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The pleiotropic functions of the gastrointestinal tract 

Health of an organism, whether human or animal, is difficult to define, although it is the 

subject of extensive research activities all over the world. Many of these studies focus on 

restoring health, including cures for diseases. Other research is directed towards the devel-

opment of products and methods to prevent diseases, e.g. the development of diagnostics 

and vaccines. More recent studies are focussing on promoting and maintaining health e.g. 

with nutrition and change of lifestyle.  

Figure 1. Functionalities of the gastrointestinal tract (GIT). The GIT is depicted with its various 

functionalities. The gut is involved in digestion and absorption of food or feed nutrients. The gut is 

also involved in immune functions like tolerance of antigens in food and defending the organism 

against possible pathogens. There is also extensive signalling from the gut to other organs like the 

liver which receives absorbed nutrients and the brain which receives signals from the nervous sys-

tem. (Image adapted from Bischoff (Bischoff 2011)) 

Intestinal health significantly contributes to the overall health of an organism whether 

human (Bischoff 2011; J H Cummings et al. 2004) or animal (Kogut and Arsenault 2016). 

The gastro-intestinal tract (GIT) is considered to be healthy when it is able to efficiently 

digest and absorb components of feed or food, when the intestinal microbiota composition 
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and diversity is “in balance”, when pathogenic micro-organisms are absent or cannot colo-

nize and/or expand, and when the gut mucosal immune system is capable of efficiently 

neutralizing potential disease causing stressors (see Figure 1). In addition to this, the GIT 

has several signalling functions towards other parts of the body, which also contribute to 

the health of the organism. 

The GIT, which starts from the mouth, continues into the stomach and intestine and ends 

at the anus, transports, digests and absorbs food/feed components before the undigested 

waste is dispelled through the anus. During transport, food/feed components 

(carbohydrates, fat, proteins) are digested by enzymes, bile and by the fermenting action 

of microbes present in the lumen of the gut. Dietary components are broken up into nutri-

ents that are absorbed by the epithelial cells of the intestine and subsequently transported 

to different parts of the body via the bloodstream. The presence of specific nutritional 

components is signalled by the gut towards the brain via the gut-brain axis, and the brain 

then regulates hormonal levels for digestion in the gut, for example insulin levels in the 

blood are modulated when glucose is absorbed by the gut (Tsurugizawa et al. 2009; 

Berthoud 2008). 

The epithelial layer of the GIT is a single layer of cells that forms the luminal surface. 

Besides its role in digestion, the epithelial layer of the GIT has an important barrier func-

tion to defend the body against the outside world. It protects the body from the contents of 

the lumen. The gut-associated immune system, which is most abundant in the small intes-

tine, constantly monitors the content of the gut for toxic components, food/feed based 

antigens and antigens produced by commensal and (opportunistic) pathogenic organisms. 

The immune system is able to recognize several antigens that could be part of the food/

feed and to induce immunological tolerance (Pabst and Mowat 2012; Castro-Sánchez and 

Martín-Villa 2013). Immune tolerance also plays a role in dampening the immune re-

sponse to commensal bacteria that reside in the gut and perform several vital functions. 

The mucosal immune system is able to discriminate between commensal microbes and 

pathogens. Discrimination occurs by pattern recognition receptors on and within epithelial 

cells that can recognize specific pathogen-associated molecular patterns. In case antigens 

of (potential) pathogens are recognized, local and systemic immune responses are induced 

to defend the organism from disease development (Artis 2008).  
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Thus, the GIT exhibits a large variety of functions that are essential for the performance 

and health of the organism. Improved understanding of the mechanisms underlying the 

pleiotropic functionalities of the gut will allow the development of (nutritional) interven-

tions to modulate intestinal functionalities, thereby contributing to human and animal 

health.  

Morphology of the GIT tract 

Figure 2: Gut interface with the environment. The image is an illustration of a section of the 

small intestine showing the different cell types at the epithelial surface of the tissue. The epithelial 

layer is covered by a mucus layer that separates the cells from microbes in the lumen. A Peyer’s 

patch is also shown with several immune cells. Adapted from (Rossi, van Baarlen, and Wells 2011) 

There are several distinct sections of the GIT: the stomach; the small intestine; the large 

intestine; and the caecum. Each section has a different function for digestion and immune 

actions. In all the sections the luminal surface area is increased with projections of the 

epithelial layer that forms villi (projections) and crypts (invaginations). The small intes-

tine can be further divided into the duodenum, jejunum and the ileum. These sub sections 

have different morphologies but the small intestine in general has a high villus to crypt 

ratio and a higher concentration of mucosal immune cells than other sections of the gut. 
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The various sections of the intestine have common cellular structures that play a role in 

the functioning of the GIT as a whole. The different cell types present in the gut mucosa 

allow it to perform a multitude of processes. The different cell types are represented in a 

cartoon of the mucosal layer in Figure 2. Enterocytes are the major cell type of the intesti-

nal epithelium and contribute significantly to nutrient absorption. Goblet cells also form 

part of the single epithelial layer and secrete mucus, a thick layer of glycosylated proteins 

that acts as the first line of defence against the content of the gut lumen (Peterson and 

Artis 2014). Paneth cells and M-cells are epithelial cells specialized in immune functions. 

The mucosal layer of the intestinal tract contains a large number of different types of im-

mune cells that are part of the innate and/or the adaptive immune system (Mowat and 

Agace 2014). Scattered along the intestine are numerous lymphoid tissue structures, called 

gut associated lymphoid tissues with specialized immune structures; the Peyer’s patch(es) 

in the small intestine and the lymphoid follicles all over the intestine. These structures are 

involved in the regulation of the immune response of the gut.  

Microbiota 

A large number of microbial communities reside in the lumen of the gut. The number of 

microbial cells is comparable to the number of cells in an organism (Sender, Fuchs, and 

Milo 2016). These microbes have evolved with the host to form a mutually beneficial re-

lationship (O’Hara and Shanahan 2006; Scholtens et al. 2012). Bacteria are most abundant 

micro-organisms of the mammalian microbiota, 2-3 times the number of eukaryotes and 

archaea (Sender, Fuchs, and Milo 2016) and are the subject of most microbiota research. 

There is a large diversity (number and distribution of unique bacterial taxonomic groups) 

in the species of bacteria found in the gut. Yet a majority of the gut bacterial groups be-

long to a few dominant phyla, Bacteroidetes and Firmicutes are the largest contributors to 

gut microbes, followed by Actinobacteria, Proteobacteria and Verrucomicrobia (Lozupone 

et al. 2012). 

The number and concentration of the bacteria increases along the GIT with lower numbers 

in the small intestine than in the colon. The duodenum and jejunum are estimated to have 

about 107 bacterial cells. The ileum is estimated to have about 1011 bacteria, whereas the 

largest number of bacteria is observed in the colon, 1014 (Sender, Fuchs, and Milo 2016). 
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The composition of gut microbiota is dynamic and changes with age as the morphology 

and physiology of the gut undergoes changes with the growth of the organism (Lozupone 

et al. 2012; Arrieta et al. 2014; Odamaki et al. 2016). Several studies have shown that the 

microbial populations are less steady and less diverse in early life and that they stabilize in 

adulthood (Scholtens et al. 2012; Ottman et al. 2012). Although it is known that there is 

an active cross-talk between microbes in the lumen of the gut and cells in the intestinal 

mucosa, not much is currently known about the microbial factors involved and the biolog-

ical processes they modulate in the gut system.  

Microbiota contribute to the breakdown of food/feed components such that they can be 

absorbed by the gut tissue into the bloodstream. The colon is a major site of fermentation 

of enzymatically indigestible feed/food components due to presence of the large bacterial 

population in this anaerobic environment. Several bacterial groups are known to ferment 

polysaccharides that the mammalian digestive system is unable to break down (Tremaroli 

and Backhed 2012; Macfarlane and Macfarlane 1997) and ferment undigested protein. 

The main products of this fermentation are Short Chain Fatty Acids (SCFA) (Haenen, 

Silva, et al. 2013; den Besten et al. 2013; Topping and Clifton 2001; Macfarlane and 

Macfarlane 1997). SCFA is readily absorbed by intestinal mucosal tissues and forms the 

major source of energy for this tissue, they are also known to contribute to intestinal 

health (den Besten et al. 2013). Microbiota also contributes to vitamin metabolism as bac-

terial enzymes are essential for the process, and bacteria have been observed to produce 

vitamin K (Sherwood L 1996). Additionally, immune functions of the gut mucosal tissues 

are modulated by commensal microbes in the lumen of the gut, for instance, by stimulat-

ing the production of antimicrobial proteins and increasing the production of mucosal 

immunoglobulins and intra-epithelial lymphocytes (Kabat, Srinivasan, and Maloy 2014; 

Arrieta and Finlay 2012; Ottman et al. 2012).  

Perturbation of gut homeostasis 

With the aid of specialized cells and by communicating with luminal microbiota and with 

other organs of the body, the gut maintains homeostasis, an equilibrium state essential for 

proper functioning of the gut (J H Cummings et al. 2004). This state of homeostasis is 

predicated on a balance between the host cells in the mucosa of the GIT, the microbiota 
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and the external environment. There are several different ways this homeostasis can be 

disturbed, for example by changes in the microbial composition of the gut (through the 

use of antibiotics) or stimulation of the immune system by dietary components, drugs, 

disease causing organisms or other changes in the environment. Many different studies 

have been published on changes in gut tissues and in resident microbiota after dietary in-

terventions. In many cases, the effect of changes in the diet is not always restricted to lo-

cal effects in the intestine but also induces changes at the systemic level e.g. changes in 

metabolite and cytokine levels in serum (Kar et al. 2016). Extreme changes in diets may 

lead to microbial dysbiosis, which is an acute change in the composition and diversity of 

the microbiota causing a change in microbial functionality that eventually harms the host. 

Severe changes in the microbiota due to administration of antibiotics, especially early in 

life, can have impacts on the host immune system (Olszak et al. 2012; Nylund et al. 2014; 

Schokker et al. 2014; Schokker et al. 2015). An infection with microbial pathogens is an-

other extreme change that activates the immune system while also reshaping the structure 

of the microbial community. Other environmental changes like a stressful environment, 

e.g. maternal separation, and changes in temperature are also known to cause changes in 

both intestinal cells and microbiota. Perturbations of homeostasis in the gut are manifested 

in changes in the microbial population, changes in signalling to other organs, changes in 

the expression of immunity parameters, and modified metabolic capacity.  

Several different environmental factors can affect the functionalities of gut mucosal tis-

sues either directly or through the microbiota, as depicted in Figure 3. For example, the 

administration of antibiotics is expected to affect functions of the gut by changing the 

microbial composition and diversity that results in a change in microbiome-host crosstalk 

(Willing, Russell, and Finlay 2011). As shown in Figure 3, changes in environmental fac-

tors may initially lead to changes in so-called internal phenotypes and ultimately in a 

change in the expression of external phenotypes, for example weight or production traits 

of livestock species. Internal phenotypes encompass profiles of several measurable molec-

ular/cellular components at different biological levels (Fontanesi 2016; Houle, 

Govindaraju, and Omholt 2010). A few examples of internal phenotypes are the transcrip-

tome: the transcripts (mRNA) that are expressed in a specific cell or tissue that are encod-

ed by the host genome, the proteome: all the host encoded proteins that are expressed in a 

cell/tissue or present in a particular sample (blood), the metabolome: all the metabolites 
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present in a specific cell or tissue or body fluid sample produced either by the organism or 

by its associated microbiome. 

While a disruption in the normal functioning of the gut can be observed and measured 

(especially in a pathological state), it is not yet known how to measure the homeostatic 

status of the gut. There are several measurable parameters that are commonly used in clin-

ical diagnosis as an indicator of a pathological state. In principle, this concept could also 

be used to measure the competence of an organisms to defend itself against developing 

disease (immune competence), which is only one aspect of health. Although these param-

eters have not been used in this context, it is likely that measurements of immune compe-

tence would include immunity parameters that are functional related to immunity-based 

external phenotypes. Normal levels of immunity parameters like Immunoglobin A levels 

and lymphocyte counts have been determined in healthy adults (J H Cummings et al. 

2004; Moss and Drayson 2015) and their role in the gut has been extensively studied. It is 

logical to assume that the levels of such immunity parameters result from biological pro-

cesses (internal phenotypes) of the mucosal tissue of the gut in interaction with several 

environmental factors, including dietary components. However, relationships between 

internal phenotypes of the gut mucosal tissue with local and/or systemic immunity param-

eters, have not been defined yet.  
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Figure 3: Effects of environmental factors on an organism mediated by the GIT. This schema 

shows how environmental factors can affect the gut system, either directly or through the microbio-

ta. These effects can be measured by studying changes in the internal phenotypes or in biomarkers 

that are indicative of changes in external phenotypes. (Depiction of the intestine taken from (Rossi, 

van Baarlen, and Wells 2011)) 
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Functional plasticity of gut mucosal tissue  

Due to its various functionalities, the tissue of the GIT is able to respond to many different 

stressors in an appropriate way. For example, the gut responds to damage to the epithelial 

layer with cell proliferation (IJssennagger et al. 2012); when pathogens are recognised, 

immunity parameters are highly expressed (Rossi, van Baarlen, and Wells 2011); to pre-

vent the invasion of foreign substances the barrier function is improved (Wells et al. 

2017); when microbes are recognised too close to the epithelial layer the production of 

antimicrobials is increased (Donaldson, Lee, and Mazmanian 2016). All these changes in 

functionalities requires a high level of functional plasticity. This plasticity of the gut is a 

phenomenon that is poorly understood. Simultaneous evaluation of internal phenotypes of 

GIT mucosal tissues, exposed to different stressors that evoke different types of responses, 

could provide first insights into the way the gut displays its functional plasticity. Unfortu-

nately, most studies focus on the effect of single stressors and there is limited information 

available for multiple stressors in the same laboratory conditions.  

Measurement of internal phenotypes 

Several studies have measured the response of one or more internal phenotypes of the gut 

in response to an external challenge. There is a vast amount of data available from in vivo 

experiments on model organisms, like mice and pigs. In most in vivo experiments that 

study the gut, the organism is given a stimulus; a change in the environment that is ex-

pected to alter the normal functions of the intestine; and parts of the intestine are sectioned 

and analysed with different technologies to obtain either quantitative or qualitative data.  

With transcriptomic approaches, the transcriptome of the organism (collective RNA), in a 

particular tissue, at a specific time point. With this data, it is possible to define which 

genes are expressed in that tissue and which proteins are most likely to be found in that 

tissue. In some studies, the expression of only a few key genes are analysed using varia-

tions of polymerase chain reaction (a technology that can amplify a certain sequence of 

nucleotides) to understand processes known to be modulated by these genes. Instead of 

concentrating only on a few genes, genome wide transcriptomics gives an overview of the 

response of all the genes to the challenge. An efficient and cheap method of genome-wide 

gene expression measurements is the use of microarrays that provides a profile of the level 
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of expression of all the genes encoded by the genome of the host (Sanden, Lin, and 

Burzykowski 2008).  

The next level of biological measurement is to measure the translation of transcripts to 

proteins by methods, collectively called, proteomics. Even though the transcriptome gives 

an indication of the proteins that can be expected to be present in a tissue, measuring the 

actual protein contents is more accurate for functional characterization, as protein levels 

are more closely related to cellular functions than transcript levels. There are different 

ways of profiling the amount of all the proteins in a sample; several techniques utilizing 

mass spectrometry methods like liquid chromatography- mass spectrometry (LC-MS). 

Such MS based methods can identify a variety of proteins by comparing the mass spec-

trometry results to a database of known proteins. Protein microarrays use immunoassay 

techniques or functional proteins to bind to different proteins in the sample. These arrays 

are useful for identifying a specific group of biomarkers in the samples. 

Measuring metabolomics profiles of tissues and samples provides information on the me-

tabolites that the organism is able to produce by itself or with the help of its associated 

microbiome. Technologies used for this measurement (e.g. mass spectrometry, high per-

formance liquid-phase chromatography) can give quantitative values of known metabo-

lites when a targeted search is performed, by comparing the obtained biochemical signals 

to signals of known substances. The quantifiable metabolites are fewer than the metabo-

lites that can be produced by the host or the microbes. Hence it is sometimes preferable to 

perform an untargeted search where unknown metabolites are also recorded. 

The composition and diversity of intestinal microbiota can be measured either from the 

faeces, which reflects the microbial composition in the colon, or from the luminal content 

in sections of the intestine. Microarrays for bacteria are designed to detect bacteria with 

known 16S rDNA sequences and are tailored to the known composition in an organism, 

e.g. HITChip tailored for the human intestinal tract (Rajiliæ-Stojanoviæ et al. 2009) and 

PITChip tailored for the porcine intestinal tract (Pérez Gutiérrez et al. 2010). Another 

popular measurement is to sequence certain regions of the 16S rDNA of the all the bacte-

rial content and then identify the present bacteria by comparing measurements with se-

quences in databases (Ju and Zhang 2015). 
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Set-up of intervention experiments 

Animal experiments generally have a group of animals that are subject to the intervention 

or challenge. Usually, there are a comparable number of animals that are under the same 

conditions as the experimental animals except for the challenge under consideration. This 

group of animals is called the control or reference group. Data from the experimental ani-

mals is compared to the data from the control animals to obtain a differential value for that 

biological measurement. All the data described in the previous section can be subjected to 

this differential analysis to understand the effects of the challenges at the corresponding 

biological levels. This approach enables quantification of how an experimental condition 

affects the system or organism. For example, differential gene expression of certain genes 

indicates that the intervention affects the organism by regulation of the expression of 

those particular genes. Differential analysis requires the appropriate statistical analysis 

methods to take into account variability associated to small sample size, biological noise, 

intrinsic variability and additional external factors that could potentially bias or influence 

the comparison, the so-called blocking factors, such as age or sex.  

Analysis of individual data 

The application of high throughput –omics measurements provide an unprecedented 

wealth of data. The interpretation and analysis of these large datasets requires the use of 

computational tools to extract relevant biological knowledge. The majority of “-omics” 

data are/were generated to provide answers to research questions specific to the measured 

data type, for example, certain proteomic measurements are aimed at finding post-

translational modifications in proteins. But these different types of data can also be used 

to gauge the effects of the challenge on the system. However, effects of challenges do not 

only display changes at a single biological level, but could affect several, hence multiple 

levels need to be measured to understand the effects of the challenges. 

The most common data analysis method relies on fitting linear models to each data-point 

to account for the contribution of the blocking factors. This approach is widely used in 

gene expression analysis as it is implemented in the R package linear models for microar-

ray data (LIMMA) (Smyth 2005; Phipson et al. 2016), which has become a de facto stand-

ard. In the case of gene expression, linear modelling assumes that the changes in gene 
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expression, e.g. due to a drug, are linear to the gene expression in the control samples. 

Genes that fit this pattern of change are deemed to be relevant to the given challenge be-

fore an estimation of significance. Linear model fitting a technique that is quite flexible 

and can be extended to other types of biological data besides gene expression. However, 

since the responses of biological systems are rarely linear, several statistical methods are 

often used to augment the results of differential expression or abundance and to account 

for possible non linearities, the methods use generalized linear modelling, such as the one 

implemented in edgeR (McCarthy, Chen, and Smyth 2012).  

Most of these analyses only concentrate on measurements performed at one time point 

after the intervention. Studying more time points will give an improved understanding of 

the dynamics of the response. However, given the disruptive characteristics of most of the 

measurements, that often require the sacrifice of the host to collect samples, such time 

course analysis requires a large number of subjects and presents challenges of its own 

regarding the experimental design. Similarly, spatial location plays a critical role, since at 

each section of the intestine the stages of digestion differ. 

Although individual internal phenotypes of the gut have been studied extensively, it is not 

known if or how they contribute to the establishment of external phenotypes. There is 

theoretical knowledge on how these internal phenotypes are connected to each other, for 

example, the amount of a metabolite present in the tissue is dependent on the level of ex-

pression of the enzyme that catalyses the biochemical reaction that produces the metabo-

lite, and this protein level depends on the number of transcripts from the gene encoding 

this protein. So far there has not been data-driven confirmation of the existence of links 

between internal phenotypes. 

Databases and knowledgebases 

There are several databases where biological measurements can be/are stored for inde-

pendent confirmation of the results and further reuse. NCBI and EBI have several data-

bases for specific types of biological data, genomic sequences, protein sequences, genome 

wide association studies (GWAS) results etc. The most structured databases are those that 

store transcriptomics data, Gene Expression Omnibus (GEO) (Barrett et al. 2013) from 

NCBI and Array Express (Brazma et al. 2003) from EBI. But there are also repositories 
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that can handle more than one type of data like Zenodo (http://zenodo.org/) and Dataverse 

(Crosas 2011). All these databases have basic search functions to find a dataset based on a 

unique identifier, keywords in the experimental description of the data, specific techno-

logical platforms etc. Some of these databases also have integrated tools to perform basic 

data analysis functions, for example, GEO has an R user interface that allows simple dif-

ferential analysis. There are a few databases that integrate all the submitted data to allow 

users to query the results of basic analysis on the datasets rather than the raw data itself. 

One such database is the database of Genotypes and Phenotypes (dbGaP) (Tryka et al. 

2014) from NCBI where data from GWAS studies can be submitted. A search tool in this 

database, the Phenotype Genotype Integrator (Ramos et al. 2014), retrieves gene to pheno-

type associations based on a user-given threshold.  

A knowledge base is a specific type of database that contains information that can be used 

in analysis of different types of data. In gene set knowledge-bases genes are grouped to-

gether based on annotation of the genes. Gene Ontology (Ashburner et al. 2000) has sev-

eral genes classified under functional terms that could be biological processes, molecular 

functions or cellular locations. Other knowledge bases not only group genes but also add 

information on the interactions between these genes to form pathways that perform a par-

ticular function. Such knowledge-bases, like Reactome (Fabregat et al. 2016) and Kyoto 

Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto 2000), use literature 

findings to build the pathways. This information is very useful in understanding the possi-

ble functionalities of significant genes obtained from a differential analysis. The 

GreenGenes (DeSantis et al. 2006) knowledge-base has information on mapping 16S 

rRNA sequences of bacteria to taxonomic units. As previously mentioned, this type of 

information is crucial in identifying the bacterial groups present in gut microbiota sam-

ples.  

Data integration methods 

In most studies, differential analysis of multiple measurements is performed separately, 

e.g. on several time points. For differential expression or abundance of the internal pheno-

types and the results of each of the time points are interpreted in the context of the results 

of the other measurements. In some cases, the time points themselves are used for differ-
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ential analysis, for example the gene expression at time point one is compared to the ex-

pression at time point two. These methods analyse changes caused by either the challenge 

or by the passage of time and do not give information on consistent changes in expression 

or abundance profiles. However, this type of information can be obtained by integrating 

different datasets (from different time points or different challenges) and analysing them 

together. Such approaches are frequently called horizontal or lateral integration to distin-

guish it from vertical integration (Tseng, Ghosh, and Feingold 2012; Xia et al. 2013). Ver-

tical integration is the case where different data types corresponding to the same time 

point and challenge are analysed together. So far there are not many methods available to 

perform this integration over time or challenges.  

When different types of data need to be analysed, several studies use individual analysis 

of each data type. For example, the effects of the use of novel protein sources in animal 

diets on the small intestinal tissue, on the microbiota of the small intestine and on cyto-

kines in the blood are analysed separately. The results of these individual analyses are 

then interpreted in the context of each other (Kar et al. 2016). But this method does not 

reveal interactions between the different internal phenotypes that are measured. Integra-

tion of the measurements of different biological levels is a preferred method to gain a ho-

listic view of the GIT system. Most computational methods currently available, can only 

handle one type of data as measured on one time point. Thus, there is a need for methods 

that can use existing single data analysis tools for integrative analysis. Many integrative 

tools are built to integrate specific types of data, e.g. the tool Conexic (Akavia et al. 2010) 

has been developed to find driver mutations in cancer with transcriptomic and genomic 

information. Other tools can work on any type of data, e.g. MixOmics (Dejean et al. 2011; 

González et al. 2012), Kernel Fusion (De Bie et al. 2007) and Similarity Fusion Network 

(B. Wang et al. 2014). The flexibility that such general tools provide, allows to use the 

variety of biological data that is necessary to provide an integrated picture of complex 

systems. For example, nutritional data could be integrated with transcriptomic data to pin 

point the parts of the diet that cause transcriptomic changes. Such tools use different ap-

proaches to integrate input data, but the first step usually involves pre-processing of each 

data on its own. Kernel Fusion uses kernel matrices of the input omics data and Similarity 

Fusion Network requires a similarity network from each of the data. The tool MixOmics 

uses sparse partial least squares regression to pre-select variables which is a good solution 



25 

Chapter 1 

 

1 

to the dimensionality problem in biological measurements, where the number of variables 

(e.g. genes) is larger than the number of samples. 

Systems biology (of the gut) 

The dynamic functioning of the GIT and its plasticity results from interactions between 

several sub-systems like the digestive system, the immune system, endocrine system and 

the microbiome. In order to better understand the mechanisms behind the functional plas-

ticity, a holistic approach is required, so that the different sub-systems and their relation-

ships are analysed together.  

This holistic approach is one of the hallmarks of Systems Biology, a field of study where 

a living system is studied as several sub-systems together rather than one sub-system at a 

time (Kitano 2002). Systems Biology aims to understand biological systems as a sum of 

all its sub-systems especially by including the interactions between them. Given the com-

plexity of the GIT, its spatial heterogeneity and its functional plasticity, a Systems Biolo-

gy approach is required to gain an improved understanding on how intestinal homeostasis 

is maintained and using which underlying mechanisms. Synergies and interactions be-

tween the components of this system determine the response of the system to external 

stressors. Thus, it is essential to gain a systems perspective of the functioning and cross-

talk between these components across space and over time.  

Another hallmark of Systems Biology is the construction of models that are able to ac-

count for the response of the system. The models can be built bottom-up or top-down 

(Bruggeman et al. 2007). Bottom-up modelling approaches involve mechanistic models 

explaining the observed behaviour from the knowledge of the system’s components and 

their relationships. The large volume of available high-throughput data, enables top-down 

approaches, combining system-wide data with mathematical modelling to gain insights 

into the molecular networks under study. Some examples of existing models built using a 

top-down approach are a metabolic model of enterocytes (Sahoo and Thiele 2013), a mod-

el of metabolic interactions between gut microbes (Steinway et al. 2015) and a model of 

mucosal immune responses (Mei et al. 2015). These models use information from litera-

ture and experimental data. 
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Besides representing the system, models can be used to predict reactions of the system to 

environments it has not been exposed. The model only contains the parts of the system 

that are relevant to the question at hand. For example, statistical models can be built using 

a large amount of data of the varying parameters and the predictors, like different types of 

feed and the changes in weight of animals, and can make accurate predictions on weight 

without information on the mechanisms causing the change. Models in systems biology 

are built from different but complementary data. For example, genome scale metabolic 

models are based on biochemical interaction information, genomic data and can be further 

constrained by experimental results (Orth, Thiele, and Palsson 2010).  

Although there are models describing or predicting functionalities in the gut, there is no 

single model that can represent the entire gut. This is largely due to the complexity of the 

gut with the different cell types performing different functions, the lack of a complete 

understanding of the role of the microbiota and the complex dynamic changes in the gut 

when exposed to a changing environment. Thus, before a multiscale (cellular level and 

molecular level) model that can represent or predict all the functionalities of the gut to a 

variety of challenges (a virtual gut) can be built, several gaps in knowledge have to be 

filled with data acquisition and data analysis. The response of the different sub-systems of 

the gut to challenges must be catalogued, interactions between these sub-systems must be 

studied and mechanistic information on all these processes must be obtained.  

Research objectives and thesis outline 

The objective of the research, as described in this thesis, was to i) develop and apply com-

putational methods to get improved insight into time-dependent dynamics of a gut system, 

ii) to obtain information on key links between internal phenotypic or different biological 

levels, iii) to understand the functional plasticity of the gut mucosal tissue by studying 

effects of dietary / drug / immune system targeted interventions, and finally, iv) to develop 

a concept of a model that allows to make links between internal phenotypes and immunity 

parameters functionally related to external immune-based phenotypes.  

We aimed to uncover the effect of an early life perturbation and growth on animals and in 

Chapter 2 we analysed data from an antibiotic intervention on pigs which was adminis-

tered early in life and disrupted the homeostatic status of the microbiota. We perform a 
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dynamic analysis in order to find if there were long lasting changes in the animals due to 

this early life perturbation and to find the drivers of these changes. We used a two-

dimensional method that can analyse data between experimental treatments and across 

time simultaneously. This analysis was applied on two internal phenotypes, transcriptom-

ics and microbiota, which were analysed along two dimensions and the results were inte-

grated to uncover the interactions between them. 

The second objective was to get improved insights into the interactions between internal 

phenotypic layers when stimulated by external factors. In Chapter 3, we observe the re-

sponse of another model animal, mice, to changes in the diet using five measurements of 

different internal phenotypes. This lateral data integration was done across different physi-

ological levels to find interactions between internal phenotypes in the gut and those in 

systemic levels. We used a flexible multi-omics integration method to link all the five 

measurements to each other. 

In Chapter 5 we attempted to identify mechanisms behind the functional plasticity of the 

gut using the same type of data from several different experiments. Here we used a high-

level data integration approach where we analysed each transcriptomic dataset separately 

and then combined the results. This horizontal data integration showcased the gut mucosal 

response towards different environmental challenges. The method developed in Chapter 

4 enables this analysis on a pathway level. By observing changes in the functionality of 

the gut mucosa under different experimental conditions involving dietary changes, drug 

administration and immune challenges, we aimed to identify mechanisms of functional 

plasticity of the gut.  

The fourth objective was to find associations between dietary changes and parameters that 

are functionally related to external immune-based phenotypes. In Chapter 6 we used the 

internal phenotype transcriptomics to link dietary changes to a few functional parameters 

that are related to the immune system. We used the high-level data integration technique 

similar to that used in Chapter 5 to analyse and integrate the transcriptomic data. The 

results obtained were then linked to functional parameters with information from a 

knowledge-base. 
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Chapter 7 discusses the result of Chapters 2-6 in a broader context. It describes rele-

vance of the work done in my thesis for improving scientific knowledge and its potential 

applications in the furthering insights into gut functionalities. I also discuss the limitations 

of this work and suggestions for general data management to improve the results of anal-

yses as performed in my thesis. There are several indications for future work based on the 

results of my work. 
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Abstract 

Background 

Evidence is accumulating that perturbation of early life microbial colonization of the gut 

induces long-lasting adverse health effects in individuals. Understanding the mechanisms 

behind these effects will facilitate modulation of intestinal health. The objective of this 

study was to identify biological processes involved in these long-lasting effects and the 

(molecular) factors that regulate them. We used an antibiotic and the same antibiotic in 

combination with stress on piglets as an early life perturbation. Then we used host gene 

expression data from the gut (jejunum) tissue and community-scale analysis of gut micro-

biota from the same location of the gut, at three different time-points to gauge the reaction 

to the perturbation. We analysed the data by a new combination of existing tools. First, we 

analysed the data in two dimensions, treatment and time, with quadratic regression analy-

sis. Then we applied network-based data integration approaches to find correlations be-

tween host gene expression and the resident microbial species.  

Results 

The use of a new combination of data analysis tools allowed us to identify significant long

-lasting differences in jejunal gene expression patterns resulting from the early life pertur-

bations. In addition, we were able to identify potential key gene regulators (hubs) for these 

long-lasting effects. Furthermore, data integration also showed that there are a handful of 

bacterial groups that were associated with temporal changes in gene expression.  

Conclusion 

The applied systems-biology approach allowed us to take the first steps in unravelling 

biological processes involved in long lasting effects in the gut due to early life perturba-

tions. The observed data are consistent with the hypothesis that these long lasting effects 

are due to differences in the programming of the gut immune system as induced by the 

temporary early life changes in the composition and/or diversity of microbiota in the gut.  
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1. Background 

Evidence is accumulating that perturbations of the early life colonization of the gastro-

intestinal (GI) tract by microbes induce long-lasting health effects in individuals (Foliaki 

et al. 2009; Hoskin-Parr et al. 2013. Though these effects have been studied and docu-

mented, the system components involved in the induction and maintenance of such long-

lasting effects have not yet been studied in detail. This is because the GI tract itself is a 

complex and dynamic system with variable interactions between the host tissue, resident 

microbiota and nutritional factors. The host tissue is comprised of different cells with dif-

ferent functions, varying from the digestion and uptake of nutrients to providing resistance 

towards toxic components in the diet. The mucosal layer of the GI tract separates the lu-

men of the digestive tract from the rest of the body and contains the largest repertoire of 

immune cells that display a pleiotropy of immune signalling and response functions. In 

addition, the mucosal layer also generates endocrine responses to the lumen of the gut and 

to the rest of the body. The lumen of the GI tract harbours a complex ecosystem of a huge 

number and a large variety of micro-organisms, collectively called “microbiota” (Relman 

2012.  

Gut microbiota play an important role in modulating diverse gastrointestinal functions, 

ranging from enzymatic digestion to modulation of immune responses (Lora V. Hooper 

2004; O’Hara and Shanahan 2006; Tremaroli and Backhed 2012; Arrieta and Finlay 2012; 

Kabat, Srinivasan, and Maloy 2014; Scholtens et al. 2012; Ottman et al. 2012. In turn, the 

host immune system has a regulatory effect on the composition and diversity of the micro-

biota (Willing, Gill, and Finlay 2010, by mechanisms known as immune exclusion 

(Mantis, Rol, and Corthesy 2011. Early life colonization of the gut with microbiota is an 

important driver for the development and ultimate functionality of the GI tract in mamma-

lians (Palmer et al. 2007; Inman et al. 2010; Kabat, Srinivasan, and Maloy 2014. Long-

lasting effects on the host due to disruption of early life colonisation of the gut have been 

demonstrated on the level of disease susceptibility, immune parameters (Olszak et al. 

2012 and the composition and diversity of microbiota (Nylund et al. 2014. Early life envi-

ronmental factors, such as caesarean delivery (C. E. Cho and Norman 2013, breastfeeding 

(Weng and Walker 2013; D. Kelly and Coutts 2000; Newburg and Walker 2007, exposure 

to stress (Jarillo-Luna et al. 2007; O’Mahony et al. 2009, and the use of antibiotics 
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(Schumann et al. 2005; Tanaka et al. 2009 influence the microbial colonisation of the gut 

and affect the development and programming of the mucosal and systemic immune sys-

tem (Nylund et al. 2014; Arrieta et al. 2014. Such early life factors may also result in vari-

ation of the abilities of the microbiota to ferment carbohydrates into short-chain fatty ac-

ids (I. Cho et al. 2012 and/or to ferment indigestible proteins in later stages of life. 

The effect of the use of antibiotics on the physiology of the host is believed to be due to 

the primary effect of antibiotics on the loss/change in bacterial (sub)-populations, espe-

cially in the GI tract (Willing, Russell, and Finlay 2011. The spectrum of the antibiotic 

and its mode of action determines the effects it has on the gut microbial community 

(Willing, Russell, and Finlay 2011. Some reports in this area also suggests that antibiotics 

have a direct effect on the immune system of the host (Willing, Russell, and Finlay 2011; 

Niewold 2007. For young piglets it has recently been demonstrated that an antibiotic treat-

ment at day 4 after birth causes changes in microbial populations and in tissue gene ex-

pression patterns in the small intestine (Schokker et al. 2014; Schokker et al. 2015. Stress 

is another factor that can influence the functionality of the GI tract by a temporary secre-

tion of hormones. Such short term hormonal secretions may cause several long lasting 

effects on the GI immune system (Jacobson and Sapolsky 1991; E A Mayer 2000; Braun 

et al. 2013 and on microbiota composition (Collins and Bercik 2009. This has led to stud-

ies focusing on the brain-gut-enteric microbiota axis (Konturek, Brzozowski, and 

Konturek 2011; Montiel-Castro et al. 2013; Emeran A Mayer, Savidge, and Shulman 

2014. The effect of stress on the GI tissue is most obvious in changes of morphology and 

functions of the gut (Söderholm and Perdue 2001; Bhatia and Tandon 2005; Taché et al. 

