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Abstract 

Serovars of the genus Salmonella are widespread enteric pathogens, 

causing acute inflammatory gut infections. However, a subgroup of Salmonella 

adapted to a systemic lifestyle instead of a mucosal one. A systems-level 

understanding of how molecular level changes accompanying this adaptive 

process potentially modify the behaviour of these invasive strains is crucial for 

future intervention processes, and possible treatments. 

 

In this thesis, I generated and analysed multi-layered interaction networks 

for 20 strains in the genus Salmonella. I collated protein-protein, transcriptional 

regulatory, and metabolic interaction data from low and high-throughput 

experiments and performed predictive measures to add further connections to 

the systems. The resulting networks culminated in the update to SalmoNet, the 

first integrated network database for Salmonella serovars. Through comparative 

network approaches, users can highlight elements under selection in these 

invasive serovars, increasing our understanding of the host adaptation process 

leading to their systemic lifestyle. 

During the last year of my PhD, I redeployed for 6 months to work on 

COVID-19 related research. This effort led to a systematic literature curation 

highlighting different cytokine responses in patients caused by SARS-CoV-2 

compared to other similar viruses. I also led the effort to establish a new network 

resource, CytokineLink, aimed at highlighting avenues of cell-to-cell 

communication mediated by cytokines, to better understand inflammatory and 

infectious diseases. 
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Overall, the work presented in this thesis has increased our understanding 

of the Salmonella host adaptation process, by highlighting specific elements 

under selection, while also exhibiting how network information can be created, 

and used for understanding such evolutionary processes.  
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Structure of the thesis 

This thesis is organised into the following chapters: 

● Chapter I: General Introduction. An introductory chapter describing the 

necessary literature background of the topics covered in the thesis, and 

summarises the aims within. 

● Chapter II: Construction of a multi-layered network database for 

Salmonella research. This chapter presents the steps necessary to 

construct a multi-layered network database for a non-model organism, 

and describes the steps taken to improve and expand on the original 

version of it. 

● Chapter III: Network biology methods to study adaptation and 

evolution. Chapter III describes the approaches and network analysis 
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tools appropriate for the network level analysis of adaptation and 

evolution, through a study involving the adaptive radiation of cichlid fish 

species, and a comparison of typhoidal and gastrointestinal Salmonella 

strains. 

● Chapter IV: The role of cytokines in SARS-CoV-2 infection. In Chapter 

V, I detail the results of my 6-month redeployment into COVID-19 

research. It describes a study on the differences in cytokine responses 

from patients infected by various cytokine release syndrome causing 

viruses, and a network resource aimed at understanding how cell types 

communicate with each other using cytokines. 

● Chapter V: Final discussion, perspectives and future work. This final 

chapter describes the impact, conclusions, and perspectives of the work 

I presented in the thesis. 
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1. General introduction 

The Salmonella genus consists of Gram-negative facultative anaerobic 

pathogens belonging to the Enterobacteriaceae family, a member of the 

Proteobacteria phylum. The majority of the serovars have broad host range and 

cause a self-limiting intestinal inflammation (gastrointestinal serovars). The 

gastrointestinal serovars use this process to modify the intestinal environment to 

their advantage and facilitate their transmission. A small subset of the genus, 

however, evolved alternative strategies of transmission, by adapting to an 

invasive lifestyle instead of a mucosal one, restricting their host range in the 

process, and colonising alternative sites in the host (extraintestinal serovars). In 

this thesis, I generated and analysed multi-layered interaction networks of 

multiple Salmonella strains, including both broad and narrow host range 

serovars, to understand this process, known as host adaptation.  

 

The host adapted serovars cannot be placed on a single monophyletic 

lineage when attempting to map the phylogenetic relationships of Salmonella 

serovars, because their emergence is a result of convergent evolution (Vázquez-

Torres, 2018). The host adaptation process usually involves the degradation of 

key genes that are not used in the novel environments of the pathogen, or are 

detrimental to them, and involves a change in infection phenotype, from an acute 

inflammatory one, to a “stealth” phenotype that leads to bacteraemia and fever 

(de Jong, Parry, van der Poll, & Wiersinga, 2012; Klemm et al., 2016; Uzzau et 

al., 2000). 
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While host adaptation is a process often coupled with genome degradation 

and expansion, the over 700,000 SNP divergence that characterises the 

phenotypically varied subspecies I. of Salmonella enterica is not purely a 

comparative genomics problem (Desai et al., 2013). It could be further elucidated 

by considering the way absent or newly acquired polymorphisms modify the 

system that can eventually lead to changes that make Salmonella alter its 

behaviour in the host organism, through formation or loss of regulatory 

sequences affecting gene expression or metabolic pathways, or non-synonymous 

SNPs altering the function of proteins. As such, the integration of multiple levels 

of knowledge could provide insight into distinct and shared interaction patterns 

that characterize Salmonella virulence and pathogenicity (Métris et al., 2017). 

However, the availability of different levels of knowledge one would integrate to 

carry out systems level analyses is scarce, especially for non-model organisms like 

Salmonella, and the information present is scattered in various databases.  

Motivated by the information above, I set out with the following hypothesis: 

The difference in the host adaptation capabilities of gastrointestinal 

and extraintestinal Salmonella enterica serovars can be 

characterized by specific changes in the topology of their metabolic, 

regulatory, or protein-protein interaction networks. 

This thesis contributes to progress toward testing this hypothesis, through the 

following aims: 

● Generation of multi-layered interaction networks for extraintestinal and 

gastrointestinal Salmonella enterica serovars. 
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● Applying appropriate workflows and approaches to analyse evolutionary 

processes such as host adaptation, by using interaction networks as a 

medium. 

The aims make progress toward addressing thes hypothesis, by generating a 

high-quality network resource and knowledgebase of Salmonella interaction 

information as the subject of analysis, and by involving network comparison 

methods successfully applied in other similar studies published in the relevant 

literature. 

 The following introduction chapter includes the literature and theory necessary 

to understand Salmonella as a pathogen, the host adaptation process, and the 

fundamentals of systems biology research. 

1.1. History of Salmonella research and its 

importance in public health 

1.1.1. History of Salmonella research 

Members of the Salmonella genus are motile enteric pathogens, capable 

of causing a variety of diseases, from gastroenteritis to systemic infections. A 

member of the genus was observed for the first time by Karl Joseph Eberth, in 

the spleens of typhoid patients, who suspected it might be the cause of typhoid 

fever (Eberth, 1880). The bacteria was isolated and grown into a culture just a 

few years later by Gaffky (Gaffky, 1884). Around the same time Salmonella 

enterica serovar Cholerasuis was first described by Theobald Smith during his 

work at the Bureau of Animal Industry in Washington, DC., who worked in the 
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group of Daniel Salmon. The name of the pathogen was later given after him 

(Meštrović, 2018; Schultz, 2008).   

1.1.2. Salmonella and public health 

The Salmonella genus causes somewhere between 90 million to 1.3 

billion cases of foodborne gastroenteritis, and up to 3 million deaths each year. 

The gastroenteritis caused by these pathogens is one of the most common 

foodborne illnesses, the incidence of intestinal disease caused by non-typhoidal 

Salmonella species is the highest in the developing world, and is also considerable 

in developed countries (Coburn, Grassl, & Finlay, 2007). A subgroup of strains 

causing enteric fever affects 11.9 – 27.1 million patients globally, with over 

100.000 of these infections leading to death  (Coburn et al., 2007; GBD 2017 

Typhoid and Paratyphoid Collaborators, 2019; Hohmann, 2001; Majowicz et al., 

2010).  

 

The burden of disease caused by Salmonella is not new – these pathogens were 

one of the most prevalent food poisoning organisms of the 20th century and were 

most likely a constant foodborne threat in the past as well. A study went as far to 

propose a Salmonella enterica subspecies enterica serovar Paratyphi C outbreak 

to be one of the strong candidates for the epidemic causing the population decline 

in the 16th century Aztec empire (Vågene et al., 2018). While microbiology 

progressed a lot to understand their structure, relationships and natural history, 

much of their qualities remain unclear (Hardy, 2004). As is the case with other 

commonly occurring pathogens, there is an increased prevalence of multidrug 

resistant Salmonella strains in recent years, further increasing the health risk and 
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public health cost associated with infections, including the health of livestock, as 

food animals often serve as reservoirs of the pathogen (Branchu, Bawn, & 

Kingsley, 2018; Hofer, 2019). 

