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General introduction and aim outline of the 
thesis 

Differential effects of environmental and 
Genetic factors on T and B cell Immune 
traits.

A functional genomics approach to 
understand variation in cytokine 
production in humans.

Integration of multi-omics data and deep 
phenotyping enables prediction of cytokine 
responses.

Deconvolution of bulk blood eQTL 
effects into immune cell subpopulations.

Tissue alarmins and adaptive cytokine in-
duce dynamic and distinct transcriptional 
responses in tissue-resident intraepithelial 
cytotoxic T lymphocytes

Discussion and Perspectives
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Discussion and Perspectives

Our knowledge of the inter-individual variation of the immune system and 
how it impacts disease aetiology has increased considerably through nov-
el discoveries in immunology and recent technological developments in 
high-throughput biology. Immunogenomics and systems-immunology–
based studies, such as the work presented in this thesis, have significantly 
contributed to this. Nevertheless, as shown throughout this body of work, 
there is a considerable proportion of human immune variation that has not 
been explained by known factors, and its implication in complex diseases 
remains hidden. To overcome this, it is crucial to keep up this scientific mo-
mentum by undertaking further immunogenomic cohorts studies that eval-
uate more diverse genetic and environmental backgrounds. As this thesis 
demonstrates, these studies enable us to comprehensively characterize the 
effects of common genetic variation and environmental cues on immune-re-
lated phenotypes at baseline and stimulated states. Doing so will help us 
define a reference set of genetic markers, molecular phenotypes and envi-
ronmental cues that, through their interaction, drive the variation of the hu-
man immune response (as shown in Figure 1). For example, these driving el-
ements of the immune system could be used in the context of personalized 
medicine by modelling them into a composite score that defines the overall 
status of an individual’s immune system. This score would inform medical 
care personnel about the immune “status” of a patient coming into the clinic 
and aid in diagnosis and determining the type of medical treatment that pa-
tient needs. Furthermore, investigation of how these immune-driving com-
ponents behave in different contexts such as disease phenotypes or highly 
specialized cell subpopulations will allow us to pinpoint the critical biologi-
cal pathways that contribute to disease development and unravel potential 
therapeutic targets and/or strategies.



289

General discussion and future perspectives

To unravel the full potential that the immune system could play in personal-
ized medicine we first need to establish and characterize reference baseline 
of a “healthy” immune response. Such task, although simple in principle, is a 
monumental endeavor given the complexity that a biological phenomena as 
the immune response represents. In short, the immune response is a highly 
complex behaviour that arises from a network of proteins, signalling mole-
cules and cell subpopulations – a network that has yet to be fully defined. 
Moreover, to minimise potential damage to surrounding healthy tissue and 
beneficial microbiota, this immune response needs to be appropriate and 
contained. Conventional approaches that interrogate a single immune com-
ponent, e.g. within a single cell type, cannot provide a holistic characteriza-
tion of all the levels of molecular and/or cellular interactions. To comprehen-
sively understand the immune response and the variation observed within 
the general population, we need to make use of systems-like approaches. 
These systems immunology approaches involve, as any other systems-like 
strategy, the quantification of all (or at least the majority) of the components 
of a particular system. For immune systems, these are composed of – but 
not limited to – circulating cell subpopulations, signalling molecules, me-
tabolites, microbiome and transcriptome abundance on relevant cell types/
tissues. The comprehensive and high-throughput quantification of molecu-
lar and cellular components, often referred to as “omics”, enables the sys-
tem-level studies that have become essential to understanding the human 
immune response (Brodin and Davis 2017; Schirmer et al. 2018; Gutier-
rez-Arcelus, Rich, and Raychaudhuri 2016; Quintana-Murci 2019). Multi-omic 
studies allow us to explore both the associations within molecular catego-
ries, i.e. correlation structure among circulatory cell levels, and (more impor-
tantly) the associations across layers of cellular and molecular information, 
i.e. association of circulatory immune cells and microbiome composition. By 
combining and interpreting these omics layers, we are now able to construct 
regulatory networks that help us prioritize the underlying biological process-
es essential in controlling immune response and homeostasis. 
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Figure 1 shows the multiple layers of immunological information that are 
affected (in different degrees) by the genetic makeup or environmental ex-
posure of the host. Nevertheless, in order to apply and take full advantage 
of immunogenomic predictive models as a tool for potential diagnosis and 
prognosis to be widely used in medical practice, it is necessary to fully dis-
sect the inter-individual variation of the human immune system.

Figure 1: Immunogenomic biological layers.  Different types of “omics”, molecular and cel-

lular phenotypes, and classical anthropometric phenotypes that can be incorporated into 

integrative immunogenomic predictive models. BMI (Body Mass Index), eQTL (expression 

Quantitative Trait Loci), ASE (Allele Specific Expression),
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General discussion and future perspectives

Our work into perspective 

The general aim of this thesis was to further our understanding of the in-
ter-individual variation of the human immune system and function. We 
achieved this by applying integrative strategies and systems-like approach-
es using multi-omics datasets to characterize and study the driving compo-
nents of immune system function and variation. We made use of immunog-
enomics and functional genomics in population-based cohorts to identify 
the genetic variants, anthropomorphic phenotypes and environmental cues 
that are significantly associated to the cellular and molecular phenotypes 
related to immune system and function (immunophenotypes). Specifically, 
this approach was applied to the 500FG cohort, a study within the Human 
Functional Genomics Project (HFGP, http://www.humanfunctionalgenomics.
org), where 500 participants of Dutch descent where deeply immunopheno-
typed. 