2001.  

The first objective of this study was to develop a workflow that can be used to analyse 

biological data in two dimensions simultaneously, over time and between treatments. The 

second objective was to apply this workflow on two types of gut-related data as measured 

in an experiment with pigs exposed to an early life perturbation, followed by effect meas-

urements at three different time-points later in life. Using these methods we endeavour to 

identify gut system components that contribute to induction and maintenance of long last-

ing effects of early life perturbations. We aim to find major host- and microbe-related 

components that propagate or regulate these long term effects. Such components may 
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form potential targets to modulate early life events that affect later life immunologic per-

formance. We used piglets as a model and the exposure to an antibiotic and/or stress on 

day four after birth as the perturbations. We measured whole genome gene expression 

profiles of intestinal tissues and provided community scale data on the composition and 

diversity of microbiota on three different time-points, taken during different stages of the 

life-span of pigs, neonate, adolescent and full grown adult. In order to take into account 

the extreme changes in the physiology and morphology of the animal, we simultaneously 

studied the effect of the treatment and the time. Once the gene expression and microbiota 

data were analysed separately, we integrated both to obtain information on their possible 

interactions. 

2. Materials and methods 

2.1. Experimental design 

The animal experiment consisted of one control group and two treatment groups, each 

consisting of 48 piglets derived from 16 different sows (TOPIGS20 (GY x NL)). Each 

litter contained 4 piglets of each treatment and control group. Litter-mates stayed with 

their sow until weaning at day 25. After weaning, the same number of piglets of each 

treatment and control group were housed together in pens. All pens were located in the 

same compartment. The first treatment group (Tr1) was given a dose of Tulathromycin 

(0.1 ml, 2.5mg/kg body weight) on the 4th day after birth and then left undisturbed until 

the time of tissue sampling after sacrifice. The same dose of the antibiotic was given to 

the second treatment group (Tr2) on the 4th day after birth but these piglets were also sub-

jected to stressful conditions on the same day. The stress was in the form of handling of 

the piglets, which is common practice in intensive pig husbandry systems (eg, weighing, 

nail clipping). The control group (Ctrl) was not disturbed for the entirety of the experi-

ment until the time of sacrifice for sampling.  

Sampling was done on three time-points, day 8 after they were born, day 55 and day 176. 

On each of these days, 16 piglets from each treatment group and derived from 16 different 

sows were sacrificed and samples were collected for microarray and microbiota analysis. 

Further details of the experiment have been described elsewhere (Schokker et al. 2014. 

The experiment was approved by the institutional animal experiment committee “Dier 
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Experimenten Commissie (DEC) Lelystad” (2011077.b), in accordance with the Dutch 

regulations on animal experiments. Supplementary Figure1 gives an overview of the ex-

perimental design. 

2.2. Sample preparation and data generation 

For transcriptome analysis, jejunal tissues scrapings were taken and RNA was extracted 

from the samples for microarray analysis as described in (Schokker et al. 2014. For micro-

biota analysis luminal contents were taken from the same location of the jejunum as the 

tissue scrapings and microbial DNA was extracted. The microbial composition was de-

tected by the Pig Intestinal Tract Chip (PITChip) (Pérez Gutiérrez et al. 2010 version 2.0. 

The PITChip is a phylogenetic microarray with 3,299 oligonucleotides based on 16S 

rRNA gene sequences of 781 porcine intestinal microbial phylotypes (Haenen, Zhang, et 

al. 2013; Pérez Gutiérrez 2010. The protocol for hybridization and generation of data was 

performed essentially as described before (Rajiliæ-Stojanoviæ et al. 2009; Schokker et al. 

2014. More details on sample preparation is given in previous descriptions of this experi-

ment (Schokker et al. 2014 and the data is available in GEO (Barrett et al. 2013 with the 

accession number GSE53170 (Schokker 2014. 

2.3. Gene expression analysis 

Microarray normalization and quality control: 

Background correction and quantile normalisation was performed on the microarray data 

(GSE53170) using the R package LIMMA (Smyth 2005 from Bioconductor (Gentleman 

et al. 2005. After quality control, six microarray samples were removed from the original 

72 samples and all further analysis were done on the remaining 66 microarray samples. 

Data points below the 5th percentile of intensities were removed, this resulted in 25,915 

genes from 66 microarray samples. Details of the applied analysis pipeline are in Supple-

mentary Figure 2.  
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Identification of differences in gene expression profiles  

To identify genes with significant expression profile differences over time between the 

experimental groups, we used maSigPro (Conesa et al. 2006 from Bioconductor. The time 

profile (expression over the three time-points) from each treatment is compared to that of the 

control. Quadratic regression is used to retrieve genes with time profiles significantly differ-

ent for the treatments versus the control group. The calculations were done with the default 

settings of the function maSigPro. With three time-points there are three regression coeffi-

cients calculated for each gene's expression profile. At least one of these coefficients has to 

be significant (with FDR corrected p-values less than 0.05) for the gene to be included in the 

result. The first coefficient (β1) denotes the difference in the first time point (day 8) between 

one treatment group and the control. The second one (β2) indicates the difference in slope 

between the first two timepoints. The third coefficient (β3) shows difference in curvature of 

the expression patterns and can thus capture long term differences between treatment and 

control expression patterns of the same gene. Each treatment is compared against the con-

trol group and this gives two lists, Tr1vsCtrl (Antibiotic vs Control) and Tr2vsCtrl 

(Antibiotic+Stress vs Control). For the rest of the analysis three lists of genes were used; 

genes unique to Tr1vsCtrl (OnlyTr1); gene unique to Tr2vsCtrl (OnlyTr2) and the over-

lapping genes (Tr1&Tr2). 

GO (Gene Ontology) enrichment analysis (Dopazo 2006, with focus on the sub-ontology 

Biological Process, was performed using the R package topGO (Alexa and Rahnenführer 

2009. The Fisher test was applied to obtain significantly enriched GO terms, only the terms 

with p-values below 0.01 were included.  

Functional interaction networks 

Functional interaction networks among groups of genes selected from the data, were built 

using the Cytoscape (Shannon et al. 2003 Reactome FI (Functional Interaction) application 

(Croft 2013; Milacic et al. 2012; G. Wu, Feng, and Stein 2010 and visualised with the or-

ganic layout. The network was built from information in the Reactome FI database such that 

nodes are genes and edges are interactions, either known or predicted. Modules in the net-

works were identified using community structure detection as described in (Newman 2006. 

Using inbuilt functions in the Reactome FI app, GO enrichment analysis was performed on 
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each of the identified modules. The final networks consisted of modules with more than 5 

nodes and with significantly enriched GO terms. The topological features of these final net-

works were determined using the NetworkAnalyzer (Assenov et al. 2008 tool in Cytoscape. 

Hubs were defined to be the nodes in the top 40% of the degree distribution, where the de-

gree is the number of connections of each node. These hubs were analysed using infor-

mation from www.genecards.or.  

2.4. Analysis of Microbiota 

Microbial populations from the jejunum were analysed using the PITChip.2 (Pérez 

Gutiérrez et al. 2010, which provides information on three levels of taxonomic resolution, 

level 1 is similar to the phylogenetic family, level 2 corresponds mostly to the genus level 

and level 3 is more the species level. Level 2 data provided population percentages for 

151 microbial genus groups. Initial exploratory analysis was done on the microbial data 

with the R package microbiome (http://microbiome.github.com) and the MySQL database 

as described by Rajilic-Stojanovic (Rajiliæ-Stojanoviæ et al. 2009. Microbial groups that 

do not differ between control and treatment piglets were filtered out with a threshold of 

0.01. A two-way ANOVA analysis of the temporal patterns with the package maSigPro 

was used to obtain only the groups that change with treatment or time, with a statistical 

significance threshold of 0.05. 

2.5.  Integration of Gene expression and Microbiota data 

The mixOmics R package (Lê Cao, González, and Déjean 2009; Dejean et al. 2011 was 

used to integrate gene expression and microbiota abundance data and to perform regres-

sion analysis of these two data types. The genes used were those selected using the meth-

od described in section 2.3, which leads to the identification of genes whose temporal 

expression profiles were significantly different between the control vs. the treatment 

group. The bacterial groups used for integration were also different either across time or 

between treatments. We set the microbial information as the independent variable and the 

gene expression data as the dependent variable. Interchanging the two set of parameters 

did not affect the results significantly. We only used the significant genes from the gene 

expression analysis as input for the data integration. Subsequently three networks were 

built using sparse Partial Least Squares for the each of the gene lists OnlyTr1, OnlyTr2 
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and Tr1&Tr2. The first two networks were based on six variables (treatment and control 

in three time-points) and the third one on nine variables (two treatments and the control in 

three time-points).  

The resulting un-directed network connects the microbial groups and the genes that have 

absolute correlation values above 0.8. A positive high edge weight hints to a positive reg-

ulatory relationship while a low (negative) weight indicates a possible repression relation-

ship. Networks were visualised using Cytoscape 3.1.0. Enrichment analysis was done on 

the gene neighbours of the bacterial groups via topGO. Fisher's test was applied on the 

results and only terms with p-values lesser than 0.01 were further analysed. The function-

ality of the bacterial groups was determined with the help of experts in the field. 

3.  Results 

3.1.  Genes, gene networks and hubs  

For gene expression analysis, the temporal profiles of the samples from each treatment 

group were compared with those of the control group. We used quadratic regression analy-

sis to obtain two gene lists: one for Tr1vsCtrl (1,643 genes) and another one for Tr2vsCtrl 

(1,562 genes). These lists are in Supplementary File 1. The genes in these lists show sig-

nificant differences in their gene expression profiles over time between the control and 

treatment groups. Supplementary Figure 3 shows the temporal expression profiles of some 

genes, showcasing different possible behaviours under different conditions. For example, 

the expression profiles over time of CHIT1 differs for all three conditions while the pro-

files for some other genes, such as GRB2 and MAPK14, show most difference in only one 

treatment compared to the Ctrl. In other cases, such as ERBB4, MX2 and RELA, signifi-

cant differences in expression are restricted to a single time point. Based on the â3 coeffi-

cients (explained in the Materials and methods section 2.3), 60% of the OnlyTr1 and Only-

Tr2 gene-lists have genes with long lasting differences between the treatment and control. 

The Tr1&Tr2 list has 91% of the genes that have significant long term differences. The 

three gene lists; OnlyTr1, Tr1&Tr2 and OnlyTr2 consist of genes that have gene expres-

sion profiles over time that are significantly different in the treatment compared to the 

control group. These lists are used for the follow-up of the analyses. On these three lists, 
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functional analysis was done using GO enrichment analysis for biological processes with 

topGO. A summary of the results is presented in Figure 1. 

Figure 1: Summary of GO Enrichment analysis results from topGO. Biological processes (Gene 

Ontology terms) are given based on manual interpretation of the most significant enriched terms ob-

tained with topGO. The two circles represent the Tr1vsCtrl and Tr2vsCtrl comparisons. Numbers de-

note the number of input genes in topGO, these genes are have significantly different time profiles in 

the treatment vs the control groups. In the yellow, green and purple fields enriched processes are given 

for OnlyTr1, Tr1&Tr2, and OnlyTr2, respectively.  

In order to verify the results of the topGO analysis and to get insight into networks of genes 

potentially involved in the induction and maintenance of the long-lasting effects, a network 

based analysis was used. The Reactome Functional Interaction (FI) database was used to 

build three functional interaction networks, one for each list of genes. In any of the explored 

gene sets, about 30% of the genes were represented in the FI networks. More than 50% of 

the nodes had significant long-term differences from the control, with the Tr1&Tr2 FI net-

work having the biggest fraction (94%). Within each of the FI networks, we were able to 

identify several topological modules. We identified 9 modules with significant biological 

function in the OnlyTr1 network, 10 modules in the Tr1&Tr2 network, and 6 modules in 

the OnlyTr2 network. The modules are depicted by different colours in Figure 2. Subse-

quently GO enrichment analysis for Biological Processes was performed on the genes in 

each of the identified modules. The GO terms with the highest enrichment score for each 

module are shown in Figure 2. The results of GO enrichment by both methods for the 

same gene lists are notably different especially in the OnlyTr2 list. Information on the 

various topological parameters of the three networks can be found in the Supplementary File 

2. 
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Figure 2: Functional Interaction networks (A, B, C). Genes are represented as nodes in the net-

works, all these genes have time profiles that are significantly different in the treatment than in the 

control. The edges represent interactions between genes as determined by Reactome. Arrows repre-

sent directed interactions, bar-headed arrows indicate inhibition reactions. Dotted lines indicate 

predicted relationships. Network A was built from OnlyTr1 genes, network B from the common or 

overlapping genes (Tr1&Tr2) and network C from OnlyTr2 genes. Colours in the network repre-
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sent the network segmentation into modules. The text denotes the GO term that was most enriched 

for the genes in that module and the number in brackets denotes the number of genes associated 

with that particular GO term. Octagonal nodes are related to the GO term at the set p-value thresh-

old. The nodes with a larger diameter are hubs in the networks. The nodes of the Tr1&Tr2 network 

were rearranged for better visualisation of the modules; the network in the original structure is in 

Supplementary Figure 4. 

The results from topGO show that the OnlyTr1 and Tr1&Tr2 genes are mainly involved 

in innate and adaptive immune processes, whereas the OnlyTr2 list is dominated by genes 

involved in developmental processes. Compared to the topGO analysis, the enrichment 

analysis from Reactome FI provided more detailed functional information. It showed that 

the genes in all three lists are involved in immune processes with dominance of adaptive 

immune processes in OnlyTr1 and innate immune processes in OnlyTr2. The overlap-

ping gene list Tr1&Tr2 included immune signalling functions, interferon and interleukin 

genes, that are speculated to contribute to both types of immunity (Yu and Gaffen 2008; 

Langrish et al. 2004; Le Bon and Tough 2002.  

 

Table 1: Description of the 17 hubs in the three Functional Interaction networks. The number 

of connections of each gene in their respective network is given along with the gene symbol. The 

information about the genes is adapted from www.genecards.or. The hubs can be clustered into 

three broad groups, given in the last column, based on their functions. All these genes have signifi-

cantly different time profiles in the treatment compared to the control. 

   Gene 

Symbol 
Function Summary 

Only-

Tr1 

hubs 

GRB2 

17 

Important link between growth factor receptors on the 

cell surface and Ras signalling 
Cell cycle/ 

Proliferation 

STAT3 

15 

In response to cytokines and growth factors, STAT 

family members are phosphorylated and translocate to 

the nucleus to function as transcription factors. 

Immune 

CDC42 

12 

A GTP-ase involved in signalling for several process-

es, cell migration, morphology, endocytosis, cell cycle 

progression and cell proliferation. 

Cell cycle/ 

Proliferation 
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  CAV1 

11 

Encodes a scaffolding protein that an essential part 

of caveolar membranes. 
Immune 

FOS 

11 

The FOS family encodes for leucine zipper proteins. 

Regulates cell proliferation, differentiation, trans-

formation and apoptotic cell death. 

Cell cycle/ 

proliferation 

Tr1&

Tr2 

hubs 

MYC 

31 

Transcription factor that activates growth related 

genes 
Cell cycle/ 

Proliferation 

MAPK14 

24 

Important for the cascades of cellular responses 

evoked by extracellular stimuli leading to direct 

activation of transcription factors. 

  

RELA 

24 

Forms a complex with NFKB transcription factor 

and regulates the NFKB pathway. 
Immune 

UBE2D2 

24 

Ubiquitin conjugating enzyme that catalyses cova-

lent attachment of activated ubiquitin to other ubiq-

uitin ligases 

Ubiquitination 

ITCH 

23 

Ubiquitin-protein ligase which accepts ubiquitin 

from an ubiquitin-conjugating enzyme and then 

directly transfers the ubiquitin to targeted substrates. 

Ubiquitination 

IKBKG 

22 

Regulatory subunit of the IKK core complex which 

phosphorylates inhibitors of NFKB and ultimately 

the degradation of the inhibitor 

Immune 

SP1 

22 

Transcription factor (activator or repressor) that 

regulates many cellular processes 
Cell cycle/ 

Proliferation 

RHOA 

20 

Regulates signalling from plasma membrane recep-

tors to the assembly of focal adhesions and actin 

stress fibers. 

Cell cycle/ 

Proliferation 

RPS3 

20 

Component of the 40S ribosomal subunit, where 

translation is initiated 
  

FBXW7 

19 

Part of the ubiquitin ligase complex (SCF) which 

recognizes and binds to phosphorylated targets. 
Ubiquitination 

Only-

Tr2 

hubs 

UBA52 

20 

One of the four genes that code for ubiquitin, and 

ribosomal components which are part of the ribo-

some 60S subunit. 

Ubiquitination 

STAT1 

12 

In response to cytokines and growth factors, STAT 

family members are phosphorylated and translocate 

to the nucleus to function as transcription factors. 

Immune 
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The network analysis provided insight into genes with potential high level regulatory ac-

tivity, i.e. genes in the network with high number of connections/edges. A list of these 

potential high level regulators or hubs and a gist of their known biological functions is 

given in Table 1. The temporal expression patterns of three of these 17 genes are shown in 

Figure 3 (all 17 of them can be found in the Supplementary Figure 4). Except for the two 

hubs of the OnlyTr1 FI network, all the hubs have long term differences in expression 

between the treatment and control based on the β3 regression coefficient. The hubs in all 

the three networks can be roughly assigned to three functional categories: immune, cell 

cycle or proliferation, and genes involved in ubiquitination. There are two genes that are 

not part of these three clusters, MAPK14 and RPS3, where the latter is an important com-

ponent of the ribosome. MAP kinases act as an integration point for multiple biochemical 

signals, involved in a wide variety of cellular processes like proliferation, differentiation 

and development. They are activated by environmental stresses or cytokines.  

Figure 3: Gene expression patterns of important hubs. In Figure 3 each graph depicts the tem-

poral expression pattern of a single gene. These temporal changes are shown under three different 

conditions: Ctrl (red line), Tr1 (green line), and Tr2 (blue line). The x-axis indicates the time in 

days. The expression values (y-axis) are scaled such that the average expression of each gene is 0 

and the standard deviation is 1. 

All the hubs in the OnlyTr1 are either immune or cell cycle/proliferation related genes. 

This is reflected in the positioning of these genes in the network. They are found in the 

two modules related to immunity; T-cell co-stimulation and leukocyte migration (Figure 
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2). The genes in the ubiquitin cluster are from the Tr1&Tr2 and OnlyTr2 networks; they 

code for ubiquitin itself (UBA52) and also for proteins that perform the conjugation and 

ligation of ubiquitin to other proteins. These hubs in the Tr1&Tr2 network are in the 

module for protein ubiquitination; this module has the highest number of hubs. Other hubs 

in this network are from four modules as shown in Figure 2. In the OnlyTr2 network, 

there are two hubs, UBA52 and STAT1. 

3.2.  Microbiota temporal changes 

The relative contribution of the microbiota was filtered as described in Material & Meth-

ods and was left with 125 microbial groups which represent 99% of the population. The 

relative contribution values of these 125 groups were used in the regression analysis to 

identify groups that can be further related to gene expression levels. After a two-way 

ANOVA analysis in maSigPro, there were 46 microbial groups that showed significant 

differences over time or treatment compared to the control. Some bacterial groups like 

Brachyspira show different contributions in different conditions but some groups like 

Bacillus et rel show major differences only at one time point and one treatment. Supple-

mentary Figure 6 shows these temporal changes for all the 46 groups. 

3.3. Integration of microbiota and gene expression analysis 

By performing statistical integration of both the microbiota and host gene expression da-

tasets, (mixOmics R package), we tracked changes in jejunal gene expression which fol-

low the changes in microbial populations as determined on the same location in the gut. 

The changes will reflect the similarity or dissimilarity of a pair of data points across time. 

The resulting similarity matrix was used to connect the microbial groups and the expres-

sion of genes into a network. The first network, OnlyTr1, was built with 498 genes in 6 

conditions (Ctrl, Tr1 with 3 time-points each) and 46 level2 microbial groups in the same 

conditions. The second network (Tr1&Tr2) was built with 1,145 genes and the same 46 

microbial groups, and the conditions were the control and both Tr1 and Tr2 at the 3 time-

points, this gave rise to 9 conditions. The third one had again 6 conditions (Ctrl and Tr2 in 

3 time-points) with 417 genes and the same 46 bacterial groups. The networks represent 

the correlation between the microbiota and the gene expression data and are shown in 

Figure 4.  
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Figure 4: Correlation networks of changes in gene expression patterns and microbiota compo-

sition: Blue nodes represent genes and the pink ones represent bacterial groups; pink nodes with a 

cyan boundary are nodes common in the three networks. The edges represent positive (green) and 
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negative (red) correlation between a gene and a bacterial group. Networks A, B and C were built by 

correlating the gene lists OnlyTr1, Tr1&Tr2 and OnlyTr2 respectively with the 46 microbial 

groups resulting from the regression analysis. All the nodes (bacterial groups and genes) have a 

significantly different expression profile in time or treatment compared to the control. 

There are a total of 22 bacterial groups involved in the three networks, among these, 7 are 

found in all three networks (Table 2). Most of these bacterial groups share the same tem-

poral pattern of relative contribution (shown in Supplementary Figure 6) and are charac-

terized by an increase in abundance over time. Of the 22 bacterial groups in the three cor-

relation networks, only six are known to be possible pathobionts and their abundance, 

though increasing with time, remains low at all time-points and treatments. The other 16 

bacterial groups are known for being beneficial to the intestine by producing short chain 

fatty acids or reducing toxic substances (Table 2). Four of the bacterial groups show a 

decrease in abundance, and are found in the OnlyTr2 correlation network. Three bacterial 

groups had consistently large number of gene neighbours: Eubacterium et rel, Faecalibac-

terium et rel and Ruminococcus bromii. These three groups also share several gene neigh-

bours in all the three networks and are quite central in the network as indicated by net-

work parameters (Supplementary File 3).  

Table 2: Summary of the three correlation networks with information on bacterial groups. 

The bacterial groups that are part of the networks are listed along with the number of genes with 

which they are highly correlated. Several genes are shared between bacterial groups. Both the genes 

and the bacterial groups are significantly different either in time or treatment between the control. 

The first seven groups are common between the three networks. Some general information on these 

bacterial groups is also given in the last column. 

Bacterial Groups 

Number of cor-

related genes in 
Information Only 

Tr1 

Tr1& 

Tr2 

Only 

Tr2 

Eubacterium et rel 14 165 128 Anaerobic, Gram positive, broad range of species 

Ruminococcus bromii et rel 39 65 63 Anaerobic, Gram positive, keystone species in gut, 

digestion of resistant starch 

Faecalibacterium et rel 35 40 43 Obligate anaerobe, Gram negative, produces butyr-

ate, has anti-inflammatory properties 
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Campylobacter 1 35 62 Microaerophilic, Gram negative, known 

pathogen in humans 

Lawsonia intracellularis et rel 15 22 9 Gram positive, Porcine intracellular en-

teropathogen 

Butyrivibrio crossotus et rel 22 1 2 Anaerobic, Gram positive, butyrate pro-

ducer 

Bacteroides distasonis et rel 5 1 5 

Obligate anaerobe, Gram negative, reclas-

sified to Parabacteroides distasonis, pro-

duces acetate and succinate, possible path-

ogen 

Fusobacterium et rel   1 9 
Anaerobic, Gram negative, generally bu-

tyrate producers, possible pathogen, po-

tent lipopolysaccharide 

Eubacterium hallii et rel 3     Anaerobic, uses lactate and produces bu-

tyrate 

Roseburia intestinalis et rel 1     Anaerobic, Gram positive, butyrate pro-

ducer 

Coprococcus eutactus et rel 16   1 Anaerobic, Gram positive, mostly acetate 

producer 

Brachyspira     43 Anaerobic, Gram negative, some known 

pathogens 

Eubacterium biforme et rel     36 Anaerobic, involved in lipid metabolism 

Catenibacterium et rel     32 Obligate anaerobes, Gram positive, digest 

simple sugars 

Turneriella     18 Obligate anaerobes, Gram negative 

Bordetella et rel     15 Obligate anaerobes, Gram negative, 

known to cause respiratory diseases 

Erysipelothrix     11 Facultative anaerobes, porcine pathogens 

for skin diseases 

Lactobacillus acidophilus et rel     10 Microaerobic, Gram positive, ferments 

sugars into lactic acid, probiotic 

Desulfovibrio et rel     8 Aerotolerant, Gram negative, reduce toxic 

substances like sulphate 

Uncultured Prevotella     4 
Gram negative, pathogens in respiratory 

tract, breaks down proteins and carbohy-

drates 

Oxalobacter et rel     2 Anaerobic, oxalate reducing 

Thiocapsa et rel     2 Mostly anaerobic, oxidise sulphur, photo-

synthetic 
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Network topological features also revealed that in all three networks, 40% to 55% of the 

host genes were neighbours of a single bacterial group. The rest of the genes highly corre-

late with more than one bacterial group, and a maximum of 8 bacterial groups. About 60% 

of the genes are shared between at least two bacterial groups. The maximum radiality 

(indicative of how connected the nodes are to all the other nodes, with values ranging 

from 0 to 1) was 0.8 to 0.9. This is apparent from the visualization of the networks in Fig-

ure 4 which shows only a few nodes in the centre connected to most of the other nodes. In 

the three correlation networks, 60% – 80% of the edges have negative correlation values 

The GO terms that appeared enriched in the gene list of each of the correlation networks 

are mostly related to four broad functions, metabolic processes, transport of substances, 

translation, and some immune processes (shown in Supplementary File 3). Most of these 

genes are negatively correlated with the bacterial groups; this indicates general reduction 

of the expression levels of these genes across time. But these genes exhibit significant 

treatment effects, especially long term effects which are not reflected in the temporal pat-

terns of the bacterial groups with which they are highly correlated. 

In each correlation network, 20% of the genes are found in the FI networks from gene 

expression data alone. A separate topGO analysis shows that the genes in each of the cor-

relation networks are enriched for GO terms that are related to four broad categories of 

biological processes. These categories are, Metabolic Process, Transport, Translation and 

Immune Processes. In the OnlyTr1 and Tr1&Tr2 correlation networks, the genes associ-

ated with the most significant GO terms are mostly (70% and 80%) negatively correlated 

with the microbial groups. But in the OnlyTr2 correlation network, these genes are most-

ly (60%) positively correlated with the microbial groups. More than 50% of the genes in 

the three networks have significant long term differences from the control.  

4. Discussion 

In this paper we describe a workflow and a set of methods capable of analyzing and inte-

grating different types of data in two dimensions, treatment and time. These methods were 

then used for the identification of gut system components that contribute to the induction 

and maintenance of long-lasting effects in the GI tract as induced by perturbations at a 

young age. To this end we combined multiple, freely available tools and advanced statisti-
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cal analytical tools. We used temporal gene expression patterns, obtained using microar-

ray technology, to identify genes and biological processes that are affected over time by 

the early life perturbation with antibiotic and/or stress treatments. In addition, we used 

community-scale analysis of gut microbiota from the same location of the gut to identify 

changes in microbiota profiles over time due to the perturbations.  

With this approach we have taken the first steps in unravelling the genomic and microbial 

networks that contribute to long-lasting responses of early life perturbations in the gut. 

The results reveal that there are significant long-lasting differences in the system of the GI 

tract between the different perturbations groups, mainly at the gene expression level. The 

data presented are consistent with the hypothesis that observed long lasting effects on 

gene expression are most probably due to differences in the programming of the gut im-

mune system as induced by the temporary early life changes in the composition and/or 

diversity of microbiota in the gut. Furthermore, we were able to identify potential key 

regulator genes (hubs) for the long-lasting effects and we have identified microbial groups 

that are potentially associated with the observed changes in intestinal gene expression. 

In the following sections of this Discussion we explain the rationale behind choosing 

these methods for our particular biological question. In the sections “Biological relevance 

of the hubs”, “Crosstalk between host and microbe components” and “Understanding the 

long lasting changes in the host” we examine the biological relevance of the results. The 

other sections mainly deal with methodology aspects. 

Experimental approach 

Intestinal gene expression and microbiota profiles were generated on three different time-

points; day 8 (neonatal), 55 (young adult), and 176 (adult). Day 8 was chosen because it is 

known that immediately after perturbations, as used here, changes occur in the pattern of 

microbial colonizing of the gut as well as in the GI tract mucosal gene expression 

(Willing, Russell, and Finlay 2011; Niewold 2007; Collins and Bercik 2009. The second 

measurement at day 55 was chosen because the microbiota would have stabilised by then 

after weaning (around day 28). Weaning is an extremely turbulent process (Pluske, Le 

Dividich, and Verstegen 2003; Konstantinov et al. 2004; Lallès et al. 2007 that brings 
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about several temporary changes which are not the focus of our study. The last measure-

ment was on day 176 after birth which coincides with the time of slaughter of these pigs.  

Intestinal bacterial composition and gene expression patterns change over the lifetime of 

an animal due to changes in nutritional, environmental and physiological factors (Elahi et 

al. 2013; Belkaid and Hand 2014; Konstantinov et al. 2004. Obviously, these normal de-

velopmental changes could also be detected in this study; however we were particularly 

interested in deviations from the normal developmental patterns due to the early life per-

turbations. Previous work on subsets of these data (Schokker et al. 2014; Schokker et al. 

2015 showed that there are significant differences between the control and treatment 

groups at each time point. In the analysis described here, we incorporated the information 

across time and between treatments by the use of a quadratic regression analysis 

(maSigPro R package). In addition, we studied the behaviour of the microbiota over time 

and looked for correlations with gene expression patterns using the mixOmics R package, 

because it is known that the microbiota and gut mucosal tissue respond to each other in 

various ways (L. V. Hooper, Littman, and Macpherson 2012; Nicholson et al. 2012.  

Analysis of treatment effect on temporal gene expression 

For analysis of data derived from three time-points and two treatments, a regression analy-

sis is better suited than a pairwise comparison with linear models, PCOA or hierarchical 

clustering which was done in earlier work by Schokker et al (Schokker et al. 2014; 

Schokker et al. 2015. The resulting gene lists from Tr1vsCtrl and Tr2vsCtrl are separated 

into three lists to be able to look at the biological processes common to both the gene lists 

which is expected to be due to the effect of the antibiotic. With the resulting three gene 

lists, we performed GO enrichment analysis with two different methods: topGO and Reac-

tome. An important difference between the two methods is that Reactome is manually 

curated with experimentally verified information; whereas topGO only uses gene annota-

tion information that is, in many cases, automatically generated without further manual 

verification. As expected, the Reactome analysis resulted in richer information and en-

compassed most of the results from the topGO analysis. The network format of Reactome 

also allows for more informative visualization and further analysis using the topology. For 

these reasons we decided to concentrate our gene expression analysis on the enrichment 

results from Reactome where ever possible.  
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Network analysis  

In the FI networks OnlyTr1 and OnlyTr2, more than half of the nodes have a significant 

long-lasting expression pattern difference in the treatment versus control. This is signifi-

cant for most of the nodes in the Tr1&Tr2 FI network which is representative of the ac-

tion of antibiotic. This reveals that most of the long lasting effects are due to the antibiotic 

effect in the treatment. These genes with long lasting differences are spread over all the 

modules which indicates that all the biological processes in the network (Figure 2) are 

different over time. Several of these processes are essential cellular processes and some 

are immune related. This could lead to situations that the treated animals respond differ-

ently to external stimuli compared to control animals. In order to look further into these 

long lasting differences we analyse the hubs of the network. 

Analysis of hubs 

Investigating the hubs of networks gives insight into the entire network function (Barabasi 

and Oltvai 2004 and the nodes in our networks are also found to be important for several 

biological functions (Albert, Jeong, and Barabasi 2000; Jeong et al. 2001; Barabasi and 

Oltvai 2004 as mentioned in the Results. In most network analysis the degree itself 

(Ekman et al. 2006 or the degree distribution is used to choose the most connected hubs (I. 

W. Taylor et al. 2009. We chose the top 40% of the degree distribution as hubs, which is a 

more lenient threshold than usual because of the large differences in degree distribution 

within the three networks. Nevertheless, we still were able to identify multiple hubs per 

network and extract biological functions for these hubs (Table 1). Of the three categories 

that the functions of the hubs can be classified into, the cell cycle/proliferation category is 

more abundant than the other two.  

It is intriguing to note that most of the hubs of the three networks are known for being 

high level regulators for several biological processes, which supports the relevance of this 

network analysis. The hubs from the overlapping network, Tr1&Tr2 are involved in di-

verse biological processes and signalling/cascading events. The expression of all the hubs 

in the OnlyTr1 and the Tr1&Tr2 networks is significantly different over time in compar-

ison with their expression pattern in the control group. We speculate that the treatments 

directly or indirectly affect these hubs which then regulate genes to bring about the long 



53 

Chapter 2 

 

2 

term effects of the treatments. The hubs in the OnlyTr2 network conspicuously do not 

have significant expression level differences over the time span of the experiment when 

compared to the control group. This suggests that the stress component of the treatment 

does not affect the animal in the long term as much as the antibiotic alone does. 

Biological relevance of the hubs 

Among the hubs, there are two STAT genes, STAT3 and STAT1, in the OnlyTr1 and On-

lyTr2 networks respectively. The STAT family of genes are well studied and have a role in 

signalling events but also act as transcription factors (Levy and Darnell 2002. The STAT1, 

STAT2, STAT3, STAT4 genes, found to have significantly different temporal expression 

patterns in the treatments versus the control, are especially related to immune reactions 

(Levy and Darnell 2002; Levy and Lee 2002; Poe et al. 2013. This is in agreement with 

the results of our functional analysis of the networks. STAT3 and STAT1 are known to be 

up-regulated in cases of bacterial infection (Levy and Darnell 2002; Lad et al. 2005; 

Kernbauer et al. 2012; Avalle et al. 2012. In addition, expression of STAT1 has been re-

ported to be reduced in the presence of antibiotics (Lad et al. 2005; Levy and Lee 2002; 

Fryknäs et al. 2007; Avalle et al. 2012. The latter is reflected in our data by the temporal 

expression patterns shown in Figure 3. Though the overall expression patterns of STAT1 

among the three groups are similar, antibiotic treatment and the concomitant change in 

microbial communities, has a clear effect on STAT1 expression, especially at the first two 

time-points. Expression of STAT1 on day 8 in Tr2 is, however, quite high compared to the 

Ctrl, this could indicate that the stress applied at day 4 counteracts the effect of the antibi-

otic. STAT3 is known to be important for survival of embryos (Ihle 2001; Levy and 

Darnell 2002; Levy and Lee 2002, it is important during the early stages of development 

but is not found to be essential in adult tissue (Levy and Lee 2002. This is reflected in the 

observed decreasing expression levels of STAT3 over the three time-points (Figure 3). The 

observed contrasting expression pattern of the STAT1 and STAT 3 hubs, may be related to 

the previous observations that STAT1 and STAT3 counteract each other (Qing and Stark 

2004; Avalle et al. 2012.  
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Data integration 

With regard to the microbiota composition and diversity, this study revealed a more prom-

inent effect of time than that of treatment. This is in accordance with previous observa-

tions that indicate that the diversity and composition of intestinal microbiota change con-

siderably over time (Konstantinov et al. 2006; Inoue et al. 2005. As expected, the treat-

ment effects are strongest at the first time point, taking into account the efficacy of the 

used antibiotic (Arrieta et al. 2014; “EMEA: Tulathromycin” 2004. As soon as the antibi-

otic wears off, the microbiota returns to the “normal” state. This is consistent with known 

literature about the resilience of microbial communities (Jernberg et al. 2010; 

Antonopoulos et al. 2009.  

