic tree inferred without partitioning data struggles to reconstruct epidemiological
clusters of TMV outbreaks. Including the partitioning method in the dataset allows a higher
reconstruction of the tree topology.

The impact of the number of generation on the topology of the tree was also investigated.
After 10 000, 500 000 and 1 million generations, a phylogenomic tree is inferred and annotated
with the epidemiological data. In Figure 6.5, 6.6 and 6.7, we observe that the outbreaks are
gradually clustered together thanks to increased generation number. At 10 000 generations,
serovars are separated on one side and the other of the tree.SalmonellaTyphimurium outbreaks
are well clustered together, but TMV outbreaks are all around the tree. At 500 000 generations,
TMV outbreaks 4 isolates are clustered together, but outbreak 3 isolates are still independent of
each other in the tree. Finally, at 1 million generation, we observe that all the epidemiological
outbreak clusters are grouped independently as expected.
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Figure 6.3: MrBayes phylogenetic tree inferred using partitioning data. Trees calculated after
1M iterations.

Figure 6.4: MrBayes phylogenetic tree inferred without using partitioning data. Trees calcu-
lated after 1M iterations.
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Figure 6.5: Evolution of MrBayes phylogenetic tree with partitioning data based on 10k number
of generation.

Figure 6.6: Evolution of MrBayes phylogenetic tree with partitioning data based on 500k
number of generation.

Figure 6.7: Evolution of MrBayes phylogenetic tree with partitioning data based on 1 M number
of generation.
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6.1.2.2 Can MrBayes be routinely used on the pipeline?

Unfortunately, even if the strains are well clustered together, the branch lengths do not re�ect
the genomic reality of the two serovars. Moreover, despite the large number of iterations, the
results have still not converged. I built this tree after 1 week of computing. I also increased
the number of generations to 2 million, and after another week the result still not converged.
I estimate that it would be necessary to go up to 10 million iterations to obtain a stable
phylogenomic tree, or else the basic parameters would have to be modi�ed. But the downside
of this approach is the computing time, which is too long to use this pipeline routinely. In view
of the time it would have taken to develop this approach this work was put aside to focus on
other approach developed in the framework of the present PhD thesis.

6.2 Others Salmonella Mbandaka studies

6.2.1 FimH analysis

As demonstrated by study from Min Yue et al., markers of adaptation of Salmonella has
been identi�ed on the FimH gene of the �mbriae mechanisms. The �mH gene sequence was
isolated from the project PRJNA297164 from the author of the study, and detected on allS.
Mbandaka samples using Blast. Each nucleotide sequence has been translated and compared
to determine SNPs. Compared to mutations identi�ed onS. Mbandaka as host markers, all
proteins identi�ed were the same, bovine and poultry included. However, a di�erence was
determined for 1 sequences (1 bovine). Compared toS. Mbandaka mutations described in
the study, 1 genomes displays mutations on their amino acid sequence (ACT20SMb17 -> 1
mutation), but this SNP is synonymous and thus has no impact on the nucleotide sequence.
Overall, even if there is a host di�erence, no alteration of the FimH gene has been observed.
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80 1.361773 1.360819 1.35625 1.355663 1.357659 1.3595767 1.404713 1.482368
90 1.344999 1.342033 1.338907 1.339457 1.340508 1.342177 1.377846 1.446672
95 1.330596 1.327816 1.324656 1.324277 1.326374 1.327595 1.370285 1.4209137
99 1.335831 1.334858 1.329171 1.329082 1.329656 1.3304837 1.348964 1.369027

99.5 1.358831 1.355907 1.352213 1.352287 1.351906 1.351697 1.370619 1.384204
99.9 1.658626 1.65735 1.653979 1.655345 1.65375 1.65351 1.663125 1.657453

id/contig 100 150 250 500 750 1000 5000 10000

Table 7.1: Entropy normalized by number of reads and alignment length. Score are multiplied
by e� 17.
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Figure 7.1:Escherichia colicore subtrees with discrimant contig. The outer ring corresponds
to outbreaks and sporadic annotation.
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Type Nom Nb Fonction

Biocides

RPOS1 all Multi-biocide resistance regulator
RPOS2 5 Multi-biocide resistance regulator
SMVA all Multi-biocide MFS e�ux pump
YDDG all Paraquat e�ux pump
SODA all Peroxide resistance protein
NMPC all Peroxide resistance protein