In Chapter 1, we focused on the inter-individual variation of the levels of the 
adaptive subpopulations in circulation (Aguirre-Gamboa et al. 2016). Here we 
observed that age,sex and seasonality play an important role in modulating 
the levels of the circulating immune subpopulations. We also characterized 
the genetic component behind cell-levels in circulation and observed that a 
baseline state is differentially affected by environmental and genetic factors, 
with T cells having a larger genetic component while B cells were mostly 
driven by environmental signals. Nevertheless, through genome-wide quan-
titative trait mapping, we found 8 genome-wide-significant cell count quan-
titative trait loci (ccQTLs). Half of them replicated those found by previous 
studies (Orrù et al. 2013; Roederer et al. 2015), but 4 novel ccQTLs were 
implicated in cell types that had not been previously assessed in the gen-
eral population. A recent study (Patin et al. 2018) nicely complemented to 
our work of adaptive subpopulations by showing that the innate component 
were also heavily affected by host genetics.We also noted that 3 out of the 
8 genome-wide ccQTLs had been reported as risk factors for autoimmune 
and inflammatory diseases. However, we found that ccQTLs are not signifi-
cantly enriched for genome-wide SNPs previously associated by GWAS to 
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autoimmune, inflammatory, allergy-like or infectious diseases. This lack of 
enrichment diminishes the role of ccQTLs in the aetiology of autoimmune 
and inflammatory conditions and is consistent with previous observations in 
the adaptive branch of the immune system in which none of the associated 
SNPs for rheumatoid arthritis, type 1 diabetes (T1D), and celiac disease (CeD) 
were associated with proliferative rates and abundance of CD4+ T cells (Hu 
et al. 2014; Gutierrez-Arcelus, Rich, and Raychaudhuri 2016). 

In Chapter 3, we applied a systems genetics approach to interrogate the in-
ter-individual variation in cytokine production upon pathogen stimulation. 
A total of 91 cytokines were quantified from peripheral blood mononuclear 
cells, whole blood and macrophages upon a diverse set of stimulations with 
bacteria, fungi, virus and immunological ligands. Here we observed a very 
strong co-regulation of cytokines that drops consistently when comparing 
different types of pathogens, i.e. bacterial vs. fungal. This could be explained 
by the plasticity needed in the immune response to recognize and control 
evolving pathogens (Netea, Wijmenga, and O’Neill 2012). We then character-
ized the genetic component of cytokine production upon ex vivo stimulation 
by performing genome-wide cytokine QTL (cQTL) mapping. This identified 
two categories of potential regulatory genes among the 17 genome-wide 
cQTLs: i) innate-related genes, which are mostly involved in pathogen rec-
ognition, and ii) genes involved in antigen presentation in the endoplasmic 
reticulum. The cytokines measured in the 500FG cohort can be categorized 
into two categories: those derived from CD14+ monocytes (IL-6,TNF-α, IL1-β) 
and those derived from T cells (IL-17, IL-22, IFN-γ). Notably, we observed that 
cytokines produced by CD14+ monocytes (innate cytokines) are the most 
genetically controlled, further highlighting the stronger influence of genet-
ics on the innate response of the immune system. These monocyte-derived 
cQTLs were also enriched in genetic risk factors for susceptibility to infec-
tious diseases, suggesting that proinflammatory cytokines have an import-
ant role as underlying mediators in complex human diseases. 

An interesting hypothesis we were able to test with 500FG was to evaluate 
whether the abundances of circulating cells were associated with cytokine 
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production upon stimulation. However, we observe association a suggestive 
association between the absolute levels of circulatory cells and the produc-
tion of cytokines upon ex vivo stimulations. Yet it has been hypothesized 
that the relative proportions of circulating immune cells should be predic-
tive of the overall immune response. And evidence of such hypothesis was 
observed in a recent study (Kaczorowski et al. 2017), were the authors cal-
culated a continuous “immunotype”. This type of approach, defined as “key 
combinations of immune cell frequencies”, was associated with age and hu-
man cytomegalovirus seropositivity, suggesting that an individual’s immu-
notype could potentially be modifiable through interventions. This theoret-
ically would enable us to “tune” an individual’s immune responsiveness to  
improving his overall health.  

In both Chapter 2 and Chapter 3, studies were performed in ~500 individu-
als and, although the 500FG is the largest functional genomics cohort ded-
icated to studying the immune function, the statistical power to detect ge-
nome-wide QTL signals was limited. Since 500FG aimed to characterize as 
many molecular and cellular immunophenotypes as possible it contrasts 
with other previously reported ccQTL studies that included thousands of 
participants, but where these studies only quantified a limited number of 
immunophenotypes. An example of this approach is the Astle et al study(As-
tle et al. 2016) that considered over 173,000 UK Biobank (UKB) participants 
and were able to identify hundreds of variants significantly associated to 
the levels of cell counts (red cells, platelets, myeloid and lymphoid cells, also 
known in literature as “blood traits”). Their large sample size meant that 
smaller genetic effects could be detected, which aided the causal associa-
tions made through Mendelian randomization of cell count levels and au-
toimmune diseases. Notably, the abundance of circulatory cells (a plausible 
intermediate phenotype for the development of autoimmune diseases) was 
mostly detected in myeloid subpopulations. Whereas higher lymphocyte 
counts (the only adaptive response-related trait measured in this study) 
were protective for CeD and asthma but conferred higher risk for multiple 
sclerosis. These two approaches in cohort design are complementary, as in 
the more “broad” design (high number of samples - lower number of pheno-
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types) can give help us identify loci implicated in immune function which can 
then later be explored by more “in depth” cohorts, where more mechanistic 
and functional hypothesis could be tested.