Since the gene expression data as well as the microbiota data change with treatment and 

time, this presents an opportunity to correlate these different types of information and look 

into probable relationships and interactions in the jejunum between microbiota and gene 

expression of the cells in the mucosal layer. We assumed that the OnlyTr1 and Tr1&Tr2 

networks represent the effect of the antibiotic on the cross-talk between microbiota and 

mucosal cells. The OnlyTr2 correlation network could be interpreted as a representation 

of the cross-talk between the host and microbiota in response to stress, although we did 

not look at the effect of physical stress alone. The bacterial groups with the most gene 

connections are common to the three correlation networks. This indicates that the two 

treatments do not have drastic effects on the possible host microbiota interactions. The 

OnlyTr2 correlation network has more bacterial groups that correlate with genes which 

suggests that the physical stress factor alters the cross-talk more than the antibiotic alone 

does. The number of known pathobionts increases in the latter network which could be an 

indication of a tendency towards pathology in stressful conditions.  

Crosstalk between host and microbe components 

There are three bacterial groups that correlate with a high number of genes in all the three 

networks: Eubacterium; Ruminococcus bromii; and Faecalibacterium. Eubacterium is a 

genus with very diverse species. Ruminococcus bromii is a species that has been exten-

sively studied for its ability to breakdown resistant starch (Ze et al. 2012 to produce ace-

tate on which other bacterial groups can survive. Another beneficial bacterial group is 
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Faecalibacterium which is a relatively new genus with only one species documented so 

far, F. parusnitzii and it has been reported to be extremely beneficial to the host. Rumino-

coccus bromii; and Faecalibacterium are reported to be most abundant in the anaerobic 

environment of the colon (Abell et al. 2008; Zheng et al. 2009. Nevertheless, there is evi-

dence that the small intestine is populated with quite a few of such fermenters (Zoetendal 

et al. 2012. In our analysis the abundance of these bacterial groups in the jejunum corre-

lates to the expression level of a considerable number of genes. This suggests that they are 

major players in the cross-talk in the jejunum. Lawsonia intracellularis and species of 

Campylobacter are found to be correlated with several genes. These groups are known 

mammalian pathogens of the small intestine. It could be speculated that, in these healthy 

animals, they are involved in balancing between immune tolerance and immune respons-

es.  

Understanding the long lasting changes in the host 

The results of the regression analysis on gene expression alone show that there are differ-

ences between the three treatment groups for a long time after the perturbation. These 

differences are reflected in immune functions and cell proliferation related functions. It 

has been suggested that stress and antibiotics compromise the immune system, but in dif-

ferent ways (Söderholm and Perdue 2001; Konturek, Brzozowski, and Konturek 2011; 

Willing, Russell, and Finlay 2011. The action of antibiotics could change the delicately 

balanced signalling between microbiota and the intestinal cells. This change during early 

stages of development is expected to influence the development and programming of the 

immune system with consequences for the later life functioning of the immune system. It 

has been proposed that macrolides (the type of antibiotic given in this experiment) work 

by recruiting immune cells to carry the antibiotic to the afflicted tissue (X. Wang et al. 

2012; Benchaoui et al. 2004. This mode of action will bring about temporary changes in 

the immune system but cannot explain the observation as described here. Stress is known 

to cause structural changes in the intestinal tissue (Söderholm and Perdue 2001; Bhatia 

and Tandon 2005; Taché et al. 2001 and may affect the microbial populations (Collins and 

Bercik 2009.  
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The above described changes are not expected to last over a long period of time; intestinal 

cells have a large turnover (Creamer, Shorter, and Bamforth 1961; van der Flier and 

Clevers 2009 almost every 4 to 5 days. Yet we find changes that persist for 51 and even 

172 days after the perturbation of the gut system. This suggests that the programming and 

development of the immune system occurred differently between the different treatment 

groups. Since the microbial composition at day 8 significantly differed between the treat-

ments groups we believe that the difference in immune programming and development is 

due to differences in the early life crosstalk in the gut between microbes and host. This 

line of thinking is agreement with the conclusions in several other recent studies in this 

area (Hoskin-Parr et al. 2013; Cox et al. 2015. It is also in line with our own observation 

that the microbiota composition returns to the normal state briefly after the perturbation. 

Memory cells of the mucosal immune system could play an important role in the program-

ming of the mucosal immune system (Ahmed and Gray 1996; Schokker et al. 2015; 

Belkaid and Hand 2014. Furthermore even though stress was not expected to play a very 

prominent role in changing the system in the long term, we see that in some instances, it 

counteracts the effects of the antibiotic. The mechanism behind this is yet to be fully un-

derstood. 

Pigs are regarded as a useful model for research into modulation of the human gut, espe-

cially with regard to microbiota-host immune interactions (Heinritz, Mosenthin, and 

Weiss 2013. This experiment was designed to disturb the pattern of early colonization of 

the gut by microbiota with known effects later in life (Arrieta et al. 2014. The factors used 

for perturbation were, treatment with an antibiotic or an antibiotic with stress at day 4 

after birth. Both human neonates as well as piglets in intensive husbandry systems may be 

exposed to such factors. Therefore our results may be relevant for both humans and pig-

lets. 

Conclusions 

We used an early life intestinal perturbation in piglets and demonstrate long lasting ef-

fects, as measured on the intestinal gene expression level. We provide substantial evi-

dence that several biological processes of the gut mucosal tissue are in a different state 

between the experimental groups over a long period of time. However, the regression 
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analysis did not identify significant differences among the temporal patterns of the bacte-

rial species, and the treatments do not seem to affect long term changes in the microbiota. 

We conclude that the difference in immune programming and development is due to dif-

ferences in the early life crosstalk in the gut between microbes and host, resulting from the 

perturbations. Since we identified potential high-level regulators of long term changes in 

the gut, we are one step closer to identifying the underlying mechanisms. Although the 

treatments did not lead to phenotypical manifestations, like weight differences between 

the animals, the exposure of pigs to stressors like pathogen challenges could bring out 

immune variations between the groups. Studying these subtle differences may help to de-

velop strategies to modulate the process of immune development and programming. The 

results of this paper are supportive for the recent notion that antibiotics should be used 

more carefully in neonatal humans and animals.  
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Supplementary Figures and Files 

All the Supplementary files and figures can be found at:  

http://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-015-1733-8#Declaration  

Supplementary Figure 1: Experimental Design. The figure shows the timeline of the 

experiment, and each line shows a different group of animals. The red line represents the 

control group, the blue line the Antibiotics alone (Tr1) and the green line the group given 

Antibiotics and Stress (Tr2). The pink block represents the intervention of the groups and 

the light blue boxes represent times of sampling. The boxes at the bottom represent the 

distribution of the groups among the sows, the pigs were housed in the same manner after 

weaning. 

Supplementary Figure 2: Microarray Analysis. Workflow of the microarray analysis 

with the specific details. 

Supplementary Figure 3: Types of Differences in Time Profiles. Each graph depicts 

the temporal expression pattern of a single gene. These temporal changes are shown under 

three different conditions: Ctrl (red line), Tr1 (green line), and Tr2 (blue line). The x-axis 

indicates the time in days, the y-axis has expression values scaled such that the average 

expression of each gene is 0 and the standard deviation is 1. 

Supplementary Figure 4: Expression of FI network hubs. Expression profiles of 17 

hubs of the three FI networks. Each graph depicts the temporal expression pattern of a 

single gene. These temporal changes are shown under three different conditions: Ctrl (red 

line), Tr1 (green line), and Tr2 (blue line). The x-axis indicates the time in days, the y-axis 

has expression values scaled such that the average expression of each gene is 0 and the 

standard deviation is 1. 

Supplementary Figure 5: Original Tr1&Tr2 FI network. Network formed with genes 

that have significantly different time profiles between both treatments vs the control 

group. 
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Supplementary Figure 6: Temporal changes in composition of bacterial groups used 

in the correlation networks. Each graph represents the compositional changes of select-

ed bacterial groups over time. The bacterial groups were chosen based on an ANOVA 

analysis. The time in days is on the x-axis, the log values of the contribution of the bacte-

rial groups is on the y-axis. Each of the 46 graphs have a different scale on the y-axis due 

to the extreme differences between contributions of each of the bacterial groups. 

Supplementary Figure 7: OnlyTr1 Reactome FI network 

Supplementary Figure 8: Tr1&Tr2 Reactome FI network 

Supplementary Figure 9: OnlyTr2 Reactome FI network 

Supplementary Figure 10: OnlyTr1 correlation network 

Supplementary Figure 11: Tr1&Tr2 correlation network 

Supplementary Figure 12: OnlyTr2 correlation network 

Supplementary File 1: List of significant genes in different conditions. 

Supplementary File 2: Information on the Reactome FI networks.  

Supplementary File 3: Information on the correlation networks. 
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Abstract 

The genotype and external phenotype of organisms are linked by so-called internal pheno-

types which are influenced by environmental conditions. In this study, we used five exist-

ing –omics datasets representing five different layers of internal phenotypes, which were 

simultaneously measured in dietarily perturbed mice. We performed ten pair-wise correla-

tion analyses verified with a null model built from randomized data. Subsequently, the 

inferred networks were merged and literature mined for co-occurrences of identified 

linked nodes.  

Densely connected internal phenotypes emerged. 45 nodes have links with all other data-

types and we denote them ‘connectivity hubs’. In literature, we found proof of 6% of the 

577 connections, suggesting a biological meaning for the observed correlations. The ob-

served connectivity’s between metabolite and cytokines hubs showed higher numbers of 

literature hits as compared to the number of literature hits on the connectivity’s between 

the microbiota and gene expression internal phenotypes. We conclude that multi-level 

integrated networks may help to generate hypotheses and to design experiments aiming to 

further close the gap between genotype and phenotype. We describe and/or hypothesize 

on the biological relevance of four identified multi-level connectivity hubs. 

Keywords: Data integration, Internal phenotype, Transcriptomics, Proteomics, Metabo-

lomics, Microbiota, Gastrointestinal tract, Systems Biology.  

 

 

 

 

 

 



64 

Chapter 3 

 

3 

Introduction 

The information encoded in the genome (genotype) and the external quantitative traits or 

characteristics (phenotype) of an organism are linked to each other by several layers of so-

called, intermediate (Fontanesi 2016; Leuchter et al. 2014 or internal (Houle, 

Govindaraju, and Omholt 2010 phenotypes. Several of these internal phenotypic layers 

are shown in Figure 1 that visualizes the conceptual relationship between the external phe-

notype (P), the genotype (G), the environment (E), and the G&E interactions. The epige-

nome is tightly associated with the genome and represents the programming of gene ex-

pression which is not dependent on the DNA code itself. The transcriptome layer repre-

sents direct effects of the environment on the gene expression of the (epi-)genome. Trans-

lation of the transcriptome into proteins represents the next internal phenotype. The subse-

quent layer is represented by complex metabolite profiles. The organism-associated mi-

crobiota, especially those in the gut, can be regarded as a separate internal phenotypic 

layer, because it is not only dependent on the host genome but also heavily influenced by 

its environment, particularly by nutrition (Montiel-Castro et al. 2013; Schwartz et al. 

2012. Although for several traits the quantitative effects of the environment on the exter-

nal phenotypes are known (Cani et al. 2008; de Wit et al. 2011; Gentry et al. 2004, the 

specific effects of the environment on the internal phenotypes are largely unknown. Fur-

thermore, it is obvious to assume that the various layers of internal phenotypes are con-

nected to each other and that their joint profiles ultimately determine the external pheno-

type (Fontanesi 2016; Leuchter et al. 2014. Unfortunately, most of these assumptions are 

not based on solid evidence and at best represent oversimplifications of the dynamic na-

ture of processes involved in determining external phenotypes. It, furthermore, partly ex-

plains the knowledge gap that exists between the genotype and the external phenotype.  
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Figure 1: Relationship between the external phenotype (P), the genotype (G), the environment (E), 

and the G&E interactions. The internal phenotypic layers and the environmental factor with a darker 

outline are included in the present study.  

Therefore, the objective of this study was to develop methodologies to identify compo-

nents in the internal phenotypic layers that are connected to components in other internal 

phenotypic layers. To this end, we integrated multi-scale quantitative (-omics) data using 

a regression approach. The used data sets were derived from a single experiment with 

inbred mice which were exposed to five different dietary interventions as a means to per-

turb the different internal phenotypes. With a data-driven approach we were able to identi-

fy a large number of potential connections between the various intermediate phenotypes 

and for several we found proof of causal relationships in literature. The results of this 

study provide a basis to understand how various internal phenotypic layers are connected 

to each other. The identified connections may be crucial for the identification of causal 

relationships (Civelek and Lusis 2014 between various biological scales and to uncover 

mechanisms involved in determining external phenotypes. 

Materials and Methods 

Origin of data 

We used data from an experiment with six-week old inbred mice that were fed for four 

weeks with six different semi-synthetic diets (Kar et al. 2016. In brief: thirty-six 21-day-

old C57BL/6J mice (Harlan Laboratories, Horst, the Netherlands) were divided into 6 

groups and housed in pairs with ad libitum access to diet and water. After adaptation for 

one week to a standard diet, the mice were fed semi-synthetic diets containing 300 g/kg 
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(as fed basis) of one of the alternative protein sources for 28 days: soybean meal; casein; 

partially delactosed whey powder; spray dried plasma protein; wheat gluten meal and yel-

low meal worm. At the end of the experiment, mice were sacrificed to collect ileal tissue 

to acquire gene expression data, ileal digesta to study changes in microbiota, blood serum 

to profile cytokines and chemokines and blood and urine to profile amine metabolites. All 

procedures were approved by the animal experimentation board at Wageningen University 

& Research Center (accession number 2012062.c) and carried out according to the guide-

lines of the European Council Directive 86/609/EEC dated November, 1986. Multi-omics 

data were obtained with regards to: whole genome gene expression profiles of ileal tissue 

as measured with Affymetrix GeneChip mouse gene 1.1 ST microarrays (Affymetrix, 

Santa Clara, CA, USA); community scale microbiota composition of ileal digesta by tar-

geted-amplicon DNA sequencing of the bacterial 16S rDNA V3 region on an Illumina Mi

-Seq sequencer; 23 serum cytokine and chemokine concentrations (pg/ml) using a Bio-

Rad Mouse 23-plex kit (Bio-Rad, Hercules, CA, USA); and amine metabolic profiles of 

serum and urine using an ACQUITY UPLC system coupled online with a Xevo Tandem 

quadrupole mass spectrometer (Waters) operated using QuanLynx data acquisition soft-

ware (version 4.1; Waters) (Kar et al, in preparation). The data from the ileum reflects the 

local effects of the dietary interventions, the other three data assess the systemic effects.  

Pre-processing and selection of data 

An overview of the five types of data and their specifics are given in Table 1. Each dataset 

was pre-processed in a similar way using the R package limma (Smyth 2005 to find the 

differentially significant data-points. The data is first log transformed and then this data is 

fitted to a linear model using the function lmFit (Phipson et al. 2016 which will give back 

information on the differences between the genes in different arrays and subsequently 

different comparisons of control vs treatment. Then we used the function eBayes (Phipson 

et al. 2016 which applies an empirical Bayes method to compute p-values for a t-statistic 

under the assumption that only 1% of the genes are differentially regulated among all the 

genes in the arrays. This p-value is then subjected to a Benjamini-Hochberg (Benjamini 

and Hochberg 1995 multiple testing, also known as a False Discovery Rate (FDR).  
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Table 1: Pre-processing and specificities of each data-type. Details of the site of sampling and 

data dimensions before and after pre-processing are indicated. The first number indicates the num-

ber of variables in the data and the second number denotes the number of samples. 

 

This analysis was done by comparing the data of each dietary group against the data of the 

dietary group that received soy bean meal as protein source, which is the most common 

source of protein in animal diets. The FDR value of the data, is used to gauge significance 

and data-points that were significant in at least one of the five comparisons of the diets 

were included in the integration analysis. Except for the Cytokine and Metabolomics Se-

rum (using the amine measurement), all the data-types had some samples thrown out due 

to quality control. Two types of metabolomics measurements were done on the sampled 

urine; Amine and Acyl-carnitine, the amine dataset did not have sufficient statistically 

significant data-points so was discarded. We only work with the Acyl-carnitine measure-

ment in urine. 

Data integration, network generation and network assessment.  

All significantly different data-points were used in the integration which was initially per-

formed with two datasets at a time, so that from the 5 datasets 10 integrated networks 

were generated. The integration was performed using the function sPLS (sparse Partial 

Least Squares) in regression mode with ncomp = 5, from the R package mixOmics 

(Dejean et al. 2011; González et al. 2012; Lê Cao, González, and Déjean 2009. The re-

gression mode is used to model causal relationship between variables in both datasets by 

identifying combinations of variables between both datasets. Weight vectors used in the 

regression modelling are termed loading vectors. sPLS is used to perform simultaneous 

Properties Transcriptomics Microbiota Cytokine 
Metabolomics 

Serum 

Metabolomics 

Urine 

Sampling Ileum Ileum Serum Serum Urine 

Before pre-

processing 
16,410 * 33 148 * 33 23 * 36 41 * 36 16 * 28 

After pre-

processing 
52 * 33 22 * 33 13 * 36 26 * 36 16 * 28 
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variable selection in the two datasets to be integrated and employs LASSO (Least Abso-

lute Shrinkage and Selection Operator) penalization (Tibshirani 2011 on the loading vec-

tors. This approach requires one data set, X with nx elements, to be designated the predic-

tor and the other, Y with ny elements, the response. As an output, the approach produces a 

matrix Ma(X,Y) of size nx x ny representing the relevant correlations between both da-

tasets, so that: 

Where cor(Xi,Yj ) is Pearson’s correlation between elements i and j from datasets X and Y 

respectively. The correlation is computed across all available samples (here corresponding 

to dietary exposures). 

Since it is not trivial to determine the predictor and response with biological data, we 

swapped the two types of data to compute Mb(Y,X), a matrix of size ny x nx where the 

roles of X and Y have been interchanged. Both matrices, Ma and Mb where combined into 

a final matrix M(X,Y) size nx x ny using 

where t represents matrix transposition. Thus, non-null elements of the matrix M(X,Y) 

represent correlations between data types that have been deemed associated. This matrix 

can be seen as a weighted adjacency matrix representing a network where two nodes Xi 

and Yj are connected via an edge if a non-null weight can be assigned to the edge. This 

weight is represented by the matrix value mij. 

To further prune the network of (possibly) spurious interaction two additional thresholds 

(thl < 0; and thh > 0) were imposed to obtain an unweighted adjacency matrix A(X,Y) of 

size nx x ny 
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were |x| represents the absolute value. thl and thh where selected for each network so that 

only top 5% of the highest (positive) and lowest (negative) weights were kept for building 

the networks.  

Networks represented by these adjacency matrix were transformed into the edge-list for-

mat, a two column table of the connected nodes in a network were each row represents an 

edge and visualized in Cytoscape (Ono et al. 2015; Shannon et al. 2003.  

For each pair of integrated datasets, a null model of the association networks was con-

structed using a strategy based on random permutations of measured values (Saccenti et 

al. 2014. Measured data-points were randomly permuted over samples before data integra-

tion to obtain randomized datasets that still retained the same value distribution for each 

variable. The randomized datasets were then used for data integration following the afore 

mentioned approach thereby generating randomized associations networks. The process 

was iterated Nit = 1,000 times for each pair of datasets; for each iteration, k, the values of 

the dynamic cut-offs (thlk and thhk) (5% of the highest and lowest correlation) were record-

ed. For the ten pairwise combinations of datasets, the values obtained for thl and thh ob-

tained using the unpermuted dataset, were compared with the distribution of values of thlk 

and thhk with k = {1, …, Nit} to get networks from the random data to compare to the net-

works from the biological data. 

Network merging and topological analysis 

The ten networks arising from pair-wise data integration of the 5 data sets were merged in 

a combined network including all the nodes and edges of the 10 networks. This network is 

then restricted by only including nodes present in at least two of the separate networks. 

We used the igraph R package (Csardi and Nepusz 2006 to further analyze the network, 

which was treated as non-directed, since no particular directionality was assigned to the 

edges. We obtained values for the following topological properties of the merged network 

(Barabasi and Oltvai 2004; Csardi and Nepusz 2006: Degree: number of neighbors of a 

given node, that is the number of nodes connected to it. Clustering coefficient of a node is 

the ratio of the number of connections between the neighbors of a node and the total num-

ber of possible connections between said neighbors. Characteristic path length: median of 

the average distance between a node and all the rest. Network density: ratio between the 
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total number of existing edges and the total number of possible edges (given the number 

of nodes in the network). Connected components maximal subgraphs in a network such 

that each node is connected to all the rest by means of network paths. For node level met-

rics, such as degree or clustering coefficient average values were computed over all nodes. 

Cytoscape was used for network visualization.  

Literature mining 

To investigate the co-occurrence of the names of the connected nodes in the correlation 

network, we used the R package rentrez (Winter 2016. This package searches for selected 

keywords in PubMed abstracts while making use of the MeSH (Medical Subject Head-

ings) thesaurus to maximize results via the API from NCBI. The search was not restricted 

to a specific tissue type or organism. These results were examined, although not exhaust-

ively, to find literature evidence of established relationships between nodes connected 

through identified edges; these were then considered as true positive search results. 

The script used to generate all these results will be made available on request. All the 

above mentioned operations were performed using existing functions from R packages. 

Results 

Analysis of the individual datasets 

A dietary intervention was performed on mice where the protein content was changed and 

multi-omics data were obtained with regard to: whole genome gene expression profiles of 

ileal tissue (Transcriptomics), community scale microbiota composition of ileal digesta 

(Microbiota), 24 different cytokine levels in blood serum (Cytokine), and protein-

associated metabolic profiles of serum (Metabolomics Serum) and urine (Metabolomics 

Urine). These data were pre-processed and analyzed separately by fitting a linear model 

on the data-points and looking for differentially expressed readouts in each treatment ver-

sus the control. Each dataset had its own p-value (corrected for multiple testing with the 

Benjamini-Hochberg method) threshold, ranging from 0.001 to 0.1 for difference between 

the tested and reference diets. The highest number of statistically significant entities was 
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found in Transcriptomics. Furthermore, all the measured variables in Metabolomics Urine 

were found to be significantly different in at least one comparison.  

 

Pairwise data association and network generation 

We performed the integration by linking two data-types at a time and in such a way that 

after the pairwise analysis all the observed correlation data could be combined to build a 

multi- level interaction network. Therefore, each data-type was integrated with the other 

four types of data, resulting in ten correlation networks. The topological characteristics of 

all these ten networks are given in Table 2 and Figure 2, and the network graphs are avail-

able in Supplementary Figure S1 as an image. Supplementary File 1 has the networks in a 

format that can be uploaded into Cytoscape in order to further explore the connectivity’s 

of these networks by simply clicking on these nodes. Table 2 shows the positive and nega-

tive thresholds that were used separately for the correlation network. Connections between 

pairs of data points with correlation values between the threshold values, i.e. Low Thresh-

old (negative threshold) and High Threshold (positive threshold) as indicated in Table 2, 

were discarded and the corresponding edges removed from the final network. There were 

two disconnected sub-graphs in five of the networks while the other five have only a sin-

gle, fully connected graph. 

The largest network, in terms of nodes, is the Microbiota & Transcriptomics network. 

This seems logical as it represents the most comprehensive datasets and spacial interac-

tions between the two data-types are known to occur. Overall, networks involving Tran-

scriptomics data had higher number of nodes than other networks. The smallest network 

with 18 nodes and 22 edges was the Metabolomics Urine & Cytokine network. 
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Table 2: The 10 individual correlation networks. Each row represents one of the 10 correlation 

networks. Low Threshold and High Threshold represent the thresholds used for the correlation val-

ues. The 3rd and 4th columns have the number of nodes in the network that belong to the first and 

second data, respectively. The last column displays the number of connected graphs in the network.  

 

 

 

Network Names  

(data A & data B) 

Low 

Threshold 

High 

Threshold 

# of nodes 

(A) 

# of nodes 

(B) 

Connected 

graphs 

Metabolomics Serum & 

Metabolomics Urine 
-0.51 0.6 14 12 2 

Metabolomics Serum & 

Microbiota 
-0.38 0.3 21 14 1 

Metabolomics Serum & 

Transcriptomics 
-0.31 0.35 26 33 2 

Metabolomics Serum & 

Cytokine 
-0.33 0.5 18 13 2 

Metabolomics Urine & 

Microbiota 
-0.28 0.42 16 12 1 

Metabolomics Urine & 

Transcriptomics 
-0.55 0.54 14 29 1 

Metabolomics Urine & 

Cytokine 
-0.32 0.55 10 8 2 

Microbiota & Tran-

scriptomics 
-0.28 0.27 19 48 1 

Microbiota & Cytokine -0.38 0.35 11 11 1 

Transcriptomics & Cy-

tokine 
-0.27 0.34 31 13 2 
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Figure 2: Multilevel integration. This schematic image shows the number of connections between 

each internal phenotypic level with the other levels in a merged network. The colours of the parallel-

ograms denote the internal phenotypic level to which the data-types belong. Green is Metabolomics 

(light green – Metabolite from Serum and dark green – Metabolite from Urine), blue is Cytokines, 

red is Transcriptomics and pink is Microbiota. Each line connects two levels and the vertical num-

ber above the line indicates the number of edges in the correlation network between those two phe-

notypic levels. The number of connected nodes in each level is given in circles above and below the 

connecting lines. 
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Technical validation of pairwise integration networks by random permutation 

We performed the same method of integration on the five different data-types after ran-

domly permuting the measured data, this process was iterated a 1000 times. In this way, 

the networks obtained from random permutations are considered a null model with no 

biological information, and used to assess the significance of the results obtained with the 

non-permuted data. Figure 3 shows the spread of correlation values for the integration of 

Metabolomics Serum and Transcriptomics. The thresholds for network reconstruction 

were selected so that only the 5% highest and lowest correlations were kept. The separa-

tion between the values obtained for the integrated data and the randomly permutated da-

tasets indicates the high significance of the edges in the integration networks. In this way, 

selection of the 5% highest and lowest correlations and significant limits the number of 

spurious correlations that could be due to chance alone while retaining maximum infor-

mation in the networks.  
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Figure 3: Distribution of network correlations and random network cut-offs of the 

Metabolomics Urine and Transcriptomics networks. The x-axis depicts the range of 

correlation values and the y- axis shows its frequency. The grey bars denote the distribu-

tion of the thresholds of the 1,000 random correlation networks with frequency on the left 

y-axis. The red bars are distributions of the correlation values of the inferred network with 

frequency on the right y-axis. 

Similar results were obtained for most of the integration networks (Supplementary Figure 

S2). In three of the networks, there is an overlap between the correlation values from the 

inferred network and the values arising from the randomly generated networks. The over-

laps are in the networks Metabolomics Urine & Microbiota, Metabolomics Urine & Cyto-

kine and Transcriptomics & Cytokine network. The highest overlap appears in the first 

two and mostly affects edges with negative correlations. 

Merged Network 

All the 10 integration networks (Supplementary File 1) were merged and only nodes 

linked with nodes of at least two other data-types were kept (see Table 3). The gene ex-

pression data has the highest number of nodes in the merged network. However, nodes 

with the highest degree (number of connecting edges) arise from the microbiota data, with 

S24-7 having 57 neighbors and Bifidobacterium having 47 neighbors. The merged net-

work encompasses 45 nodes that are connected to all the other types of data. For that rea-

son we denote them ‘Connectivity hubs’ and they are included in Table 3 and Supplemen-

tary Table 1.  
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Table 3. Characteristics of the merged network. Characteristics of the merged correlation net-

work. The number of nodes from each data-type are given in rows three to seven. Between brackets 

the number of connectivity hubs is indicated.  

 

Functional validation of merged network by text mining 

A PubMed literature search for co-occurrence of linked nodes gave results for 6% of the 

links corresponding to 37 edges. We further investigated reported causality effects be-

tween the nodes in question. Most of the retrieved results are related to metabolites and 

Network Statistics  

Total number of nodes 112 (45) 

Total number of edges 577 

Number of Metabolomics Urine nodes 15 (8) 

Number of Metabolomics Serum nodes 24 (11) 

Number of Cytokine nodes 13 (7) 

Number of Transcriptomics nodes 43 (12) 

Number of Microbiota nodes 17 (7) 

Degree range 2 to 57 

Average number of neighbours 10.35 

Clustering coefficient 0.20 

Network Diameter 4 

Network radius 3 

Characteristic path length 2.31 

Network density 0.09 

Connected components 1 
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cytokines measurements whereas a few results confirming causal relationships were found 

involving gene nodes. We were able to find literature confirmation pertaining to associa-

tions for six out of the ten pair-wise connections between phenotypes, as summarized in 

Table 4 and Supplementary Table 2. Among the nodes with literature results, four are 

from Microbiota, two from Transcriptomics, 15 from Metabolomics Serum, three from 

Metabolomics Urine and six from Cytokines. The node with the highest number of hits in 

literature is Tnfa which co-occurs 8,563 times with nine metabolites from the Metabolom-

ics Serum data and one bacterial group (Bifidobacterium). 

Table 4: Overview of text mining results. The first column shows the types of data that are con-

nected by the edges that were found in the PubMed literature search.  

 

Of the 30 data-points from all the types of data that have literature results, 15 are connec-

tivity hubs. One such connectivity hub is Glutathione (GSH) which has 21 direct neigh-

bors from four data-types as shown in Figure 4. This hub is especially interesting because 

six of the connected nodes (Carnitine, Tnfa, Il-1b, Il17c, Bifidobacterium and Dapk2) 

have textual co-occurrences found by the text mining algorithm. The terms GSH and Tnfa 

were found 2,231 times in the abstracts of Pubmed indexed articles. Full text inspection 

shows that some of the connections are causal relationships as one of the connected nodes 

activates or inhibits the other. 

 

Data Connections PubMed Ids Distinct edges 

Cytokines & Metabolomics Serum 9,554 16 

Metabolomics Serum & Metabolomics Urine 906 6 

Microbiota & Metabolomics Serum 254 7 

Microbiota & Cytokines 250 5 

Transcriptomics & Microbiota 83 3 

Metabolomics Serum & Transcriptomics 59 2 
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 Figure 4: Glutathione sub-network. This figure shows the 21 connections of the node Glutathi-

one in the merged network. The different colours of nodes indicate the data-type of internal pheno-

typic level of that node, pink is Microbiota, red is Transcriptomics, blue is Cytokines, and green is 

Metabolites (light green – Metabolites from Serum and dark green – Metabolites from Urine). Oval 

nodes are connectivity hubs. Dotted lines show un-validated edges and continuous, thicker edges 

show connections also present in the results retrieved from scientific literature. Edge colour, yellow 

and purple, indicates positive and negative correlations, respectively.  

Discussion 

In this study we developed and used a set of computational methods to identify compo-

nents in internal phenotypic layers that are connected to components in other internal phe-

notypic layers of an organism. We successfully integrated multi-scale quantitative (-

omics) data, derived from a single experiment with inbred mice and which were exposed 

to five different diets. Since the data originated from an animal experiment that was not 

designed for the detection of genetically and/or dietarily induced differences in external 

phenotypes, we only focused on the connectivity between 5 intermediate phenotypic lev-

els. Some studies have reported pairwise data integration of two (Benis et al. 2015; Lu et 

al. 2014; Rajasundaram et al. 2014 or three data sets (Adourian et al. 2008. But this is, to 

the best of our knowledge, the first time that an integration of such heterogeneous data-

types from different tissues, arising from a single experiment, has been reported. The ap-
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proach as described here could, in principle, be applied on any number and type of da-

tasets, as long as they are from the same experiment, from samples at the same time-point 

and have comparable dimensions of differentially regulated data. 

Internal phenotypic data and pairwise data integration 

Each used data-type represents a different internal phenotype and a different layer of the 

system that (co-) drives the manifestation of external phenotypes. We subjected each data-

type to a separate analysis in order to correlate only those changes induced by the dietary 

intervention. Nodes with significantly different values could easily be identified in each of 

the sampled tissues and fluids (ileum, blood and urine) thereby representing the local and 

systemic effects of the interventions and the need of a multi-scale approach. 

In order to investigate connections between the five data-types we used sPLS, an integra-

tion method that can be applied to several types of data, two at a time. This method can 

also handle the dimensionality problem of biological datasets where the number of varia-

bles is usually higher than the number of samples. sPLS has been previously used for inte-

gration of microbiota with gene expression data (Benis et al. 2015; Steegenga et al. 2016, 

and measurements on cell wall polysaccharides of fibers with phenotypic characteriza-

tions of fibers in cotton balls (Rajasundaram et al. 2014.  

We performed pairwise integration of the datasets, resulting in ten networks with varying 

spreads of correlation values. Deciding on a threshold to distinguish genuine from spuri-

ous correlations is a major bottleneck for the definition of correlation networks. While a 

0.8 threshold (absolute value) has been suggested for gene expression data (Schäfer and 

Strimmer 2005, other authors suggested smaller values (0.6) in metabolomics data sets 

(Camacho, De La Fuente, and Mendes 2005. The correlation values greatly depend on the 

biological dataset under study and its dimensionality. There are several methods to choose 

a threshold based on the data: use assigned p-values as threshold; use network characteris-

tics of the correlations; or use a percentage of the correlation distribution. When evaluated 

by Borate et al (Borate et al. 2009 they concluded that threshold selection methods based 

on network properties such as the clustering coefficient are best for gene co-expression 

networks. This would not work here because the generated networks always induce con-
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nections between data points of different type and as a result they have a zero clustering 

coefficient for every node. While integrating two types of metabolomics datasets with 

gene expression of the tissues in which they were measured Adourian et al (Adourian et 

al. 2008 assigned p-values to the correlation values and then set a threshold. In this study, 

we used the top 5% of the correlation values because this dynamic threshold (separate for 

the positive and negative values) eliminates bias towards the size of the datasets. 

We further validated the observed correlations by comparing them with a null model ob-

tained by randomly permuting the data along the samples (Eguíluz et al. 2005; Saccenti et 

al. 2014. In two of the networks, Metabolomics Urine & Microbiota and Metabolomics 

Urine & Cytokine (the smallest network), the significance of the negative correlation val-

ues could not be established as we observed a considerable overlap between the negative 

correlation values of this network and the negative thresholds of the random networks. 

This calls for caution when biologically interpreting these networks. For five of the net-

works we observed a very clear separation of the random thresholds and the start of the 

correlation values in the network (Supplementary Figure S2). The other networks showed 

slight overlaps between the random threshold distribution and the network correlation 

distribution. This extra validation step reassured us that the observed correlations are root-

ed in biological phenomena. To our knowledge this technical validation step is not com-

mon in current studies of this type. 

The edges of the inferred networks, indicate significant computationally-determined cor-

relations between values of connected nodes. Our approach does not require a mechanistic 

model on how the associations are established and in each network these associations may 

be caused through entirely different mechanisms. In some cases the associations would be 

due to causal relationships between the connected nodes, such as increased expression 

levels of a cytokine gene linked to increased cytokine levels. However, in many cases, the 

associations could be indirect, mediated by elements that have not been measured in the 

experimental set up. In a formal mathematical model, they are considered hidden varia-

bles. Such would be the case of, for example, the changes in the metabolite levels of urine. 

These changes might have been caused by the colonic microbiota, in turn affected by the 

ileal microbiota. Since we only used the ileal microbiota data, we observe correlations 
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between the ileal microbial populations and the urine metabolite levels which could be in 

reality, indirect relationships mediated by the colonic microbiota. 

Network of connected internal phenotypes 

The pair-wise integration method allowed us to merge the ten individual networks into a 

single network. Correlations within a dataset were deliberately excluded from this study 

because we only wanted to focus on connections between different internal phenotypes, 

where little work has been done. Thus in the ten networks, all detected connections are 

between two different data types and every node has a zero clustering coefficient. Howev-

er, in the merged network, a non-zero clustering coefficient emerges as a result of nodes 

connecting to multiple data types (Table 2). This emphasizes the biological relevance of 

this method because the ten networks were built without any information on cross-linking. 