1.1.3. Salmonella nomenclature 

Today, when we talk about Salmonella, we usually refer to Salmonella 

enterica and its subspecies, most often subspecies I., as the pathogens in this 

subspecies are the ones responsible for most infections in warm blooded animals 

(A. Bäumler & Fang, 2013). Salmonella nomenclature has not always been this 

clear cut. Salmonella was first recognised as a distinct group of organisms by 

1900, and as research interest grew around them in North America and Europe, 

different laboratories and methodologies led to the same organisms receiving 

multiple names, and the same name given to multiple organisms. 

 

As an example, Salmonella enterica subspecies enterica serovar Typhimurium, 

one of the most well studied serovars today, was once known under multiple 

aliases: Mutton type, Hatton strain, Breslau type, Freiburg type, Salmonella 

aertrycke and Salmonella suipestifer, to name a few (Hardy, 2004). Salmonella 

can be and was for a long time classified by its serotype. Serotypes are determined 

by the Kauffman-White classification scheme, that can distinguish subsets of 

microbes based on surface antigens they carry. In the case of Salmonella, this is 

based on the O and H antigens, the former a part of the lipopolysaccharide (LPS) 

coating, while the latter is a part of the flagellum. Based on the combination of 

the small scale differences in these markers the isolated bacteria can be assigned 

a serotype (Ibrahim & Morin, 2018).  
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Today, there are two species in the genus: Salmonella bongori, and Salmonella 

enterica. In 2005, the International Committee for Systematics of Prokaryotes 

designated the type species of the Salmonella genus to be Salmonella enterica 

(previously known as Salmonella choleraesuis) and its type strain to be LT2 

(Salmonella enterica subsp. enterica serovar Typhimurium strain LT2) (Judicial 

Commission of the International Committee on Systematics of Prokaryotes, 

2005). As mentioned above, the majority of diversity and public health burden 

comes from Salmonella enterica subspecies I., also known as subspecies enterica. 

There are six subspecies in total: 

● I - enterica 

● II - salamae 

● IIIa - arizona 

● IIIb - diarizonae 

● IV - houtenae 

● VI - indica 

The gap in numbering between houtenae and indica is caused by the 

reclassification of Salmonella bongori into a separate species, formerly known as 

subspecies V (Brenner, Villar, Angulo, Tauxe, & Swaminathan, 2000; Desai et al., 

2013). To shorten reports the names of serovars are often curtailed. For example, 

one can find Salmonella enterica subspecies enterica serovar Typhimurium 

shortened as Salmonella Typhimurium or S. Typhimurium (Brenner et al., 

2000). 
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1.1.4. Evolution of Salmonella enterica 

The common ancestor of the Salmonella genus existed about 25-40 

million years ago. The two Salmonella species are closely related to Escherichia 

coli, a commensal and opportunistic pathogen bacterium commonly found in the 

lower intestine. The divergence from the Escherichia coli lineage happened in 

three to five major steps, depending on the model we apply (A. J. Bäumler, Tsolis, 

Ficht, & Adams, 1998; Winfield & Groisman, 2004), occurring approximately 100 

to 160 million years ago (Doolittle, Feng, Tsang, Cho, & Little, 1996; Ochman & 

Wilson, 1987).  

 

In the first phase of divergence from the common ancestor, one branch of 

speciation led to Escherichia coli, a commensal bacterium living in the gut of 

mammals. The other, pathogenic subset acquired a set of genes needed to infect 

the intestine, including the Salmonella Pathogenicity Island 1 (SPI-1), which 

eventually gave rise to Salmonella bongori. The SPI-1 island is a 40-kb long 

region encoding effector proteins, a type three secretion system (T3SS-1), and 

elements required to regulate these. The T3SS is an intricate protein structure 

that assembles into a syringe-like complex, a needle structure that can penetrate 

the host epithelial cells and translocate SPI-1 effectors into it. There are more SPI 

like genomic islands present in the genus, most of them acquired later on in the 

speciation process (Lou, Zhang, Piao, & Wang, 2019); (Winfield & Groisman, 

2004).  

 

In later evolutionary steps the ancestral pathogen accumulated genes that are 

required for the colonization of deeper tissues leading to Salmonella enterica 
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subspecies II, IIIa, IIIb, IV, VI, VII. The new set of genetic material includes 

another large island called SPI-2, encoding a similar T3SS required for intra-

macrophage survival. In the last phase the Salmonella enterica subspecies I 

formed, expanding the host range to warm blooded vertebrates, which includes 

us, humans (A. J. Bäumler, Tsolis, et al., 1998), and as such a majority of  human 

infections come from this subspecies. The acquisition of these genetic islands also 

means that Salmonella serovars cause disease by very similar mechanisms, 

utilising the same virulence genes (Tanner & Kingsley, 2018). Figure 1 depicts the 

three major steps as outlined by Bäumler et al in 1998. 

 

 

 

Figure 1. Phases of Salmonella evolution depicting the necessary steps which 
granted the pathogen the ability to infect humans, and the formation of the new 
species, subspecies. Source: (A. J. Bäumler, Tsolis, et al., 1998). 

 

Infections of most of the Salmonella serovars cause a self-limiting 

gastroenteritis. The invasion induces an inflammatory event, that shapes the 
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intestinal niche to one that favours the pathogen by releasing metabolites it is 

suited to utilize better, and as such it can use to outcompete the local microbiome 

(Rivera-Chávez & Bäumler, 2015; Stecher et al., 2007; Tanner & Kingsley, 2018). 

Salmonella enterica subspecies I harbours a large number of serovars, many of 

them adapted to various host species. Figure 2 depicts the phylogenetic 

relationships of the major Salmonella serovars in subspecies I. 

 

Figure 2. Phylogenetic relationships of the major Salmonella enterica 
subspecies I serovars.  Image from (Branchu et al., 2018), licensed under CC-BY 
4.0 
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1.2. Host adaptation in Salmonella serovars 

1.2.1. Defining host adaptation 

The relationships between pathogens and the hosts they infect can vary 

based on the level of co-evolution. Some pathogens have a broad host range, 

capable of infecting many species, while others are more specialised, only 

focusing on one or a few specific host species. Most pathogenic bacteria fall into 

the first category, and this is the case with Salmonella as well. The typical 

Salmonella infection leads to a self-limiting gastroenteritis shaping the intestinal 

environment to one that favours the pathogen (Stecher et al., 2007). 

 

Host adaptation is commonly assumed to be the ability of a serotype to cause 

disease only in the subset of animal species it is adapted to. The reality, however, 

is a bit more complicated when taking all available data into consideration (R A 

Kingsley & Bäumler, 2000). Defined in an article by (R A Kingsley & Bäumler, 

2000) host adaptation is the ’ability of a pathogen to circulate and cause disease 

in a host population’. This ability is unrelated to its virulence for other host 

species. For example, Salmonella enterica  subsp. enterica serotype Choleraesuis 

is not considered swine adapted because it causes a more serious disease in them 

as in humans, but because it is able to persist in pig populations by direct 

transmission (R A Kingsley & Bäumler, 2000).  

 

Although the incidence of human infection by serovars that are host adapted to 

animals is rare, the infection can be quite invasive and cause a serious illness. The 
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behaviour of host adapted strains can also be context dependent - for example 

Salmonella enterica subspecies enterica serovar Typhimurium, which causes 

gastroenteritis in a human host, but bacteraemia in rodents. The main difference 

lies here - infection with a non-host adapted serovar usually leads to a self-

limiting illness, while a person getting infected with Salmonella enterica 

subspecies enterica serovar Typhi might end up transmitting the disease to 

others (Tanner & Kingsley, 2018). The self-limiting nature of a non-host adapted 

infection can also be interpreted as beneficial from a public health point of view, 

as multi-drug resistant serotypes become more prominent (Eng et al., 2015). 

1.2.2. Changes accompanying host adaptation 

Narrow host range serovars of Salmonella typically cause a systemic 

disease, beyond the intestine, and exhibit increased virulence. The exact 

mechanisms and reasons for specialization are still studied, but it has been 

implicated that the potential to expand into new niches might be a strong driving 

force, as the pathogen does not have to compete with as much local microbiota 

outside of the intestine (A. J. Bäumler, Tsolis, et al., 1998; Tanner & Kingsley, 

2018). Other studies suggest that members of an ecological system equipped with 

specialists can increase resource exploitation within the system, which could also 

be potentially driving the process (A. Bäumler & Fang, 2013).  