Given the multiple layers of biological information collected for all 500FG 
participants, in Chapter 4 we aimed to predict cytokine production upon stim-
ulation using genetics and all the available omics at baseline level. By inte-
grating all these omics layers, we were able to identify new regulators of cy-
tokine production, including circulatory mediators and metabolites. We also 
showed that individuals with an increased genetic burden for developing 
immune-like diseases (such as T1D) are more likely to be high cytokine pro-
ducers. Finally, we were able to predict the production of monocyte-derived 
cytokines (IL-6 and IL-1β) upon bacterial and Poli I:C stimulations using only 
genetics or combination of immunophenotypes and genetics. A previous 
study performed on twins reported that baseline levels of circulatory cyto-
kines could be mostly explained through environmental cues (Brodin et al. 
2015). In contrast, in Chapter 4 we observed that genetics explains the great-
er proportion of variance in cytokine levels upon stimulation. This strongly 
suggests that the response to pathogens is under more controlled genetic 
regulation than baseline levels in circulation, which agrees with the hypoth-
esis that infectious diseases have a strong selective pressure on our genome 
(Nédélec et al. 2016; Quach et al. 2016). Together, the studies carried out 
by using the 500FG cohort and the HFGP can be considered one of the first 
efforts to construct a reference immunome of the general population. 

Gene expression in the form of transcriptome-wide quantification through 
RNASeq is now widely used to understand key biological processes related 
to immune function and immune-mediated diseases (among other biologi-
cal phenomena). Since the great majority of SNPs associated to autoimmune 
diseases are located in non-coding regions of the genome, we expect that 
these SNPs play a regulatory role in the transcription of mRNA. Integrating 
common genetic variation in the form of SNPs with gene expression has 
been widely used to link genetic risk factors to gene regulatory networks 
and pathways (Võsa et al. 2018). This strategy, known as expression QTLs 
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(eQTLs), has helped reveal the regulatory nature of SNPs pinpointed to a 
certain disease by GWAS (Verstockt, Smith, and Lee 2018; Visscher et al. 
2017). Most published eQTL studies have been performed using expression 
levels from whole blood. However, whole blood is a mixture of multiple cell 
types with a very diverse set of functions, and consequently a very diverse 
and distinct transcriptional profile. Given these characteristics, it is expected 
that eQTL effects from very lowly abundant cell populations are masked by 
the effects of much more abundant counterparts within bulk tissue. 

To tackle this problem and promote the reuse of existing bulk expression 
data, in Chapter 4 we developed a computational approach (Decon2) that al-
lowed us to dissect the cell-type levels within a bulk tissue in order to detect 
cell-type eQTL without the need to purify cell subpopulations. Here we used 
the whole blood expression profile to predict the proportions of circulating 
immune cell subpopulations in whole blood (DeconCell). By integrating the 
predicted cell proportions with whole blood expression levels and genotype 
information, we are able to deconvolute the expression data from the bulk 
tissue into its subpopulations to detect cell type eQTLs (Decon-eQTL). We ap-
plied our approach to more than 3,100 samples and observed that at least 
26% of the eQTLs had a cell-type-eQTL effect. We were then able to validate 
our in silico cell-type eQTLs using eQTLs, chromatin state QTLs summary 
statistic and gene expression from purified cell subpopulations. 

The main advantage of DeconCell over other available cell-proportion pre-
diction methods is that it does not rely on transcriptome profiles from puri-
fied cell subpopulations to generate predictive models; the selection of the 
predictive genes is performed in a completely unsupervised way, selecting 
the optimum set of genes to predict the proportion of each cell subpopu-
lation independently. We were able to define 34 (out of 73) cell subpopula-
tions as “predictable”, based on a threshold R (R is an absolute of a Pearson 
correlation coefficient between predicted and measured values, R≥0.5). Due 
to a relatively small number of samples with both cell proportions and gene 
expression levels (n=89), the accuracy of cell counts prediction can be limit-
ed. 
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The potential regulatory role of GWAS SNPs located in non-coding regions 
of the genome could be exerted in a cell-type-dependent manner (Zherna-
kova et al. 2017). To explore the cell-type context of eQTLs, multiple studies 
have focused on the use of purified cell subpopulations. However, due to 
logistic limitations, it is not possible to transcriptionally profile more than a 
few hundred samples. Decon-eQTL enables the use of bulk tissue expres-
sion data, in our case from whole blood, from existing functional genomics 
cohorts (Võsa et al. 2018). Nevertheless, deconvoluting biological signals is 
a complex problem, and a definitive solution has yet to be reported. While 
Decon-eQTL showed an improvement over other currently reported meth-
ods (Westra et al. 2015; Zhernakova et al. 2017), it has two considerable 
caveats. First, the method incorporates multiple cell types simultaneously 
into a non-negative linear model. These proportions of cell subpopulations 
are bound to be correlated to each other, which introduces collinearity into 
the model, potentially leading to false negatives for cell types where the 
eQTL effect is small. Second, most of the eQTLs we detected are significant 
in only one cell type, and this too is due to the collinearity introduced in our 
model. Another plausible hypothesis could be that the effects of the inter-
action term evaluated by Decon-eQTL need even more samples in order to 
be detected in lowly abundant subpopulations. Despite these limitations, 
the methods behind Decon2 could be generalized to any type of bulk tissue, 
therefore assisting in the identification of genetic effects on gene expression 
levels in rare subpopulations within complex tissues. A potential future di-
rection for Decon2 would be to apply it to functional genomic international 
consortiums such as eQTLgen (Võsa et al. 2018) where more than 30k sam-
ples have been used to unravel the genetic architecture of complex traits. 
Furthermore, Decon2 could also be used to analyse solid biopsies, such as 
from colon, where the genetic contribution to gene expression in rare and 
disease-specific cell subtypes have not yet been interrogated. 