Thus, we identified individual nodes that directly or indirectly participate in processes of 

the other four individual networks. Because they seem to connect different internal pheno-

types, we denoted them ‘Connectivity Hubs’. Starting the procedure as developed and 

applied here with networks with non-zero clustering coefficients (correlating within a da-

taset) would, however, not alter the connections between internal phenotypes. 

Functional validations of phenotype connections 

Results of the text-mining were used to validate some of the identified links. This revealed 

insights into the mechanistic relationships between the variables predicted to be linked to 

each other. 37 of the 577 (6%) computational inferred links have already been described 

in literature as detected by our text-mining approach, which was not exhaustive because it 

focused only on text in journal abstracts. This indicates that our method identifies current-

ly known biological interactions. The rest of the predicted links have not been discovered 

and investigated yet, have not been mentioned in abstracts, or do not exist in the biologi-

cal system. Furthermore, by inspecting some of the retrieved abstracts and corresponding 

articles, we were even able to find causal relationships between some of the computational 

identified nodes where one of the nodes was used as an experimental perturbation and the 

other node was measured as a response parameter. Several indirect associations were also 

validated through reports on experiments where nodes, found to be connected in this 

study, were measured in response to another perturbation. During text-mining, in order to 
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retrieve as many results as possible, search terms were matched against the MeSH thesau-

rus, irrespective of the organism, and all the synonyms were included in the search. The 

downside to this approach is the inclusion of several false textual associations. The most 

striking case is that of the identified association between Glutathione and Il17c. In the 

literature results, the reported association is between Glutathione and Il17a and not Il17c. 

Through the thesaurus, Il17c was mapped to Il17 and subsequently to Il17a thereby giving 

rise to that falsely identified association in literature. 

In order to increase the precision and recall of text mining searches, and overcome prob-

lems associated to the use of a thesaurus, one needs to move from mining text, to mining 

the knowledge embedded in the text and the use of data hidden in public databases. Such 

an approach requires the use of knowledge management tools and representations that can 

be automatically accessed (Antezana, Kuiper, and Mironov 2009. Semantic web technolo-

gies represent a new class of tools that include natural language processing, ontologies, 

machine learning algorithms and much more to facilitate integration knowledge from het-

erogeneous sources. The expansion of the use of semantic technologies in the life sciences 

domain will allow associating concepts such that inferences on causality, regulation, or-

ganism or tissue can be made using high-throughput methods and automated reasoning. 

Among the interactions retrieved from the automated literature search, a high prevalence 

of associations involving cytokines and/or metabolites was observed. In fact, such type of 

interactions represent 97% of the retrieved results. This probably highlights the extraordi-

nary amount of work that has been done in these types of data in the past. On the opposite 

extreme, only 8% of the retrieved interactions involved associations between the expres-

sion of genes, reflecting the fact that most of the available gene expression data originates 

from genome-wide techniques. In such type of experiments, papers, especially abstracts, 

usually report on systems behaviors and pathways and less frequently on the individual 

behavior or role of individual genes and connected response nodes.  
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Validated connectivity hubs 

Even though we only performed integrations of two datasets at a time, we find data-points 

(metabolites, cytokines, genes or microbial groups) that correlate with different types of 

data. We identified 45 connectivity hubs in the merged network that seem to have associa-

tions with all four types of data. More than 30% of them are involved in links that were 

retrieved in literature. To further support the biological relevance of identified multi-level 

connectivity’s we discuss the implications of two of the 15 biologically validated connec-

tivity hubs as examples. The two connectivity hubs were chosen because of the large 

amount of literature results for these hubs. The first hub, Tnfa has the highest number of 

literature results among all the nodes in the network and the other hub, Glutathione, has 

literature validations to the most number of data-types.  

Tnfa is a connectivity hub in the merged network, with links to several neighbors belong-

ing to the four other types of data. The position of this cytokine in our merged network 

shows that it plays a role in processes of the other internal phenotypes. The literature vali-

dated links are between Tnfa and two other types of data (Metabolomics Serum, Microbi-

ota). Many of the validated links represent causal relationships. With regards to immune 

responses and as a drug target, Tnfa has been studied in great detail (Cicha and Urschel 

2015. The un-validated edges show that Tnfa could be a regulator of other internal pheno-

types as well, than currently known. 

The metabolite Glutathione (GSH) was measured in the serum and in the merged network 

is a connectivity hub proving that it is vital part of the system that connects several inter-

nal phenotypes. Among the 15 connectivity hubs with functionally validated links, GSH is 

the only one that has validated links to all other data-types based on our literature mining. 

These results support our claim of GSH being a connectivity hub, a biological component 

influencing several internal phenotypes. Several PubMed results for GSH are from in-vivo 

studies where GSH was administered to alleviate symptoms of a disease. Our literature 

results show that GSH has been studied in relation to all different types of data. Of the six 

validated links in our merged network, five represent proven causal relationships (see Fig-

ure 4 and discussion of the functional validation). These neighboring nodes in the merged 

network are mostly related to immune and homeostatic mechanisms. GSH is a tripeptide, 



84 

Chapter 3 

 

3 

ubiquitously distributed in living cells and plays an important role in the intracellular de-

fense mechanism against oxidative stress (Couto, Wood, and Barber 2016; Diaz-Vivancos 

et al. 2015. It is known that GSH metabolism is very important for the antioxidant and 

detoxifying action of the intestine. It is also essential for the maintenance of the luminal 

thiol-disulfide ratio involved in regulation mechanisms of the protein activity of epithelial 

cells (Iantomasi et al. 1997 which could be important since the intervention is changes in 

protein. Our results also demonstrate the manifold and central role of GSH when it comes 

to proteins, peptides and amino acids in nutrition. These observations indicate that the 

presented merged network represents, at least in part, associations of biological phenome-

na.  

Potential relevance of selected connectivity hubs 

There are 30 connectivity hubs in the merged network that do not co-occur with their con-

nected nodes in our literature search. However, the prominence of these nodes in our 

merged network indicates that they could represent potential relevant interactions with 

components of the other internal phenotypes. In order to demonstrate how the results of 

this study may be used to hypothesize on functional relationships between different mo-

lecular components, we here describe the potential biological relevance of two highly 

linked connectivity hubs, Tmem72 and S24-7. Both hubs are not yet described in litera-

ture abstracts in conjunction with other data-types.  

The high number of connectivity hubs in the Transcriptomics layer suggest that the ex-

pression of several intestinal genes is involved in many more interactions than currently 

known. None of the observed Transcriptomics connectivity hubs popped-up in our litera-

ture mining results. The most highly connected Transcriptomics node, Tmem72 

(Transmembrane Protein 72), has only been studied in the kidney so far (Habuka et al. 

2014 and not much information is available on it. But in the merged network this node has 

27 links to other data-types (can be visualized in Supplementary File 1), mostly to metab-

olites from both the metabolomics datasets. Based on this, we hypothesize that Tmem72 is 

not specific to the kidney and that it has some sort of communication function in intestinal 

mucosa as well. The fact that Tmem72 is a transmembrane protein is supportive for this. 

Given its observed links with different microbiota, metabolites and cytokines, it might be 
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involved in diverse interactions with other internal phenotypes. Based on such a hypothe-

sis, targeted experimental designs may be developed in order to investigate the hypothe-

sized “communication” function of Tmem72 in intestinal mucosal tissue. 

The most highly linked node of the merged network is the bacterial family classification, 

S24-7, suggesting an important role for this species in gut functionality. In some of the 

inferred individual correlation networks we already found it to be linked to a high number 

of nodes. Unfortunately, this node is not represented in literature abstracts together with 

the here observed neighbors. However, there is compelling literature that shows this mi-

crobial classification to be a significant part of the gut microbial community structure 

(Harris et al. 2014; Jakobsson et al. 2015. This family classification does not have a good 

functional definition, yet several studies show that it could be an important player in the 

functionality of the gut (Evans et al. 2014; Harris et al. 2014; Rooks et al. 2014. The latter 

claims are in line with the high number of neighbors that S24-7 has in our merged net-

work. The current technical inability to cultivate S24-7 is most certainly due to the ab-

sence of knowledge on S24-7 interactions. However, a recent in-silico study (Ormerod et 

al. 2016 shows that S24-7 species have the ability to survive on different types of carbo-

hydrate sources, similar to the genus Bifidobacteria. In the merged network, the connec-

tivity hubs S24-7 and Bifidobacteria, share the highest number of neighbors (directly 

linked nodes). Among them are 16 genes, and neither S24-7 nor Bifidobacteria have liter-

ature results with any of these genes. An enrichment analysis on these shared network 

gene neighbors shows that they are involved in functions related to linoleic and linolenic 

acid metabolism (data not shown). It is known that these fatty acids are produced by 

Bifidobacteria (Teran et al. 2015 and that they are involved in the maintenance of the epi-

dermal barrier function (Muñoz-Garcia et al. 2014. The observation that in our network 

these genes are shared between S24-7 and Bifidobacteria underscores the here hypothe-

sized importance of S24-7 and indicates that these two bacterial groups are indeed closely 

related in function as hypothesized before (Ormerod et al. 2016. 

From the results described in this paper, we conclude that we successfully developed 

methodologies to identify components in internal phenotypic layers that are connected to 

components in other internal phenotypic layers. By integrating multi-scale quantitative (-

omics) data using a regression approach, we were able to provide provisional insight into 
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potential ways internal phenotypic layers are connected to each other, including those 

between local and systemic layers. By a technical and functional validations, we under-

scored the relevance of our findings. Based on data generated by this type of integrated 

approaches, hypothesis driven and targeted research may be developed to identify causal 

relationships between various biological scales in order to diminish our knowledge gap 

between genotype and external phenotype. In addition, by expanding comparable ap-

proaches by incorporating data on genetic diversity and/or variation in external pheno-

types, this knowledge gap may be even further closed down. The analysis pipeline that we 

developed is very general and can easily be applied to any other type or number of data 

sets. 

Availability of data and materials 

Transcriptomics data has been uploaded into GEO with the accession number GSE84442. 

The microbiota data, the two metabolomics datasets and the cytokine data are available on 

request. 

The R scripts using functions from existing R packages are also available on request. 

Supplementary files: 

All supplementary files are also available at http://semantics.systemsbiology.nl/index.php/

data-sets-used-in-pubblications/ 

 

 

 

 

 

 



87 

Chapter 3 

 

3 

Supplementary Figure S1. 10 correlation networks. The images show the 10 networks 

from pairwise integration of 5 datasets. The colours indicate different types of data, pink 

is Microbiota, red is Transcriptomics, blue is Cytokines, and green is Metabolites (light 

green – Metabolite Serum and dark green – Metabolite Urine). 
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Supplementary Figure S2: Distribution of network correlations and random net-

work cut-offs of all 10 networks. The x-axis of all these graphs has the range of correla-

tion values, the y- axis the frequency of the correlation values. The grey bars denote the 

distribution of the cut-offs of the thousand random correlation networks. The red bars are 

distributions of the correlation values of the real networks. The y-axis on the left has the 

frequency of the random network cut-offs and the y-axis on the right has the frequency of 

the real network correlations. 
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Supplementary File 1 

This file is a zipped file that contains the 10 individual networks and the merged network 

that can be loaded into Cytoscape.  

Supplementary Table 1: Connectivity hubs. This table has the names and details of 45 

nodes from the merged network that have connections to the other four types of data. 

Their degree in the network is also shown in the third column.  

Supplementary Table 2: Literature connections. This table shows the 37 literature con-

nections that are found in the co-occurrence search of the merged network edges.  

All the supplementary data is available at  http://semantics.systemsbiology.nl/index.php/

data-sets-used-in-pubblications/ 
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Abstract  

Biological pathways are increasingly available in the BioPAX format which uses an RDF 

model for data storage. One can retrieve the information in this data model in the scripting 

language R using the package rBiopaxParser, which converts the BioPAX format to one 

readable in R. It also has a function to build a regulatory network from the pathway infor-

mation. Here we describe an extension of this function. The new function allows to build 

graphs of entire pathways, including regulated as well as non-regulated elements, and 

therefore provides a maximum of information. This function is available as part of the 

rBiopaxParser distribution from Bioconductor. 

 

Keywords: 

BioPAX, RDF, R, rBiopaxParser, Reactome 

 

 

 

 

 

 

 

 

 



94 

Chapter 4 

 

4 

Introduction 

Biological pathways represent signalling and/or metabolic events involving protein and 

non-protein molecules. They are increasingly used in gene and protein expression studies 

to provide an aggregate score for gene sets encoding for defined biological events (Mitrea 

et al. 2013. Several pathway databases, either curated or not, have adopted the BioPAX 

[RRID:SCR_009881] (Biological Pathway Exchange) language as a standard for pathway 

representation using the RDF (Resource Description Framework) data model (Demir et al. 

2010. 

The structure of BioPAX is founded upon groupings, called classes, for physical entities 

and interactions with hierarchical networks of their sub-classes. Interactions between 

physical entities are represented such that conjoint interactions may form a specific path-

way with defined, but different types of interactions between the involved physical enti-

ties. The BioPAX format is being actively developed, with BioPAX level 2 format focus-

ing on metabolic pathways and BioPAX level 3 introducing full support for signaling 

pathways. 

SPARQL (Simple Protocol And RDF Query Language) is a query language able to re-

trieve and manipulate data stored in RDF. Pathway information is often combined with 

statistical data analysis using tools such as R (Kramer, Bayerlová, and Beißbarth 2014. 

The rBiopaxParser [RRID:SCR_002744] 4 is an R package to retrieve data stored in a 

BioPAX RDF format. It comes with several options that are useful to probe the data and 

extract specific information from it, for example participants of a pathway, stoichiometric 

conditions to be fulfilled for an interaction, etc. 

One such option is the pathway2RegulatoryGraph (P2RG) function that converts a path-

way into a graphical structure. This is extremely useful for visual representation and sub-

sequent graph-based network analysis. The P2RG function returns the parts of a pathway 

that are regulated (activated or inhibited) by proteins or protein complexes which is im-

portant to understand the role of regulated proteins in pathways. Here we present an adap-

tation of P2RG, denoted pathway2Graph (P2G) which can be used to build a graph of the 

entire pathway, including the regulated as well as the non-regulated elements. This new 

function expands P2RG and can be used to investigate all different types of processes and 
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connections of pathways instead of only studying the regulated elements of pathways. 

P2RG retrieves regulatory interactions, such as inhibitions and activations, the new P2G 

additionally retrieves protein modifications, such as translocations or complex formation, 

like the ones shown in Figure 1.  

Figure 1. Hypothetical pathway. This cartoon of a pathway shows examples of nodes and edges 

that could be encountered in a BioPAX database. The nodes are proteins, complexes or other physi-

cal entities and the edges are interactions between the nodes, that represent either interactions 

among proteins or protein modifications. The solid edges are those detected by the P2RG function 

and the solid and dashed edges are detected by the P2G function. 

P2G is specifically aimed at retrieving results from Reactome BioPAX level 3. In this 

paper we describe detailed information on this function which, we believe, will help rBi-

opaxParser users to better understand the graphs generated from pathway information. We 

have verified P2G results by directly querying the original BioPAX data using SPARQL. 

Methods and Results 

The classes of PhysicalEntity and Interaction that are used in Reactome v51 to represent 

information on pathways are shown in Figure 2. This graph was generated using the tool 

RDF2Graph 5 on the Reactome Level 3 RDF file. The nodes in Figure 2 represent classes 

and the edges show the possible relationships, called predicates, these classes could have 

in the database. As depicted in Figure 2 the node Pathway could have one or more Path-
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waySteps that consist of different types of Interaction sub-classes. All the Interaction 

nodes shown in Figure 2 describe interactions between PhysicalEntities, hence are con-

nected to them by particular types of predicates as indicated in the edge labels. The Inter-

action classes are interconnected because they can be dependent on each other. The Con-

trol interaction and its sub-classes (Catalysis and Modulation) represent signaling events. 

They regulate BiochemicalReaction and Degradation interactions which mostly represent 

metabolic reactions. 

 Figure 2. Interplay of classes in Reactome BioPAX. This figure shows a network of the Interac-

tion and PhysicalEntity classes that are a part of a pathway in Reactome v51 BioPAX level 3. Nodes 

are classes and the directed edges are links between them in the database. The green nodes are the 

Pathway and PathwayStep classes, the blue nodes are Interaction classes and orange nodes are Phys-

icalEntity classes. 

To create a regulatory graph, the P2RG function starts with the Control, Catalysis and 

Modulation interactions that are either activating or inhibiting other interactions. This 

method provides a graph with plenty of information on the regulatory components of the 

pathway. The nodes of this graph are physical entities like Proteins or SmallMolecules 

and the directed edges are either activation or inhibition events. An example of such a 

reconstruction is shown in Figure 1, where P2RG is able to retrieve the black nodes and 

the continuous edges. However, interactions can be missed if they are not regulated by the 

Control interactions and could result in the loss of valuable information in the graphical 

representation of the pathway. 

The new function P2G can start with any type of interaction in order to obtain a graph 

with all possible physical entities involved in the pathway. Similar to the result of the 
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P2RG function, the P2G function gives a graph with nodes that are physical entities, but 

the edges are not strictly activation or inhibition events. The directed edges could repre-

sent several types of events like translocation of a protein or cleavage of DNA, these are 

shown as dis-continuous edges in the cartoon in Figure 1. The P2G function recognizes 

the continuous and the dis-continuous edges and thus retrieves the black as well as the red 

nodes shown in Figure 1. In some cases there is more than one documented connection 

between the same physical entities. In this case only the first connection is used as an edge 

in the final pathway graph. 

Comparison of two methods: P2G vs P2RG 

The Reactome database (v51) categorizes pathways into 27 branches. Here we worked 

with pathways that have more than one interaction, which resulted in 1,666 pathways. 

Using P2RG, graphs for 1,548 pathways were retrieved. By using the new P2G function, 

we were able to retrieve information on all 1,666 pathways. The highest number of path-

ways were obtained, using either method, in the “Disease” category (P2RG: 3,396 path-

ways, P2G: 4,888 pathways). In 85% of the cases, pathways retrieved using P2G consist-

ed of more physical entities (nodes) than those retrieved using P2RG. 19% of the P2G 

retrieved pathways have at least twice the number of nodes, and 60% have at least twice 

the number of interactions between nodes (edges) as compared to the P2RG version, Fig-

ure 3 is an example of this difference. Total numbers of nodes and edges in major Reac-

tome categories are given in Table 1. Missing information causes the appearance of dis-

connected graphs when reconstructing pathways. By using the new P2G function, the per-

centage of disconnected pathways is reduced by 9%. Additionally, P2G also has the op-

tion of only retrieving the largest connected component, for example with this option, in 

Figure 3.A only the top left part of the graph will be retrieved and the disconnected graphs 

discarded. The pathways have directed edges because most of the interactions have direc-

tion. Edges without a direction are represented as bidirectional edges in the output of P2G. 
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Table 1. Numbers of nodes and edges. The number of nodes and edges of ten different pathways 

(Reactome Categories) are indicated as obtained after application of P2RG and P2G on the same set 

of BioPAX RDF information. 

 

As an example, we discuss here the ‘Apoptosis induced DNA fragmentation’ pathway, 

which is a pathway in the “Programmed Cell Death’ category (Figure 3). When the infor-

mation in the BioPAX file is reconstructed with the P2RG function, the pathway has sev-

en nodes (Figure 3.B); with the P2G function the same pathway has 16 more nodes 

(Figure 3.A). Detailed information on these nodes, as retrieved with P2G and P2RG, is 

given in Table 2 and demonstrates the additional information retrieved by P2G. The node 

‘Complex4169’, which is found in the cytosol, translocates to the nucleus where it is 

called ‘Complex4238’. However, this information is only available from the P2G function 

because the node ‘Complex4169’ does not regulate any other interaction or node. The 

presence of extra nodes in the P2G retrieved graph (Figure 3) also visualize that 

‘Complex4240’ breaks up into its’ individual components after being cleaved by Caspase-

3 (‘Complex4238). This extra information is very useful for researchers analyzing the 

Reactome Categories P2RG  

Nodes 

P2RG  

Edges 

P2G  

Nodes 

P2G  

Edges 

Binding and Uptake of Ligands  

by Scavenger Receptors 

0 0 68 56 

Cell-Cell communication 13 14 142 142 

Disease 3,396 5,878 4,888 12,159 

Gene Expression 652 900 1,110 2,450 

Immune System 1,431 2,233 2,419 5,045 

Membrane Trafficking 86 121 181 382 

Metabolism 3,082 5,922 3,479 11,289 

Signaling Pathways 2,069 3,274 3,430 7,131 

Steroid hormones 72 147 81 333 

Transcription 281 420 623 1,324 
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phenomen represented by the pathway. In case P2G retrieved pathway graphs are used for 

analysis (e.g, differential gene expression analysis) the presence of these extra nodes may 

improve biological interpretation of experimental data. 

Figure 3. Graphs of the pathway ‘Apoptosis induced DNA fragmentation’. Both graphs were 

extracted from the same BioPAX file. A) Graph recovered using the new P2G function; B) Graph 

recovered using P2RG function. In both panels blue nodes are proteins or protein complexes, white 

nodes are non-protein entities. Black encircled nodes are found in both graphs and red encircled 

nodes are only detected with the new P2G function. Names of the nodes are in Table 2. 

 

Table 2: Node names and locations of the “Apoptosis induced DNA fragmentation” pathway. 

The first column has the names of the nodes in the pathways depicted in Figure 3. The second col-

umn has the actual name of the node and the third column the cellular location of the node. All this 

information is represented as given in Reactome version 51. The nodes shown with a black outline 

in Figure 3 are shown here in bold font. 

Node Name Location 

Protein8776 DFFB Cytosol 

Protein8777 DFFA Cytosol 
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Complex4232 DFFA : DFFB  Cytosol 

Complex4233 Importin alpha : Importin beta  Cytosol 

Complex4234 DFF : associated with Importin al-

pha : Importin beta  

Cytosol 

Complex4235 DFF : associated with Importin al-

pha : Importin beta  

Nucleoplasm 

Complex4169 Active CASP3  Cytosol 

Complex4238 Active CASP3  Nucleoplasm 

Complex4236 DFFA : DFFB  Nucleoplasm 

Complex4239 Caspase cleaved DFFA  Nucleoplasm 

Complex4240 Caspase cleaved DFFA : DFFB  Nucleoplasm 

Protein8779 DFFB  Nucleoplasm 

Protein8784 DFFA fragment  Nucleoplasm 

Protein8785 DFFA fragment  Nucleoplasm 

Protein8783 DFFA fragment  Nucleoplasm 

Complex4241 DFFB homodimer  Nucleoplasm 

PhysicalEntity567 DFFB homodimer/homooligomer  Nucleoplasm 

Complex2061 Histone H1 bound chromatin DNA  Nucleoplasm 

Complex4242 DFFB associated with chromatin  Nucleoplasm 

Protein8786 HMGB1/HMGB2  Nucleoplasm 

PhysicalEntity109 DNA  Nucleoplasm 

Complex4243 HMGB1/HMGB2 – bound chromatin  Nucleoplasm 

Complex4244 DFF cleaved DNA  Nucleoplasm 
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Conclusion 

P2G is a useful addition to the rBiopaxParser package because it retrieves all the compo-

nents of a pathway from the database and provides complete graphical information for 

both signaling as well as metabolic pathways. The P2G function (pathway2Graph) is cur-

rently available in the rBiopaxParser package in the Bioconductor 3.4 release.  

Data availability 

The input data for this package is the BioPAX format of any pathway database. We used 

the Reactome database which is freely available for download in different formats from 

the website www.reactome.org. A subset of this database is given as Supplementary file 1. 

Software availability 

The function pathway2Graph is available in the latest version of the R package rBiopax-

Parser and can be installed from Bioconductor. 

Archived source code as at the time of publication: http://dx.doi.org/10.5281/

zenodo.61618 6  

Software license: GPL-2  
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Supplementary material 

Subset of Reactome database.  

This .owl file contains information on four pathways from the Reactome v51 BioPAX 

level 3 database. This format can be loaded into the R environment using the rBiopaxPar-

ser package and used to test the P2G function and obtain graphs which were used as the 

basis for Figure 2. More information on loading and processing this file format can be 

found in the package documentation. 

Supplementary material can be accessed at https://f1000research.com/articles/5-2414/v2 
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Abstract: 

The mammalian intestine is a complex biological system that plays an important role in 

the processing of a high diversity of nutritional and environmental stimuli. These stimuli 

may alter the functioning of the intestine and elicit different responses from the intestinal 

mucosal tissue to maintain gut homeostasis. This variety of responses requires a high 

functional plasticity for the intestinal mucosal tissue. In order to improve our understand-

ing of the underlying mechanisms of this plasticity, we performed a high-level data inte-

gration of 14 whole-genome transcriptomics datasets from samples of intestinal mouse 

mucosae. The data integration was not performed at the level of individual gene expres-

sion but on pathway expression. The gene expression datasets were obtained from open 

access databases and derived from 14 independent experiments that satisfied all our selec-

tion criteria. We used a customized version of the pathway analysis tool CePa (Centrality 

based Pathway Analysis), along with pathway information extracted from the Reactome 

database. The results of pairwise comparisons were combined to obtain an integrated pic-

ture of gut mucosal responses in mice, orally challenged with biological, chemical or die-

tary agents which are expected to perturb intestinal homeostasis.  

The results of this high-level integrated pathway analysis show that the mucosal tissue 

uses a common set of pathways to respond to the three classes of stimuli. Based on these 

results we designed and executed an in vitro experiment on intestinal organoids to verify 

that the pathway modulation is the result of local changes. We conclude that the function-

al plasticity of intestinal mucosal tissue can be explained, at least partially, by variation in 

the pathway sets that are regulated by different challenges and by the induction of intra-

pathway specific gene expression patterns.  

 

Keywords: 

Gastrointestinal tract, gene expression, functional plasticity, pathway analysis 
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Introduction 

The mammalian gastro-intestinal tract is crucial for the digestion and absorption of nutri-

ents, while maintaining a peaceful co-existence with the microbial symbionts and avoiding 

infection from enteric pathogens. The intestinal epithelium plays an important role in or-

chestrating innate defences (Wells et al. 2017; Peterson and Artis 2014 and signalling to 

the numerous cells of the immune system located underneath the epithelial layer (Wells, 

Loonen, and Karczewski 2010; Akira and Takeda 2004; Sharma, Young, and Neu 2010. 

The chemical and physical defences of the intestinal mucosa, such as antimicrobial pep-

tides, REG3 proteins, mucins and secreted mucus, often referred to as the “gut barrier,” 

provide the first line of defence the against colonisation and invasion by intestinal bacteria 

(Lodish et al. 2000; Henderson et al. 2011; Peterson and Artis 2014; Wells et al. 2017; 

Rossi, van Baarlen, and Wells 2011. Besides these innate defence mechanisms, a number 

of tolerance mechanisms exist to maintain homeostasis and prevent chronic inflammatory 

responses to antigens from food/feed or commensal microbes (O’Hara and Shanahan 

2006. Chronic perturbations in homeostasis can lead to hyperpermeability of the gut barri-

er, contributing to the pathogenesis of several gastrointestinal disorders, including IBD, 

celiac disease, IBS, and food allergy (Bischoff et al. 2014.  

The intestinal mucosa is exposed to a variety of different components: diverse types of 

nutrients (including proteins, fats, carbohydrates, minerals, vitamins); commensal micro-

biota (bacteria, viruses); (opportunistic) pathogens and orally taken drugs such as antibiot-

ics. After passage through the stomach, food is digested by pancreatic and small intestinal 

enzymes. Microbiota in the small intestine also metabolise nutrients generated by the di-

gestive process and produce certain vitamins absorbed by the host. Changes in the diet 

composition, e.g. high fat diets, can drastically change the community structure of the 

intestinal microbiota (Serino et al. 2012, but also the mucosal gene expression of the host 

(de Wit et al. 2011. Dietary fibres which are not digested in the small intestine are fer-

mented by a consortia of microbiota in the colon, resulting in the production of short-

chain fatty acids and other metabolites which impact the intestinal physiology and immun-

ity (Van den Abbeele et al. 2011; C. J. Kelly et al. 2015; Burger-van Paassen et al. 2009; 

P. M. Smith et al. 2013; Segain et al. 2000. Gastrointestinal physiology is also known to 

be sensitive to the administration of certain drugs (Willing, Russell, and Finlay 2011; 
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Niewold 2007; Schokker et al. 2014; Schokker et al. 2015, emotional stress (Emeran A 

Mayer, Savidge, and Shulman 2014; Collins and Bercik 2009, and many other environ-

mental factors.  

The gut functionalities as described above, cannot be explained by the activity of single 

genes alone, they are often attributed to groups of genes (Mootha et al. 2003 based on 

their annotation. Such gene-sets (Ashburner et al. 2000 or pathways (Kanehisa and Goto 

2000; Croft et al. 2014; Fabregat et al. 2016 can be regarded as representations of func-

tional building blocks that, in different combinations, may be used to respond to challeng-

es such as infections or toxins, and restore homeostasis once the threat has subsided. We 

hypothesized that each type of challenge requires a different combination of pathways, 

each at a specific expression level, to restore homeostasis. 

An adequate response of the intestinal mucosa to the exposure to diverse components, 

requires a high-level of functional plasticity that is expected to be much higher than the 

liver and kidney which are specialised for a particular function. This theory is supported 

by data present in the human protein atlas (Uhlén et al. 2015; Fagerberg et al. 2014, which 

provides an overview of gene expression profiles in different tissues. Genes mainly ex-

pressed in specialized tissues like the heart, liver and kidney are related to a narrow range 

of functions. The heart tissue specifically expresses genes related to contraction and re-

generation functions (Lindskog et al. 2015. Genes with higher expression in the kidney 

than other measured organs are involved in transport and absorption functions (Habuka et 

al. 2014 and genes with higher expression in the liver compared to other organs are in-

volved in immune and metabolic processes and growth (Kampf et al. 2014. The number of 

genes, specifically expressed in gut mucosal tissues is higher than that in heart, liver, kid-

ney and they are involved in a wider variety of functions, nutrient breakdown, transport 

and metabolism, enteroendocrine system, host protection and maintenance of tissue mor-

phology (Gremel et al. 2015.  

Responses of intestinal mucosal tissues to individual stimuli or perturbations have been 

documented widely in literature in terms of gene expression data (Kar et al. 2016; 

Reikvam et al. 2011; Schokker et al. 2014. However, little is known yet with regard to the 

differences and commonalities in the functional genomic information used by the mucosal 
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tissue to display its extreme functional plasticity. A major driver in the understanding of 

this plasticity is the current trend to develop (dietary) interventions to stimulate intestinal 

health. Therefore, it might be useful to investigate the functional plasticity of mucosal 

tissues at the genomic level in terms of pathways. Such an approach may help to identify 

key sets of biosynthetic and signalling pathways involved in the various mucosal respons-

es and to identify the commonalities and differences in the use of pathways between the 

various responses.  

The objective of this study was to identify pathways expressed in intestinal mucosal tissue 

that are regulated by different types of challenges (e.g. dietary, infectious/immune, and 

drugs) in order to identify commonalities and differences in the use of pathways to display 

the challenge-specific tissue responses. The ultimate aim is to understand the functional 

plasticity of the mucosal tissue in more detail. To perform this study, we used publicly 

available gene expression datasets generated from mouse intestinal tissues exposed to 

orally administered challenges.  

Materials and Methods 

Datasets 

With the R tool GEOmetadb (Zhu et al. 2008 we searched Gene Expression Omnibus 

(GEO) (Edgar, Domrachev, and Lash 2002; Barrett et al. 2013 for publicly available da-

tasets generated from intestinal samples of mice. Among the 450 experiments available 

(as of 07-07-2015) we only selected 14 experiments (17 GEO datasets) on wild-type mice 

where the tissue of any section of the intestine was sampled after weaning. These experi-

ments all used single channel microarrays with at least 3 biological replicates and were 

published on GEO between 2006 and 2014. Except for 3 of the datasets that were meas-

ured using Illumina microarrays, all the others were performed on different versions of 

Affymetrix. Most of the experimental data were obtained from inbred C57BL6J mice, but 

there were two experiments that used BALB/c mice, one that used the 129S1/svlmj mouse 

strain and another that used IQI mice. 

There were 2 experiments where the fat content of the diet was increased by reducing the 

carbohydrate portion of the diet (de Wit et al. 2011; Desmarchelier et al. 2012. The former 
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experiment gave 3 different levels of fat (20%, 30% and 45% of total energy in the diet) to 

the mice and measured the response in 3 sections of the small intestine. The latter used fat 

for 60% of the energy from the diet and measured 2 sections of the small intestine. One 

experiment tested 5 different fibres which were substituted for part of the corn starch in 

the diet and the transcriptomics data was generated from the colon (Lange et al. 2015. The 

rest of the dietary interventions were additives or supplements to the mouse diet. In one 

experiment, dietary heme was added to a high fat diet and the response was measured in 

the colon (IJssennagger et al. 2012. In another experiment quercetin was added to the 

standard diet and the response was measured in 2 parts of the small intestine (jejunum and 

ileum), as well as in the colon (Mutch et al. 2006. Another experiment added a synthetic 

PPARα agonist to the diet and a microarray analysis was performed on the small intestine 

(Bünger et al. 2007. One experiment tested a probiotic on 2 strains of mice and 2 sections 

of the intestine (small and large intestine) (Mariman et al. 2015. There are 3 experiments 

where a drug was administered to the animals. In one of these experiments a herbal drug 

was tested on wild-type and specific pathogen free mice, and the response measured in the 

small intestine and colon (Munakata et al. 2012. The other 2 drug experiments involved 

administration of antibiotics. One study utilised a mix of several antibiotics to strongly 

deplete the abundance of gut bacteria, and investigated gene expression in the colon 

(Reikvam et al. 2012. In the other experiment with antibiotics a low dose of penicillin was 

administered daily to the animals from an early age and also changed the diet to measure 

the response in the small intestine (Cox et al. 2015. The Immune challenge experiments 

involved infectious challenge with Salmonella typhimurium (Liu et al. 2010 or the parasite 

Giardia Duodenalis (Tako et al. 2013. Additionally, the effect of flagellin from Salmonel-

la enterica serovar Typhi (Carvalho et al. 2012 on severity of DSS-induced colitis was 

investigated (Ahmad et al. 2014. In the experiment involving G. Duodenalis the small 

intestine was sampled, whereas the colon was sampled for the other immune challenges. 

More details on the experimental conditions and the control conditions can also be found 

in Supplementary Table 1. 

Data pre-processing 

Using GEOQuery (Davis and Meltzer 2007, we downloaded normalised datasets of prese-

lected experiments from GEO. In each experiment the normalization was performed with 
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one of the following methods, GCRMA, RMA, MAS5 or quantile normalization. Our 

high-level integration approach does not require uniform normalization, so in each case 

we preferred the method chosen by the authors of the original study. The probes were 

mapped to mouse Entrez identifiers using the annotation files from the platform that was 

used for microarray analysis. After a quality check using Principle Component Analysis 

plots, these mice gene identifiers were then mapped to their human homologs using the 

NCBI HomoloGene database [RRID:SCR_002924].  

Pathway Database 

The analysis of all the datasets was done using pathways from the Reactome database 

[RRID:SCR_003485], a freely accessible and a manually curated database available in 

different formats. Pathways from Reactome were downloaded in the BioPAX 

[RRID:SCR_009881] (Biological Pathway Exchange) (Demir et al. 2010 format (version 

51) from the official website. These pathways were then converted to a pathway catalogue 

object in R that can be used by the pathway analysis algorithm. This was accomplished by 

using the pathway2Graph function from the R package rBiopaxParser 

[RRID:SCR_002744] (Benis et al. 2016; Kramer et al. 2013.  

Pathway analysis 

We used a modified version of the algorithm CePa (Centrality based Pathway analysis) 

which uses pathways as networks where the nodes in a pathway could be small molecules 

(compounds), macro-molecules (proteins or RNA) or complexes (more than one protein). 