Drugs

APH3/APH6 145 Aminoglycoside resistance
CARB 22 Beta-lactam resistance
DFRA 4 Dihydrofolate reductase
OMPF, RAMR, SDIA all MDR (Multi-Drug Resistance protein)
MLS23S 3 MLS drug resistance
AAC6-PRIME all Aminoglycoside resistance
A16S 177 Aminoglycoside resistance
AAC3 17Q002798 Aminoglycoside resistance
AAC3 QSC-B4-6-5 Aminoglycoside resistance
ANT3-DPRIME 33 Aminoglycoside resistance
LAP 2 Beta-lactam resistance
TEM 129 Beta-lactam resistance
TUFAB 61 Elfamycins resistance
GYRA/B, PARC/E all Fluoroquinolone resistance
QNRS 2 Fluoroquinolone resistance
PTSL all Fosfomycin resistance
CMLA 2014LSAL03857 Phenicol resistance
FLOR 22 Phenicol resistance
RPOB all Rifampin resistance
FOLP all Sulfonamide resistance
SULI 10 Sulfonamide resistance
SULII 9 Sulfonamide resistance
SULII 133 Sulfonamide resistance
SULIII 2 Sulfonamide resistance
TET 140 Tetracycline resistance
DHFR 15 Trimethoprim resistance

Table 7.2: Table of MegaresV2 of drugs and biocides resistance results for Typhimurium dataset



CHAPTER 7. SUPPLEMENTARY MATERIAL 199

Type Name Number of strains Fonction

Metals

ARSA,ARSBM,ARSCM 149
Multi-metal resistance
(MMR)

CORA/B/C/D, GOLT all MMR
CUEP all Copper resistance
GOLS all Gold resistance
MERC, MERR1,MERT 80 Mercury resistance
MGTA all MMR regulator
PCOA/B/C/D/R/S 150 Copper resistance
PCOE 150 MMR regulator
PSTB all Arsenic resistance
SILB/C/E/F/P/S 150 MMR
TERW/Z 4 Tellurium resistance

Multi-compound

BAER/S all
Drug and
biocide and
metal resistance

CUID all
Biocide and
metal resistance
protein

GESA/B/C all
Drug and
biocide and
metal resistance

MDTA/B/C/K all
Drug and
biocide and
metal resistance

ACRD all
Drug and
biocide and
metal resistance

PMRG all
Drug and
metal resistance

QACL 3
Drug and
biocide resistance

SITA/B/C/D all
Biocide and
metal resistance
protein

SOXR all
Drug and
biocide resistance

Table 7.3: Table of MegaresV2 of metals and multi-compound resistance results for Ty-
phimurium dataset



CHAPTER 7. SUPPLEMENTARY MATERIAL 200

Type Name Number of strains Fonction

Biocides

RPOS1 14 Multi-biocide resistance regulator
RPOS2 all except S17LNR1583 Multi-biocide resistance regulator
SMVA all except S20LNR0591 Multi-biocide MFS e�ux pump
YDDG all except S20LNR0591 Paraquat e�ux pump
SODA all Peroxide resistance protein

Drugs

DHFR 10 Dihydrofolate reductase
FOLP all Sulfonamide resistance
A16S 95 Aminoglycoside resistance
GYRA all except 2 Fluoroquinolone resistance
GYRB all Fluoroquinolone resistance
OMPF all MDR (Multi-drug resistance)
parC/E all Fluoroquinolone resistance
PTSL all except S18LNR1829 Fosfomycin resistance
RAMR all except 5 MDR
RPOB all Rifampin resistance
SDIA all except S16LNR1426 MDR
SULI S18LNR1211 Sulfonamide resistance
SULII 10 Sulfonamide resistance
TEM 9 Beta-lactam resistance
tetA/R 11 Tetracycline resistance
TUFAB all except 6 EF-Tu_inhibition

Metals

corA/B/C/D all MMR
CUEP all Copper resistance
golS/T all Gold resistance
merC/R1/T S18LNR1211 Mercury resistance
MGTA all Multi-metal resistance protein
PSTB all Arsenic resistance
terW/Z S18LNR1211 Tellurium resistance

Multi-compound

baeR/S all except S16LNR1426 Drug and biocide and metal regulator
CUID all Biocide and metal resistance protein
gesA/B/C all Drug and biocide and metal regulator
mdtA/B/C/K all except S16LNR1426 Drug and biocide and metal regulator
ACRD all except S18LNR1829 Drug and biocide and metal regulator
PMRG all except 2 Drug and metal e�ux pumps
sitA/B/C/D all Biocide and metal e�ux pumps
soxR/S all Biocide and metal e�ux pumps

Table 7.4: Table of MegaresV2 results for Mbdandaka dataset
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Figure 7.2: Impact of homologous recombination events on phylogenetic topology ofSalmonella
Typhimurium and its monophasic variant from France. Left: Phylogenetic tree with recombina-
tion events. Right: Phylogenetic tree with recombination events detected by ClonalFrameML
and excluded. RF=196
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Figure 7.3: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs in France. Inner ring
corresponds to the year of isolation. Outer ring corresponds to the source of isolation.
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Figure 7.4: Impact of homologous recombination events on phylogenetic topology ofSalmonella
Typhimurium and its monophasic variant from pigs herds in France. Left: Phylogenetic tree
with recombination events. Right: Phylogenetic tree with recombination events detected by
ClonalFrameML and excluded. RF=114



CHAPTER 7. SUPPLEMENTARY MATERIAL 204

Figure 7.5: Core genome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated with pigs herds origin. Outer ring
corresponds to the coding of the farms from which the strain was isolated. Branch labelled
with a purple circle corresponds to branch with boostrap>90
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Figure 7.6: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs. Outer ring corresponds
to the presence of SPI detected by Abricate on SPI�nder database.