 

Host adapted Salmonella variants have emerged on multiple occasions, 

convergently (Hiyoshi et al., 2018; Vázquez-Torres, 2018). The pressure to 

exploit available resources can be one of the potential drivers behind it, one of 

the defining differences between pathogenic and commensal bacteria, is the 



27 
 

ability of utilising niches commensals cannot. Gene inactivation caused by 

genome degradation is one of the recurring features of host adaptation, even 

though the events initiating it are not completely understood yet (Klemm et al., 

2016). One of the mechanisms thought behind this phenomenon, is that these 

pathogens’ genes often degrade over time, when they affect pathways that are 

non-essential in their new niches within the host, and neutral mutations slowly 

accumulate in them. Biofilm formation is typically one of the functions that is less 

effective in host adapted serovars, but there are other major biological functions 

impacted as well, such as chemotaxis or anaerobic metabolism (Holt et al., 2009; 

MacKenzie, Palmer, Köster, & White, 2017; Nuccio & Bäumler, 2014). Another 

reason for the emergence of loss of function mutations in certain genes is 

antagonistic pleiotropy, that some of the pathways that were useful in one 

environment might be counterproductive in the new niche. Genome size can 

change quite dynamically in bacteria as they can utilize resources better by not 

transcribing genes they are not using, and can outcompete individuals by dividing 

faster than ones with larger genomes (Ilyas, Tsai, & Coombes, 2017; Nilsson et 

al., 2005). 

 

Host adaptation is not only driven by gene inactivation, many of the host adapted 

serovars have also accumulated genes for which there are no orthologous 

proteins in broad range serovars, in the form of additional Salmonella 

pathogenicity islands, such as SPI-7, SPI-8 and SPI-10 (Winfield & Groisman, 

2004)). The gain and loss of genes modulates the possible range of host microbe 

interactions. For example, the expression of the S. Typhimurium effector gtgE in 

S. Typhi allows it to survive and multiply in a mouse host by promoting survival 
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inside mouse macrophages, which it would be unable to do, it being a human 

restricted serovar normally (Spanò & Galán, 2012). 

 

1.2.3. Degrees of host adaptation, terminology 

Going through the processes outlined above, within the Salmonella 

enterica subspecies I some of the serovars became host adapted, and thus the 

group can be divided into different categories, in a multitude of ways. Most often 

we find two pairs of terms when talking about these pathogens: typhoidal - 

nontyphoidal categories, and extraintestinal - gastrointestinal categories. 

Although they mean similar things, the context in which they are used matters, 

as the first two refers to the human disease they cause (typhoid fever), while the 

latter refers to their relationship to the intestine as a niche. Table 1 highlights the 

differences between the terms. 

 

Pathovar Gastrointestinal Extraintestinal 

Human disease Non-typhoidal Non-typhoidal Typhoidal 

Typical serovars S. Typhimurium, 
S.  Enteritidis, 
S. Heidelberg, 

S. Newport 

S. 
Choleraesuis, 

S. Dublin 

S. Typhi, 
S. Paratyphi (A,B,C) 

Disease Self-limiting gastroenteritis (intact 
immune system), bacteraemia 
(immunocompromised host) 

Systemic 
infection 

(Para)typhoid fever 

Host range Broad Host adapted 
(porcine, 
bovine) 

Host restricted (human) 

 

Table 1: Salmonella pathovars, and their relationships to human disease and host 

range. 
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The extraintestinal pathogens are a small group of specialists adapted to new 

environments in their host. The most extensively studied member is Salmonella 

enterica serotype Typhi (Rivera-Chávez et al., 2016). The level of host adaptation 

in Salmonella enterica serotypes varies, with S. Typhi being generally considered 

one of the most specialised member of the group, while (from a human disease 

point of view) S. Typhimurium being a typically broad host range, 

gastrointestinal serovar. Host adaptation can sometimes progress into host 

restriction, where the pathogen limits itself to one single host species, and causes 

a more severe illness (Klemm et al., 2016). Figure 3 details the host range of host 

adapted serovars in Salmonella. 

 

Figure 3. Host range of pathogens in the Salmonella enterica subspecies. 
Subspecies I mostly consist of generalists from which specialists emerge from 
time to time. Source: (A. Bäumler & Fang, 2013), with permission of the 
copyrights holder Cold Spring Harbor Laboratory Press.  
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S. Typhi is the causative agent of typhoid fever, a dangerous disease manifesting 

as a high fever, with abdominal pain, and headaches. S. Paratyphi A can cause a 

very similar condition which is why these two are often referred to as typhoidal 

Salmonellae (J Parkhill et al., 2001). As outlined above, the host-adaptation of S. 

Typhi happened via genetic degradation and the recruitment of many genes 

associated with virulence (den Bakker et al., 2011; Klemm et al., 2016).  

 

A prominent example of this is the Vi exopolysaccharide capsule of S. Typhi. 

Generally speaking, broad and narrow host range serovars approach the infection 

process from opposite ends of the spectrum - the former group evolved to elicit 

inflammation to reduce competition and free up metabolites it can use in the 

intestine (e.g. tetrathionate), while the latter evolved to avoid the immune system 

for as long as possible in order to disseminate to organs of the reticuloendothelial 

system (Vazquez-Torres et al., 1999). The Vi capsule, encoded by the viaB locus 

on SPI-7 does that, by preventing the activation of the complement system 

(Pickard et al., 2003; Wangdi et al., 2014). The pathogens often downregulate the 

gene tviA as well for similar reasons, which is responsible for the regulation of 

flagella expression (Winter, Raffatellu, Wilson, Rüssmann, & Bäumler, 2008). S. 

Typhi and Paratyphi are host restricted, they do not cause disease in nonhuman 

hosts (they can infect higher primates, but do not cause typhoid fever in them) (J 

Parkhill et al., 2001). They express the typhoid toxin, a cytolethal distending 

toxin, causing G2/M cell cycle arrest which leads to the apoptosis of the affected 

cells (Galán, 2016).  

 

Even though S. Typhi and Paratyphi share many similarities, they can be quite 

different from other extraintestinal serovars which evolved alternative ways to 
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disseminate in the host system. Extraintestinal serovars underwent convergent 

evolution, reaching a similar systemic lifestyle through different mechanisms. 

This convergence has been previously observed in the patterns of genome 

degradation of extraintestinal Salmonella enterica serovars (Galán, 2016; Nuccio 

& Bäumler, 2014; J Parkhill et al., 2001). 

1.2.4. Host adaptation is an ongoing process 

Host adaptation is a constantly ongoing process, and recently S. 

Typhimurium pathovariants emerged, that follow a host adapted lifestyle, and 

share functional changes with other host adapted Salmonella. The Salmonella 

enterica serovar Typhimurium definitive type 2 (DT2) is host restricted to rock 

pigeons (Columbia livia). These isolates form a distinct cluster within S. 

Typhimurium but share a common ancestor with them in the recent past, and in 

some ways represent a microcosm of Salmonella evolution. These isolates 

adapted to the higher (42 °C) internal temperature of the avian host, and went 

through many of the functional changes, such as downregulation of flagella and 

motility one would see in other host restricted pathovariants such as S. Typhi 

(Bawn et al., 2020; Robert A Kingsley et al., 2013; Tanner & Kingsley, 2018; 

Winter et al., 2010).  

 

Over the past decades, another group of host adapted Salmonella appeared as 

one of the most commonly isolated pathogens from the blood of patients (Feasey, 

Dougan, Kingsley, Heyderman, & Gordon, 2012). The invasive nontyphoidal 

Salmonella (iNTS) strains cause a similar systemic infection as human adapted 

extraintestinal serovars such as Typhi and Paratyphi, most often in 



32 
 

immunocompromised individuals, e.g. young children, AIDS patients. The 

infection often leads to bacteremia and meningitis, and multidrug-resistant 

variants have caused epidemics in several African countries. Sub-Saharan Africa 

is one of the worst impacted regions. The infection is most often caused by a 

sequence type of Salmonella Typhimurium and of Salmonella Enteritidis 

(Gilchrist & MacLennan, 2019). ST313, containing these iNTS strains, consists of 

three lineages, the third of which was described very recently (Pulford et al., 

2021). 