The topological information of the pathway is used to assign weights to each node using 

centralities. The user can choose between one of 4 centrality measures, in-degree (number 

of edges that are directed towards the node), out-degree (number of edges that are directed 

outwards from the node), in-reach (longest path that brings information to the node) and 

out-reach (longest path that directs out of the node), with another option of giving equal 

weight to all nodes. This centrality information is used along with the expression data to 

give a list of significantly enriched pathways for given conditions.  

The gene expression data is mapped to the nodes of the pathways, when the node is a pro-

tein the expression value of the corresponding gene is used as such. When the node is a 
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complex, the largest component from a Principle Component Analysis of the expression 

values of all the corresponding proteins is assigned as the node expression value. Subse-

quently, these expression values are inputted in a t-statistic to obtain a differential ex-

pression value for each node, which can be positive or negative based on the up- or down

-regulation of that protein. This differential node value is multiplied with the centrality 

based weight of the node to obtain a final node value. This calculation is performed for 

each of the nodes in the pathway and all these values are averaged to obtain a pathway 

level score. The pathway level score is then tested for significance by substituting ran-

dom expression values in the same pathway calculations. This p-value calculation was 

modified from the original CePa function which randomizes the samples of the tested 

conditions. As we work with a minimum of 3 samples per condition, we modified this 

calculation to be able to handle smaller sample sizes. Because the hierarchical nature of 

the pathway database implies dependence between the pathways, we decided not to per-

form a multiple testing correction. 

We weighted the nodes with the in-reach and out-reach centrality calculations, because 

they assign higher weights to the nodes down-stream and up-stream of the pathway re-

spectively. In this way, we can capture signalling pathways, where the effectors are more 

likely to be down-stream of the pathway. However, we did not rule out the metabolic 

pathways where the enzymes are generally up-stream in a pathway. The threshold of the 

p-values was set at 0.01 to compensate for the lack of multiple testing correction. 

Intestinal organoid cultures 

3-D organoids grown from murine small intestine as described before in (T. Sato et al. 

2009; T. Sato et al. 2011; Dekkers et al. 2013. Briefly, a 2cm duodenal section was 

opened longitudinally and washed in ice-cold phosphate-buffered saline solution (PBS). 

After scraping excess villi, the tissue was transferred to PBS containing 2.5 mM EDTA 

and incubated for 30 minutes. Following incubation, the sections were washed with PBS 

and remaining residue was passed on a 70 μm cell strainer, pelleted at 300 x g for 5 

minutes, and suspended in matrigel basement membrane (Growth factor reduced, Corn-

ing) at a density of 50-100 crypts per 50 μl. After inversed polymerization at 37 ⁰C for > 

10 minutes, 600 μl basal culture medium (DMEM/F12) was added, enriched with mouse 
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EGF, Hepes 1M (Invitrogen), N-acetylcysteine (Sigma), B-27 (Thermo-Fisher), Noggin, 

and R-spondin. The culture was passaged 1:4 every 7 days by mechanical disruption, and 

re-suspended in fresh matrigel. All experiments were performed after 2 passages of the 

organoid cultures. 

Stimulation of organoids and reverse transcriptase-quantitative PCR. 

3-D organoids were stimulated with TNFα (10 ng/ml), a PPARα agonist (WY14643 0.1% 

v/v), and flagellin (200 ng/ml) for 6 hours before total RNA was extracted with the Qi-

agen mini-kit according to manufacturer’s instructions along with a 15 minutes DNAse 

step. Purity and integrity measurements were performed on a DS-11 spectrophotometer 

(DeNovix) and 1 μg total RNA was reverse transcribed into cDNA using a QScript kit 

(Quantabio). Quantification of gene expression (RT-qPCR) was performed using a Rotor-

gene Q2 plex RT-cycler (Qiagen) on primers specified in Table 1 with the rotor-gene 

SYBR green PCR kit. These genes were selected based on their representative contribu-

tion to the pathway ‘Regulation of Complement Cascade’. Relative expression levels were 

calculated following methods described in (Schmittgen and Livak 2008 using individual 

amplification values, with 18S and β-Actin as endogenous control genes for normaliza-

tion.  

Table 1. Primers used for RT-qPCR. The information on the primers used to quantify 10 genes is 

given in each row along with the publication from which this sequence was obtained. 

Gene Forward Reverse AT 

(⁰C) 
Amplicon 

(bp) 
Ref 

C2 CTCATCCGCGTTTA

CTCCAT 
TGTTCTGTTCGATG

CTCAGG 
60 178 (Li et al. 

2016) 

C3 AGAGGTCATCAAGT

CAGGC 
GATGTAGCTGGTGT

TGGGCT 
60 167 (Li et al. 

2016) 

C5 AGGGTACTTT-

GCCTGCTGAA 
TGTGAAGGTGCTCT

TGGATG 
60 173 (Li et al. 

2016) 
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Results 

Intestinal gene expression datasets 

Based on the stimuli in the 14 experiments, we classified the interventions into three 

broad stimulation categories: Diet; Drug; and Immune Challenge. Seven of the experi-

ments had dietary interventions with changes either in the composition of the diet or with 

additives (non-immune and non-drug) in the diet and were placed in the Diet category. In 

the ‘Drug’ category there were 3 experiments, one with a Japanese herbal drug and two 

with antibiotics. The Immune Challenge category consisted of 4 experiments performed 

with infectious or inflammatory stimuli. Information on the age of the animals during the 

intervention/challenge period and sampling time is indicated in Figure 1. These 14 experi-

ments comprised of 37 experimental conditions, where a condition is defined as a unique 

combination of an inbred mouse strain, a stimulus and intestinal tissue sectioned at a spe-

cific time point, as depicted in Figure 1.  

 

Cfh CGTGAATGTGGTG-

CAGATGGG 

AGAATTTCCACACAT

CGTGGCT 

60 248 (Li et al. 

2016) 

Cfi TTCCAC-

TGGGTGTTCGTGAC 

TAAAGGCACAC-

TCCGCCAAA 

60 126 (Li et al. 

2016) 

Cd46 CCAGGGCCAGA-

TAAGTTTTC 

TATTTCGCCAGCTCC

TGATA 

60 153 (Li et al. 

2016) 

Cd55 CTCTGTT-

GCTGCTGTCCC 

CGAATAA-

TATGCCGGTTG 

60 477 (Nie et al. 

2015) 

Cd59 TAAGTGAG-

TTCCTGGCAACC 

AGGGCCTGTGAA-

GATTATGA 

60 152 (Li et al. 

2016) 

Cr2 CCTGCTCCTCTCTG-

TAAACT 

GATCTGACTGCTTCC

ACTCA 

60 162 (Li et al. 

2016) 

C8g CTGGCTCCTT-

GTGGCTGT 

CGAAACTCTGGTAG-

TCGGTCTC 

60 257 Author 



114 

Chapter 5 

 

5 

Figure 1. Experimental datasets: The 37 conditions from 14 experiments (with 17 GEO accession 

numbers) used in this study are detailed in a timeline of the age of the mice in the experiment. Mice 

of varying ages can be selected for the same experimental group if they weigh the same, this varia-

tion in ages is shown with empty and filled stars and triangles. The stars and triangles denote the 

start and end of the interventions respectively. Challenges have been divided in three categories 

(colour coded): Diet, Drug and Immune challenge. The names given for each dataset are abbreviated 

to show the challenge category in the first part of the name, the tissue sampled at the end (SI: small 

intestine; C: colon) and the text in the middle indicates the nature of challenge. Additional detailed 
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explanations for the abbreviated condition names and the control conditions are given in Supple-

mentary Table 1. 

Pathway database 

We employed the freely available and manually curated pathway database Reactome ver-

sion 51. All pathways are made up of several interactions between different entities in-

cluding proteins, complexes, and DNA. In the Reactome database, pathways are arranged 

in a hierarchy, larger ‘root’ pathways consist of more and more specific pathways, ending 

in several ‘leaf’ pathways. This hierarchy is depicted in a simplified cartoon in the inset of 

Figure 2. The main image in Figure 2 shows a network of all the root pathways in Reac-

tome version 51. These 27 root pathways contain 1,639 pathways within their hierarchy, 

of which 950 are leaf pathways. All individual pathways can belong to more than 1 root 

pathway. These shared pathways are shown as edges in Figure 2. Disease and Metabolism 

are root pathways that have the largest number of leaf pathways. There are several other 

roots with smaller numbers of member pathways as shown in Figure 2. 

Figure 2. Network of Reactome root pathway. The nodes in this network represent the 27 root 

pathways as present in Reactome v51 and the edges indicate the ‘leaf’ pathways shared by connect-

ed root pathways. The thickness of the edges indicates the number of leaf pathways shared by the 

nodes. The nodes are labelled with the names of the root pathways and the number of enclosed leaf 
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pathways is given between brackets. The inset shows a simplified example of root and leaf path-

ways, where the cartoon has one root pathway with 3 leaf pathways. 

 

Significant pathway results for all the datasets 

Pathway analyses were performed on the gathered datasets using the modified version of 

the CePa algorithm in order to identify pathways that are specifically regulated by the 

challenges. Each analysis was performed on single comparisons, where a comparison is 

made between a stimulated condition versus the control in that experiment. In the 

collection of datasets used in this study, we compared 37 stimulated conditions against 

their respective controls. Most of the conditions (25) belong to the Diet category, 5 are 

from the Drug category, and the remaining 7 from the Immune Challenge category 

(Figure 1). Leaf pathways enriched in differentially expressed were considered 

significantly regulated and were compared between challenge categories. Over all 37 

conditions, 1,351 pathways were significantly enriched and 710 are leaf pathways 

belonging to 21 root pathways. The majority of these leaf pathways (84%) were signifi-

cant in both centrality measures whereas about 11% were significant only in the ‘in reach’ 

centrality and 5% significant in only the ‘out-reach’ centrality. An overview of these 

significant leaf pathways, irrespective of the centralities, is shown in the heatmap in 

Figure 3. The number of signifcantly regulated pathways for each condition is highly 

variable, with the maximum being 377 from the experiment with Heme 

(Diet.Add.Heme.C) and the minimum being 37 in the experiment where 20% of the 

energy in the diet came from fat (Diet.Fat.20.P.SI). The average number of signifcantly 

regulated pathways is highest in the conditions belonging to the Diet category with 132 

pathways, second highest is Immune Challenge with 101 pathways followed by Drug with 

87 pathways on average. Many of these results were concentrated in 3 root pathways, 

‘Disease’, ‘Metabolism’ and ‘Signalling Pathways’ (see Figure 3) which have the highest 

number of leaf pathways in the database. The root ‘Steroid Hormones’ is signifcantly 

regulated in only 7 of the 37 conditions.  
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Figure 3. Significant leaf pathways arranged in their respective root pathways. Each row repre-

sents the results of the pathway analysis of one experimental condition versus its respective control. 

Each square in the heatmap represents the number of significant pathways in one root whose name 

is indicated at the bottom of each column. Darker squares indicate a higher number of pathways in a 

category. Conditions are colour coded according to the type of challenges as done in Figure 1. 
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Comparison of the three categories 

The results of all the experimental conditions within a category were compared to the re-

sults of the other challenge categories. There was a large overlap in the results between 

the three classes (Figure 4). In addition, there were several pathways unique to each chal-

lenge category, the largest number of pathways were identified in the Diet category, 

which had the largest number of experimental conditions. The pathways ‘PKA activation’ 

and ‘DARPP-32 events’ are two examples of pathways which were only significant in 

experiments in the Diet category. These pathways are from the roots Signalling Pathways, 

with PKA activation also belonging to the roots Disease and Immune System. Another 

example of a pathway unique to Diet is ‘Glutathione synthesis and recycling’ which is 

significant in 7 of the 25 dietary conditions.  

The number of pathways unique to Drug and Immune Challenge was less than in the Diet 

category. The root pathway Neuronal System has only some significant pathways that are 

unique to the Drug category. Two recurring pathways in experiments within the Drug 

category were ‘Glutamate neurotransmitter release cycle’ and ‘Acetylcholine neurotrans-

mitter cycle’, which share several interactions. The Immune System pathway ‘IRF3-

mediated induction of type1 IFN’ and ‘Synthesis of dolichyl-phosphate mannose’ from 

the Disease and Metabolism of Proteins pathway were unique to the Immune Challenge 

category.  
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Figure 4: Number of differentially expressed leaf pathways in the three challenge categories. 

The three circles are indicative of the significant leaf pathways in the datasets belonging to one of 

the three challenge categories Diet, Drug, or Immune Challenge. The 212 common pathways of all 

the three classes are indicated in the centre. 

There is a large number (212) of leaf pathways that are shared among all challenge cate-

gories (Figure 4). These 212 leaf pathways belong to 24 of the 27 root pathways. These 24 

shared or common root pathways are statistically significant in at least 3 of the 37 condi-

tions, but the number of experimental conditions in which the pathway is significant var-

ies. The distribution of the 212 leaf pathways among the 24 root pathways is shown in 

Table 2. The roots with the largest number of results are Metabolism, Disease, and Signal-

ling pathways, but the proportion of common leaf pathways is similar to the proportion of 

all the leaf pathways in the roots with which we started.  
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Table 2. The 24 root pathways common to the three challenge categories. The names of the root 

pathways are given in the first column. The second column shows the number of leaf pathways in a 

particular root and this number is shown as a percentage of all the leaf pathways in the root pathway 

in the database.  

Root pathways Common Leaf 

pathways 

Ratio of common 

leaf pathways in the 

root pathway 

Metabolism 54 22% 

Disease 53 24% 

Signalling Pathways 47 32% 

Immune System 29 33% 

Cell Cycle 20 30% 

Gene Expression 13 18% 

Hemostasis 11 44% 

Programmed Cell Death 7 26% 

Transcription 6 29% 

Metabolism of proteins 4 8% 

Chromatin organization 3 60% 

Circadian Clock 3 100% 

Developmental Biology 2 5% 

DNA Replication 2 18% 

Extracellular matrix organization 2 18% 

Membrane Trafficking 2 18% 

Transmembrane transport of small molecules 2 6% 

Binding and Uptake of Ligands by Scavenger Recep-

tors 
1 20% 

Cell-Cell communication 1 13% 

Cellular responses to stress 1 9% 
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Use of common pathways under specific conditions 

When the differential expression values (or node values) of individual experimental con-

ditions in these pathways are superimposed on the nodes, we observed that under different 

challenges the same pathway had different expression patterns (number of genes ex-

pressed and levels of gene expression). In Figures 5 to 7 we show graphical representa-

tions of three pathways, ‘Regulation of Complement Cascade’ (Figure 5): the pathway 

with highest differences between gene expression of nodes in the three challenge catego-

ries, ‘Digestion of Dietary Lipid’ (Figure 6): a common pathway that has similar node 

expression profiles over all the experimental conditions where it is significant, and 

‘Laminin Interactions’ (Figure 7): a common pathway representing a mechanism that is 

important for proliferation, migration and differentiation of the intestinal epithelium 

(Khalfaoui et al. 2013. The 3 pathways are arranged based on the cellular location infor-

mation provided in the Reactome database. Each figure panel shows the same pathway; 

however, it is superimposed with the pathway gene expression measurements for 3 differ-

ent conditions, one from each challenge category. Here we consider a pathway to be up-

regulated when most of its nodes have a positive differential value, and down-regulated 

when most of the nodes have negative differential value. By simplifying the response to 

up- or down-regulation we observed that 95% of the pathways were up-regulated com-

pared to the controls in all the experiments. When we investigated the responses of the 

pathways across all experimental conditions within each challenge category, we observed 

that 85% (181 pathways) of the common pathways were up-regulated in the same direc-

tion in the three categories. About 15% of the pathways common to the three challenge 

categories were regulated in different directions, either up- or down-regulated depending 

on the challenge category.  

DNA Repair 1 4% 

Muscle contraction 1 50% 

Organelle biogenesis and maintenance 1 9% 

Post-Elongation Processing of the Transcript 1 25% 
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‘Regulation of Complement Cascade’ is an Innate Immune pathway for expression of 

complement factors and proteins that protect host cell membranes from microbial activa-

tion of the complement cascade. The ‘Regulation of Complement Cascade’ pathway is 

further linked to the pathways ‘Terminal Pathway of Complement’ and ‘Alternative Com-

plement Activation’ in the Reactome database. This pathway is significantly regulated in 

17 conditions (11 Diet, 3 Drug and 3 ImmuneChallenge conditions) and has the most di-

vergent differential expression values between the 3 categories. The responses of 

‘Regulation of Complement Cascade’ pathway for all 17 significant experimental condi-

tions are shown in Supplementary Figure 1. 

In most of the Diet conditions (see Supplementary Figure 1) the pathway is up-regulated 

except for the Diet.Add.Ppar.Agonist.SI and Diet.Add.Probio.BALBc.C conditions, the 

graphical pathway representation is dominated by down-regulated (green nodes in Figure 

5 and Supplementary Figure 1) genes. When Penicillin is administered 

(Drug.Penicillin.SI), the genes in the pathway are down-regulated, whereas in the other 

Drug conditions involving the herbal drug (Drug.HerbalDrug.SI, 

Drug.HerbalDrug.SPF.C), the pathway genes are up-regulated. All the significant Im-

muneChallenge conditions have highly up-regulated the pathway, with large differential 

values for the pathway genes (red nodes in Figure 5 and Supplementary Figure 1). 
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Figure 5. Expression profile of nodes within the complement cascade pathway. Expression 

values in each condition were superimposed on the graphical representation of the pathway, where 

panel A represents the condition Diet.Fat.45.P.SI, panel B Drug.Penicillin.SI, and panel C 

IC.STyph.4day.SL1344.C. The nodes represent expressed gene products or small molecules in dif-

ferent states that are involved in the pathway. The round nodes are proteins or complexes which are 

coloured according to their differential values and the square nodes are non-protein nodes like me-

tabolites or ATP. Darker reds indicate a more positive differential gene expression and darker 

greens indicate a more negative differential gene expression. The edges represent interactions be-
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tween the nodes as given in the Reactome database. The legend indicates the range of colours allo-

cated to nodes based on their differential values from t-statistic calculations. 

 ‘Digestion of Dietary Lipid’ is a Metabolic pathway that is significant in 15 conditions 

(13 – Diet, 1 – Drug and 1 – ImmuneChallenge). This pathway is known to be active in 

the stomach and in the small intestine that uses lipases to digest dietary lipids for absorp-

tion by enterocytes. Figure 6 shows that the genes of this pathway are expressed in a simi-

lar way all over the 3 challenge categories (details of all significant experimental condi-

tions are shown in Supplementary Figure 2). 

There are 11 Diet.Fat conditions where ‘Digestion of Dietary Lipid’ pathway is signifi-

cant, these conditions modulate the gene expression profile of the pathway genes in a very 

similar way. Only a few genes of the pathway are regulated differently in the Diet.Fat 

conditions, but overall the pathway is up-regulated in these conditions. However, in the 

Diet.Fiber conditions (Diet.Fiber.AX.C (Figure 6) and Diet.Fiber.RS.C), the pathway 

genes are down-regulated. When an antibiotic was administered to deplete intestinal bac-

teria (Drug.Antibiotics.C), the pathway behaves quite similarly to the Diet.Fat conditions. 

The significant ImmuneChallenge condition, IC.GDuodenalis.SI shows a tendency to-

wards up-regulation of the pathway genes. 
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Figure 6. Digestion of dietary lipids. Expression values in each condition were superimposed on 

the graphical representation of the pathway, where panel A represents the condition Di-
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et.Fiber.AX.C, panel B represents Drug.Antibiotics.C, and panel C represents IC.GDuodenalis.SI. 

The nodes represent expressed gene products or small molecules in different states that are involved 

in the pathway. The round nodes are proteins or complexes which are coloured according to their 

differential values and the square nodes are non-protein nodes like metabolites or ATP. Darker reds 

indicate a more positive differential gene expression and darker greens indicate a more negative 

differential gene expression. The edges represent interactions between the nodes as given in the 

Reactome database. The legend indicates the range of colours allocated to nodes based on their 

differential values from t-statistic calculations. 

‘Laminin Interactions’ is a biologically relevant pathway representing interactions of a 

family of laminin binding proteins, (including integrins and non-integrins) on intestinal 

epithelial cells with laminin, a major intestinal basement membrane glycoprotein. These 

interactions regulate cell proliferation and adhesion, two crucial functions for intestinal 

epithelial homeostasis. ‘Laminin Interactions’ is a leaf pathway from the root ‘Extra-

cellular Matrix Organization’ and is also a common pathway in all the three challenge 

categories. The genes in the pathway react very differently to the different types of expo-

sures (Figure 7). It is significantly regulated in 18 experimental conditions, 16 of which 

are from the category Diet and 1 experimental condition from both the Drug and Im-

muneChallenge categories (shown in Supplementary Figure 3).  

Most of the Diet conditions up-regulate the ‘Laminin Interactions’ pathway genes. The 

exceptions being the Diet.Fat.60.D.SI and Diet.Add.Heme.C which down-regulate the 

pathway genes (see Supplementary Figure 3), the latter has a stronger suppressing effect 

on pathway expression than the former condition. The single Drug condition in which 

this pathway is significantly regulated is Drug.Antibiotics.C where the pathway genes are 

overall down-regulated (see Figure 7). The ImmuneChallenge condition 

IC.STyph.4day.SB1117.C, strongly up-regulated some genes in the ‘Laminin Interac-

tions’ pathway but also strongly down-regulated some others (see Figure 7). 
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Figure 7. Laminin Interactions. Expression values in each condition were superimposed on the 

graphical representation of the pathway, where panel A represents the condition Diet.Fat.30.M.SI, 
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panel B represents Drug.Antibiotics.C, and panel C represents IC.STyph.4day.SB1117.C. The nodes 

represent expressed gene products or small molecules in different states that are involved in the path-

way. The round nodes are proteins or complexes which are coloured according to their differential 

values and the square nodes are non-protein nodes like metabolites or ATP. Darker reds indicate a 

more positive differential gene expression and darker greens indicate a more negative differential 

gene expression. The edges represent interactions between the nodes as given in the Reactome data-

base. The legend indicates the range of colours allocated to nodes based on their differential values 

from t-statistic calculations. 

 

Stimulation of organoids and reverse transcriptase-quantitative PCR of gene expres-

sion in the ‘Regulation of Complement Cascade’ pathway. 

To investigate which signalling pathways might regulate genes of the Regulation of Com-

plement Cascade’ pathway and verify the results obtained with some of the conditions in 

vivo we performed experiments on intestinal organoids derived from mice. Organoids gen-

erated from dissociated intestinal crypt cells contain all the differentiated types of epitheli-

al cells found in the intestinal location from which they were isolated (Fatehullah, Tan, 

and Barker 2016. These untransformed cells have a global transcriptome profile that more 

closely resembles that of the tissue of origin and overcome some of the limitations associ-

ated with aneuploidy cancer cell lines.  

As stimuli, we used TNFα, an inflammatory cytokine induced by infection or activation of 

inflammatory pathways, flagellin an agonist of TLR5 used as one of the challenge condi-

tions in the Immune category and a pharmacological agonist of PPARα which was used as 

one of the challenge conditions in the Diet category. Untreated 3-D organoids were used 

as control to obtain relative gene expression values of the 10 chosen genes when stimulat-

ed by the three treatments. All data were analysed using Prism statistical software (v5.0, 

Graphpad, San Diego, US), measured for normality using the Kolmogorov-Smirnov test, 

and shown in Box and Whisker plots in Supplementary Figure 4. A t-statistic test was per-

formed on the RT-qPCR results of the 10 genes using the same methods used on the nodes 

in the gene set pathway analysis of CePa, see Table 3. The results of the validation experi-

ment are shown in Supplementary Figure 4 as box and whisker plots. 
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These genes were chosen to represent the activity of the pathway ‘Regulation of Comple-

ment Cascade’, five of them (C3, C5, CD46, CD55, and CD59) were chosen to observe 

the activity of the complement system and the host defence against the complements. The 

other five (C8GH, CFI, CFH, CR1, and C2) were chosen because they are part of nodes 

that change the most in the 17 experimental conditions where the ‘Regulation of Comple-

ment Cascade’ pathway is significant. The expression of the 10 homologous mice genes is 

not changed much when stimulated by the virulence factor flagellin but respond signifi-

cantly to the inflammatory cytokine TNFα and moderately to the PPARα agonist. Overall 

the genes that change most in the pathway analysis show more differential changes com-

pared to the ones chosen from a biological perspective. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



130 

Chapter 5 

 

5 

 

E
x

p
er

im
e
n

ta
l 

C
o

n
d

it
io

n
 

C
3
 

C
5
 

C
D

4
6
 

C
D

5
5
 

C
D

5
9
 

C
2
 

C
8

G
 

C
F

I 
C

F
H

 
C

R
1
 

F
la

g
el

li
n
 

-0
.5

8
 

-1
.1

7
 

0
.5

3
 

-0
.2

7
 

0
.6

6
 

0
.8

 
-0

.5
7
 

-0
.7

5
 

-0
.5

9
 

-1
.7

3
 

T
N

F
α
 

1
7

.3
8
 

-2
.9

6
 

1
.0

3
 

6
.9

9
 

0
.4

 
1

.7
3
 

0
.3

7
 

5
.0

2
 

6
.4

 
-5

.0
5
 

P
P

A
R

α
 

1
.8

1
 

-1
.0

8
 

0
.9

2
 

2
.9

8
 

0
.7

4
 

1
.9

6
 

0
.3

7
 

7
.4

2
 

4
.9

2
 

-3
.0

3
 

D
ie

t.
F

at
.2

0
.D

is
ta

lS
I 

1
.3

9
 

0
.7

4
 

-0
.5

6
 

1
.5

3
 

-0
.4

2
 

0
.4

3
 

0
.6

7
 

0
.6

 
1

.2
2
 

-0
.5

6
 

D
ie

t.
F

at
.4

5
.M

id
d

le
.S

I 
1

.5
4
 

1
.0

8
 

-0
.2

6
 

0
.9

7
 

-0
.3

3
 

2
.1

8
 

0
.2

 
1

.0
3
 

2
.6

1
 

-0
.2

6
 

D
ie

t.
F

at
.2

0
.P

ro
x
im

al
.S

I 
1

6
.2

7
 

1
.1

8
 

-0
.6

8
 

1
3

.2
5
 

1
.1

8
 

2
0

.3
5
 

0
.6

7
 

2
.2

9
 

2
2

.2
 

-0
.6

8
 

D
ie

t.
F

at
.3

0
.P

ro
x
im

al
.S

I 
1

1
.4

3
 

-2
.0

5
 

0
.9

 
4

.5
9
 

-2
.5

2
 

9
.7

3
 

0
.1

5
 

0
.7

8
 

8
.3

3
 

0
.9

 

D
ie

t.
F

at
.4

5
.P

ro
x
im

al
.S

I 
5

.4
4
 

-0
.8

3
 

0
.7

3
 

3
.6

1
 

-0
.9

7
 

3
.9

7
 

1
.8

1
 

1
.6

3
 

2
.5

2
 

0
.7

3
 

D
ie

t.
F

ib
re

.A
ra

b
in

o
x
y
la

n
.C

 
1

.6
1
 

0
.5

4
 

-0
.6

 
2

.0
6
 

2
.2

3
 

2
.3

1
 

0
.9

2
 

2
.9

4
 

3
.8

1
 

-0
.6

 

T
a
b

le
 3

. 
D

if
fe

re
n

ti
a
l 

ex
p

re
ss

io
n

 v
a
lu

es
 f

r
o

m
 t

-s
ta

ti
st

ic
 c

a
lc

u
la

ti
o
n

s 
o
f 

th
e 

1
0

 g
en

es
 i

n
 s

ti
m

u
la

te
d

 o
rg

a
n

o
id

s 
a
n

d
 i

n
 t

h
e 

1
7

 e
x

p
e
ri

m
e
n

ta
l 

c
o
n

d
it

io
n

s 

w
h

er
e 

th
e 

‘R
eg

u
la

ti
o
n

 o
f 

C
o

m
p

le
m

e
n

t 
C

a
sc

a
d

e’
 p

a
th

w
a
y

 i
s 

si
g
n

if
ic

a
n

t.
 C

o
lu

m
n

s 
2

 t
o
 1

1
 c

o
n

ta
in

 d
if

fe
re

n
ti

al
 v

al
u

es
 o

f 
th

e 
g
en

es
 i

n
 t

h
e 

co
n
d
it

io
n
s 

g
iv

en
 

in
 t

h
e 

ro
w

s.
 T

h
e 

ex
p

er
im

en
ta

l 
co

n
d
it

io
n

s 
o

f 
th

e 
D

ie
t 

ca
te

g
o

ry
 a

re
 c

o
lo

u
re

d
 i

n
 p

u
rp

le
, 

th
e 

D
ru

g
 c

at
eg

o
ry

 c
o

n
d

it
io

n
s 

ar
e 

co
lo

u
re

d
 i

n
 o

ra
n

g
e 

an
d
 t

h
e 

Im
-

m
u

n
eC

h
al

le
n

g
e 

ca
te

g
o

ry
 c

o
n

d
it

io
n

s 
ar

e 
co

lo
u

re
d
 g

re
en

. 
T

h
e 

re
su

lt
s 

o
f 

th
e 

ex
p

er
im

en
ta

l 
v
al

id
at

io
n
 o

n
 o

rg
an

o
id

s 
is

 i
n

 b
la

ck
. 

T
h

e 
fi

rs
t 

fi
v

e 
g
en

es
 w

er
e 

ch
o

-

se
n

 b
as

ed
 o

n
 b

io
lo

g
ic

al
 i

n
fo

rm
at

io
n

 a
n
d

 t
h

e 
la

st
 f

iv
e 

w
er

e 
b

as
ed

 o
n
 t

h
e 

d
at

a 
an

al
y
si

s 



131 

Chapter 5 

 

5 

 

D
ie

t.
F

ib
er

.I
n

u
li

n
.C

 
-1

.3
4
 

1
.6

1
 

1
.5

6
 

1
.0

5
 

1
.6

4
 

2
.5

5
 

-1
.2

4
 

-4
.3

2
 

-1
.6

 
1

.5
6
 

D
ie

t.
A

d
d

it
iv

e.
Q

u
er

ce
ti

n
.I

le
u

m
.S

I 
1

.0
1
 

-0
.3

1
 

-0
.5

1
 

1
.9

9
 

3
.5

4
 

7
.5

1
 

4
.5

7
 

0
.3

9
 

-1
.9

1
 

-0
.5

1
 

D
ie

t.
A

d
d

it
iv

e.
P

p
ar

A
g
o

n
is

t.
S

I 
1

.7
3
 

2
.9

 
-0

.5
2
 

1
.8

4
 

1
.6

8
 

1
.8

8
 

0
.9

 
1

.6
8
 

-0
.2

1
 

-0
.5

2
 

D
ie

t.
A

d
d

it
iv

e.
P

ro
b

io
ti

c.
B

A
L

B
c.

C
 

2
.0

4
 

2
.4

8
 

-0
.6

7
 

-0
.8

2
 

5
.3

5
 

3
.7

 
2

.9
3
 

0
.5

1
 

2
.2

2
 

-0
.6

7
 

D
ie

t.
A

d
d

it
iv

e.
P

ro
b

io
ti

c.
B

A
L

B
c.

S
I 

0
.9

7
 

-0
.9

9
 

-0
.4

7
 

-0
.3

4
 

1
.9

9
 

8
.1

 
3

.5
3
 

-1
.8

5
 

2
.8

 
-0

.4
7
 

D
ru

g
.H

er
b

al
D

ru
g
.S

P
F

re
e.

C
 

6
.9

7
 

2
.2

2
 

-1
.6

 
2

.3
2
 

2
.2

8
 

8
.7

4
 

-0
.7

3
 

0
.5

9
 

2
.2

5
 

-1
.6

 

D
ru

g
.H

er
b

al
D

ru
g
.S

I 
-0

.0
9
 

-1
.3

 
-2

.3
6
 

1
.1

2
 

-0
.4

9
 

-0
.1

5
 

-0
.1

 
0

.1
5
 

1
.9

4
 

-2
.3

6
 

D
ru

g
.P

en
ic

il
li

n
.S

I 
3

.7
2
 

1
.9

2
 

-3
.1

2
 

-2
.0

8
 

-1
.3

4
 

3
.8

4
 

-0
.5

9
 

-1
.8

 
3

.7
1
 

-3
.1

2
 

Im
m

u
n

eC
h

al
en

g
e.

S
.T

y
p

h
im

u
ri

u
m

. 

4
d

ay
.S

B
1

1
1
7

.C
 

5
.6

1
 

1
.2

3
 

2
.0

5
 

-3
.5

5
 

1
 

8
.4

1
 

-0
.0

7
 

2
.8

5
 

2
.3

8
 

2
.0

5
 

Im
m

u
n

eC
h

al
le

n
g
e.

S
.T

y
p

h
im

u
ri

u
m

. 

4
d

ay
.S

L
1

3
4

4
.C

 

0
 

-1
.2

1
 

0
 

-3
.8

4
 

-0
.5

7
 

2
.2

6
 

0
.4

3
 

-3
.8

4
 

0
 

0
 

Im
m

u
n

eC
h

al
le

n
g
e.

C
o

li
ti

s.
C

 
0

 
1

.6
6
 

0
 

1
.6

4
 

0
.8

3
 

3
.2

1
 

-0
.0

9
 

1
.6

4
 

0
 

0
 



132 

Chapter 5 

 

5 

Discussion 

The results of this study showcase examples of the functional plasticity of the gut mucosal 

tissue at the level of pathway biosynthesis and signalling. By integrating the results of 

experiments in which intestinal homeostasis was perturbed by completely different chal-

lenges, we were able to investigate the plasticity of the gastrointestinal tissue in terms of 

pathway use. To the best of our knowledge, this type of study, focusing on one tissue and 

different types of challenges, has not yet been performed on this scale. By grouping the 

different challenge conditions in categories according to whether they were drugs, dietary 

ingredients or inflammatory agents, we grouped the responses of the mucosal tissue to 

facilitate broader comparisons. We observed that some pathways are regulated by experi-

mental conditions in all categories. In addition, we observed large differences in the ex-

pression profiles of pathway genes between different exposure conditions, in some cases, 

irrespective of the challenge category. By focussing on the commonly regulated pathways, 

we show that the gut mucosa employs similar pathway systems, however, in different 

combinations and with different intra-pathway gene expression profiles, to respond to 

different exposures. Experimental validation of one of these pathways shows that these 

responses are due to local responses of the tissue to the administered challenge. 

High-level data integration 

The most important criteria for dataset selection was the age of the mice when sampled, 

because the mucosal immune system and intestinal microbiota of mammals is known to 

change dramatically around weaning (Cera et al. 1988. This holds true for mice (X. Gu, 

Li, and She 2002; D. Kelly, Smyth, and McCracken 1991, therefore we only included 

datasets where the mice were sampled 2 or more weeks after weaning. The inclusion crite-

ria provided datasets that are comparable, but they still differed in many aspects such as 

the use of microarray platforms, in sampling of the tissue and in the control conditions. 

Therefore, we used a high-level data integration method that started with the identification 

of differently expressed pathways as detected within an individual experiment and/or ex-

perimental condition. 
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Pathway level analysis 

We reasoned that genome-wide gene expression data is more easily interpreted, in terms 

of biological processes, when the analysis is performed on a functional level with path-

ways or gene-sets as functional units or buildings blocks of biological processes, rather 

than on individual genes (Emmert-Streib and Glazko 2011. We used the pathway database 

Reactome because it is manually curated and regularly updated. Both signalling and meta-

bolic pathways are represented in the same format with separate nodes for proteins (we 

use gene expression values here) and metabolites. The nodes are also annotated with de-

tails of the cellular location.  

It has been theorized that using the topology of the pathways will enhance the results of 

the enrichment analysis Therefore we chose the CePa algorithm that considers pathways 

topology although we modified the algorithm to accommodate smaller sample sizes. 

Based on the biological information behind the pathways, we decided to use two centrality 

calculations, ‘In-reach’ and ‘Out-reach’ to capture regulation of pathways down-stream 

(important for signalling pathways) and up-stream (for metabolic pathways) respectively. 