Purifying and characterizing individual cell subpopulations through omics in 
a specific biological context, such as complex diseases, is a well-established 
strategy to understand their role in disease aetiology. In the context of local-
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ized tissue destruction in autoimmune diseases such as CeD (Abadie, Disce-
polo, and Jabri 2012) or T1D (Lombardi et al. 2018), cytotoxic intraepithelial 
lymphocytes (CT-IELs) are key players, and the CT-IEL transcriptome has al-
ready been implicated to have a role in autoimmune diseases (Raine et al. 
2015). In Chapter 5 of this thesis we characterized the dynamic transcrip-
tome response to tissue alarmins (IFNβ and IL15) and adaptive cytokines 
(IL21) of CT-IELs. To our knowledge this is the first assessment of the impact 
of pro-inflammatory cytokines in the context of organ-specific autoimmune 
diseases. Here we found that tissue alarmins alone generate massive and 
distinct transcriptional changes in CT-IELS. These transcriptional changes in-
duce a common interferon immune activation, alongside a very distinct late 
response between IL15 and IFNβ. Whereas CT-IELs treated with IL15 seem 
to return to a basal-like state, CT-IELs treated with IFNβ remained activated, 
suggesting a proliferative condition. The common interferon immune acti-
vation was also shared with CT-IELs treated with IL21, but in a diminished 
manner that suggests tissue-stress signals may have a stronger impact on 
the regulation of IE-CTLs than cytokines produced by antigen-specific T cells. 
Interestingly, we observed that the genes involved in the common interfer-
on I response were enriched with transcripts from neighbouring GWAS SNPs 
found to be associated with multiple autoimmune diseases such as CeD and 
inflammatory bowel disease. 

To summarize the work in this thesis, we showed that the observed inter-in-
dividual variation was driven by either environmental or genetic cues using a 
systems immunology approach on the levels of circulatory adaptive immune 
cell subpopulations (Chapter 2). We then investigated the effect of common 
genetic variation in the production of cytokines upon ex vivo stimulations 
in the general population by applying a systems genetic approach (Chapter 
3). We also assessed the role of the genetics involved in cell levels (Chapter 
2) and cytokine production (Chapter 3) in the aetiology of immune-related 
diseases. We explored the possibility of predicting the immune response 
(Chapter 4) by integrating multiple layers of omic information and developed 
a novel approach to detect cell-type-eQTL effects without the need to tran-
scriptionally profile purified cell subpopulations (Chapter 5), which could be 
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generalizable to any type of bulk tissue mixture. Finally, we dynamically 
characterized the transcriptome response to tissue alarmins and adaptive 
cytokines on CT-IELs, further establishing their role in the aetiology of auto-
immune diseases. Although there are still gaps in our understanding of the 
inter-individual variation of the human immune system and its response, 
the rapid pace of development of high-throughput biology, coupled with the 
advances in computational and statistical methods, will enable us to close 
these knowledge gaps further and bring us closer realizing the potential of 
the inter-individual variation of the human immune system for personalized 
medicine approaches.

Challenges and Future perspectives

We are now more aware of the challenges that we are facing given the com-
plex relationship between genetics and environment that give rise to the in-
ter-individual variation of the immune response and function. Nevertheless, 
studies that integrate multiple layers of molecular information with genetics 
and environmental factors, such as the ones presented and discussed in 
this thesis have added considerable knowledge in understanding this com-
plicated relationship. Nevertheless, given challenges a large proportion of 
pathways and crucial components of the immune system remain unknown 
or poorly understood. In this section we will discuss the challenges that we 
are now facing and potential avenues that can be used to address them. 

Challenges in immunogenomic cohorts, the more the merrier

The 500FG cohort is, to date, the largest and most comprehensive function-
al genomic cohort designed to understand the inter-individual variation of 
the human immune response in the general population. Throughout this 
thesis we have used the multiple layers of biological information available 
in 500FG to dissect and interrogate the function of immune components. At 
the moment the road to fully understanding inter-individual variation of the 
immune system in the general population is constrained by technological, 
logistical and economical obstacles, and these are some of the limitations 
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we faced in our work. As discussed in the previous sections, the immune 
system is a network of cytokines, molecular signals, cell types and tissues, 
which means that a systems-level approach to studying the immune system 
involves the quantification of thousands of molecular and cellular pheno-
types.