 

The variants causing this bacteraemia show similar molecular changes discussed 

above with other host adapted variants and seem to be distinctly adapting to 

infection in immunocompromised hosts. The iNTS strains can still cause 

intestinal inflammation, but the genome degradation alters functions required 

for survival in the intestine, for the environment outside the host, for serum 

resistance, and human-to-human mode of transmission (Robert A Kingsley et al., 

2009; Okoro et al., 2015). Altogether, these sequence types evolved to have 

reduced capability of intestinal pathogenesis, but increased systemic 

dissemination (Carden et al., 2017; Okoro et al., 2012; Singletary et al., 2016). 

The 10,000 (10k) Salmonella Genomes Project was launched specifically to 

address and understand invasive non-typhoidal Salmonella infections, collecting 

samples from Africa and South America (10K Salmonella Genomes Project, 

2017).  

 

In a well-documented case, there was an example of a bloodborne S. 

Enteritidis infection showing signs of host adaptation in an 

immunocompromised patient. Over the course of 15 years, the non-typhoidal 
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Salmonella infection recurred, always resulting from a relapse rather than 

reinfection, and it culminated in the pathogen slowly losing functionality in genes 

that are not necessary for a systemic lifestyle (Klemm et al., 2016).  

 

The events following host adaptation - genome size reduction, formation of 

pseudogenes, acquisition of mobile/IS elements - are not unique to Salmonella 

and have been described in multiple other bacterial clades, e.g. Shigella, another 

group closely related to Escherichia coli (Hawkey, Monk, Billman-Jacobe, 

Palsson, & Holt, 2020), or other groups such as Yersinia, Rickettsia, Bordetella 

(Cole et al., 2001; Moran & Plague, 2004; Julian Parkhill et al., 2003). 

 

1.2.5. Convergent evolution 

 

A common result of natural selection is that sometimes similar 

pressures result in similar solutions from relatively distant - or at least not 

monophylatically related - organisms. With eukaryotes, especially animals and 

plants this is something where many examples exist describing this process, both 

including currently alive and fossil specimens. 

 

The process is most obvious on a phenotypic level. Commonly used examples are 

the similar anatomical solutions fish and other vertebrates came up with that 

returned to water, or the flying apparatuses of bats and pterosaurs, the similarity 

of the hummingbird hawk-moths (Macroglossum stellatarum) and 

hummingbirds, the anatomy of the eye in humans and certain cephalopods.  
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Convergent evolution occurs on a molecular level as well. A very timely example 

is the identical single nucleotide polymorphism mutations collected by 

geographically distant lineages of the currently ongoing SARS-CoV-2 pandemic. 

There are select amino acid changes in the spike proteins of these variants of 

concern, that have emerged independently of each other, and are responsible for 

increased transmissibility. 

1.2.5.1. Adapting to a host affects similar functions 

In the case of the host adaptation process, Salmonella serovars go 

through similar changes, both on a molecular and a phenotypic level. The 

selection driven genome degradation in S. Typhi and S. Paratyphi  associated with 

loss of function events affects genes known to be important in gastroenteritis, and 

effectors that are normally translocated into host cells (McClelland et al., 2004). 

It also affects chemotaxis, virulence, motility, biofilm formation, and resistance 

to antibiotics.  

 

The affected functions are the same, but the way the individual serovars solve 

them can be different: for example, S. Typhi and S. Paratyphi A can both avoid 

the respiratory burst from phagocytes, but through different manners. The 

former does this by preventing the antibody-mediated complement activation 

utilising its Vi polysaccharide capsule, while S. Paratyphi A uses very long O-

antigen chains containing the O2 antigen to avoid the binding of the antigen. 

These typhoidal Salmonella strains cause a very similar enteric fever, and both 

are human adapted, and because of the similar pressures they came up with 

solutions converging on the same problem – preventing complement activation 
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– but through different means. Figure 4 shows the comparison of the 

aforementioned structures. 

 

Figure 4. Typhoidal Salmonella serovars both avoid phagocyte respiratory 
burst, but arrived at the solution through different means. S. Typhi uses its 
polysaccharide capsule to prevent IgM binding, while S. Paratyphi A achieves 
the same result using very long LPS chains. OM: outer membrane, CM: plasma 
membrane, LPS: lipopolysaccharide. Image from (Hiyoshi et al., 2018) licensed 
under CC BY-NC-ND 4.0 

 

In a similar way, the aforementioned phage type DT2 S. Typhimurium 

variants collated changes to their physiology to make them more fit to living in 
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an avian host, but did it through the rewiring of their transcriptional profile 

through accumulating point mutations in regulatory regions instead of the 

acquirement of novel genes, such as tviA in S. Typhi (Bawn et al., 2020; Robert 

A Kingsley et al., 2013; Winter et al., 2010). 

 

1.2.5.2.  Biofilm formation is hindered in host adapted Salmonella 

strains 

Biofilms of all kinds are produced by a large number of bacteria, serving 

as a different mode of growth, usually on physical surfaces. They allow the 

bacteria to create multicellular communities, resist antibiotics, protect the cells 

from phagocytosis, and enhance their abilities to create slow growing persister 

populations (Tursi et al., 2020). Salmonella biofilms are commonly 

characterised by the so-called rdar phenotype, the red, dry, and rough 

appearance of their colonies grown on agar plates stained by Congo red dye.  

 

The main structural components of Salmonella biofilms are curli fimbriae, 

a matrix of amyloid proteins, intermixed with cellulose. The two combined 

produce a resistant extracellular matrix for the pathogens. Biofilm formation is 

often one of the functions that degrades as Salmonella adapts to a systemic 

lifestyle, and has been noticed in the iNTS strains that formed relatively recently 

(MacKenzie et al., 2017).  
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1.2.5.3. Cyclic di-GMP 

One of the most important signals regulating biofilm formation is the 

presence of cyclic di-GMP (c-di-GMP). C-di-GMP is a secondary messenger 

metabolite commonly found in bacteria, where it, amongst others, regulates 

motility, biofilm production and virulence. C-di-GMP is produced by diguanylate 

cyclases, and can be degraded by phosphodiesterases (Römling, Galperin, & 

Gomelsky, 2013). The activity of these two enzyme groups, the availability of 

precursor molecules, and extracellular signals control the levels of c-di-GMP. The 

decisions to reduce motility, and/or virulence and start producing biofilms are 

quite important and severe from the bacteria’s point of view, and as such are 

under tight control (Jenal, Reinders, & Lori, 2017; Petersen, Mills, & Miller, 

2019). 

 

C-di-GMP is commonly summarised as a sessile-motile switch in many 

bacterial species, like Vibrio, where high intracellular c-di-GMP concentration 

leads to reduced motility and biofilm formation, while a low concentration of the 

metabolite promotes free swimming motile behaviour. The former instance 

typically occurs, when the pathogen is outside the host, and wants to persist until 

it can get taken up by another host organism, while the latter state is mostly 

descriptive of the within host state (Tamayo, Pratt, & Camilli, 2007). An increase 

in c-di-GMP in Salmonella leads to the same phenotype, regulated by CsgD, a 

transcriptional regulatory protein. CsgD, and the regulatory network it controls 

flows into the regulation of virulence as well further downstream, as the 

formation of biofilms downregulates virulent traits in return.  
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To sum up the process, environmental signals (e.g. L-arginine) promote the 

production of c-di-GMP and biofilm formation separately, and culminate on the 

CsgD master regulator. A low level of c-di-GMP leads to an inactive CsgD state, 

and virulence (motility, chemotaxis, active T3SS-1), while increasing c-di-GMP 

levels turns CsgD on, and suppresses virulence, while increasing curli and 

cellulose production (MacKenzie et al., 2017).  

 

The regulation of biofilm production and virulence intersect in Salmonella 

in very interesting ways. While the process generally works as detailed above 

(turning off during infection, and on in between), in a study the authors have 

found, that during the intra-macrophage stage of infection of a mice model by S. 

Typhimurium, the pathogen actually induces c-di-GMP signalling and cellulose 

synthesis, deliberately suppressing its own virulence. They hypothesize that this 

way the bacteria can exploit host resources slowly, prolonging the infection and 

increasing the chance of transmission (Pontes, Lee, Choi, & Groisman, 2015). 