Most of the results were significant in both the centrality calculations irrespective of the 

type of pathway. This apparent indifference in topology is also observed by Bayerlova et 

al. (Bayerlová et al. 2015 in a different pathway database using a variety of algorithms. 

Several pathways are regulated by all three challenge categories 

The results of the integrated pathway analysis show that there is a notable overlap in the 

pathway response between the 3 challenge categories. The Diet category has the highest 

number of leaf pathway results, and also the highest number of experimental conditions. 

Surprisingly, most of the results from Drug and Immune Challenges were also shared by 

the Diet class. This is not expected since the drug and immune challenges are regarded as 

more severe perturbations of homeostasis than a change in the diet. However, the results 

demonstrate that there is a group of common pathways (building blocks) that are always 

regulated when homeostasis is perturbed. These common pathways contribute to a major 

extent to the capability of the intestinal mucosa to display a high-level of functional plas-

ticity. That is the reason we focussed our subsequent research on these common pathways.  
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Most of the transcriptomics data used in this study came from intestinal scrapings which 

greatly enriches for different types of epithelial cells involved in innate immunity and 

cross talk with the immune cells in the lamina propria (Wells et al. 2011. The different 

functions of these epithelial cells contribute to the functional plasticity of the epithelium. 

The results of this study revealed another layer of plasticity which is based on the specific 

use of a common set of pathways. These common pathways are significantly differentially 

expressed compared to controls in at least one experimental condition in each category. 

Simplifying the regulatory output of a whole pathway is difficult due to issues like up-

regulation of the expression of stimulatory or inhibitory molecules. For the sake of sim-

plicity, in this paper we assume that if the majority of the nodes are up-regulated, then the 

pathway as a whole is up-regulated and vice versa.  

Examples of pathways that respond differently to the classes of exposure 

Three of the 212 common pathways which respond differently to the challenge categories 

are discussed further below. The first pathway, ‘Regulation of Complement Cascade’, was 

chosen because it showed the largest difference in node expression profile between the 

three challenge categories (based on t-values of the nodes) and because the bulk of soluble 

complement proteins are produced by the liver with some being produced by only a few 

cell types, suggesting they may have specific functions. Hence, we also investigated 

whether stimuli for specific signalling pathways that might be associated with the chal-

lenges induced complement pathway genes in intestinal organoid models. The second 

pathway, ‘Digestion of Dietary Lipids’, was chosen because it is part of the majority of 

pathways that display an almost similar intra-pathway gene expression profile between the 

three challenge categories. The third pathway, ‘Laminin Interactions’, was chosen because 

it is part of the ‘Extra Cellular Matrix Organization’ root pathway, which regulates diverse 

functions, including proliferation, migration and differentiation and also morphogenesis of 

the intestine (Khalfaoui et al. 2013.  

Regulation of Complement Cascade 

The complement system consists of several inactive pre-proteins produced in the liver that 

circulate in the blood. It is part of the innate immune system and activation of the comple-

ment cascade plays a key role in the opsonisation of microorganisms to increase phagocy-
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tosis by macrophages and neutrophils at the sites of infection (Ricklin et al. 2010. Activa-

tion of the complement cascade also promotes the development of the pore forming mem-

brane attack complex on microorganisms. The triggers for activation of this cascade are 

the formation of the C1 complex pathogen-binding antibodies (classical pathway), sponta-

neous hydrolysis of C3 and deposition of C3b on the surface of microorganisms or bind-

ing of mannose-binding lectin and activation of serine proteases acting on complement 

factors (Merle et al. 2015. A family of regulatory proteins act as regulators of complement 

activation to protect host cells from homologous complement attack. This prevents the 

membrane attack complex formed during complement activation, from lysing nearby host 

cells.  

It is expected that the regulation of complement cascade pathway is modulated in the 

Drug category by administration of antibiotics and ImmuneChallenge conditions. The fact 

that the ‘Regulation of Complement Cascade’ pathway was modulated by several condi-

tions (five Diet.Fat, two Diet.Fibre and five Diet.Additive conditions) in the Diet category 

that are not considered to be extreme perturbations, was surprising and interesting. How-

ever, there has been research linking elements of the complement system to lipid metabo-

lism by acylation-stimulating protein/complement C3adesArg (ASP/C3adesArg) which 

has been shown to stimulate triglyceride (TG) synthesis in both mature adipocytes and pre

-adipocytes (Munkonda et al. 2012; Mamane et al. 2009; Paglialunga et al. 2007 .  

The Diet and ImmuneChallenge conditions up-regulate the ‘Regulation of Complement 

Cascade’ pathway and the experimental conditions in the Drug category mostly down-

regulated the pathway. The regulation of the pathway is the strongest in the ImmuneChal-

lenge conditions, however our results indicate that several Diet conditions induce similar 

regulation of the pathway, although expression is lower than with two conditions 

(IC.STyph.4day.SL1344.C, IC.STyph.4day.SB1117.C) in the Immune Challenge catego-

ry. The expression of the regulators of complement cascade that protect host cells from 

potentially damaging effects of complement in response to infectious agents seems logi-

cal. Mucosal damage due to infection might lead to vascular damage and leakage of plas-

ma into the lamina propria. Here activation of the complement cascade would necessitate 

up-regulation of the host regulators of complement cascade (CD46, CD55) to protect its 

own cell membranes. Additionally, the production of blood complement components by 
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epithelial cells would contribute to the local pool. This could be an important mechanism 

in the periphery of the intestine which might have poor access to circulating complement 

components from the blood. The Diet category of challenges which strongly upregulated 

this pathway were from high fat diets (Figure 5), which are known to cause low-grade 

inflammation and a leaky gut (Bischoff et al. 2014; Chassaing and Gewirtz 2014. Interest-

ingly depletion of the microbiota with penicillin, reduced pathway expression suggesting 

that the microbiota contribute to “tonic” stimulation of the complement related pathways 

via stimulation of innate immunity.  

To investigate this hypothesis and identify the signalling pathways associated with altered 

expression of this pathway we stimulated small intestinal mouse organoids with TNFα, 

flagellin, an agonist of PPARα, or culture medium as a control and compared the relative 

transcript abundance of several complement pathway genes by reverse transcription poly-

merase chain reaction (RT-PCR). The RT-PCR measurements were made on mice homo-

logs of the human genes in the pathway, and these mice genes are denoted in italics with 

only the first letter of the gene symbol capitalized. Stimulation with TNFα a cytokine se-

creted by activation of NF-κB in tissue and immune cells simulates inflammation of the 

intestine. The PPARα agonist simulates high-fat dietary conditions and the flagellin an 

agonist of TLR5, was used to investigate the role of TLR signalling. Transcription of 

complement factors C2, C3 and regulatory proteins Cfi, Cd46 and Cd55 were significantly 

up-regulated by TNFα whereas expression of C5, C8 and Cfh was not significantly 

changed and Cd59 was significantly down-regulated. The agonist of PPARα significantly 

up-regulated transcription of regulatory proteins Cd55, Cr2, Cd46, and Cfi and signifi-

cantly down-regulated expression of Cd59. Surprisingly flagellin (which was shown to 

activate TLR5 in reporter cells) did not significantly alter expression of any of these 

genes. These results suggest that activation of inflammatory pathways in intestinal organ-

oids via TNFα-receptor mediated pathway upregulates expression of host membrane pro-

teins (CD46 and CD55) involved in protection of membranes against complement activa-

tion as well as factor I (CFI) which regulates complement activation by cleaving cell-

bound or fluid phase C3b. Upregulation of C2 required for generation of the C3 convert-

ase upon complement activation and C3 which is crucial component for activation and the 

first stages of complement cascade were also upregulated by TNFα.  



137 

Chapter 5 

 

5 

This finding suggests that activators of NF-kB pathway (e.g. IL-1β, and agonists of NLRs 

and TLRs) would also induce expression of the complement related genes. However, ad-

dition of flagellin to organoids did not induce significant changes in expression of these 

genes. The reasons for this are unclear but may be due to lack of expression of membrane 

TLRs in organoid cells or strong negative regulation of TLR signalling pathways. It has 

been proposed that TLR signalling is tightly controlled in epithelial cells to avoid chronic 

inflammatory responses to bacterial MAMPs from the intestinal lumen (Sham et al. 2013; 

Biswas et al. 2011. Interestingly, activation of the PPARα pathway also increased expres-

sion of protective factors Cd55, Cd46, Cfi and Cr2 which allows the complement system 

to play a role in B cell activation and maturation. This links PPARα to regulation of com-

plement cascade in the gut and the effects of high fat diets on this pathway in vivo.  

The variations in the expression of the genes measured in the validation experiment reflect 

the plasticity in the response of the ‘Regulation of Complement Cascade’ pathway that is 

observed in the high-level data integration results.  

Digestion of Dietary Lipids 

The “Digestion of Dietary Lipids’ pathway describes the digestion of dietary lipids by 

pancreatic and gastric lipases which are known to increase with increase in fat consump-

tion (Deschodt-Lanckman et al. 1971; Corring 1980. This pathway is regulated in the up-

wards direction under all the experimental conditions where it is significant (featured in 

Supplementary Figure 2). All the Diet conditions (11 experimental conditions) with an 

increase in fat content show up-regulation of this pathway which is consistent with exist-

ing literature. However, up-regulation is also seen in four other experimental conditions, 

two of which are substitutions of fibres in the diet. Dietary fibres have been documented 

to change lipid levels (Ulmius, Johansson, and Önning 2009; Brown et al. 1999 depending 

on the type of fibre, but the fibres used in the original study (Arabinoxylan from wheat 

and Resistant Starch from tapioca) have no documented effects on lipid levels. Antibiotics 

that severely affect the intestinal microbiota have been observed to reduce lipid absorption 

in mammals (H. Sato et al. 2016; Rotenberg and Andersen 1982. Bacterial pathogens of 

the genus Giardia have an interesting relationship with dietary lipids which can kill them 

in in vitro conditions (Rayan, Stenzel, and McDonnell 2005; Das et al. 1988; Yichoy et al. 
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2011 but only reduces the severity of the infection in in vivo conditions (Suh, Belosevic, 

and Clandinin 2004; Yichoy et al. 2011. In our analysis, we see that even though these 15 

experimental conditions have very different effects on lipid levels in the organism, they 

modulate the ‘Digestion of Dietary Lipids’ pathway in the same direction. 

The “Laminin Interactions’ pathway as indicator for gut health 

Our analysis enables unbiased analysis of the response of pathways to experimental condi-

tions. Therefore, besides analysing significant pathways it is possible to investigate mi-

nutely at the behaviour of specific pathways to understand their regulation by any of the 

37 different experimental conditions. One biologically relevant pathway for the tissue is 

the ‘Laminin Interactions’ pathway. It is a leaf pathway that is part of the root pathway 

Extracellular Matrix Organization which is important for intestinal health (Frantz, 

Stewart, and Weaver 2010. This class of pathways encompass biological processes related 

to the extracellular matrix, which is made up of several types of fibrous proteins that are 

linked to provide structural support to the cells. The biological process of maintaining the 

extracellular matrix is crucial to the barrier function of the gut and intestinal regeneration 

(Blikslager et al. 2007; Göke, Zuk, and Podolsky 1996. There are 11 leaf pathways in this 

root, and two of them were part of the common significantly regulated pathways: the 

‘Integrin Cell Surface Interactions’ pathway and the ‘Laminin Interactions’ pathway. The 

latter is a pathway that describes the interactions of the laminin family of proteins with 

each other and other fibrous proteins. Laminins have been extensively studied 

(Domogatskaya, Rodin, and Tryggvason 2012 and have been implicated in, among other 

things, wound repair (Iorio, Troughton, and Hamill 2015 and cell adhesion. These are 

functions that are of eminent importance to the gut in keeping harmful substances from 

breaching the epithelium.  

Our analysis shows that this pathway is up-regulated in most of the 18 conditions in which 

it is significant. The Diet conditions modulate the pathway in mostly the same way except 

for the experiment when 60% fat is added to the diet. In the latter experiment two parts of 

the small intestine were sampled, the proximal and distal halves. The ‘Laminin Interac-

tions’ pathway is modulated in opposite directions in each of these sections, and this dif-
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ference between the two tissue sections has also been described by the researchers who 

conducted this experiment (Desmarchelier et al. 2012.  

In the Drug condition where several antibiotics were administered, almost all the nodes of 

the ‘Laminin Interactions’ pathway are down-regulated. This treatment depletes the intes-

tinal microbe population the presence of which stimulates epithelial proliferation and the 

involvement of the Laminin pathways in epithelial remodelling (Hörmann et al. 2014. 

This down-regulation of the ‘Laminin Interactions’ pathway in the Drug.Antibiotics.C 

condition is consistent with the reports from an experiment with similar conditions 

(Reikvam et al. 2011 where there was reduced epithelial turnover. ‘Laminin Interactions’ 

shows strong signals in the ImmuneChallenge condition IC.STyph.4day.SB1117.C, some 

nodes are highly up-regulated and some highly down-regulated. The paper on this im-

mune challenge (Liu et al. 2010 shows that there is an up-regulation of genes involved in 

‘cell growth and proliferation’. This modulation of the ‘Laminin Interactions’ pathway 

shows that laminins are reactive to different types of conditions and play an important role 

in the functional plasticity of the gut. 

Conclusions  

In this study we performed a high-level data integration of a number of datasets represent-

ing whole genome gene expression patterns of intestinal mucosa’s that have been exposed 

to different types of stimulations. The results highlight the functional plasticity of the gut 

is high and point towards different layers of plasticity. Firstly, the same pathways can be 

used in different combinations to generate extremely different physiological responses. 

Secondly, genes within pathways are not uniformly regulated which contributes further to 

the plasticity. The large number of the so-called common pathways that are regulated by 

the different classes of stimulations are proof of plasticity on the functional level. Further-

more, these pathways also show intra-pathway variations in response to the different stim-

ulations which reveals another layer of plasticity in the pathways themselves. The latter 

calls for caution when analysing expression data as pathway enrichment cannot be equat-

ed to a uniform functional response. We conclude that the functional plasticity of intesti-

nal mucosal tissue can be explained, at least partially, by variation in the pathway sets that 
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are regulated by different stimuli and by the induction of intra-pathway specific gene 

expression patterns. 
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Supplementary files 

Supplementary Table 1. Description of the 37 conditions. This table describes the 

abbreviated names of experimental conditions as used in the paper and the control condi-

tions in each of the experiments.  

 

Names Description of Experi-

mental conditions 

Description of the control 

condition 

Diet.Fat.20.P.SI 20% of the energy in the diet 

comes from fat, proximal 

section of the small intestine 

10% of the energy in the diet 

comes from fat, proximal 

section of the small intestine 

Diet.Fat.30.P.SI 30% of the energy in the diet 

comes from fat, proximal 

section of the small intestine 

Diet.Fat.45.P.SI 45% of the energy in the diet 

comes from fat, proximal 

section of the small intestine 

Diet.Fat.20.M.SI 20% of the energy in the diet 

comes from fat, middle sec-

tion of the small intestine 

10% of the energy in the diet 

comes from fat, middle sec-

tion of the small intestine 
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Diet.Fat.30.M.SI 30% of the energy in the diet 

comes from fat, middle sec-

tion of the small intestine 
  

Diet.Fat.45.M.SI 45% of the energy in the diet 

comes from fat, middle sec-

tion of the small intestine 

Diet.Fat.20.D.SI 20% of the energy in the diet 

comes from fat, distal section 

of the small intestine 
10% of the energy in 

the diet comes from fat, 

distal section of the 

small intestine 

Diet.Fat.30.D.SI 30% of the energy in the diet 

comes from fat, distal section 

of the small intestine 

Diet.Fat.45.D.SI 45% of the energy in the diet 

comes from fat, distal section 

of the small intestine 

Diet.Fat.60.D.SI 60% of the energy in the diet 

comes from fat, distal section 

of the small intestine 

11% of the energy in 

the diet comes from fat, 

distal section of the 

small intestine 

Diet.Fat.60.P.SI 60% of the energy in the diet 

comes from fat, proximal sec-

tion of the small intestine 

Diet.Fiber.AX.C Control diet with 10% of corn 

starch substituted with Arabi-

noxylan, sampled at the colon 
Standard semi-synthetic 

low fat diet with corn 

starch as carbohydrate 

source, sampled at the 

colon 

Diet.Fiber.FOS.C Control diet with 10% of corn 

starch substituted with Oli-

gofructose, sampled at the 

colon 

Diet.Fiber.GG.C Control diet with 10% of corn 

starch substituted with Guar 

gum, sampled at the colon 
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Diet.Fiber.IN.C Control diet with 10% of 

corn starch substituted 

with Inulin, sampled at the 

colon 
  

Diet.Fiber.RS.C Control diet with 20% of 

corn starch substituted 

with Resistant starch sam-

pled at the colon 

Diet.Add.Heme.C  Control diet supplemented 

with 0.5 µmol/g heme, 

sampled at the colon 

Westernized control diet 

(40% fat (mainly palm oil) 

low calcium (30 µmol/g)), 

sampled at the colon 

Diet.Add.Quercetin.C RM3 (E) 801710 Soya-free 

powdered diet + 7mg quer-

cetin, sampled in the colon 

 RM3 (E) 801710 Soya-

free powdered diet, sam-

pled in the colon 

Diet.Add.Quercetin.I.SI RM3 (E) 801710 Soya-free 

powdered diet + 7mg quer-

cetin, sampled in the ileum 

 RM3 (E) 801710 Soya-

free powdered diet, sam-

pled in the ileum 

Diet.Add.Quercetin.J.SI RM3 (E) 801710 Soya-free 

powdered diet + 7mg quer-

cetin, sampled in the jeju-

num 

 RM3 (E) 801710 Soya-

free powdered diet, sam-

pled in the jejunum 

Diet.Add.PparAgonist.SI Standard laboratory chow 

(RMH-B), sampled at the 

small intestine 

Standard laboratory chow 

(RMH-B), sampled at the 

small intestine 

Diet.Add.Probio.BALBc.C SSNIFF R/M-H feed pellet 

diet or 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain BALBc 

mice, sampled at the colon 

SSNIFF R/M-H feed pellet 

diet given oral gavage with 

PBS, strain BALBc mice, 

sampled at the colon 
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Diet.Add.Probio.BALBc.SI SSNIFF R/M-H feed pellet 

diet with 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain BALBc 

mice, sampled at the small 

intestine 

SSNIFF R/M-H feed pel-

let diet, oral gavage with 

PBS, strain BALBc mice, 

sampled at the small in-

testine 

Diet.Add.Probio.C57BL6.C SSNIFF R/M-H feed pellet 

diet with 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain C57BL6 

mice, sampled at the colon 

SSNIFF R/M-H feed pel-

let diet, oral gavage with 

PBS, strain C57BL6 

mice, sampled at the co-

lon 

Diet.Add.Probio.C57BL6.SI SSNIFF R/M-H feed pellet 

diet with 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain C57BL6 

mice, sampled at the small 

intestine 

SSNIFF R/M-H feed pel-

let diet, oral gavage with 

PBS, strain C57BL6 

mice, sampled at the 

small intestine 

Drug.HerbalDrug.C Orally treated with JTX 

solution (1.0g/kg body 

weight), strain BALBc, 

sampled at the colon 

Treated with water (1.0g/

kg body weight), strain 

BALBc, sampled at the 

colon 

Drug.HerbalDrug.SPF.C Orally treated with JTX 

solution (1.0g/kg body 

weight), strain IQI, sampled 

at the colon 

Treated with water (1.0g/

kg body weight), strain 

BALBc, sampled at the 

colon 

Drug.HerbalDrug.SI Orally treated with JTX 

solution (1.0g/kg body 

weight), strain BALBc, 

sampled at the small intes-

tine 

Orally treated with JTX 

solution (1.0g/kg body 

weight), strain BALBc, 

sampled at the colon 
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Drug.Antibiotics.C Oral gavage of mixture of antibiot-

ics and in drinking water, sampled 

in the colon 

Drinking water, sam-

pled in the colon 

Drug.Penicillin.SI Low dose penicillin was added to 

the drinking water, sampled at the 

small intestine 

Normal chow and 

drinking water, sam-

pled at the small 

intestine 

IC.STyph.4day.SB1117.C Streptomycin treatment followed 

by oral gavage of 1 × 10^7 CFU of 

S. Typhimurium (100 μl suspen-

sion in HBSS), S.Typhimurium 

strain SB1117, after 4 days sam-

pled in the colon 
Oral gavage of 

HBSS, sampled in 

the colon at day 4 
IC.STyph.4day.SL1344.C Streptomycin treatment followed 

by oral gavage of 1 × 10^7 CFU of 

S. Typhimurium (100 μl suspen-

sion in HBSS), S.Typhimurium 

strain SL1344, after 4 days sam-

pled in the colon 

IC.STyph.8hr.SB1117.C Streptomycin treatment followed 

by oral gavage of 1 × 10^7 CFU of 

S. Typhimurium (100 μl suspen-

sion in HBSS), S.Typhimurium 

strain SB1117, after 8 hours sam-

pled in the colon 
Oral gavage of 

HBSS, sampled in 

the colon at 8 hours 
IC.STyph.8hr.SL1344.C Streptomycin treatment followed 

by oral gavage of 1 × 10^7 CFU of 

S. Typhimurium (100 μl suspen-

sion in HBSS), S.Typhimurium 

strain SB1117, after 8 hours sam-

pled in the colon 
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IC.GDuodenalis.SI Oral gavage of 1 × 10^6 

parasites in 0.1 ml phos-

phate-buffered saline 

(PBS), sampled in the small 

intestine 

Sampled in the small intes-

tine 

IC.Flagellin.C Flagellin (FliC) from WT 

Salmonella enterica serovar 

typhimurium (SL3201, 

fljB−) was given 10 μg per 

mouse in 0.2 ml PBS) intra-

peritoneally, sampled in the 

colon 

0.2 ml PBS was given in-

traperitoneally, sampled at 

the colon 

IC.Colitis.C Dextran Sodium Sulfate 

(DSS: 4% w/v) in drinking 

water, sampled at the colon 

Normal drinking water, 

sampled at the colon 
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Supplementary Figure 1: Pathway ‘Regulation of Complement Cascade’ in 17 condi-

tions. This figure contains the pathway as a graph, the nodes are proteins, complexes or 

other physical entities and the edges are interactions between them. Circular nodes repre-

sent proteins or protein complexes, square nodes represent small molecules like metabo-

lites or ATP. The nodes are coloured based on the differential expression values calculat-

ed by the algorithm CePa, darker reds indicate a higher up-regulation of the node and 

darker greens indicate a higher down-regulation. Each section of the figure has the same 

pathway overlaid with expression data from the experimental condition with which it is 

labelled, a subset of this figure is in Figure 5. 
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Supplementary Figure 2: Pathway ‘Digestion of Dietary Lipids’ in 15 conditions. 

This figure contains the pathway as a graph, the nodes are proteins, complexes or other 

physical entities and the edges are interactions between them. Circular nodes represent 

proteins or protein complexes, square nodes represent small molecules like metabolites or 

ATP. The nodes are coloured based on the differential expression values calculated by the 

algorithm CePa, darker reds indicate a higher up-regulation of the node and darker greens 

indicate a higher down-regulation. Each section of the figure has the same pathway over-

laid with expression data from the experimental condition with which it is labelled, a sub-

set of this figure is in Figure 6. 
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Supplementary Figure 3: Pathway ‘Laminin Interactions’ in 18 conditions. This fig-

ure contains the pathway as a graph, the nodes are proteins, complexes or other physical 

entities and the edges are interactions between them. Circular nodes represent proteins or 

protein complexes, square nodes represent small molecules like metabolites or ATP. The 

nodes are coloured based on the differential expression values calculated by the algorithm 

CePa, darker reds indicate a higher up-regulation of the node and darker greens indicate a 

higher down-regulation. Each section of the figure has the same pathway overlaid with 

expression data from the experimental condition with which it is labelled, a subset of this 

figure is in Figure 7. 
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Supplementary Figure 4. Expression of 10 chosen genes from the ‘Regulation of 

Complement Cascade’pathways with significance calculated with ANOVA. Each 

graph contains information on different genes, the x-axis contains information on the 

treatment of the organoids and the y-axis has the fold change of the control genes. All data 

were considered significantly different from the blank when P < alpha (0.05), and indicat-

ed with * (P < 0.05=*, P < 0.01=**, P < 0.001=***). 
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Abstract 

The mucosal immune system of the intestine balances its tolerance towards feed/food de-

rived antigens and commensal microbes and its response to suppress the activity of patho-

genic microbes. Changes in the diet are known to affect immune parameters like Immuno-

globin A and cytokine levels, both at the intestine and at the systemic level. These im-

mune parameters help shape the external immune phenotype of the organism. In order to 

investigate the effects of dietary changes on functional immunity parameters, we analysed 

and compared the gene expression profiles of intestinal mucosal tissues of mice fed with 

various different diets. Such a molecular profile may be regarded as an internal phenotype. 

In addition, we obtained information on 36 functional immunity parameters that are linked 

to the external immune phenotype based on Genome Wide Association Studies (GWAS) 

as deposited in the NCBI dbGaP database. Not less than 1354 genes associated with at 

least one of the 36 selected functional immunity parameters. These genes are indicated 

here as Functional Immunity Parameters Genes (FIPGs).  

Data from 9 different dietary intervention studies were analysed both at the gene and the 

pathway level to compare the intestinal mucosal transcriptomes of the experimental ani-

mals versus the control animals for each study. These results of these analyses were then 

linked to the selected functional immunity parameters via the FIPGs associated with them. 

Out of the 36 functional immunity parameters, 31 were found to be linked to changes in 

diet by either differentially expressed genes or differentially regulated pathways. With 

this, we discovered potential links between dietary interventions and functional immunity 

parameters.  

Keywords: Dietary intervention, Gene expression, Functional immunity parameter, Gas-

trointestinal tract, Immune system 
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Introduction 

The intestinal mucosal immune system maintains a delicate balance between immunogen-

icity against invading pathogens and tolerance against feed/food antigens and the com-

mensal microbiota. Changes in diets have been shown to affect mucosal as well as sys-

temic parameters of immunity, such as levels of Immunoglobin A antibodies and cyto-

kines like Interleukin 10 (Y.-S. Wu et al. 2016; Gomaa and El-Aziz 2017. Variations in 

this type of immunity parameters correlate with external immune-related phenotypes such 

as the inflammatory status of an organism (Ding et al. 2010; Munkonda et al. 2012 or its 

susceptibility to an infectious disease (Alex et al. 2009. Still, limited knowledge is availa-

ble on the relationships between dietary components, immunity parameters and external 

immune phenotypes.  

An improved understanding of these relationships may be obtained by studying the effect 

of diets or dietary components on so-called internal or intermediate phenotypes (Houle, 

Govindaraju, and Omholt 2010; Leuchter et al. 2014. Such internal phenotypes can be 

profiled in specific tissues or body fluids on different biological levels by the use of tran-

scriptomic, proteomic, metabolomic and/or metagenomic measurements. Measurements 

with these techniques quantify all the components of a particular type (mRNA, protein, 

metabolites, microbiota) in the tested sample. The activity and the interactions of several 

of these components, both intra- component-type as well as inter- component-type, may 

contribute to the establishment of external phenotypes which is based on the genotype 

interactions with the environment.  

Since complex external phenotypes, such as immunological resistance, are not always 

easy to quantify, it is common to identify quantifiable functional-related parameters that 

are known to be indicators of a particular external phenotype. Several of these indicators 

have been identified for external phenotypes, especially those associated with a diseased 

state, for example the insulin serum concentration as an indicator for diabetes. 

In a previous study, we have identified several immune related genes and pathways that 

are affected in intestinal mucosal tissues by dietary interventions in mice (Benis et al, in 
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preparation). It is not known yet to what extent these changes contribute to the expression 

of immunity parameters and to the establishment of immune related external phenotypes. 

Therefore, the aim of this study is to develop and build a concept of a quantitative model 

to predict the effects of dietary changes on the expression of a selected set of immunity 

parameters that are functional related to the immune phenotype (immune competence) of 

an organism.  

As a first step, we developed and built the concept of the model using microarray derived 

transcriptome data because this data is comparable between various mice experiments and 

because it covers the expression of whole genomes. Moreover, several dedicated data-

bases exist that store such gene expression data (Gene Expression Omnibus (Barrett et al. 

2013, Array Express (Kolesnikov et al. 2015) thereby enabling the integration of results 

arising from multiple independent experiments. To link gene expression data with func-

tional immunity parameters and immune related external phenotypes, we use databases 

with information on the linkage between genes and such immunity parameters. The data-

base of Genotypes and Phenotypes (dbGaP) (Tryka et al. 2014 and the National Human 

Genome Research Institute Genome Wide Association Studies Catalog (NHGRI GWAS 

Catalog) (Welter et al. 2014 contain results from studies on interactions between geno-

types and phenotypes, most often arising from Genome Wide Association Studies 

(GWAS) experiments. dbGaP and NHGRI GWAS Catalog contain information on genes 

associated to the functional immunity parameters. 

Datasets and Methods 

Microarray datasets 

We acquired microarray data from 9 mice studies where the diet of the animals was al-

tered and a section of the intestine was sampled for gene expression data with microarray 

technology. In three of these studies relative levels of dietary components were changed: 

three different levels of fat were tested with gene expression measured in three sections of 

the small intestine (de Wit et al. 2011; a high fat diet transcriptomics measured in two 

sections of the small intestine (Desmarchelier et al. 2012; and five different types of fibres 

with responses measured in the colon (Lange et al. 2015. The six other studies added sup-

plements / additives in the diet: dietary heme was added and the colon sampled for gene 
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expression (IJssennagger et al. 2012; quercetin was added and two sections of the small 

intestine and the colon were sampled (Mutch et al. 2006; a Ppar alpha agonist was given 

to the mice and the small intestine was sampled (Bünger et al. 2007; and a probiotic name-

ly, VSL#3, was administered to the mice and the small intestine and colon of two strains 

of mice were sampled for gene expression (Mariman et al. 2015. These nine studies com-

prise a total of 25 experimental conditions. Here an experimental condition is defined as a 

dietary change measured in a section of tissue in a strain of animal. Each study also con-

tained data corresponding to control conditions in the same tissue and strain of animal. 

More details on these 25 conditions are given in Supplementary Table 1 which also con-

tains the abbreviations used in this paper to denote these conditions. 

Differential gene expression analysis 

Gene expression was analysed by comparing each of the 25 experimental conditions to 

their respective controls using linear modelling for microarrays (LIMMA) (Smyth 2005. 

Significance of gene differential expression was evaluated with p-values after correcting 

for multiple testing with the Benjamini & Hochberg adjustment. Genes were considered 

differentially expressed when False Discovery Rate (FDR) less than 0.05 and log2 fold 

change more than 1.3 or less than -1.3 to only capture highly variant genes. 

Differential pathway analysis 

Using the topological pathway enrichment tool CePa (Z. Gu and Wang 2013 and path-

ways from Reactome version 51 (Croft et al. 2014; Fabregat et al. 2016 with a modified 

version of the GSA (Gene Set Analysis) function we analysed the data for each experi-

mental condition versus the control in each experiment as described in Benis et al 

(manuscript in preparation). Pathways with p-values less than 0.01 were considered signif-

icant for that comparison, p-values were not adjusted for multiple comparisons because 

the pathways are not independent of each other. 

Functional parameter to gene association 

We extracted genotype to phenotype associations from the interface Phenotype Genotype 

Integrator (PheGenI) (Ramos et al. 2014 which accesses data from dbGaP and NHGRI 
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GWAS Catalog. The information from dbGaP is based on over 800 GWAS studies sub-

mitted to NCBI and the NHGRI GWAS Catalog has information from over 2,000 GWAS 

publications. GWAS studies primarily investigate variations in genes that could be the 

cause of health or disease traits. These variations are generally studied in the form of Sin-

gle Nucleotide Polymorphisms (SNPs) that differ between experimental and control co-

horts. GWAS studies aim to identify a relation between the presence of a SNP and the 

occurrence or risk of a disease or another external phenotype, such as feed efficiency in 

livestock sciences. Generally, if the SNP is found on a gene or in an intergenic region, and 

this association passes a significance threshold, the disease or phenotype is attributed to 

these genes. Data can be retrieved from dbGaP with the browser PheGenI where it is pos-

sible to search for data pertaining a selected phenotype or trait. The terminology describ-

ing these traits is taken from the thesaurus Medical Subject Headings which has precise 

definitions for the terms and thus reduces ambiguity. In addition to the association be-

tween the trait and the gene where the SNP is located, PheGenI also returns provenance 

information related to study that identified the association.  

We hand-picked 36 immunity parameters such that the parameters are easily measured 

and are functionally related to immune relevant external phenotypes. These functional 

immunity parameters were queried in PheGenI and downloaded all the genes associated 

with these parameters. For simplicity, we refer to these genes as Functional Immunity 

Parameters Genes (FIPG). dbGaP was accessed with PheGenI in 4 different batches on 09

-Jan-2017.  

Pathways associated with functional parameters 

The functional parameters were associated to different pathways by using the Over Repre-

sentation Analysis (ORA) method in the pathway analysis tool CePa. All the genes associ-

ated with a functional immunity parameter (FIPGs) were used as a gene list and all the 

genes in the pathways were used as a background gene list. The ORA analysis was run 

five times with 5,000 random iterations each and the pathways with p-values less than 

0.01 in all the runs were considered to be significant. These significant pathways were 

assigned to each functional parameter.  
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Associations of diets and functional parameters 

The dietary conditions were linked to functional parameters using two different methods. 

In the first, the gene method, we use the differentially expressed genes from each dietary 

condition. A dietary condition and a functional immunity parameter were linked if the 

FIPGs associated to the parameter are seen to be differentially expressed in the diet expo-

sure.  

In the second approach, the pathway method, we first associated pathways to diets when-

ever the pathways were significantly enriched (p-value < 0.01) in the experimental condi-

tion versus the control. Pathways were then associated to functional immunity parameters 

if the pathway genes showed enrichment in each set of FIPGs. Finally, dietary conditions 

and functional immunity parameters were linked whenever they were associated to com-

mon pathways.  

Literature validation of Diet-Parameter associations 

In order to verify whether the observed associations between diets and functional immun-

ity parameter are already described in literature, we performed a literature search for co-

occurrence of dietary changes and functional parameters that are associated in either 

methods. We used the R package rentrez (Winter 2016 to perform the search on PubMed 

abstracts. We reduced the names of the dietary changes to more general search terms; all 

the ‘Fat’ conditions were converted to “High Fat”, all the ‘Fibre’ conditions were con-

verted to names of the fibres used, “Arabinoxylan”, “Oligofructose”, “Guar gum”, 

“Inulin” and “Resistant Starch”. The ‘Additive’ experimental conditions were searched as 

“Dietary heme”, “Quercetin”, “PPAR agonist” and “Probiotic” respectively. 

Results 

Concept of the model 

The developed model describes associations between dietary interventions and functional 

immunity parameters pertinent to external immune related phenotypes by the use of die-
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tary-induced genome-wide transcription data. We used two types of differential analysis 

on the gene expression data, one is based on the differential expression of individual 

genes and the other on the differential regulation of biological pathways. The differential 

expressed genes and pathways were subsequently linked to the functional immunity pa-

rameters (Figure 1). From the interface PheGenI, we obtained Genes associated with 

Functional Immunity Parameters, termed FIPGs for simplicity. The hypotheses behind 

these methods is that the dietary-induced differential expression of FIPGs, or the differen-

tial expression of gene sets that are functionally linked to FIPGs, affect the same function-

al immunity parameters as the genetic variation of the FIPG. 

Figure 1. Linking dietary changes to functional immunity parameters related to the external 

immune phenotype via transcriptome data. Scheme representing the model concept to link die-

tary conditions to immune functional parameters using transcriptome data from gut mucosal tissue. 