Meta-analysis is a commonly used approach to increase sample size and, 
consequently, statistical power to detect genome-wide loci associated to 
complex phenotypes. This type of approach has been extensively used to 
uncover the genetic architecture of molecular traits such as gene expression 
(Võsa et al. 2018; Westra et al. 2013; GTEx Consortium 2017), epigenetics 
(Glinos, Soskic, and Trynka 2017; Jonkers and Wijmenga 2017), metabolites 
and microbiome composition (Wang et al. 2018). However, this approach has 
not been used in the field of lowly abundant immune cellular phenotypes, 
nor on other immune molecular phenotypes such as cytokine production 
upon stimulation(s). This is due to the methods used to quantify traits such 
as lowly abundant cell subpopulations, which are commonly done through 
fluorescence-activated cell sorting (FACS). The sorting strategies in FACS rely 
on manual gating and the use of multiple sets of antibodies which then de-
fine these subpopulations, but these two procedures decrease the chances 
of compatibility of cellular phenotypes across cohorts. Nevertheless, nov-
el technologies in immunophenotyping such as cytometry by time of flight 
(CyTOF) (Newell and Cheng 2016) that rely on a defined set of antibodies to 
quantify cell subpopulations in a more standardized way will enable a more 
comparable set of cellular phenotypes across cohorts. The quantification of 
cytokine levels upon ex vivo stimulations, like the ones presented in 500FG 
(Li et al. 2016) (Chapter 3) and 200FG cohorts (Li, Oosting, Deelen, et al. 2016), 
are also labour- and cost-intensive, which severely limits the total number 
protein-cytokines that can be measured and the number of samples that 
can be processed. This limits our scope to only proinflammatory cytokines 
produced by monocytes and Th1 and Th17 cells. A potential solution that 
would include a broader range of cytokines and other important proteins 
for immune function is the use of protein arrays, which provide a systemat-
ic quantification of a panel of proteins. Such panels (which at the moment 
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are able to measure hundreds of proteins simultaneously) could then in-
clude other types of immune proteins such as anti-inflammatory cytokines 
and chemokines. Using these protein arrays will enable the same level of 
standardization and high-throughput processing seen in RNA microarrays, 
which will ultimately help generate larger and more biologically comprehen-
sive cohorts that could be used in future meta-analysed across populations. 

Immune response, ex vivo or in vivo? 

To study the human immune response to pathogen exposure in a controlled 
environment, we used the ex vivo simulations with bacterial, fungal, viral 
and non-microbial immune stimuli (500FG cohort). Although these stimuli 
categories encompass a wide variety of commonly encountered pathogen 
threats, they do not include additional bacteria species and protozoan par-
asites. Nevertheless, this strategy of ex vivo stimulations is the only possible 
approach where the stimulation effect on a certain population of cells can 
be evaluated without any present environmental factors. Therefore, this ap-
proach although time consuming and expensive has shown to be crucial to 
map cQTLs upon stimulation (Chapter 3). Another approach to investigating 
the immune response in the general population is to study the response 
upon vaccination (Scepanovic et al. 2018; Gonçalves et al. 2019; Querec et 
al. 2009; Tomic et al. 2019). These studies have revealed transcriptional and 
cellular signatures that are able to predict response efficacy to vaccinations. 
Being able to predict an appropriate response to vaccination protocols is 
critical for non-specific vaccines (such as the influenza vaccine) and immu-
nocompromised groups as a more efficient immunization of the general 
population would prevent disease outbreaks. To further explore specific 
pathways and/or modulators that influence our response to vaccination,  an 
immunogenomic cohort could be designed using an “in depth” approach 
(such as 500F), where, besides quantifying the response to a certain vaccine,  
a wide variety of molecular phenotypes are collected, it would also be pos-
sible to identify markers that can optimize the vaccination response in the 
general population. By being able to modulate the response to vaccination 
would significantly contribute
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Diversity in genetics and environment

As we have explored throughout this thesis, an adequate immune response 
is the result of the interaction between our genome and the environment 
in which we live. Therefore, to properly explore as many possible “immu-
notypes” (Kaczorowski et al. 2017), we need to further characterize the im-
mune response in populations with different genetic and environmental 
backgrounds. Since the 500FG cohort is enriched for “young and active” par-
ticipants, we were not able to reproduce the previously reported associa-
tion of immunophenotypes and body mass index (Ilavská et al. 2012; Paint-
er, Ovsyannikova, and Poland 2015). This is due to the small range of body 
mass index that the 500FG cohort captures. Yet, the study of the immune 
system in obese participants has been considered within the HFGP (Netea et 
al. 2016), where a cohort of 300 obese participants has already been collect-
ed and is currently being analysed. Stress levels and socio-economic factors 
(which are undoubtedly confounded within each other (Hackman, Farah, 
and Meaney 2010; Marmot 2005)), was another important environmental 
factor that was not ascertained in the 500FG. Yet, a considerable body of 
epidemiological evidence suggesting the implication of stress levels and so-
cio-economic status with overall general health and immune response (Law-
rence et al. 2017). Furthermore, a recent study that created the biggest twin 
registry in the US by re-using insurance claims, reported that socio-econom-
ic status and environmental air quality are the main contributors to higher 
incidence of infectious diseases (Lakhani et al. 2019). The role of socio-eco-
nomic factors in defining differences in immune state is further supported 
by experimental evidence in primates. An experimental set up that re-ar-
ranges social status using macaques showed that social status exerts an 
important effect on lymphoid repertoire composition, leads to changes in 
cell-type-specific transcriptional profiles, and differentially activates Toll-like 
receptor 4 signalling pathway in response to an immune challenge (Sny-
der-Mackler et al. 2016). 