1.2.6. Salmonella Pathogenesis 

Salmonella strains apply a variety of strategies to infect their preferred 

host species, depending on their host range. Non-typhoidal and typhoidal 

Salmonella follows different strategies to ensure replication and transmission 

success, but one of the key aspects of all Salmonella infections is how the 

pathogen tries to hide itself from the immune system, and even hijack certain 

aspects of it (Gut, Vasiljevic, Yeager, & Donkor, 2018; Ohl & Miller, 2001).  
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Salmonella enters the host through contaminated food or water sources, 

which is what makes them one of the most common foodborne pathogens. The 

first goal of the bacterium is to reach the epithelial cells of the intestine, but there 

are of course physical, chemical and biological barriers in the way that it has to 

overcome first. For example, gastric acidity is one of the first lines of defence 

against enteric pathogens, considering the pH of an empty stomach (in the case 

of humans) can be as low as 2. The specific microenvironment, i.e. the surface of 

the foodstuff can be protective for Salmonella, by temporarily raising the pH of 

the stomach, and providing a source of amino acids for the pathogen to maintain 

its acid resistance genes (Garai, Gnanadhas, & Chakravortty, 2012; Waterman & 

Small, 1998). 

 

Once Salmonella reaches the intestinal lining, it attaches to the epithelial 

cells, activates its endocytic pathway, and its uptake into the epithelial cells of the 

host. It specifically targets Peyer’s patch, the microfold or M-cells found here, and 

the immune cells below. The pathogen accomplishes this by activating one of its 

type III secretion systems. These systems, as mentioned previously, are a needle-

like protein structure that can pump effectors into the host cells, affecting its 

behaviour. The genes that encode these T3SSs sit on the aforementioned SPIs 

(Ehrbar & Hardt, 2005). The specific island required for this phase of the 

infection is SPI-1, meaning this is the genomic region that is shared across the 

entire genus, including Salmonella bongori (A. J. Bäumler, Norris, et al., 1998). 

 

Following the uptake of Salmonella into the intestinal epithelial cell, it 

passes through towards the submucosa. The submucosa is rife with immune cells, 

which Salmonella uses to its advantage. Once it reaches this layer it will be shortly 
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engulfed by a macrophage in a phagocytosis-like process led by the genes of SPI-

2 (and other Salmonella Pathogenicity Islands), encoding for a similar T3SS. The 

pathogen initiates the production of a special modified phagosome, the 

Salmonella-containing vacuole (SCV), which it uses as a protective niche within 

the macrophage (Dougan & Baker, 2014). Under normal circumstances there are 

multiple antibacterial mechanisms the host can employ, but the effectors of SPI-

2 neutralises many of these, e.g. they block the fusion of acidifying lysosomes to 

the SCV (Giannella, 1996).  

 

This is where the pathogenic process bifurcates for non-typhoidal and 

typhoidal Salmonella, from the viewpoint of an infected human. The former 

group are eventually eliminated by an inflammatory cascade (Mayuzumi, 

Inagaki-Ohara, Uyttenhove, Okamoto, & Matsuzaki, 2010). Typhoidal 

Salmonella, despite having the same SPI-1 and SPI-2 virulence factors, have 

gained additional tools that it can use to evade the innate immune system. S. 

Tpyhi can downregulate its flagella using the gene tviA, it’s Vi capsule causes a 

lower inflammatory response, and this Salmonella can effectively utilise the 

macrophages as a safe niche within the host, where it can hide, replicate, and 

propagate to different sites in the host, like the liver or the spleen. S. Typhi also 

produces a toxin within host cells, called the typhoid toxin, which causes 

cytoplasmic detention and cell cycle arrest. What the specific role of the toxin is 

not currently known (Galán, 2016; Tanner & Kingsley, 2018). Figure 5 

summarises the main differences in the pathogenesis process between non-

typhoidal and typhoidal serovars. 
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Figure 5. Differences in pathogenesis between nontyphoidal and typhoidal 
serovars S. Typhimurium and S. Typhi. The self-limiting non typhoidal infection 
is eventually stopped at the local lymph nodes, while the typhoidal pathogen can 
hijack macrophages and disseminate further into the host system. Image 
source: (Young et al. 2002) with permission of the rights holder, Springer 
Nature. 
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1.3. SARS-CoV-2 and COVID-19 

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a 

positive-sense single-stranded RNA (ssRNA) virus, and the causative agent of the 

currently ongoing coronavirus disease 2019 (COVID-19) pandemic. This is the 

third major outbreak linked to the members of the Coronaviridae family. The 

family sits within the order of Nidovirales, and can be further divided into four 

genera: alphacoronavirus, betacoronavirus, gammacoronavirus and 

deltacoronavirus. While alpha-and betacoronaviruses only infect mammalian 

species, the other two genera have a broader host range, and can infect avian 

species as well. An epidemic of severe acute respiratory syndrome coronavirus 

(SARS-CoV) broke out in 2002, and multiple times for the middle east 

respiratory syndrome coronavirus (MERS-CoV). SARS-CoV-2 emerged in 

Wuhan, China, due to a spillover of an animal coronavirus to humans, similarly 

as it has happened in the cases of MERS-CoV and SARS-CoV (Andersen, 

Rambaut, Lipkin, Holmes, & Garry, 2020; Coronaviridae Study Group of the 

International Committee on Taxonomy of Viruses, 2020; Machhi et al., 2020). 

 

SARS-CoV-2 consists of 29 proteins in total, 16 of which are non-structural 

proteins. It shares 79% of its genome with SARS-CoV and 50% with MERS-CoV. 

The observed outcomes following an infection differ between the three viruses, 

with SARS-CoV-2 being the most transmissible, but having a lower mortality rate 

(2.3% vs 9.6% of SARS-CoV and 35% of MERS-CoV) (Suryawanshi, Koganti, 

Agelidis, Patil, & Shukla, 2021). 
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Respiratory coronaviruses, including SARS-CoV-2, are transmitted 

primarily through respiratory droplets. Because of this, the virus enters the host 

most often through the respiratory tract, airway and alveolar epithelial cells 

(Harrison, Lin, & Wang, 2020).. Capable of infecting cells carrying the 

angiotensin-converting enzyme 2 (ACE2) and TMPRSS2 surface receptors, they 

enter the cells, and start replicating. It is important to mention, that there is a 

possibility of faecal-oral route of transmission as well. Human coronaviruses 

have been known to cause gastrointestinal infections, with varying degrees of 

severity (Harrison et al., 2020; Lamers et al., 2020).  

 

Most common coronaviruses tend to cause mild upper respiratory tract 

(URT) illnesses, and occasionally attack the intestines. However, the highly 

pathogenic coronaviruses, such as SARS-COV-2 or SARS-CoV cause severe 

influenza-like symptoms that can progress to severe pathologies, such as acute 

respiratory distress syndrome (ARDS), pneumonia, renal failure, and death 

(Guan et al., 2020; Harrison et al., 2020). 

 

The host response consists of aggressive inflammatory responses, in part 

responsible for the damage done to the airways. In a subset of patients, the 

inflammatory responses can progress to a hyper-inductive state, also known as 

cytokine release syndrome (CRS) or cytokine storm. This occurs when a large 

number of immune cells activate, and release inflammatory cytokines, activating 

more cells in return. Although the process can resolve on its own after the 

clearance of the virus, in severe cases it can persist for longer, and lead to tissue 

damage, and the pathologies listed above. This process is responsible for an 

increased level of mortality observed with COVID-19 for a subgroup of patients 
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(Costela-Ruiz, Illescas-Montes, Puerta-Puerta, Ruiz, & Melguizo-Rodríguez, 

2020; Jung, Potapov, Chillara, & Del Sol, 2021; P. Mehta et al., 2020).  

 

How SARS-CoV-2, and other CRS-causing viruses modulate immune 

responses is not completely understood. They have certain effector proteins they 

can use to influence or delay the type-I interferon response, one of the first lines 

of defence mounted against viral infections by the innate immune system 

(Channappanavar et al., 2019; Murira & Lamarre, 2016).  

 

How these viruses, especially focusing on SARS-CoV-2 alter intracellular 

signalling and other networks in various tissues, is an area of active research 

(Bouhaddou et al., 2020; D. E. Gordon et al., 2020; Treveil et al., 2021; Zhou et 

al., 2020). Global collaborative efforts, such as the COVID-19 disease map 

consortium have been created to reconstruct the virus-host interactions aimed to 

combat the underlying causes of the currently ongoing pandemic (Ostaszewski et 

al., 2020). 