CHAPTER 7. SUPPLEMENTARY MATERIAL 206

Figure 7.7: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs. Outer ring corresponds
to the presence of antibiotic resistance detected by Abricate on ResFindr database.



CHAPTER 7. SUPPLEMENTARY MATERIAL 207

Figure 7.8: Core genome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs. Outer ring corresponds
to the presence of virulence genes that are not detected in all genomes. Detection was inferred
by Abricate on VFDB database.
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Figure 7.9: Core genome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaTyphimurium and its monophasic variant isolated from pigs. Outer ring corresponds
to the presence of metals, drugs, biocides and multi-compound resistance genes that are not
detected in all genomes. Detection was inferred by Abricate on MegaresVS database.



CHAPTER 7. SUPPLEMENTARY MATERIAL 209

Figure 7.10: Core genome SNP-based phylogenomic reconstruction by Maximum Likelihood
of monophasic variant of Typhmurium isolated from pigs from di�erent country. Outer ring
corresponds the country of selection. Blue circle corresponds to branch with boostrap value >
90.
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Figure 7.11: Impact of homologous recombination events on phylogenetic topology of
Monophasic variant ofSalmonellaTyphimurium from pigs herds in France. Left: Phyloge-
netic tree with recombination events. Right: Phylogenetic tree without recombination events
detected by ClonalFrameML and excluded. RF=182
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Figure 7.12: Comparison of pgSNP tree and iVARCALL2 tree onSalmonellaTyphimurium
and TMV dataset. Left tree is pgSNP tree, right tree is coregenome SNP tree. Branches are
colored according to the region.

Figure 7.13: Plasmid AR_0116 subtree from pgSNP analysis
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Figure 7.14: Comparison ofS. Mbandaka breadth of coverage. In blue : reads aligned with
CP022489 reference. In red : reads aligned with CP019183 reference



CHAPTER 7. SUPPLEMENTARY MATERIAL 213

Figure 7.15: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine between 2016 and 2019. Outer ring corresponds
to the coding of the farms from which the strain was isolated. Branch labelled with a purple
circle corresponds to branch with boostrap>90

Figure 7.16: Plasmid ECP1 description ofSalmonellaMbandaka
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Figure 7.17: Impact of homologous recombination events on phylogenetic topology of bovine
dataset. Left: Phylogenetic tree with recombination events. Right: Phylogenetic tree with
recombination events detected by ClonalFrameML and excluded. RF=64
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Figure 7.18: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine and poultry. Inner ring corresponds to the region
of isolation. Outer ring corresponds to the precise matrix of isolation.
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Figure 7.19: Impact of homologous recombination events on phylogenetic topology of bovine
and poultry. Left: Phylogenetic tree with recombination events. Right: Phylogenetic tree with
recombination events detected by ClonalFrameML and excluded. RF=134
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Figure 7.20: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine and poultry. Outer ring corresponds to the presence
of di�erent SPI in genomes
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Figure 7.21: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine and poultry. Outer ring corresponds to the presence
of di�erent antimicrobial resistance genes found by ResFindr in genomes
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Figure 7.22: Coregenome SNP-based phylogenomic reconstruction by Maximum Likelihood of
SalmonellaMbandaka isolated from bovine and poultry. Inner ring corresponds to the matrix
of isolation. Outer rings correspond to the presence of phage.
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Figure 7.23: plasmid p12-4374 subtree from pgSNP analysis
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Figure 7.24: plasmid p12-4374 alignment on 67 genomes from pgSNP analysis
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Figure 7.25:SalmonellaDublin Gower's results of the 398 randomly selected panel. A : Gower's
distance agglomerative clustering. X axis represents the number of clusters, Y axis represents
the average silhouette width. B : Dendrogram plot of Gower's distance for cluster 30. Samples
are coloured by clusters.
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Figure 7.26: SalmonellaDublin heatmap of intra and inter distance of clusters selected by
rPinecone. Distances are represented in SNP, from low value (blue) to high value (yellow).
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Figure 7.27: Comparison of 43S. Dublin samples from France (in blue) and Denmark (in red).
Phylogenetic tree is made by IQTREE with an evolutionary model K3Pu+F+I model and an
optimal log-likelihood of -6728504.9209.
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