Lastly, although a homogenous genetic background is what was aimed for in 
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500FG, we need to take into account that a single population will not capture 
all the possible genetic variation that can influence a particular phenotype. 
Therefore, we need to include other ethnic backgrounds such as African, 
Asian and admixed populations which will help us uncover novel immuno-
types and the genetic variations that shape them. Evidence for this can be 
found in the massive differences in gene expression upon stimulation be-
tween European and African samples (Nédélec et al. 2016), where 75% of 
the 804 differentially controlled genes across populations were genetically 
driven. 

Open access and cooperation in immunogenomics

To further widen our knowledge of human immune variation and immune 
function, it is imperative to promote cooperation between research groups 
and the use of standardized methodologies to quantify immune-phenotypes. 
This goal can only be achieved by promoting an open access policy for any 
novel cohort. Nevertheless, any cohort in which its participants have filled in 
lifestyle questionnaires and are deeply phenotyped and genotyped carries 
the potential danger of re-identification of its participants, which raises pri-
vacy concerns. As described by Mooney and Pejaver (Mooney and Pejaver 
2018), there are three main points that any new cohort should consider to 
protect their participants privacy: i) risk assessment of accidental disclosure 
of identifying information, ii) increasing layers of information complicate the 
de-identification strategies, and iii) potential future challenges that might 
arise from emerging technologies that change the mere concept of privacy 
(e.g. social media). A great example of an open access model is the UKB 
(Bycroft et al. 2018), where individual-level genotype and phenotypes are 
available upon request. This model of openness not only increases the re-
producibility of any study performed in the population where the , it also 
encourages novel ways to re-analyse and combine it with existing cohorts. 
Not without mention that promoting open access to complex cohorts, which 
undoubtedly require the research infrastructure only present in developed 
countries, indirectly promotes the development of research in countries 
where the economic resources devoted to science are scarce and limited 
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(Mangul et al. 2019).

From genotype to phenotype through the transcriptome 

Understanding the regulatory role of genetic variation present in non-cod-
ing regions of the genome in the human immune system and the aetiology 
of complex disease is one of the greatest challenges of the post-GWAS era. A 
major complication preventing us from achieving this goal is the difficulty of 
determining in which particular context a SNP is able to modulate gene ex-
pression, as this context might reflect a particular cell type. In Chapter 5 we 
describe a novel computational framework, Decon2, that aims to tackle this 
without the need to perform costly cell purifications. However, further de-
velopments in single-cell sequencing technologies such as RNASeq (scRNA-
Seq) (Stuart and Satija 2019) have made it possible to generate scRNASeq 
profiles for enough individuals to detect eQTLs (van der Wijst et al. 2018). 
The work of van der Wijst et al shows the potential impact the single-cell 
technologies can have on uncovering the regulatory role of SNPs. More so, 
the use of scRNASeq for eQTL-mapping can also be applied in the context 
of immune stimulation and, coupled with pseudotime (Trapnell et al. 2014) 
and RNA velocity (La Manno et al. 2018), would make it possible to construct 
gene regulatory networks across cell types that would help us understand 
the inter-individual variation in the immune response. The application of 
single-cell technologies is not limited to whole blood; one could analyse 
any tissue for its composition and transcriptome. Examples of this include 
studies on cells derived from brain (La Manno et al. 2016), gut (Haber et al. 
2017; Parikh et al. 2019) and pancreas (Enge et al. 2017). Single-cell technol-
ogies have been successfully used to interrogate the role of tissue-resident 
immune cells in health and disease (Uniken Venema et al. 2019), however 
characterization of the downstream consequences of cytokine signalling in 
this cell types remains unclear. This is mostly due to technical complications 
in isolation, propagation and maintenance of specific cell types, e.g. CT-IELS 
and other tissue resident immune subpopulations. However, working with 
scRNASeq has its own methodological and statistical challenges. While it al-
lows us to further analyse a new dimension of our data because we are 
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able to identify the cell subpopulations present in our samples, the num-
ber of reads per gene and per cell can be very limited, especially with re-
spect to the lowly abundant genes that might play an important regulatory 
role (e.g. transcription factors and non-coding genes). An alternative way to 
understand the role of lowly abundant and tissue-resident immune cells is 
through the use of 3-D based co-cultures, such as organoids and/or organ 
on a chip technologies (Jalili-Firoozinezhad et al. 2019; Moerkens et al. 2019) 
where the interaction between multiple cell types can be interrogated in 
controlled environmental conditions.
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Figure 2: Immune Status and its implications in the clinic. An immune status could be 

defined as a composite model. This very simplified model would encompass the genetic 

predisposition to autoimmunity and to susceptibility to infectious diseases, which alongside 

with the mother’s environmental exposures and lifestyle, would result in a newborn’s initial 

immune status. As the newborn stabilizes, its immune system is constantly challenged with 

environmental stimuli, some of which can trigger autoimmune conditions. A clear example 

of this is celiac disease, where it is an encounter with an environmental trigger (in this case 

gluten) that modulates the immune status of a patient, pushing their immune state out of 

homeostasis and towards autoimmunity. By avoiding any contact with the trigger (i.e. follow-

ing a strict gluten-free diet), it is possible for a person with CeD to return to a homeostatic 

response of their immune system. In the same way, a person who carries a negligible genetic 

risk to autoimmunity or susceptibility to infections can still potentially develop autoimmunity 