1.4. Introduction to networks 

1.4.1. Networks describe complex systems 

Graph theory is a branch of mathematics that studies graph models 

used to describe relationships between certain objects. They are widely applicable 

and have found their way into many of the sciences, be they computer science, 

social sciences or biology. The first study of graph theory was written by Leonhard 

Euler, one of the most prominent mathematicians of all time. Euler tried to solve 
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something that sounds quite simple at first. A city sits on both sides of a river, 

and has two islands in the water, both connected to the riverbanks, and to each 

other by a bridge. The problem was: can one cross the city in a way that only 

involves crossing each bridge once? Euler’s abstraction of the problem laid the 

fundamentals of graph theory, namely the establishment of what we know today 

as vertices or nodes, points and edges, or links. The names are often used 

interchangeably, but they are mostly used as vertices and edges when discussing 

graphs, and nodes and links when talking about networks. 

 

In the last few decades network science has grown into its own discipline, 

dealing with complex problems from various fields. The true merit of this 

approach is its ability to make sense of systems in a way that cannot be done 

purely from knowledge of its constituents. Network science is interdisciplinary, 

data-driven and computational at its heart.  

Most systems can be described and analysed with networks. Biological 

systems are no different. They can be described with networks where nodes 

represent the constituents of a biological system (e.g. genes), and where edges 

represent the relationships between them (e.g. inhibition). The specific types of 

nodes, and edges of different qualities can further nuance these systems. 

1.4.1.1. Nodes 

The nodes in a network are the members we are looking to connect, be 

they genes, proteins, metabolites or complete organisms. Their nature will 

determine the type of interactions we can use to connect them to each other. A 

phenomenon one can often encounter regarding nodes, is that often they can be 

put into different sets, on some qualitative trait - e.g. gender, whether an animal 
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is a predator or prey, or whether we are talking about a protein or RNA. 

Connecting the members of these sets grants us a multipartite graph, i.e. 

bipartite, tripartite etc. graphs. 

 

1.4.1.2. Degree 

  

Figure 6. An example network. Node b has a degree of 3, as it has three 

immediate interactors. 

One of the most commonly applied and important number used to describe 

a node is its degree. Let Di be the degree of the ith node in the network. It describes 

the number of direct links a node has to its neighbours, e.g. in the example above 

on Figure 6 node b has a degree of 3 (Db = 3), node c has a degree of 2 (Dc = 2), 

while all other nodes have a degree of 1. To get the total amount of links in an 

undirected network, one can take the sum of all degrees, and divide it by two, as 
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to not count each interaction twice (e.g. between A and B, and B and A) (Barabási, 

2016).  

1.4.1.3. Hubs 

Hubs are the highest degree nodes in the network, and have a degree 

larger than the average (Barabási, 2016). In biological networks they fulfil very 

important roles, their mutations often becoming lethal. Typical biological 

examples of hub nodes are chaperone proteins. They have a high degree, as they 

interact with many other proteins to help them fold into the correct shape, and a 

loss or mutation in a chaperone protein often leads to disorders, as the organism 

becomes prone to producing misfolded proteins (Macario, Grippo, & de Macario, 

2005). In this thesis, regulatory hubs are discussed in Chapter III, in the context 

of correcting by degree during rewiring analysis. 

1.4.1.4. Edges 

Within network biology there are a few types of commonly used 

networks. On a molecular level most commonly one can find protein-protein 

interaction networks, where the links depict the physical interactions of proteins, 

or regulatory networks, that show the relationships of transcription factors and 

their regulated genes. There are supra individual level networks as well, depicting 

dynamics in ecology, like food webs (Dunne, Williams, & Martinez, 2002). Edges 

can be simple, showing an undirected interaction between two partners, but they 

can become more complex with the addition of more meta-data. They can be 

directed, determining the origin and target of the interaction, signed, signalling 

whether the interaction is stimulatory/inhibitory, weighted, conveying the 

importance or confidence in the interaction. Although we are only dealing with 
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simple graphs, where an edge can only connect two nodes, it would be remiss of 

me not to mention hypergraphs, where this is not the case. In these special 

constructs an edge can connect any number of nodes, which we then call 

hyperedges. They are less commonly used in biology, but there are certainly 

examples of it (Klamt, Haus, & Theis, 2009). 

 

Biological networks, especially on a molecular level, are most of the time 

incomplete, they do not contain all interactions of the process they are attempting 

to depict. There are multiple reasons for this. First, simply not all interactions of 

all molecular constituents have been captured experimentally - either due to 

chance, or caused by technical limitations, interactions of certain proteins are 

harder to capture than others.  Depending on the type of interaction, one can 

establish high-throughput experiments to gain as many interactors as possible, 

although these methods can have their blind spots as well, certain interactions 

they are unable to capture, rooted in the specific methodology used. A commonly 

used tactic to fill up these gaps, is to turn to the literature or network repositories, 

where one can collect missing interactions to complete their network, that were 

established by different experimental approaches (Türei, Korcsmáros, & Saez-

Rodriguez, 2016).  

 

Another major tool in our kit is the ability to predict/infer interactions 

between certain constituents, e.g. regulatory interactions where transcription 

factors can bind to putative target sites. These interactions are based on a set of 

heuristics or algorithms, and can fill in important gaps in the network, although 

they can add considerable noise as well (Bailey et al., 2009; Nguyen et al., 2018). 

As a rule of thumb, one should always strive to compile as complete of a network 
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as one can, as long as it fits the biological question, and the scope of the study. 

Having a more complete network can increase the predictive power of a network, 

and can lead to increased insight on our part (Santolini & Barabási, 2018). The 

nature of the field is, however, that new kinds of interactions can arise as long as 

there are meaningful relationships to analyse between things, and as such one 

can always find new ways of interpreting system level problems. 

1.4.1.5. Paths 

Paths are a sequence of nodes connected by a sequence of edges; they 

describe the steps needed to go from one node to another. An often-referenced 

special path is the shortest path, which describes the shortest paths by which 

nodes can be connected. This is an important attribute of the network, as it can 

be used to quantify certain properties of the network, such as information flow. 

Betweenness centrality is the measure of the shortest paths going through a given 

node or edge – the higher the value, the more information flowing through that 

specific node or edge. The diameter of the network is also quantified using the 

shortest path measure: it is the longest shortest path in the graph. 

1.4.2. Protein-protein interaction networks 

The quality of our queried interactors determines the kind of 

interactions one can distinguish. In biology, the most commonly used 

interactions are protein-protein interactions or PPIs. 

 

Protein-protein interactions are the purposeful, non-random, physical 

interactions of proteins, occurring in or outside the cell. These interactions can 

happen between standalone proteins, or in complexes, and are responsible for, 
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amongst others, the signal flow in cells, and play a central role in the cellular 

systems of all living organisms. The breakdown of PPI signalling patterns can be 

indicative of a disease state (and thus, disease genes), play a fundamental role in 

drug discovery, and when comparing different organisms, can shine a light on the 

evolutionary path of those  (Barabási, Gulbahce, & Loscalzo, 2011; De Las Rivas 

& Fontanillo, 2010; Kuzmanov & Emili, 2013).  

 

Protein-protein interactions can be discovered by experimental techniques, 

or be inferred by computational approaches. One of the most widely used 

experimental approaches to describe interactions between proteins is the yeast 

two-hybrid screening method (Terentiev, Moldogazieva, & Shaitan, 2009). This 

approach permits the pairwise analysis of binding between two proteins, by 

expressing them in a Saccharomyces cerevisiae model. The binding of the 

proteins is inferred from the activation of the Gal4 reporter genes used. The yeast 

is grown on limiting media, and the proteins in question are fused with parts of 

the Gal4 transcription factor. If there is a close enough physical interaction 

between the queried proteins, the halves of the fused transcription factor 

combine, and Gal4 starts expressing, letting the microbe synthesize nutrients it 

needs to survive. The method has its limitations, especially when post-

translational modifications have to be considered in the case of human proteins 

for example, but it has remained one of the mainstays of the methodology 

(Brückner, Polge, Lentze, Auerbach, & Schlattner, 2009); (Maple & Møller, 

2007). 

 

Other experimental approaches, like the affinity purification mass 

spectrometry (AP-MS) allow the detection of stable interactions, in a high-
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throughput way. In essence, in these experiments the protein we would like to 

find partners for is tagged (thus becoming the bait) and is selectively purified 

along putative interaction partners (the preys) from the in vivo source (i.e. cells 

or tissue cultures). These purification steps are repeated for many sets of 

potential preys, and each of them is analysed with a mass spectrometer. From the 

results one can deduce the protein-protein interactions, and part of the 

underlying protein-protein interaction network (Gavin et al., 2002; Ho et al., 

2002; Kim, Sabharwal, Vetta, & Blanchette, 2010; Rigaut et al., 1999; Tian, Zhao, 

Gu, & He, 2017).  