Model inputs and predictions are shown on the left and right, respectively. The middle part de-

scribes the two methods here presented, the gene method, based on differential expression of indi-

vidual genes, and the pathway method that uses significantly regulated pathways. The arrows con-

tain information on the analysis methods. FIPG denotes the genes associated with the functional 

immunity parameters as obtained from PheGenI. 

Gene to Functional Immunity Parameter associations from GWAS studies 

From the traits linked to genes in GWAS studies we chose 36 traits corresponding to easi-

ly measured parameters linked to immunity. Twelve of them are related to immune cell 

counts and behaviour, another twelve are cytokines or chemokines or their receptors, two 
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are immunoglobins, four are adhesion related proteins, three are proteins expressed on 

immune cells, one is a metabolite (Acylcarnitine) and one other is a physiological state 

(Inflammation). More details on these functional immunity parameters are given in Sup-

plementary Table 2. 

The chosen 36 functional immunity parameters were associated with 1354 Functional 

Immunity Parameter Genes (FIPGs) in the results from PheGenI. These trait-to-gene asso-

ciations arise from SNPs being assigned to a particular gene based on the location of the 

SNPs in relation to the chromosomal boundaries of that gene. The gene assignments are 

performed in the individual GWAS the results of which are submitted to dbGaP or ex-

tracted from literature in NHGRI GWAS Catalog. The basis for gene assignment is given 

as a functional code in the results of PheGenI. Among the 4001 results downloaded from 

dbGaP, half of the associations have the functional code ‘Intergenic’ which indicates that 

the SNP associated with the trait was found more than 2 kilo base-pairs up-stream and 

more than 500 base-pairs down-stream of the genes flanking this intergenic region. 

Among all the FIPGs, 86% have been associated with traits with SNPs that are found in 

intergenic regions. There are eight other functional codes among the results from dbGaP: 

Intron, Missense, NearGene-3, NearGene-5, UTR (untranslated region) -3, UTR-5, Cds 

(coding DNA sequence) synon and STOP-GAIN which are explained in Supplementary 

Table 3. 

There are four functional immunity parameters (Interleukin-10, Interleukin-1beta, Inter-

leukin-12, Complement C4 binding protein) with only one FIPG, whereas the parameter 

Erythrocytes has the largest number of FIPGs with 184. From the 36 functional immunity 

parameters selected, 28 were found to share FIPGs, as can be seen in Figure 2. The pa-

rameter Neutrophils shares FIPGs with 17 other parameters, with a maximum of 70 FIPGs 

with the parameter Lymphocytes. The number of genes shared among the functional im-

munity parameters is limited as shown in the insert of Figure 2; 102 of the 117 connec-

tions have a maximum of five shared FIPGs. The gene DARC is the most shared FIPG 

and is associated with 6 functional immunity parameters (Neutrophils, Monocyte Attract-

ant Protein -1, Leukocyte count, Chemokine CCL2, Immunoglobin E and Inflammation). 
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Figure 2. Connections between functional immunity parameters. The nodes in the network rep-

resent functional immunity parameters with the node size corresponding to the number of FIPGs 

associated with them in dbGaP. The edges represent shared FIPGs between the connected functional 

immunity parameters and are coloured according to the number of shared FIPGs. Edges that repre-

sent less than 5 FIPGs are coloured blue, shared FIPGs more than 5 and less than 10 are coloured 

purple, FIPGs with more than 10 genes are coloured pink. There is one edge coloured red which 

represents 70 shared FIPGs. The same colours are used in the inset which shows the distribution of 

shared FIPGs in the network. 

Differential analysis of dietary conditions on gene and pathway levels 

Each dietary condition in the nine studies was compared to the control in the correspond-

ing study (details given in Supplementary Table 1) and differential gene expression was 

computed. Out of the 25 dietary conditions there were 18 conditions that had significant 

differentially expressed genes, as is shown in Table 1. A total of 602 differentially ex-
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pressed genes were identified. The condition with the highest number of differentially 

expressed genes is Add.PparAgonist.SI with 199 significant genes.  

The differential gene expression analysis was also performed on a pathway level where 

the expression of the pathway nodes in each of the 25 dietary conditions was compared to 

the pathway expression in the control conditions. All the 25 conditions had significantly 

regulated pathways, Add.Heme.C has the highest number of significant regulated path-

ways (882) as is shown in Table 1. A total of 1289 Reactome pathways were found signif-

icant in at least one of the dietary conditions. 

Table 1: Differential expressed gene and pathway linked to functional immunity parameters. 

The first column has the names of the dietary conditions, the second has number of differentially 

expressed genes and the fourth column has the number of differentially regulated pathways. The 

third and fifth columns show the number of associations between the dietary condition and the func-

tional immunity parameter followed by the number of those associations validated in a literature 

search. Occasions where there were no literature results for uncovered diet-parameter associations 

are marked in red. 

Dietary conditions 

Number of 

Differential 

Expressed 

Genes 

Number of asso-

ciated functional 

immunity param-

eters in model / 

number found in 

literature (Gene 

Method) 

Number of 

Regulated 

Pathways 

Number of asso-

ciated functional 

immunity param-

eters in model / 

number found in 

literature 

(Pathway Meth-

od) 

Fat.20.D.SI 0 0 128 11 / 10 

Fat.30.D.SI 6 0 238 17 / 15 

Fat.45.D.SI 30 3 / 3 260 14 / 13 

Fat.20.M.SI 0 0 292 16 / 13 

Fat.30.M.SI 3 0 369 21 / 19 

Fat.45.M.SI 37 3 / 3 349 17 / 15 

Fat.20.P.SI 0 0 120 17 / 15 

Fat.30.P.SI 1 0 207 15 / 13 

Fat.45.P.SI 4 0 243 14 / 12 

Fat.60.D.SI 62 3 / 3 230 23 / 20 
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Diet-Gene-Parameter associations 

Out of the 18 dietary conditions that have significantly differentially expressed genes, ten 

of them are related to at least one functional parameter (Table 1). These associations are 

represented in Figure 3.A which is also used as a ranking method (from the top-right). The 

top three Diet – Parameter associations (ranked from the top right) from the gene method 

are, Add.Probio.C57BL6.SI, Add.PparAgonist.SI and Add.Heme.C. 

 

 

Fat.60.P.SI 33 1 / 1 438 21 / 19 

Fibre.AX.C 3 0 532 23 / 0 

Fibre.FOS.C 0 0 669 25 / 1 

Fibre.GG.C 2 0 669 26 / 0 

Fibre.IN.C 9 1 / 0 356 25 / 7 

Fibre.RS.C 4 0 528 23 / 2 

Add.Heme.C 118 7 / 3 882 26 / 3 

Add.Quercetin.C 0 0 199 15 / 7 

Add.Quercetin.I.SI 0 0 126 11 / 8 

Add.Quercetin.J.SI 0 0 131 14 / 8 

Add.PparAgonist.SI 199 10 / 4 344 20 / 6 

Add.Probio.BALBc.C 2 0 98 9 / 3 

Add.Probio.BALBc.SI 143 5 / 4 166 21 / 14 

Add.Probio.C57BL6.C 3 1 / 0 166 17 / 9 

Add.Probio.C57BL6.SI 170 9 / 8 68 10 / 8 
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Figure 3. Diet – Parameter Associations through Genes (A) and Pathways (B). Points on both 

graphs represent the 10 dietary conditions that have associations with functional immunity parame-

ters. In both graphs, the y-axis represents the number of functional immunity parameters that are 

associated with the dietary condition. In graph A, the x-axis has the number of differentially ex-

pressed genes in a dietary condition that form the associations with the functional immunity parame-

ters on the y-axis (different scales in graphs A and B). In graph B, the number of pathway that link 

the dietary condition to functional immunity parameters is given on the x-axis.  
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Diet-Pathway-Parameter linkage 

We linked all the Reactome pathways to the functional immunity parameters with the 

gene associations obtained from the dbGaP results. Each set of FIPGs is used for pathway 

enrichment analysis. For a p-value threshold of 0.01 in 5 iterations, there were a total of 

283 pathways linked to 29 functional immunity parameters. Each functional immunity 

parameter is significantly associated with an average of 13.7 pathways while the 283 path-

ways are linked to 1.4 parameters on average. A majority (71%) of the significant path-

ways are associated with only one functional immunity parameter. 

Subsequently, with these Pathway-Parameter associations, we link the dietary conditions 

to functional immunity parameters by seeking out the differentially regulated pathways in 

which the FIPGs are over represented. We discovered that 217 pathways were significant 

in both the differential analysis and in the over-representation analysis. These 217 path-

ways were linked to 25 dietary conditions and 29 functional immunity parameters, as is 

shown in Table 1. Based on the number of significant pathways and number of functional 

immunity parameters linked to those pathways (see Figure 3.B), we ranked the dietary 

conditions. The top three dietary conditions in this ranking are Add.Heme.C, Fibre.GG.C 

and Fibre.FOS.C, see Figure 3.B.  

Functional immunity parameters associated with dietary conditions 

Overall, combining the results of both methods, we observed associations between 25 

diets and 31 functional parameters. No links were observed for T-lymphocytes, CD8 posi-

tive T-lymphocytes, Interleukin-8 and Interleukin-12. Among the functional immunity 

parameters that are associated with dietary changes, there are three with only one FIPG 

(Interleukin-1, Interleukin-10 and Complement C4b-binding protein). The parameter In-

terleukin-1 is associated with 3 dietary conditions in the gene method alone. The parame-

ters Interleukin-10 and Complement C4b-binding protein are linked to 18 (through 1 sig-

nificantly over represented pathway) and 14 (through 11significantly over represented 

pathways) dietary conditions, respectively. The functional immunity parameter that is 

linked to the most dietary conditions is Immunoglobin E which has 17 FIPGs and is asso-

ciated with 23 dietary conditions. The functional immunity parameter Erythrocytes which 
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has the largest number of FIPGs is linked to 22 dietary conditions through the pathway 

method and 5 dietary conditions by the gene method. 

Screening literature for identified Diet-Parameter associations 

We performed an automated search for co-occurrence of associated diets and functional 

immunity parameters in PubMed abstracts. The dietary changes were converted into more 

general search terms, such as “High fat”, “Dietary Heme”, and the results are shown in 

Table 1. The results of the literature search (PubMed identifiers) are given in Supplemen-

tary File 1. All the ‘Fat’ to functional parameter associations found in the gene method are 

represented in literature. The one ‘Fibre’ association from the gene method does not have 

any results in literature, neither do two ‘Fibre’ associations from the pathway method even 

though there are several associations uncovered by the pathway method. The functional 

immunity parameters associated with the 'Fat' dietary conditions have the most literature 

results.  

Highest ranked dietary intervention 

In both the gene and the pathway method, the dietary condition Add.Heme.C is among the 

top three conditions. Table 2 shows all the connections that this dietary condition has with 

the functional parameters as found in this analysis. In the gene method Add.Heme.C is 

associated with six functional parameters and is ranked third, in the pathway method it is 

ranked highest with the highest number of pathway associations (882) and parameter asso-

ciations (26).  

Table 2. Functional parameters associated with the Add.Heme.C dietary condition. Each row 

contains information on the functional immunity parameters that are associated with the ‘Additive’ 

dietary condition. Columns three and four have the number of genes and pathways that link the 

functional immunity parameter to the dietary condition via the gene method and the pathway meth-

ods respectively. 

Broad func-

tionality 
Functional immunity param-

eter 
Number of linking 

genes in the Gene 

method 

Number of linking 

pathways in the 

Pathway method 

Immune Cell Basophils 0 3 
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Immune Cell Eosinophils 1 2 

Immune Cell Erythrocytes 2 9 

Immune Cell Leukocyte Count 1 7 

Immune Cell Lymphocyte Count 0 12 

Immune Cell Lymphocytes 0 2 

Immune Cell Monocytes 0 10 

Immune Cell Neutrophils 0 3 

Immune Cell Platelet Aggregation 0 6 

Cytokine CCL2 0 2 

Cytokine Interleukin 1 Receptor Antago-

nist Protein 
0 14 

Cytokine Interleukin-6 0 5 

Cytokine Interleukin-6 Receptors 0 11 

Cytokine Interleukin-10 0 8 

Cytokine Interleukin-18 0 11 

Cytokine Monocyte Chemoattractant 

Protein-1 
0 4 

Antibody Immunoglobulin A 0 10 

Antibody Immunoglobulin E 0 9 

Cell adhesion 

molecule 
Cell Adhesion Molecules 3 3 

Cell adhesion 

molecule 
E-Selectin 0 5 

Cell adhesion 

molecule 
P-Selectin 0 5 

Cell adhesion 

molecule 
Intercellular Adhesion Mole-

cule-1 
1 2 

Others CD40 Ligand 1 29 

Others Complement C4b-Binding 

Protein 
0 1 

Others Inflammation 2 11 

Others Tumour Necrosis Factor Type 

II Receptors 
0 6 
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Discussion 

In this study, we developed and built a concept of a model that links dietary changes to 

immunity parameters that are functionally linked to immune related external phenotypes. 

This is a first-generation model and it is based only on transcriptome data because it is 

readily available for reuse from online repositories like Gene Expression Omnibus. We 

used two methods, both of which rely on gene expression data obtained from gut mucosal 

tissues. Extension of the model by inclusion of other types of data is possible, provided 

that suitable new links to functional immunity parameters can be identified for the new 

data types. For example, it may be possible to directly link proteome data to the functional 

parameters using a similar method.  

Functional parameters from dbGaP 

We obtained genes associated with selected functional immunity parameters (FIPGs) from 

the interface PheGenI (Ramos et al. 2014. Genes were associated with these selected func-

tional immunity parameters with varying levels of significance gauged by a p-value. Since 

the data were derived from a variety of studies, we decided to use all the gene associations 

regardless of the p-value and the location of the variation (SNP) on the gene. In the 

GWAS results obtained from dbGaP there are several ways in which the genes are associ-

ated with a SNP and thus a trait. Most of the association were found in intergenic regions 

of the genome. There have been concerns about assigning traits to genes that are close to 

the SNPs when it is possible that the intergenic region regulates genes much further away. 

But we decided to work with the gene assignments as deposited in dbGaP without exclud-

ing any gene to trait associations based on SNP location. There have been several studies 

that integrate gene expression data with GWAS data using expression Quantitative Trait 

Loci’s. It has been described for several traits that SNP in DNA regions that regulate the 

expression of specific genes, significantly contribute to that trait (Nicolae et al. 2010. 

Hence in this study, we used transcriptomic data to associate experimental conditions to 

traits under the assumption that differential expression of a gene will impact the same 

functions that are attributed to variations in that gene. 
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Diet-Parameter associations and literature validations 

We obtained fewer diet to functional immunity parameter associations through the differ-

entially expressed genes than associations through significantly different expressed path-

ways. This is in line with our expectation since the number of differentially expressed 

genes is lower than the number of significant pathways in each dietary condition as shown 

in Table 1. Gene set enrichment analysis is often recommended for gene expression analy-

sis with the aim to identify differences in biological pathways, as groups of genes are 

more likely to be responsible for a functionality than a single gene (Emmert-Streib and 

Glazko 2011. This is reflected not only in the number of connections between dietary con-

ditions and functional parameters, but also in the literature validation results as there are 

more literature results for the Diet-Parameter associations obtained via the pathway meth-

od. Literature results are highly dependent on the topics that are currently studied. Among 

the ‘Fat’ and ‘Fibre’ dietary conditions there are many more literature results for the Fat-

Parameter connections, indicating dedicated experiments to measure the effect of changes 

in the fat content on aspects of the immune system. For example, Hogan et al (Hogan et 

al. 2017 discovered changes in the levels of E-Selectin and Interleukin 6 in high fat fed 

mice. Several of these experiments were performed in order to understand the develop-

ment of obesity and the immune implications of the disease. Other dietary components, 

carbohydrates and proteins, have not been implicated in diseases, hence changes in the 

immune system are not the focus of these dietary intervention studies (Lange et al. 2015, 

which results on a lower recovery rate for the identified Fibre-Parameter connections. 

Among the ‘Additive’ dietary conditions, the probiotic conditions have the most literature 

validations as they have been extensively studied in the context of gut health benefits . 

Thus, literature validation of the observed associations resulting from our model, points to 

several gaps in knowledge in the effects of diets on the immune system. Several connec-

tions that we identified between dietary interventions and functional immunity parameters 

appear not to be investigated yet. As shown in this study dietary changes do bring about 

several changes in the immune system hence should be investigated in dietary intervention 

studies. Besides recording the changes induced by the dietary interventions in internal 

phenotypes, the changes induced in immune related parameters and external phenotypes 

must be recorded more often. 
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Increased Heme in the diet 

We specifically concentrated on the dietary intervention Add.Heme.C since this Diet-

Parameter connection ranked among the top three in both the gene and the pathway meth-

ods. In this intervention, dietary heme was added to the diet in order to simulate a human 

diet rich in red meat. We have identified several inflammation related parameters linked to 

this dietary perturbation: inflammatory cytokines Interleukin-6, Interleukin-18, the CD40 

ligand, and the Inflammation parameter itself (see Table 2). Also, several immune cell 

types appear associated with the dietary condition: Neutrophils, Basophils, Eosinophils 

and Monocytes. Among the associations between “heme addition to the diet” and func-

tional immune parameters, three correspond to connections that are already described in 

literature, the link to Erythrocytes, Inflammation and Interleukin-6. These literature results 

further validate the identified links between dietary heme and inflammation (Le Leu et al. 

2013). Heme addition to the diet has also been shown to damage the colonic mucosal lay-

er and increased proliferation of epithelial cells (IJssennagger et al. 2012). However, IJs-

sennagger et al report that they observed no changes in certain inflammatory marker 

genes, which are different from the FIPGs we found to be related to inflammation. 

Uses of a Diet-Parameter model 

With the associations between dietary components and immunity parameters functionally 

involved in immune-related phenotypes that we identified in this study, it is possible to 

generate new hypothesis on how changes in diets may affect the immune system and its 

ability to defend the host against challenges. This model integrates both experimental data 

and already existing information in databases and can be expanded to build a more com-

prehensive model. In order to achieve a higher level of prediction, there needs to be an 

iterative cycle of model driven experimentation, with in vivo experiments specifically 

designed to measure associations between functional immunity parameters and dietary 

interventions. 

Availability of an extensive enough data compendium will enable a statistical model 

which would treat the functionalities of the organism or gut as an unknown variable or a 

black box and only predict the changes in functional parameters given changes in diet. 

Although this model would serve the purpose of predicting immune functional changes, it 
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would not provide insights on the mechanisms in the gut that leads to changes. Our mod-

elling approach explicitly includes measurements of internal phenotypes (i.e. tran-

scriptomics or proteomics) to uncover associations between the environment (here the 

diet) and the external immune phenotype, therefore it also has the potential to unravel the 

mechanisms behind the functional changes in the immune system induced by dietary 

changes.  

Supplementary Files 

Supplementary Table 1. Description of the 25 conditions. This table describes the ab-

breviated names of experimental conditions as used in the paper and the control condi-

tions in each of the experiments.  

  

Names Description of Experimental 

conditions 
Description of the 

control condition 

F

a

t 

Fat.20.P.SI 20% of the energy in the diet 

comes from fat, proximal sec-

tion of the small intestine is 

sampled 
10% of the energy in 

the diet comes from 

fat, proximal section 

of the small intestine 

is sampled 

Fat.30.P.SI 30% of the energy in the diet 

comes from fat, proximal sec-

tion of the small intestine is 

sampled 

Fat.45.P.SI 45% of the energy in the diet 

comes from fat, proximal sec-

tion of the small intestine is 

sampled 

Fat.20.M.SI 20% of the energy in the diet 

comes from fat, middle section 

of the small intestine is sampled 
10% of the energy in 

the diet comes from 

fat, middle section of 

the small intestine is 

sampled 

Fat.30.M.SI 30% of the energy in the diet 

comes from fat, middle section 

of the small intestine is sampled 

Fat.45.M.SI 45% of the energy in the diet 

comes from fat, middle section 

of the small intestine is sampled 
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F

a

t 

Fat.20.D.SI 20% of the energy in the 

diet comes from fat, dis-

tal section of the small 

intestine is sampled 

10% of the energy in the 

diet comes from fat, dis-

tal section of the small 

intestine is sampled 

Fat.30.D.SI 30% of the energy in the 

diet comes from fat, dis-

tal section of the small 

intestine is sampled 

Fat.45.D.SI 45% of the energy in the 

diet comes from fat, dis-

tal section of the small 

intestine is sampled 

Fat.60.D.SI 60% of the energy in the 

diet comes from fat, dis-

tal section of the small 

intestine is sampled 

11% of the energy in the 

diet comes from fat, dis-

tal section of the small 

intestine is sampled 

Fat.60.P.SI 60% of the energy in the 

diet comes from fat, 

proximal section of the 

small intestine is sam-

pled 

11% of the energy in the 

diet comes from fat, 

proximal section of the 

small intestine is sampled 

F

i

b

r

e 

Fibre.AX.C Control diet with 10% of 

corn starch substituted 

with Arabinoxylan, sam-

pled at the colon 

Standard semi-synthetic 

low fat diet with corn 

starch as carbohydrate 

source, sampled at the 

colon 

Fibre.FOS.C Control diet with 10% of 

corn starch substituted 

with Oligofructose, sam-

pled at the colon 

Fibre.GG.C Control diet with 10% of 

corn starch substituted 

with Guar gum, sampled 

at the colon 

Fibre.IN.C Control diet with 10% of 

corn starch substituted 

with Inulin, sampled at 

the colon 

Fibre.RS.C Control diet with 20% of 

corn starch substituted 

with Resistant starch 

sampled at the colon 
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A

d

d

i

t

i

v

e 

Add.Heme.C  Control diet supplement-

ed with 0.5 µmol/g heme, 

sampled at the colon 

Westernized control diet 

(40% fat (mainly palm 

oil) low calcium (30 

µmol/g)), sampled at the 

colon 

Add.Quercetin.C RM3 (E) 801710 Soya-

free powdered diet + 7mg 

quercetin, sampled at the 

colon 

 RM3 (E) 801710 Soya-

free powdered diet, sam-

pled at the colon 

Add.Quercetin.I.SI RM3 (E) 801710 Soya-

free powdered diet + 7mg 

quercetin, sampled at the 

ileum 

 RM3 (E) 801710 Soya-

free powdered diet, sam-

pled at the ileum 

Add.Quercetin.J.SI RM3 (E) 801710 Soya-

free powdered diet + 7mg 

quercetin, sampled at the 

jejunum 

 RM3 (E) 801710 Soya-

free powdered diet, sam-

pled at the jejunum 

Add.PparAgonist.SI Standard laboratory chow 

(RMH-B), sampled at the 

small intestine 

Standard laboratory 

chow (RMH-B), sampled 

at the small intestine 

Add.Probio.BALBc.C SSNIFF R/M-H feed pel-

let diet or 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain BALBc 

mice, sampled at the colon 

SSNIFF R/M-H feed 

pellet diet given oral 

gavage with PBS, strain 

BALBc mice, sampled at 

the colon 

Add.Probio.BALBc.SI SSNIFF R/M-H feed pel-

let diet with 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain BALBc 

mice, sampled at the small 

intestine 

SSNIFF R/M-H feed 

pellet diet, oral gavage 

with PBS, strain BALBc 

mice, sampled at the 

small intestine 

Add.Probio.C57BL6.C SSNIFF R/M-H feed pel-

let diet with 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain C57BL6 

mice, sampled at the colon 

SSNIFF R/M-H feed 

pellet diet, oral gavage 

with PBS, strain C57BL6 

mice, sampled at the 

colon 

Add.Probio.C57BL6.SI SSNIFF R/M-H feed pel-

let diet with 3 * 10^8 CFU 

VSL#3 suspended in 200 

mL PBS, strain C57BL6 

mice, sampled at the small 

intestine 

SSNIFF R/M-H feed 

pellet diet, oral gavage 

with PBS, strain C57BL6 

mice, sampled at the 

small intestine 
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Supplementary Table 2. Functionalities of immunity parameters. The names of the 

functional immunity parameters are in column one along with the most well-known func-

tions of those parameters in the immune system. The last column shows the number of 

genes associated with the functional immunity parameters in the results of GWAS studies 

from dbGaP and NHGRI. The functional immunity parameters in bold are not found to be 

associated with dietary changes in either the gene method or the pathway method. 

Broad functionality Functional 

immunity 

parameter 

Functional information Number of 

associated 

genes 

(FIPGs) 

Immune Cell Basophils Leukocyte, involved in phag-

ocytosis in inflammatory 

response 

117 

Immune Cell Blood Plate-

lets 
Anucleate cellular fragments, 

first responders to wound to 

begin clotting, also have 

TLR receptors 

2 

Immune Cell CD8-Positive 

T-

Lymphocytes 

T-cell that expresses CD8 on 

the surface, two sub-types; 

cytotoxic T-cells and sup-

pressor T-cells 

2 

Immune Cell Eosinophils Leukocyte, triggered by cy-

tokines, immunoglobins and 

complements, pro-

inflammatory. 

124 

Immune Cell Erythrocytes Most abundant cell type in 

the blood, participates in 

antigen-antibody interaction, 

coats pathogens to mark for 

phagocytosis 

184 

Immune Cell Leukocyte 

Count 
Number of white blood cells 

in venous blood, immune 

cells 

137 

Immune Cell Lymphocyte 

Count 
Number of lymphocytes in 

venous blood 
2 

Immune Cell Lymphocytes Immune cells occurring in 

the lymphatic system, sub-

types are natural killer cells, 

T-cells and B-cells 

124 
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Immune Cell Monocytes Leukocyte produced in the 

bone marrow, matures to be 

a macrophage that can phag-

ocytose pathogens 

121 

Immune Cell Neutrophils Leukocyte, highly motile 

and is among the first im-

mune cells at site of stimula-

tion 

182 

Immune Cell Platelet Aggregation Clumping of platelets acti-

vated by thrombin as a first 

step of blood clotting 

103 

Immune Cell T-Lymphocytes Lymphocyte produced by 

the thymus gland, two types 

of cells; cytotoxic T-cells 

that kill invaders and helper 

T-cells that activate other 

immune cells 

2 

Cytokine CCL2 Chemokine that attracts 

monocytes or macrophages 

from blood into tissues in 

response to inflammation 

7 

Cytokine CCL4 Chemokine of family CC, 

produced by monocytes and 

macrophages 

4 

Cytokine Chemokines Class of cytokines that are 

able to induce chemotaxis in 

responsive cells, classified 

into CXC, CC, CX3C and 

XC sub-families 

9 

Cytokine Interleukin-1beta Cytokine that is produced by 

activated macrophages, 

plays a role in inflammation, 

cell proliferation and differ-

entiation 

1 

Cytokine Interleukin 1 Recep-

tor Antagonist Pro-

tein 

Cytokine that dampens in-

flammatory response 
3 

Cytokine Interleukin-2 Recep-

tor alpha Subunit 
Pluripotent cytokine, control 

regulatory T cells 
3 

Cytokine Interleukin-6 Cytokine, pro-inflammatory 

action, produced at sites of 

inflammation 

41 
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Cytokine Interleukin-6 Re-

ceptors 
A complex essential for the activity 

of Interleukin-6 
3 

Cytokine Interleukin-8 Chemokine produced by tissues and 

blood, targets neutrophils 
2 

Cytokine Interleukin-10 Cytokine synthesis inhibitory factor, 

is anti-inflammatory by limiting 

immune response 

1 

Cytokine Interleukin-12 Cytokine produced by phagocytic 

cells, pro-inflammatory action by 

inducing cytokine production 

1 

Cytokine Interleukin-18 Cytokine, pro-inflammatory action, 

regulates innate and adaptive im-

munity 

4 

Cytokine Monocyte Chemo-

attractant Protein-1 
Chemokine that attracts monocytes 

or macrophages from blood into 

tissues in response to inflammation 

22 

Antibody Immunoglobulin A Antibody, secreted from intestinal 

epithelial cells to control the growth 

of bacteria at the luminal surface of 

the gut 

17 

Antibody Immunoglobulin E Antibody, important in cross talk 

between the innate and adaptive 

arms of immunity by coating para-

sites 

17 

Cell adhesion 

molecule 
Cell Adhesion 

Molecules 
Different molecules that help cell 

bind to other cells or to the extracel-

lular matrix, also involved in wound 

healing 

108 

Cell adhesion 

molecule 
E-Selectin A cellular adhesion molecule, re-

sponsible for leukocytes adhering to 

vascular walls 

81 

Cell adhesion 

molecule 
P-Selectin Cell adhesion molecule, stored in 

platelets and secreted by endothelial 

cells, facilitates binding of platelets 

to leukocytes and allows movement 

of leukocytes on vascular surface 

28 
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Supplementary Table 3. SNP function codes when assigned to genes. This table shows 

the possible ways in which SNPs are assigned to genes as used by the NCBI database 

dbSNP and is only limited to the results that we work with. These codes are also refer-

enced in the results of PheGenI when linking traits to genes. 

Cell adhesion 

molecule 
Intercellular Adhe-

sion Molecule-1 
Cellular adhesion molecule 

that is induced by cytokines, 

participates in T-cell mediat-

ed inflammatory responses 

43 

Others Acylcarnitine Intermediate metabolite, di-

agnostic marker for fatty acid 

oxidation diseases 

2 

Others CD40 Ligand Belongs to the TNF receptor 

family, is expressed on acti-

vated T and B lymphocytes 

50 

Others Complement C4b-

Binding Protein 
Serum protein, regulates the 

classical complement activa-

tion pathway 

1 

Others Inflammation Pathological process where 

cells or tissues are injured or 

destroyed, is an immune re-

sponse to stimulus 

73 

Others Tumour Necrosis 

Factor Type II 

Receptors 

Expressed on immune cells, 

is involved in cell prolifera-

tion and cell death 

43 

Function 

Codes 
Explanation 

cds-synon synonymous change. 

intron intron. 

E.g. rs249. 

nearGene-3 within 3' 0.5kb to a gene. 

E.g. rs3916027 is at NT_030737.9 pos7669796, within 500 bp of UTR 

nearGene-5 within 5' 2kb to a gene. 

E.g. rs7641128 is at NT_030737.9 pos7641128, with 2K bp of UTR starts 
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Supplementary File 1. Results of literature search. Two zipped files one for the gene 

method and one for the pathway method, contains several text files, one for each Diet – 

Immunity parameter connection found in literature. The text files contain PubMed identi-

fiers where the dietary condition and the immunity parameter co-occur in the abstract. 

This file can be found at http://semantics.systemsbiology.nl/index.php/data-sets-used-in-

pubblications/ 

 

 

 

 

 

 

 

intergenic variant between two genes, outside of 2Kb upstream and 500bp down-

stream of a gene. 

STOP-

GAIN 

changes to STOP codon. 

E.g. rs328, TCA->TGA, Ser to terminator. 

missense alters codon to make an altered amino acid in protein product.  

E.g. rs300, ACT->GCT, Thr->Ala. 

UTR-3 3 prime untranslated region.  

E.g. rs3289. 

UTR-5 5 prime untranslated region.  

E.g. rs1800590. 
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Background 

Health has been a major research interest for years, both related to humans and to animals 

of economic value, such as farm animals. Since the gastrointestinal tract (GIT) plays a 

major role in the health of organisms, it has been the subject of many in-depth investiga-

tions. However, even though there have been undertakings to define gut health (Kogut and 

Arsenault 2016; Bischoff 2011), the definition of precise parameters to quantify and de-

fine the concept of gut health has remained elusive. Knowledge is also lacking on the fac-

tors that influence health-related functionalities of the GIT and the underlying mecha-

nisms. This is due to difficulties in studying the complex system of the GIT with precise 

measurements to capture time and spatial dynamics and fluctuations under different envi-

ronmental conditions.  

Objectives and research approaches 

The functioning of the GIT results from the simultaneous fulfilment of different biological 

processes and their mutual interactions. The various processes are heavily influenced by 

external factors such as dietary components and the use of (oral) drugs. In order to better 

understand the various processes of the gut, how they are linked together and how they are 

affected by different external factors, a holistic research approach is required, so that the 

different processes and their relationships are analysed together. Systems biology advo-

cates for such an approach (Kitano 2002), as it aims at the holistic understanding of living 

systems. As a first step in obtaining a systems’ view on the pleiotropic functionalities of 

the gut, this thesis describes the development and application of several computational 

methods to get an improved understanding of the gut as a system. The approach I used 

aggregates high throughput quantifications of intermediate biological levels (mRNA, pro-

teins, metabolites, microbiota) connecting the genotype of the organism to the external 

phenotype. Throughout this thesis these intermediate levels are denoted as internal pheno-

types (Houle, Govindaraju, and Omholt 2010; Leuchter et al. 2014). Their quantifications 

have been collected from in-house experiments, from literature and by the extraction of 

relevant information from accessible databases. Subsequently, computational methods and 

strategies have been deployed in order to integrate the multiple datasets (Figure 1).  
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Figure 1. Overview of used research methodologies and data integration. This figure 

is a representation of the multiple measurements of internal phenotypes and the types of 

data integration as described in this thesis. The colours on the parallelograms indicate 

different types of internal phenotypes which are represented along the vertical axis. On 

these parallelograms, circles represent different components of that internal phenotype 

e.g., transcripts, proteins, and microbes and arrows indicate interactions between them 

discovered from analysis of individual data sets. Arrows between layers of different col-

ours represent interactions discovered by the use of vertical data integration methods. On 

the horizontal axis, internal phenotypes are indicated which are measured at different time 

points. Arrows between them represent interactions discovered using horizontal data inte-

gration methods. The third lateral axis represents the variation in the experimental condi-

tions or interventions. Layers along this axis represent measurements of the same internal 

phenotype under different experimental conditions and the arrows between them represent 

the interactions discovered by the use of lateral data integration methods.  

Two types of integration approaches have been used depending on whether the datasets to 

be integrated are related to the same internal phenotype (horizontal, also termed lateral, 

data integration) or they are related to different internal phenotypes (vertical data integra-

tion). These approaches are schematically indicated in Figure 1. The colours on the paral-
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lelograms represent different internal phenotypes and the interactions within their compo-

nents are determined by analysing individual data types. The connections between the 

internal phenotypes shown along the vertical axis are discovered with vertical data inte-

gration techniques used in Chapters 2 and 3. The parallelograms along the horizontal and 

lateral axes represent multiple measurements of the same internal phenotype. Along the 

horizontal axis are measurements across time, with the arrows indicating connections 

found by data integration techniques. This type of data integration across time was done in 

Chapter 2 using techniques that can simultaneously handle several time points. The 

measurements across the Interventions axis are integrated with lateral data integration 

techniques, which was performed in Chapters 5 and is the basis for the model in Chapter 

6. This lateral data integration was performed with a method that can handle several da-

tasets. For clarity, the spatial dimension has been left out in Figure 1. In this thesis, the 

spatial dimension corresponds to the different parts of the intestine, such as the small in-

testine and the colon, or may relate to local (GIT) or systemic internal phenotypes. Exam-

ples of such systemic internal phenotypes are metabolite and cytokine concentrations in 

bio fluids. The integration of local and systemic internal phenotypes represents an exam-

ple of vertical data integration. It should be emphasized here that the links I have identi-

fied relate to the healthy status of the tested system. The majority of the experimental con-

ditions or interventions used in this thesis research are dietary in nature which do not dete-

riorate health. It is my belief that many of these links might be affected in pathological 

conditions or disease states, which have not been explored here.  

Time-dependent dynamics of processes in the gut after an early life perturbation 

There are several specifics that need to be accounted for while studying the gut as a 

whole. An important aspect is the time-dependent dynamics of the diverse biological pro-

cesses in the GIT system since it is known that the functioning and morphology of the gut 

changes in time as does the composition and diversity of the luminal microbiota. In Chap-

ter 2, changes in the gut of growing animals were investigated after the gut system was 

perturbed early in life. With a two-dimensional analysis of time and treatment together, it 

was found that with an interval of about 6 months, the early life perturbation still had a 

significant effect on the mucosal gene expression in the GIT of the animals. By using this 

approach, several high-level regulatory genes (linked to the functions cell cycle, cell pro-
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liferation, immune processes and ubiquitination) were identified which are most likely 

drivers of long term changes in the gut. Such high-level regulators would not have been 

discovered by application of one-dimensional approaches, which is currently most com-

mon in gene expression analyses. Such high-level regulators may be important targets for 

the development of strategies to modulate GIT associated processes over the life of the 

animal.  