through constant exposure to proinflammatory conditions. Overall, being able to ascertain 

the immune status of a patient would enable clinicians to make better informed decisions 

regarding the patient’s diagnosis and further treatments. 
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Human immune variation and function is a complex field that needs to be 
embraced widely by the research community. Promoting collaboration and 
diversification across immunogenomic cohorts in order to truly encompass 
the complete range of inter-individual variation of immune response is one 
of the pressing issues being targeted in the HFGP. The promises of immu-
nogenomics and systems immunology are undeniable good, as we currently 
lack any form of diagnostic tool to truly evaluate the status of the immune 
system. But, as shown by the work on this thesis, we are only now starting to 
define a “healthy” immune system. If we can define what a healthy immune 
system is composed of, we can untangle the key molecular, cellular and en-
vironmental drivers (such as our microbiome ) that maintains it. By using 
machine learning approaches, we could then generate a composite score 
to define the actual status of the immune system. The proposed immune 
score, as shown in Figure 2, would be shaped by the genetic makeup of the 
patient alongside the key molecular drivers of the immune system, which 
also serve as proxies for environmental conditions and lifestyle. However, 
as proposed by Brodin (Brodin 2019), the immune score could also be ac-
tionable, meaning that it would be possible to modulate it and in a far fetch 
future maybe optimize it. While we are not (yet) able to edit our genome, 
changing our environment is possible - albeit not necessarily an easy task. In 
this context, our microbiome is a potential and actionable target: it captures 
the vast majority of our environment (the so-called exposome) and can be 
modified to help us modulate our immune system. This could have major 
implications for personalized medicine, as we would finally be able to assess 
the immune status of a patient in critical situations such as major surger-
ies, inflammatory flare-ups, immunocompromised states and exposure to 
dangerous pathogens. Knowledge that can inform their diagnosis and tailor 
their treatment to avoid serious immunological side-effects

Concluding Remarks

 The studies in this thesis show the complexity and intricacy of the 
inter-individual variation of the human immune system and immune re-
sponse. Through the analysis of a deeply phenotyped cohort such as 500FG, 
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we were able to present one of the most complete representation of a ref-
erence immune system and its possible modulators to date. This enabled 
us to characterize the impact of genetics on the circulating immune rep-
ertoire – alongside environmental cues, aging and sex – whilst at the same 
time analysing its co-regulation structure. Subsequently, by employing a 
systems genetics approach, we defined the genetic component behind cy-
tokine production upon ex vivo stimulations in the general population. Ul-
timately, we explored the concept of using baseline immune and molecu-
lar markers alongside genetics to predict the production of cytokines. We 
have also developed a computational framework to detect cell-type eQTLs 
by deconvoluting gene expression from whole blood into its major immune 
cell components. We did so by imputing immune cell proportions through 
predictive models trained using the deeply immunophenotyped 500FG co-
hort. Finally, we characterized the dynamic response to tissue alarmins and 
adaptive cytokines of CT-IELS, shedding light on their role in the aetiology of 
autoimmune diseases. Overall our studies have shown that the integration 
of multiple layers of biological information is a key step in understanding 
complex biological phenomena such as the immune function and its vari-
ation in the general population. This task is especially overwhelming due 
to the intricate interactions between our immune system and the environ-
ment and evolutionary pressure that potential pathogen threats exert on 
our genomes. Even though this might seem like a massive undertaking, we 
currently possess the technology to fully interrogate the immune system 
and, by continuously diversifying the populations in immunogenomic co-
horts and enabling the cooperation across research, we will be closer in un-
derstanding the inter-individual variation of the human immune system.

Take home messages

·  The Inter-individual variation in the human immune composition and re-
sponse arises from an intricate, and not yet completely defined, interaction 
between our genome and the environment we live in. 

·  Circulatory levels of immune cells are differentially affected by environ-
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mental exposure and genetics. 

·  SNPs significantly associated with cytokine production upon stimulation 
are significantly enriched for genetic risk loci linked to susceptibility to infec-
tious diseases, and these SNPs overlap with regions in the genome under 
positive selection.

·  It is possible to predict the ex vivo immune response to certain pathogen 
stimulations solely using genetics. However, integrating molecular, cellular 
and environmental factors, such as metabolomics and microbiome compo-
sition, yields a more accurate prediction. 

·  Given the complex and multidimensional nature of the immune system, 
immunogenomic cohorts aimed at explaining its inter-individual variation 
should collect as many phenotypes (both cellular and molecular) as possi-
ble alongside environmental information and proxies such as microbiome 
composition. 

·  The proportions of 34 circulating immune cell subpopulations can be pre-
dicted solely using whole-blood RNASeq levels. These predicted proportions 
can then be used to detect cell-type eQTLs without the need to purify and 
transcriptionally profile cell subpopulations.

·  Characterizing the response of intraepithelial lymphocytes under conditions 
that emulate the inflammatory environment in patients with immune-medi-
ated diseases is key to understanding their role in disease pathogenesis and 
development.

REFERENCES

Abadie, Valérie, Valentina Discepolo, and Bana Jabri. 2012. “Intraepithelial 
Lymphocytes in Celiac Disease Immunopathology.” Seminars in Immunopa-
thology 34 (4): 551–66.