 

There are multiple computational approaches used to predict protein-

protein interactions (Obenauer & Yaffe, 2004). Methods using the amino acid 

sequence data typically utilise machine learning methods, such as random forest 

and support vector machines that attempt to predict interactions from pairs of 

protein sequences. Approaches using comparative genomic data are similar, but 

take sequence comparisons into account, and look at the conservation of gene 

neighborhoods, gene fusion, and gene co-occurrence (Kotlyar, Rossos, & Jurisica, 

2017). Other approaches use protein domain information, or even the tertiary 

structure of proteins to infer interactions. Recently, approaches started 

integrating these data types, and basing interaction predictions on the 

combination of these (Q. C. Zhang, Petrey, Garzón, Deng, & Honig, 2013). Figure 

7 shows an example protein-protein interaction network, from the seminal study 

of Gordon et al. 2020, mapping the protein-protein interactome of SARS-CoV-2 

proteins in the host. 
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Figure 7. A protein-protein interaction network showing a SARS-CoV-2 

protein (protein N, in red) interacting with human proteins. Putative drug 

targets are coloured in orange. Figure modified, from (D. E. Gordon et al., 

2020), with permission of the rights holder Springer Nature. 

 

1.4.3. Gene regulatory networks 

Gene regulatory networks (GRNs) describe the interactions of 

molecular regulatory elements that control the expression of RNA, and in turn, 

the levels of specific proteins. These regulators are most often proteins 

themselves, transcription factors, that can act alone, or in complexes with other 

proteins or nucleic acids. Gene regulatory networks control many of the cellular 

decisions, responses to stimuli, and their nature also makes them the most 
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dynamic of the commonly studied interaction times, from an evolutionary point 

of view. The edges of GRNs therefore contain interactions between transcription 

factors, and their regulated target genes. 

 

Compared to eukaryotes, the genes of prokaryotes are organised in special, 

co-regulated transcriptional units called operons. The genes contained in 

operons are transcribed and controlled together, with the help of the regulatory 

sequences found next to the transcribed units, in the so-called untranslated 

regions (UTR), both up- and downstream from the structural genes (5`-UTR and 

3`-UTR) (Mao, Dam, Chou, Olman, & Xu, 2009). The UTR contains the promoter 

region, a specific region of the DNA that can bind the RNA polymerase, to initiate 

the transcription of the genes into RNA (Kröger et al., 2012). The promoter region 

transcription factors bind to is specific and sensitive to changes, which makes this 

interaction layer dynamic, as even a small change, introduced by a point mutation 

can affect the binding affinity (Shou et al., 2011). Recently, novel techniques have 

been developed that can identify the first nucleotide of a transcript, termed the 

transcriptional start site (TSS). The approach called differential RNA-sequencing 

(dRNA-seq) can identify individual -10 and -35 promoter motifs (Sharma et al., 

2010). This approach was applied with great success to Salmonella, identifying 

the TSS of major virulence regulators in Salmonella, such as phoP, slyA, and invF 

(Kröger et al., 2013, 2012).  

 

Novel regulatory interactions of transcription factors and target genes can 

be uncovered in several ways. A commonly used experimental method is the 

chromatin immunoprecipitation sequencing (ChIP-Sequencing or ChIP-Seq) 

technology, which is a kind of sequencing method that looks for interactions of 
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proteins with DNA. In brief, following the binding of proteins to DNA by a 

binding agent, DNA is sheared, and the target proteins (the transcription factors 

of interest) are captured using specific antibodies against the protein. The bound 

DNA is recovered, and sequenced, highlighting the genomic regions the 

protein(s) bound to (Furey, 2012). 

 

From a practical point of view, the binding sequences transcription factors 

recognise are usually stored as position-specific scoring matrices. These are 

matrices aligned from sequences representative of the binding region, and 

contain the probability of each base occurring at each position in the sequence. 

One way of visualizing them is by using sequence logos, where the size of the base 

letters are proportionate to the probability of them occurring in the binding 

region (Nguyen et al., 2018). Figure 8 shows the sequence logo for the binding 

site recognised by the Fur transcription factor in Salmonella. 

 

Figure 8. Sequence logo of the binding site recognised by the Salmonella 
transcription factor Fur, generated by the RSAT suite. 

 

There are in silico ways of inferring or predicting regulatory interactions 

between select transcription factors and target genes, based on gene expression 

and other -omics data. For eukaryotes, there are a number of databases that 

contain high quality regulatory interaction data for Homo sapiens, such as 
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OmniPath, SignaLink from our group, and TRRUST or HTRI (Bovolenta, 

Acencio, & Lemke, 2012; Fazekas et al., 2013; Han et al., 2018; Türei et al., 2016). 

When studying bacteria, there are a few resources that are especially useful in 

this regard. RegulonDB and CollecTF collect transcription factor binding site 

data for Escherichia coli and other prokaryotes that can be used to predict and 

infer regulatory interactions (Kılıç et al., 2016; Santos-Zavaleta et al., 2019). 

Through the principle of regulogs, the homology-based conservation of 

transcription factors, target genes and transcription factor binding sites the 

inference of regulatory interactions is made possible, provided the interacting 

partners are well conserved, both on the level of proteins, and the interacting 

protein-DNA interface (Rodionov, 2007; H. Yu et al., 2004). The RSAT suite is a 

collection of on-line bioinformatic tools that make it possible to make the 

predictions based on the data from RegulonDB and CollecTF for example, by 

combining it with promoter data from the genomes of interest (Nguyen et al., 

2018; Rodionov, 2007; H. Yu et al., 2004). 

Gene regulation does not only exist in the form of transcription factor – 

target gene interactions, but other elements can also influence the expression of 

genes as well, for example on a posttranscriptional level. Salmonella small RNAs 

(sRNAs) have been identified previously and can alter the expression of a large 

number of genes in the pathogen. There are multiple interaction databases 

containing a posttranscriptional layer of regulation, and there is evidence of 

conservation of sRNAs within Enterobacteriaceae family (Kröger et al., 2012; 

Van Assche, Van Puyvelde, Vanderleyden, & Steenackers, 2015). Due to the 

amino-acid sequence based orthology of the database sRNAs were not added to 

this release of SalmoNet, but their addition will be an important upcoming step 

for the longevity of the database. 
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1.4.4. Metabolic networks 

The metabolic networks discussed in this work are derived from 

genome-scale metabolic models (GEMs).  

GEMs are computational models used to describe associations of genes and 

proteins to reactions for entire metabolic pathways in an organism. They collect 

existing knowledge of the metabolism for the organism, and most of the time they 

are assumed to be complete. They can be used to simulate and predict metabolic 

fluxes for various systems-level metabolic studies. The first GEM was created for 

Haemophilus influenzae in 1999, shortly after its genome was sequenced, and in 

the following years the number of GEMs for model and non-model organisms has 

grown considerably. As of February of 2019, there were more than 6000 models 

available, mostly for bacteria (Edwards & Palsson, 1999; Gu, Kim, Kim, Kim, & 

Lee, 2019; E. J. O’Brien, Monk, & Palsson, 2015). GEMs have many uses, and 

have found their way into many fields of biology, as they can be used to redesign 

aspects of the metabolism of a bacteria to enhance the production of certain 

desired metabolites, can be applied to study the essentiality of genes, to find 

oncogenes and biomarkers of cancer in systems medicine, and much more (Gu et 

al., 2019; C. Zhang & Hua, 2015). One can  find GEMs in specific online 

repositories, such as BiGG or BioModels (King et al., 2016; Malik-Sheriff et al., 

2020). 

 

GEMs, from a practical point of view, are networks, where nodes constitute 

metabolites, and they are connected to each other by reactions, each associated 
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with the necessary enzymes. To represent stoichiometric coefficients, GEMs use 

a matrix (S matrix) in addition, to represent all the coefficients for all metabolic 

reactions. A positive coefficient means the metabolite is produced, while a 

negative means it is consumed (E. J. O’Brien et al., 2015; C. Zhang & Hua, 2015).  

 

Flux Balance Analysis (FBA) is a type of constraint-based reconstruction 

and analysis (COBRA) method used to calculate the flow of metabolites through 

a genome scale metabolic network, from a network input to a network output. 