In Chapter 2, not only the dynamics of the gene expression of the small intestine was 

studied but also, the dynamics of the microbial community structures along the horizontal 

axis of Figure 1. Initially, two-dimensional analysis was performed on the gene expression 

and the microbiota separately. Subsequently, the two types of dynamic data were integrat-

ed with each other i.e. integration of the horizontal and vertical axes of Figure 1. This time 

dependent integration of two different types of internal phenotypes provided information 

on possible microbe-host interactions that sustain the changes induced by the early life 

perturbation. The results showed that there were a few bacterial groups that consistently 

highly correlated with gene profiles that exhibited long lasting changes in response to the 

early life perturbation. Some of these bacterial groups (Ruminococcus bromii, Faecalibac-

terium) are known to have beneficial effects on the host but they have not been studied 

over the course of time interacting with the host. Such bacterial groups could be interest-

ing targets for dietary prebiotics in order to modulate GIT homeostasis.  

A dynamic analysis is also possible with other types of data, provided that the measure-

ments are made at the same time points. In Chapter 2, only three time points with inter-

vals of 47 and 121 days were used. However, the mechanistic information that results 

from this type of multi-dimensional analyses would benefit from shorter time intervals 

between measurements and an increased sample size. Decreasing the time intervals be-

tween sampling may provide more information on the dynamic changes that can be in-

duced by other environment changes, for example seasonal and dietary changes or chang-

es due to fertility cycles or movements between different compartments of husbandry sys-

tems. In addition, with large sample sizes, the statistical significance of the dynamic inter-

actions can be gauged more accurately. However, acquiring such data from animal experi-

ments poses several practical limitations and ethical considerations. The data used in 

Chapter 2 comes from the small intestine which is almost impossible to sample without 
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sacrificing the animal, hence samples at different time points come from different animals 

undergoing the same treatment, introducing individual variation in the data. On the other 

hand, following the same animal over time is only possible with minimally invasive tech-

niques, e.g., sampling blood and stool, which negatively impacts the mechanistic insights 

into the gut. 

Interactions between internal phenotypes 

An important aspect that needs to be resolved for a holistic systems’ understanding, is the 

interaction between various internal phenotypes. In Chapter 2 a possible cross-talk be-

tween microbes and host cells was investigated through the identification of significant 

correlations between two internal phenotypes, the gene expression profiles and the micro-

biota profiles. These correlations were expected to occur, since the early life antibiotic 

treatment is known to affect the intestinal microbiota and the subsequent cross-talk be-

tween microbiota and host cells in the intestinal mucosa. The results of the data integra-

tion pinpointed several key microbial groups which are potentially involved in the ob-

served long term changes in the intestinal mucosa. In Chapter 3, similar methods were 

used to investigate the interactions between five different internal phenotypes as measured 

at a single time point. Of these five types of data, two were based on gut associated pa-

rameters and three were based on systemic measurements. The latter were expected to be 

connected to biological processes in the gut system. By using a newly developed analysis 

pipeline, it was indeed possible to identify several biological components (genes, proteins, 

metabolites and microbes) that are linked to components that belong to another internal 

phenotypic layer. Strikingly, components were found with connections to all other internal 

phenotypic layers. Such components were denoted “connectivity hubs” and they can be 

regarded as “super system regulators”.  

The presence of such regulators shows that some components play a bigger role in ex-

changing information between internal phenotypes. The results of Chapter 3 are based on 

correlations which only points to a possible interaction between components but does not 

give information on causality. However, further investigation into the role of these con-

nectivity hubs may reveal the types of interactions and the mechanisms behind their inter-

actions. Designing new experiments to further study these interactions is not a trivial task 
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given the spatial differences in the measurements. In Chapter 3 we searched existing lit-

erature for the discovered connections between the components of the internal phenotypes. 

Several literature results showed that the addition of one of the identified components in-

deed affected the connected component. Such studies give an idea of the causality be-

tween the connected components which can be investigated further. Thus, the systems 

approach used in Chapter 3 successfully generated hypothesis for targeted research to 

identify causal relationships between the various biological scales. Expanding hypothesis 

driven studies by incorporating the dynamics of time dependent changes in the profiles of 

the various molecular and cellular components, will further reduce the knowledge gap on 

gut functionalities.  

There are several considerations before measurements of different internal phenotypes can 

be integrated. It is important that all the different data being integrated originate from the 

same organism, from the same time point. Furthermore, it is useful to measure parameter 

types that are expected to influence each other. In Chapter 2, we integrated gene expres-

sion profiles of the jejunum and the composition of bacterial groups as measured in the 

same location of the small intestine. This proximity lends credibility to the possible inter-

actions between the host and microbes that are selected up by a correlation analysis. In 

Chapter 3 we integrated five data-types, two were from the same location in the small 

intestine and the other three were systemic measurements in serum and urine. Due to the 

nature of the intervention, changes in protein sources, there is reason to believe that the 

changes in the systemic measurements are linked to the changes in the intestine, i.e. the 

concentrations of amine and acyl-carnitine metabolites in the urine and blood are linked to 

the digestive capabilities in the small intestine. The differential cytokine concentrations in 

the blood are also most probably linked to the mucosal immune system of the intestine 

which is in direct contact with the changed diet. 

The integration of five different datatypes in Chapter 3 allowed the combined analysis of 

local and systemic measurements of internal phenotypes which is demands vertical inte-

gration approaches. This multi-omics integration approach is valuable and can be extend-

ed to not only explore dietary interventions, as shown in my thesis, they can also be ap-

plied to explore the effect of systemic perturbations such as stress where the majority of 

changes are brought about by signalling from the nervous system (Braun et al. 2013).  
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Functional plasticity of the gut 

In contrast to other organs like the heart and liver, the gut displays a very high level of 

functional plasticity. This is phenomenon is reflected in the ability of the gut to adapt to 

the changing environment to which it is exposed. Functional plasticity of the gut can best 

be investigated by comparing gut responses after a variety of challenges under the same 

experimental conditions. Such studies with multiple challenges have not been described in 

literature and/or the data are not available via public databases. Therefore, in Chapter 5 

the transcriptional response data of mucosal tissues of mice, derived from 14 different 

individual studies, were compared. The experimental perturbations varied from mild 

changes in diet to an infection by pathogens and we stratified the challenges into dietary, 

drug based and immune challenge classes. By integrating these transcriptional responses 

of the gut to a variety of challenges, several biological processes (pathways) were found 

to be regulated irrespective of the challenge category. The consistently regulated process-

es fall in different classes, several metabolic processes, some immune processes and some 

signalling cascades, among others. The diversity of these processes indicates the number 

of sub-systems that are involved in restoring the gut to homeostasis after a perturbation of 

any sort. 

Performing horizontal integration of intestinal responses to different challenges gives an 

overview of the processes that are common in the mucosal response towards different 

types of challenges and the processes that are uniquely modulated by a single type of chal-

lenge. With these results, it is possible to answer questions like “which dietary challenges 

regulate the same processes as the processes regulated by an infection of the intestine with 

a pathogenic organism?”. Identification of these common processes may form the 

knowledge base for the development of nutritional strategies that antagonize intestinal 

infections. In Chapter 5, datasets derived from drug-based and immune challenge studies 

were underrepresented as compared to the dietary challenges. Availability of larger num-

bers of datasets derived from drug-based and immune challenge studies may improve this 

knowledge-base.  

The horizontal high-level data integration in Chapter 5 was performed at a pathway level. 

Pathways are gene-sets that also have information on the interactions between the member 
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genes of a pathway. A pathway represents a biological process and is decided on by do-

main experts. The pathway information that was used in Chapter 5 is from Reactome 

(Fabregat et al. 2016), a regularly updated and manually curated database. This pathway 

information was retrieved using the tool developed in Chapter 4. It was decided to use 

pathways as a functional unit because pathway gene-sets are more likely to regulate bio-

logical processes than single genes. However, in Chapter 5 it was found that pathways 

are not uniformly regulated by experimental conditions that belong to different challenge 

categories. A majority of the pathways were up-regulated by the experimental conditions 

irrespective of the challenge categories. However, the expression patterns of the gene-

nodes in the pathways were found to be different between experimental conditions. This 

plasticity in the intra-pathway response to challenges calls for caution when interpreting 

the pathway results.  

Another way of analysing the results of the horizontal integration of data across perturba-

tions is to critically analyse, from a biologic perspective, the regulation of a particular 

processes under different conditions. This can lead to the generation of hypotheses that 

can be tested in subsequent wet lab experiments on animals or in vitro as was done in 

Chapter 5. On the basis of the computational results, experts in the field of mucosal im-

munity hypothesised that the reason behind the regulation of several common processes in 

the gut under such a variety of conditions was the induction of a low-grade inflammatory 

condition. The pathway ‘Regulation of Complement Cascade’ was observed to be part of 

the processes implicated in functional plasticity of the gut. This was surprising because the 

Complement Cascade process is not expected to be active in gut tissue. The hypothesis of 

the low-grade inflammation was tested on the pathway ‘Regulation of Complement Cas-

cade’ by designing an in vitro experiment that only exposed small intestinal cells to in-

flammatory conditions. Mice small intestinal organoids were stimulated with an inflam-

matory cytokine (TNF alpha), a PPARalpha agonist and flagellin to study the effects of 

these challenges on the local system. Among the three stimulations, the cytokine elicited 

the maximum response from genes in the ‘Regulation of Complement Cascade’ pathway. 

Besides proving that this pathway is indeed expressed in the intestinal tissue, this valida-

tion experiment showed that this ‘Regulation of Complement Cascade’ pathway is indeed 

regulated under low inflammatory conditions. Although experimental validation was not 

done, another pathway regulated by all the three categories of challenges, ‘Laminin Inter-



189 

Chapter 7 

 

7 

actions’ is also known to be stimulated by inflammatory cytokines. Thus, by using the 

results of integrative computational approaches as a basis for the generation of hypotheses 

on biological processes, improved insights into the mechanisms underlying these process-

es in the gut may be obtained. This process is sometimes called a ‘wet-lab – dry-lab’ cycle 

in systems biology as described by Kitano (Kitano 2002) which is a data-driven design of 

an experiment.  

Immune modulation by dietary changes 

The results of the lateral data integration in Chapter 5 showed that dietary interventions 

have an impact on the activity of components that belong to the immune system. Although 

changes in the immune system have been observed for certain dietary changes like and 

increase in fat intake, most dietary intervention studies do not analyse the effects of the 

dietary change on the immune system. In Chapter 6 we aimed to find links between die-

tary changes and specific immune parameters functionally related to the immune system 

using experimental data from Chapter 5 and information that is present in publicly availa-

ble databases. With these combined resources, we developed a first-generation model rep-

resenting potential links between dietary changes and the expression of relevant immunity 

parameters. This model predicts the functional parameters that could be influenced by 

certain changes in the diet while it also provides insights into mechanisms causing these 

changes. With literature validations, it was proved that some of the predicted connections 

between dietary changes and the functional immunity parameters already have been de-

scribed in literature. This underscores the biological relevance of the computational output 

of the model. The model predicts that several changes in diets induce an unexpectedly 

high level of changes in the immune system.  

To improve the predictability of the model and to allow the use of more detailed infor-

mation on the dietary input side, this immunity parameter model needs to be validated 

with more data. Predictive and simulation models always need to go through a step of 

validation using data (Kohavi 1995; Sargent 2013). But the work in Chapter 6 did not 

have this validation step due to a lack of proper data. This validation is usually done with 

data from similar conditions as the data used to build the model. For example, the connec-

tions between the dietary condition where the fibre Arabinoxylan is added to the diet and 
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23 functional immunity parameters can be validated by using another dataset with a simi-

lar dietary change. The new dataset is subject to the same analysis to discover connections 

to the functional immunity parameters, and the overlapping connections will have higher 

confidence as predictions. But this type of validation could not be performed since there 

were a limited number of datasets that fit the selection criteria as mentioned in Chapter 6. 

Sometimes a few samples of the same dataset are left out of building the model in order to 

be used for validation. This was also not possible with the data that we had because of the 

small sample sizes in the experiments. Besides data validation, the model can also be vali-

dated with specifically designed experiments based on the ‘wet-lab – dry-lab’ cycle. New 

experiments on animals could be designed to test the connections found in the Diet-

Immunity model by introducing changes in the diet and measuring the internal phenotypes 

and the functional immunity parameters. The results of such experiments could prove or 

disprove the predicted connections between dietary changes and parameters of the im-

mune system. 

While building this model, we used the transcriptome internal phenotype to link it to func-

tional immunity parameters. This was done by using data that result from Genome Wide 

Association Studies (GWAS) that use Single Nucleotide Polymorphisms (SNPs) to link 

certain traits to genes. By linking dietarily perturbed genes or gene-sets to these trait-

associated SNPs and the location of the SNPs near genes, it was possible to link the diets 

to chosen traits. Due to the expected increase in knowledge on SNP variation and their 

relationships with trait characteristics it will be possible to further refine the model. Intro-

ducing a stricter threshold for SNP to gene associations from GWAS databases, could also 

increase the confidence of the connections between dietary changes and the functional 

immunity parameters.  

The Diet – Immunity parameter model was built with both gene and pathway information 

from transcriptomic data. In the horizontal integration as described in Chapter 5 we ob-

served a plasticity in the response of the pathway to stimulations. This plasticity can be 

used to further refine the model by using the pathway response pattern as an indicator of 

the changes in the functional immunity parameter. Even though the model was limited to 

only account for changes in functional parameters associated to immunity, the method 

developed can be expanded to encompass a wider range of external phenotypes.  
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The model developed in Chapter 6 was built to predict the effects of dietary changes on 

the immune system. An expanded and quantitatively validated version of this model may 

in future be used to find important modulators (genes, proteins or metabolites) of the im-

mune system. When the diet – immunity parameter model can predict, with reasonable 

accuracy, the effects of dietary changes on the immune system, it would be possible to 

take the model a step further. With enough data on dietary compositional changes, internal 

phenotypes and functional immunity parameters, this model could, theoretically, be used 

to predict the organism’s immune competence. This objective is not easy to reach since 

immune competence depends on a wide number of known and unknown factors, including 

individual genetic variation and early life programming. 

Computational methods 

During most of the work presented in this thesis, I was able to develop tailor made data 

analysis pipelines through combinations of already existing and tested methods. This was 

enabled by the existence of strict requirements regarding software interoperability and 

documentation. All the pipelines were developed in R, an open-source scripting language. 

On one occasion, I had to modify the inner workings of an algorithm (CePa (Z. Gu and 

Wang 2013)) so that it would suit the data and the analysis requirements. The software 

tool presented in Chapter 4 is a function that would retrieve full pathways, while ensuring 

inter-operability with the rest of the tools in the software package. All these pipelines were 

made possible because the code was accessible and it was possible to edit it to suit the 

specific research question at hand. This is due to open source initiatives that allow code to 

be publicly shared.  

I also used several freely accessible databases for gathering both data and knowledge. 

Some of the databases I used are Reactome, Gene Expression Omnibus (Barrett et al. 

2013), dbGaP (Tryka et al. 2014) and PubMed. Most of this information was retrieved 

automatically with packages from R that can interface directly with these databases. This 

access allows a user to make maximum use of all the information stored in databases of 

different types with a high-throughput data search. For example, in Chapters 3 and 6 we 

used the R package rentrez (Winter 2016) that can gather information from the NCBI ap-

plication programming interface and search through PubMed abstracts for co-occurrences 
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of specific search terms. With this method, it was possible to quickly ascertain the amount 

of literature on a subject and delve into specific publications as required, even if only the 

abstracts were publicly available. 

An important aspect of systems biology is to understand the interactions between different 

parts of the system. In this thesis, this was achieved with vertical data integration. I inte-

grated measurements of internal phenotypes to discover interactions between them. From 

a computational perspective, if the different data-types are being integrated, it is important 

that all of them undergo the same pre-processing steps. Only this will allow a proper com-

parison between the different measurements. The results of a differential analysis cannot 

be compared to that of a time-series analysis because the premise of the two methods is 

different. More than two types of data are not often integrated. However, with the ap-

proach described in Chapter 3, I showcase a flexible method that can be used on any type 

of data and is built upon existing methods integrating two data types at a time. Methods 

that can handle more than two non-specific datasets simultaneously, like MCIA (multiple 

co-inertia analysis) (Meng et al. 2014) compare several datasets rather than discover pos-

sible interactions between them. Other methods that can indeed integrate more than 2 data 

types simultaneously are specific to certain types of data and are sometimes cumulative, 

i.e. two datasets are integrated and a third dataset is integrated to the results of the first 

integration. 

The presented approaches for data integration most often rely on correlations. Correlation 

analysis is a technique often used in individual data analysis and in data integration and 

has often been used in this thesis for data integration. The results of correlation studies 

must be interpreted with caution as correlation and causation relationships are frequently 

confused. A major opposition to correlation analysis is that it might often lead to the iden-

tification of spurious associations due to indirect associations. The fact that one variable 

(e.g. gene) changes along with another variable (e.g. metabolite) does not necessarily 

mean that one controls the changes in the other. Sometimes there is an independent agent 

causing these changes in both the variables but is not captured due to the inability to meas-

ure it or due to time delays in the measurements.  
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The methods used in Chapters 2 and 5 to find significant correlations between the ana-

lysed datasets were specifically devised to diminish the possible impact of these spurious 

associations. In both chapters, sparse Partial Least Squares (sPLS) was chosen to mini-

mize the possible number of false positives in the data integration result. This method pe-

nalizes the inclusion of interactions, thereby effectively minimizing them. Disentangling 

causative effects following the approaches presented here could be done by using so-

called time delayed correlations, in which the correlations between both data types is done 

by introducing a shift to account for the different time points at which the measurement 

was taken. However, these methods can only be applied when time series data with suffi-

cient resolution is available, for example measurements made within hours of each other. 

Here the only chapter in which time data series data was used was Chapter 2 but these 

time points are too far apart, with intervals of several weeks, to allow for this type of anal-

ysis.  

In Chapter 5 the validity of the sPLS correlation approach on multi-layered integration 

was tested using a permutation test. A permutation test enables precise measurements of 

the power of an algorithm to detect a signal. The test compares the data from the biologi-

cal system (measurements of internal phenotypes) to permuted data that contains no infor-

mation. This is a powerful approach that also lies at the core of the selected method for 

pathway enrichment analysis when gauging the significance of the pathway score. There I 

permuted the gene expression values in the pathway nodes in order to remove biological 

information from the pathway before computing the pathway score. This randomised 

score is computed several times and the likelihood of the occurrence of the original score 

is calculated. This value is used to gauge significance of the pathway score. 

Data integration over different perturbations provided information on the functional plas-

ticity of the gut. With the horizontal integration performed in Chapter 5, changes in gene 

expression of the intestinal epithelial cells were detected that contribute to the functional 

plasticity of the gut. However, the transcriptional profile is only one aspect of the func-

tioning of the gut. The integration of other types of data, like microbial or protein compo-

sition, may contribute to a further understanding of the functional plasticity of this com-

plex system. 
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Requirements to improve results of integrative research approaches  

During the computational research as described in this thesis, I have gathered knowledge 

on the current limitations in the performance of integrative research approaches. These 

limitations often boil down to lack of sufficient detail on the descriptions of experiments 

and most often they could be overcome by an improved annotation of information in data-

bases.  

1. Availability of experimental data 

Often animal experiments are not comparable because they have different measurements 

of biological parameters based on the research questions in that experiment. There are a 

few measurements that are almost always performed like weighing the animal and estimat-

ing food and water consumption. The data most often used in this thesis are derived from 

genome-wide transcription measurements using microarrays. The decrease in prices of the 

use of sequencing technologies and the ever-growing speed in sequence acquisition has 

provoked a sharp rise in datasets related to complete genome structures (Stephens et al. 

2015), gene expression patterns and information on the composition, diversity genetic po-

tential and activity of microbiomes. Mass spectrometry based techniques for proteomics 

and metabolomics are increasingly being used but the costs incurred by these measure-

ments limit the studies that perform them. The decrease in prices of sequencing techniques 

and the increased interest in the role of the microbiota have increased availability of micro-

biota measurements.  

Several repositories exist where datasets generated from experiments can be deposited 

such that they are freely available to the public. It is important that these repositories are 

stable to ensure that the data is available over a long period of time. In the case of sensitive 

data (e.g., patient information) there are several cyber security measures to only make 

parts of the data public. Some databases are specifically for one type of data, like Gene 

Expression Omnibus (GEO) and Array Express (Kolesnikov et al. 2015), which are for 

gene expression from either microarrays or RNA sequencing techniques. NCBI and EBI 

have several databases for different types of data, like protein sequences, but there are also 

repositories like Zenodo that can handle any type of data. These general purpose databases 
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are often used for metabolomics data since there are very few dedicated databases to store 

metabolomic data from experiments, e.g. Metabolights (Haug et al. 2013). 

2. Data description 

Repeatability of an analysis and reusability of shared data by an independent party re-

quires good data description. There are well-known standards that need to be followed 

while reporting an experiment or depositing the data from an experiment in a database. 

Reports on animal experiments in publications are required to follow the Animal Re-

searching: Reporting on In Vivo Experiments (ARRIVE) guidelines set by National Cen-

ter for the Replacement Refinement and Reduction of Animals in Research (Kilkenny et 

al. 2010). The meta-data in databases is required to adhere to a general set of guidelines 

for minimal information that should be provided for each experiment the – Minimum In-

formation for Biological and Biomedical Investigations (MIBBI) (C. F. Taylor et al. 

2008). These guidelines detail the information to be included such as information on ethi-

cal permissions, size of experimental and control groups, precise description of experi-

mental and surgical procedures and sample description, among others. 

Ambiguity of the experimental descriptions can be reduced by using the meta-data de-

scription terms from an ontology (agreed upon terms used in a particular field). Using 

ontologies also facilitates using meta-data terms as search terms to increase sensitivity and 

specificity when searching for data from specific experimental conditions. This issue with 

meta-data was especially apparent in the work done in Chapter 5 where several publicly 

available datasets were re-used for analysis from a different perspective. A few datasets 

were left out of the analysis due either to ambiguity or lack of detail in the metadata. The 

databases that store the experimental data should expand the minimal meta-data that is 

required before a data submission is accepted. Another practise that could be adopted by 

the databases is to use ontologies or thesauri like Medical SubHeadings (MeSH) for the 

keywords used in the description. 

Both issues enumerated above related to experimental data availability and data descrip-

tion, greatly limit re-usability of existing data. There are two major reasons for re-using 

data, to verify the results of the original study or to use the same data for a different re-

search question. Being able to verify results of a study is the idea behind publishing and 
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the cornerstone of research itself. Another frequent reason for re-using data is to perform 

an analysis similar to the integration performed in Chapter 5 of this thesis.  

Issues with data availability and meta-data can be addressed by making data Findable Ac-

cessible Interoperable and Reusable (FAIR) as detailed by Wilkinson et al (Wilkinson et 

al. 2016). Fulfilling the first two parts of FAIR, Findable and Accessible, requires that the 

data be publicly available so that a human user or machine can find it and use it with ap-

propriate permissions. Carrying out an integrative or meta-analysis is often restricted to 

specific experimental conditions which can only be identified with distinctive search 

terms and extensive meta-data. Once the data has been obtained, most often, it needs to be 

pre-processed. For example, there could be an identifier (id) mapping step where the ids 

used in each experiment are mapped to each other. The Interoperable part of the FAIR 

principle pushes data harmonisation steps from the end user to the data generator. Besides 

this id mapping requirement, interoperable data must be ready not only for human under-

standing but also for machine access. Satisfying the first three conditions (F, A, I) helps 

with the last principle of making data Re-usable but also requires very detailed experi-

mental information.  

The responsibility for making data FAIR falls partly on researchers who must take the 

initiative to properly document their data. But the power to enforce the recommendations 

(FAIR, ARRIVE, MIBBI) for data descriptions resides partly with the journals that pub-

lish the results of the experiments and databases that host the data from the experiments. 

This drive for proper data stewardship is currently gaining momentum among large fund-

ing agencies which have the most power to enforce these guidelines. 

3. Annotation of data 

Another important issue when dealing with biological data is the annotation of biological 

entities with functions that they are observed to perform. In the transcriptomics data that 

were used in this thesis, there are several gene sequences on the microarray that lack func-

tional annotation. Such un-annotated entities cannot be used for further analysis, for exam-

ple, when converting the animal gene ids (mice or pigs) to human ids. This id conversion 

step to human ids is essential since there are several databases (or knowledgebases) that 

have most information on human data. The functional annotation of microbial rRNA se-
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quences is limited by the lack of information on the roles of microbes in a habitat, e.g. the 

gut. 

The research described in Chapters 5 and 6 is based heavily on pathway information 

which was obtained from the Reactome database. Interactions between nodes in a pathway 

are assigned based on information in existing literature. This means that there could be 

several annotations for an interaction between nodes since these interactions are some-

times studied under various conditions. There is also the issue that there are several defini-

tions of pathways depending on the database and there is no consensus on what constitutes 

a pathway. It would be easier for end users if there were mappings between the different 

pathway databases to connect pathways with similar information. 

The datasets used in this thesis represent so-called internal phenotypes. For the model in 

Chapter 6, the transcriptional internal phenotype was used. There is, however, an ambi-

guity surrounding the terms external phenotype and trait, which are often used in the same 

context, but some researchers define a phenotype as a measurable trait (Beck et al. 2012). 

In several cases the traits or phenotypes in databases are linked to pathological states. 

There are databases that link genes to traits or external phenotypes which are specific to 

domains or organisms. The database used in Chapter 6 is dbGaP which is specific for 

human data and links genes to traits (from MeSH terms) based on results of GWAS stud-

ies. The database Mouse Genome Informatics has plenty of information on linking genes 

to traits (from the Mammalian Phenotype Ontology (C. L. Smith and Eppig 2009)) based 

on mice studies. Traits of production animals are documented in the Animal Trait Ontolo-

gy for Livestock (Golik et al. 2012) and has information on the species where the trait is 

present or absent. It is possible to map these ontologies to obtain maximum information 

from them. Such attempts can be found in the ontology repository BioPortal using the 

automatic matching tool LOOM. These automatic mappings definitely need manual cura-

tion especially since there is ambiguity around the words trait and phenotypes. In this the-

sis, the information in dbGaP was used since it contained traits that can be measured to 

gauge the functionality of the immune system. Also, the results of GWAS studies have 

been linked to the expression of the trait-associated genes, which lends credence to linking 

gene expression changes to GWAS results. 
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Final remarks 

Most of the research as described in this thesis was performed on already existing data 

with available methods and extensions of existing methods. This research demonstrated 

that the re-use of existing data and their analysis from a systems wide perspective, pro-

vides unique insights into the functioning of the system. It indicates that hidden infor-

mation is present in currently available databases and datasets, that can be extracted with 

methodologies that arise from the objective to understand the functioning of systems as a 

whole. Although we are far from a model that represents a “virtual gut” the research in 

this thesis demonstrates computational methods can be developed and applied to get im-

proved insight into time-dependent dynamics of a gut systems, to obtain information on 

key links between internal phenotypic of different biological levels, to understand the 

functional plasticity of the gut mucosal tissue, and to develop a concept of a model that 

allows to make links between internal phenotypes and to immunity parameters functional-

ly related to external immune-based phenotypes. 
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The gastrointestinal tract is subject of much research for its role in an organism’s health 

owing to its role as gatekeeper. A major function of the gut is to act as a barrier to chal-

lenges from the external environment. The tissue must keep out harmful substances like 

pathogens and toxins while absorbing nutrients that arise from the digestion of dietary 

components in in the lumen. There is a large population of microbiota that plays an im-

portant role in the functioning of the gut, digestion and homeostasis of the immune sys-

tem. All these sub-systems of the gastrointestinal tract contribute to the normal function-

ing of the gut. Due to its various functionalities, the gut is able to respond to different 

types of stimuli and bring the system back to homeostasis after perturbations. This ability 

is called the functional plasticity of the gut. Chapter 1 provides more information on the 

morphology and functionality of the gut. The techniques for the measurements of various 

internal phenotypes (measurements of transcripts, proteins and metabolites, among others) 

are described. It describes the various methods traditionally used to study the gut and the 

novel methods used in this thesis to study the gut from a more holistic perspective. It also 

introduces the two types of data integration methods used in the thesis, vertical and hori-

zontal integration. Vertical integration finds connections between different types of data 

and horizontal data integration combines several datasets of the same type of data. These 

data integration methods were used in the following five chapters to gain insights into the 

dynamics of a perturbed gut system over several time points, to find connections between 

different types of biological measurements (gene expressions, proteins, metabolites and 

microbes), to improve our understanding of the functional plasticity of the gut under vari-

ous types of challenges and to link changes in the diet to changes in the local and systemic 

immune system. 

The work in Chapter 2 aimed to improve our understanding of the dynamics of the gut 

functionality that contributes to long lasting changes in the intestinal mucosal tissue. The 

data were obtained from a pig experiment where an antibiotic was administered at a very 

early age, along with stress that would be common in a farm environment. The small in-

testines of these animals were then sampled at three time points over the next six months 

to obtain the measurements of two internal phenotypes; gene expression of the intestinal 

mucosal tissue and microbial community data from the luminal content at the same loca-

tion in the gut. The data analysis in this chapter involves both horizontal data integration 

(across time) and vertical data integration (integration of gene expression with microbio-
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ta). The integration across time was performed along two dimensions by taking into ac-

count the time dynamics and the treatment effects simultaneously. This was done using a 

regression-based method on both the gene expression and microbiota data. Subsequently 

the results of the time dynamics and treatment effects were integrated with each other. 

This vertical integration was performed based on correlations to discover potential cross-

talk between the host and microbiota that are affected both by treatment and time. The 

results show that there are several genes with consistent long term changes in their gene 

expression. These genes could be important regulators of gut functionalities. These regula-

tors seem to cause the persistent changes in the tissue gene expression. The vertical data 

integration revealed the important roles of a few bacterial groups in maintaining the long-

term changes in the gene expression. These results provide insights into the dynamic inter-

actions between the host and its microbes.  

Interactions between internal phenotypes were further studied in Chapter 3, where five 

measurements of internal phenotypes were obtained from dietary interventions in mice. 

The mice were given diets with different protein sources and several different internal 

phenotype measurements were made in the intestine, serum and urine. From the same lo-

cation of the small intestine, scrapings were used to obtain gene expression profiles of the 

mucosal tissue and the content was used to acquire data on microbial community struc-

tures. Cytokine levels in the serum were measured along with metabolomic profiles. 

Metabolomic data was also obtained from urine. Pairwise correlation analysis was per-

formed ten times to integrate each dataset to the other four and these results were com-

bined to obtain an integrated network with elements from all the five datasets. The corre-

lations from the pairwise integration were verified using a permutation approach that 

checks whether the observed correlations are based on biological information in the data. 

The connections between internal phenotypes were validated with a literature search for 

co-occurrence of the connected components. The results of this literature search revealed 

that several connections uncovered in this Chapter have been found previously in other 

studies. The integrated network was found to contain several components that were linked 

to all other four types of data. These components were denoted “connectivity hubs”. The 

presence of such hubs indicates that there are some components of the internal phenotypes 

that are more involved in the interactions between internal phenotypes than others. The 
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hypotheses generated in this study can be used to design wet-lab experiments to validate 

uncovered connections between the internal phenotypes. 

Pathways are groups of functionally related genes with information on the interactions 

between the genes that fulfil a biological function. When integrating several transcriptom-

ics datasets together (horizontal integration) the analysis is more comparable between ex-

periments and platforms when analysed with pathway expression rather than gene expres-

sion. Pathway data from several databases is available in a Resource Description Frame-

work format called BioPAX (Biological Pathway eXchange) which is not easy to work 

with for transcriptomic analysis. In order to use this information in the R environment, an 

open source programming language and software environment for statistical computing 

and graphics, the package rBiopaxParser converts the BioPAX object into one that can be 

utilised in R. One important function in this package is pathway2RegulatoryGraph which 

converts the information in a pathway to a graph of the regulatory components in the path-

way. Chapter 4 is a description of a new function pathway2Graph that can use all infor-

mation in the pathway to build a graph of the entire pathway. This function has been in-

corporated into the package rBiopaxParser distribution. 

The gut is exposed to a variety of challenges and its response to them is of utmost im-

portance since the gut is a critical barrier to the external environment. The functional plas-

ticity displayed by the gut allows an appropriate response of the gut towards a variety of 

challenges, perturbations and/or stimulations. In order to study the mechanisms behind 

functional plasticity, in Chapter 5 a horizontal integration of intestinal mucosal gene ex-

pression profiles was performed after exposure to three categories of challenges: dietary, 

drug-based or immune challenges. These transcriptomics datasets, derived from 14 inde-

pendent experiments in mice, were obtained from an online database in order to study the 

gut under different challenging conditions. The gene expression analysis was performed 

on a pathway level and combined with information present in the Reactome database ob-

tained with the pathway2Graph function developed in Chapter 4. A high-level data inte-

gration was performed where the datasets are analysed separately and only the results are 

integrated. The results of the high-level data integration demonstrated that there is a con-

siderable overlap in the significantly regulated pathways induced by the three categories 

of challenges. We concluded that these common processes contribute to the functional 
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plasticity of the gut. One of the processes common to the three challenge categories is 

‘Regulation of Complement Cascade’, which is an immune process that is regulated in 

several of the dietary challenge experiments. Since the regulation of this process is not 

expected in the gut tissue, a validation experiment was designed using mice intestinal or-

ganoids to understand the conditions that lead to the regulation of this pathway. The re-

sults suggest that an inflammatory condition could be the reason behind the regulation of 

this pathway. Thus, by performing targeted experiments, based on the results of computa-

tional analyses, helps to better understand the mechanisms behind the functional plasticity 

of the gut. The high-level data integration on different types of challenges, as described in 

Chapter 5, showed that the dietary changes induced changes in immune-related process-

es. Therefore, in Chapter 6, a model was built to find connections between dietary chang-

es and functional immunity parameters. The data from 9 dietary challenge studies was 

analysed for differentially expressed genes and differentially regulated pathways. In order 

to obtain links between genes and functional immunity parameters, information from Ge-

nome Wide Association Studies (GWAS) were used that are deposited in the NCBI data-

base Genotype and Phenotype. GWAS links traits to Single Nucleotide Polymorphisms 

(SNP) that are subsequently linked to genes based on the proximity of SNP’s to genes. We 

retrieved this trait to gene associations for selected functional immunity parameters that 

can be measured and linked to the immune status of organisms. We formed associations 

between dietary changes and functional immunity parameters through the genes and path-

ways. These connections were validated through a literature search which established that 

there have been studies linking some dietary changes to the changes in the functional im-

munity parameters predicted by the model.  

Chapter 7 is a general discussion of all the five research chapters. The ways in which the 

research objectives were achieved are enumerated along with details of the methods used. 

Work that can be performed on the current results to improve the understand of the gut is 

also detailed. I discuss current bottlenecks and possible ways to increase our understand-

ing of gut function. It is concluded that the re-use of existing data and their analysis from a 

systems wide perspective, provides unique insights into the functioning of biological sys-

tem. It is also concluded that hidden information, which is present in currently available 

databases and datasets, can be extracted with methodologies that arise from the objective 

to understand the functioning of systems as a whole. Finally, it is concluded that the re-
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search in this thesis demonstrates that computational methods can be developed and ap-

plied to get improved insights into the time-dependent dynamics of a gut systems, to ob-

tain information on key links between internal phenotypes of different biological levels, to 

better understand the functional plasticity of the gut mucosal tissue, and to develop models 

that allows to make links between internal phenotypes and to immunity parameters func-

tionally related to external immune-based phenotypes. 
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