The output of the analysis is essentially a map showing that under certain 

parameters how the system must balance itself to achieve a homeostatic state.  

The results obtained from the analysis can be used to predict the growth rate of 

the organism as a whole, or a specific metabolite (E. J. O’Brien et al., 2015; Orth, 

Thiele, & Palsson, 2010). 

 

The curated metabolic model for Salmonella published by Thiele et al. has 

been widely used since its release. Recently, a new set of metabolic 

reconstructions has been released, generating 410 metabolic models for 64 

serovars. The authors used these results to show how different nutrient 

conditions showed the catabolic capacities of the studied strains, and what their 

optimal growth environments are (Seif et al., 2018; Thiele et al., 2011).  

1.4.5. Multi-layered networks 

Multi-layered biological networks can show connections between 

multiple networks belonging to the same system which can make them quite 

descriptive. The analysis of integrated networks (ones that combine multiple 
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levels of knowledge, e.g. regulation and protein-protein interactions) allows us to 

gain new insight into regulation, signal transduction on multiple levels. We can 

focus on specific processes without excluding complete levels of a biological 

system, e.g. to see whether a signalling pathway changes anything on a metabolic 

level with its downstream effectors. This is especially useful in this case, when we 

know of two similar but very differently behaving groups (Csabai, Ölbei, Budd, 

Korcsmáros, & Fazekas, 2018). Figure 9 shows the schematic representation of a 

multi-layered network. 

 

Figure 9. Schematic representation of a multi-layered network. Specific 

nodes connect different levels of information, leading to the multi-layered 

structure. Figure from Csabai et al., 2018. 
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1.4.6. Network properties 

There are many ways of describing the properties of networks beyond 

its constituents. The degree is one of the most important characteristics of a node, 

and similarly, the degree distribution of a network can tell us a lot about the 

system we are attempting to model. Looking at the entire network, if the degree 

distribution of all nodes in the network follows a power law, we note these 

networks as scale-free. Most real networks - e.g. many biological networks, social 

networks, computational networks - fit or approach this distribution. Figure 9 

shows the out-degree distribution of one of the networks from SalmoNet. 

 

Figure 10. Out-degree distribution of the consensus network from SalmoNet 
1.0. This network captures interactions shared amongst all included strains. 

The degree distribution approaches a power law (correlation: 0.96, R2: 0.82). 

 

 

The largest interconnected, non-disjunct part of the network is called the 

giant component. This is where most connections lie, and most analysis takes 

place. Within these giant components one can often find modules. These are 

subgraphs, whose elements are more connected to each other, than to nodes 
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outside of it. They are often functional elements, and there are many approaches 

for finding them. One I employed in my PhD studies was the MCODE software 

developed for Cytoscape (Bader & Hogue, 2003). 

1.5. Network resources 

In computational biology, there are more and more options one can 

acquire network information from. There are various network repositories 

focusing on a specific types of interaction information, e.g. the Autophagy 

Regulatory Network (ARN) contains information related to the regulation of core 

autophagy proteins, ImmunoGlobe contains interactions occurring between 

various elements of the immune system, while other resources collate data from 

more specific databases like the ones mentioned previously (Atallah et al., 2020; 

Türei et al., 2015). An example for the latter is OmniPath or STRING, both of 

which contain multiple types of interaction data (e.g. protein-protein 

interactions, regulatory interactions, intercellular interactions) (Szklarczyk et al., 

2019; Türei et al., 2016). 

 

The structure and standardization of interaction data has made a lot of 

progress in recent years. To make sharing and processing information easier, 

more and more network resources utilize the PSI-MITAB system, a heavily 

standardized tabular format, where every field has a set function and values it can 

take.  
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1.5.1. Databases and network repositories 

 

One of the most well-known interaction resources is the STRING 

database. It fills an important role in the ecosystem of network resources, as it 

contains many interactions, for >5000 species, from a diverse array of sources, 

ranging from very high quality, experimentally validated interactions, to 

interactions based on co-expression, co-occurrence and text mining. As such, it 

has a very large coverage of interactions, but importantly, it only focuses on 

protein-protein interaction data (Szklarczyk et al., 2019). 

 

IntAct is a molecular biology interaction database, focusing on protein-protein 

interactions, curated from the literature, or directly from data depositions. The 

developers established a curation tool, allowing the users to fine-tune the quality 

of data they would like to work with, which is something I utilised in the 

development of SalmoNet 2 (see chapter 2) (Orchard et al., 2014) . 

 

OmniPath is a database of literature-curated human signalling interactions. It 

was compiled of 34 resources, including both directed, signed and causal 

interactions. Released in 2016, the resource covers 39% of the human proteome, 

61% of disease-gene associations, >80% of cancer related genes and druggable 

proteins.  

 

OmniPath 2, its novel update now combines over 100 resources into a single 

database, covering inter-and intracellular signal transduction, as well as 

transcriptional and post-transcriptional regulation (miRNA-mRNA) (Türei et al., 
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2016). This is a database I have used extensively in my work related to SARS-

CoV-2 (see Chapter 5) and helped the publication of the updated manuscript by 

adding a degree of quality control and authored workflows for the R and python 

programming language access point libraries for the users of the resource. 

1.5.2. Network analysis and visualization software 

One of the most commonly used network analysis software in biology is 

Cytoscape (Shannon et al. 2003). It is an easy to use, free graphical user interface 

(GUI) application, capable of reading and writing multiple network file formats, 

and can be used both as a network analysis and visual exploration tool. One of 

the largest advantages of the software is its community, that develops additional 

functionality for it in the form of Cytoscape apps. I have used a number of these 

libraries during my PhD work, i.e. DyNet, MCODE, CHAT, ISMAGS (Bader & 

Hogue, 2003; Goenawan, Bryan, & Lynn, 2016; Muetze et al., 2016; Van Parys et 

al., 2017). The software also allows for automated analyses, through multiple 

libraries in commonly used programming languages, such as R or python 

(Otasek, Morris, Bouças, Pico, & Demchak, 2019). 

 

More advanced network analysis and visualization tools exist as libraries in the R 

and Python languages, e.g. igraph, networkx, RCy3. These allow for automated 

and programmatic analysis of networks and are really important from the 

standpoint of reproducibility. 
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1.6. Primary research aims 

My primary research aims in this thesis are the following: 

1. Expanding the coverage of Salmonella enterica serovar strains found in the 

SalmoNet database and increasing the information content of the individual 

networks. 

2. Validation of the SalmoNet approach: using experimental information to show 

the biological relevance of the included interactions. 

3. Testing the scientific hypothesis set at the beginning of this thesis, that the 

difference in the host adaptation capabilities of gastrointestinal and 

extraintestinal Salmonella enterica serovars can be characterized by specific 

changes in the topology of their metabolic, regulatory, or protein-protein 

interaction networks, and highlighting how network comparison and network 

analysis workflows can be used to identify elements of molecular interaction 

networks under selection, stemming from their lifestyle or environment. 

 

 Added aims due to the COVID-19 pandemic: 

1. Carry out a study comparing cytokine responses of patients infected by Cytokine 

Release Syndrome causing viruses, including SARS-CoV-2. 

2. Generate an interaction network of cell-cell communication mediated by 

cytokines, aimed at uncovering leading intercellular interactions of CRS.  
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2. Construction of a multi-layered 

network database for Salmonella 

research 

2.1. Introduction 

Salmonella enterica is an important group of pathogens endangering 

the health of humans and other animal species alike. Salmonella enterica 

subspecies enterica houses over 2000 serovars, and is responsible for the 

majority of Salmonella infections in warm blooded animals (A. J. Bäumler, 

Tsolis, et al., 1998). Most of the subspecies I. serovars have a broad host range, 

and cause acute gastroenteritis in the host organism (Uzzau et al., 2000). 

Gastrointestinal Salmonella serovars induce this self-limiting gastroenteritis to 

engineer the gut luminal environment to one that benefits them, by inducing the 

release of metabolites these pathogens can use as terminal electron acceptors, 

and increasing the oxygen saturation of the gut lumen from the production of 

reactive oxygen species by the cellular elements of the immune system (Nuccio & 

Bäumler, 2014). The latter, although still harmful to the pathogen, paradoxically, 

enables the growth of gastrointestinal Salmonella, by reducing the anaerobic 

stress on the pathogen (Nuccio & Bäumler, 2014; Rogers, Tsolis, & Bäumler, 

2021). A smaller subgroup of Salmonella serovars has adapted to a systemic 
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