309

General discussion and future perspectives

Aguirre-Gamboa, Raul, Irma Joosten, Paulo C. M. Urbano, Renate G. van der 
Molen, Esther van Rijssen, Bram van Cranenbroek, Marije Oosting, et al. 
2016. “Differential Effects of Environmental and Genetic Factors on T and B 
Cell Immune Traits.” Cell Reports 17 (9): 2474–87.
Astle, William J., Heather Elding, Tao Jiang, Dave Allen, Dace Ruklisa, Alice 
L. Mann, Daniel Mead, et al. 2016. “The Allelic Landscape of Human Blood 
Cell Trait Variation and Links to Common Complex Disease.” Cell 167 (5): 
1415–29.e19.
Brodin, Petter. 2019. “Systems-Level Patterns Emerge.” Nature Reviews. Im-
munology 19 (2): 87–88.
Brodin, Petter, and Mark M. Davis. 2017. “Human Immune System Varia-
tion.” Nature Reviews. Immunology 17 (1): 21–29.
Brodin, Petter, Vladimir Jojic, Tianxiang Gao, Sanchita Bhattacharya, Cesar 
J. Lopez Angel, David Furman, Shai Shen-Orr, et al. 2015. “Variation in the 
Human Immune System Is Largely Driven by Non-Heritable Influences.” Cell 
160 (1-2): 37–47.
Bycroft, Clare, Colin Freeman, Desislava Petkova, Gavin Band, Lloyd T. Elliott, 
Kevin Sharp, Allan Motyer, et al. 2018. “The UK Biobank Resource with Deep 
Phenotyping and Genomic Data.” Nature 562 (7726): 203–9.
Consortium, Gtex, and GTEx Consortium. 2017. “Genetic Effects on Gene 
Expression across Human Tissues.” Nature. https://doi.org/10.1038/na-
ture24277.
Enge, Martin, H. Efsun Arda, Marco Mignardi, John Beausang, Rita Bottino, 
Seung K. Kim, and Stephen R. Quake. 2017. “Single-Cell Analysis of Human 
Pancreas Reveals Transcriptional Signatures of Aging and Somatic Mutation 
Patterns.” Cell 171 (2): 321–30.e14.
Glinos, Dafni A., Blagoje Soskic, and Gosia Trynka. 2017. “Immunogenomic 
Approaches to Understand the Function of Immune Disease Variants.” Im-
munology 152 (4): 527–35.
Gonçalves, Eléna, Olivia Bonduelle, Angèle Soria, Pierre Loulergue, Alex-
andra Rousseau, Marine Cachanado, Henri Bonnabau, et al. 2019. “Innate 
Gene Signature Distinguishes Humoral versus Cytotoxic Responses to Influ-
enza Vaccination.” The Journal of Clinical Investigation 130 (March). https://
doi.org/10.1172/JCI125372.



310

Gutierrez-Arcelus, Maria, Stephen S. Rich, and Soumya Raychaudhuri. 2016. 
“Autoimmune Diseases — Connecting Risk Alleles with Molecular Traits of 
the Immune System.” Nature Reviews Genetics. https://doi.org/10.1038/
nrg.2015.33.
Haber, Adam L., Moshe Biton, Noga Rogel, Rebecca H. Herbst, Karthik Shek-
har, Christopher Smillie, Grace Burgin, et al. 2017. “A Single-Cell Survey of 
the Small Intestinal Epithelium.” Nature 551 (7680): 333–39.
Hackman, Daniel A., Martha J. Farah, and Michael J. Meaney. 2010. “Socio-
economic Status and the Brain: Mechanistic Insights from Human and Ani-
mal Research.” Nature Reviews. Neuroscience 11 (9): 651–59.
Hu, Xinli, Hyun Kim, Towfique Raj, Patrick J. Brennan, Gosia Trynka, Nikola 
Teslovich, Kamil Slowikowski, et al. 2014. “Regulation of Gene Expression 
in Autoimmune Disease Loci and the Genetic Basis of Proliferation in CD4+ 
Effector Memory T Cells.” PLoS Genetics 10 (6): e1004404.
Ilavská, Silvia, Mira Horváthová, Michaela Szabová, Tomáš Nemessányi, 
Eva Jahnová, Jana Tulinská, Aurélia Líšková, Ladislava Wsolová, Marta Sta-
ruchová, and Katarína Volkovová. 2012. “Association between the Human 
Immune Response and Body Mass Index.” Human Immunology. https://doi.
org/10.1016/j.humimm.2012.02.023.
Jalili-Firoozinezhad, Sasan, Francesca S. Gazzaniga, Elizabeth L. Calamari, 
Diogo M. Camacho, Cicely W. Fadel, Amir Bein, Ben Swenor, et al. 2019. “A 
Complex Human Gut Microbiome Cultured in an Anaerobic Intestine-on-a-
Chip.” Nature Biomedical Engineering, May, 1.
Jonkers, Iris H., and Cisca Wijmenga. 2017. “Context-Specific Effects of Ge-
netic Variants Associated with Autoimmune Disease.” Human Molecular Ge-
netics 26 (R2): R185–92.
Kaczorowski, Kevin J., Karthik Shekhar, Dieudonné Nkulikiyimfura, Cornelia 
L. Dekker, Holden Maecker, Mark M. Davis, Arup K. Chakraborty, and Petter 
Brodin. 2017. “Continuous Immunotypes Describe Human Immune Varia-
tion and Predict Diverse Responses.” Proceedings of the National Academy 
of Sciences of the United States of America 114 (30): E6097–6106.
Lakhani, Chirag M., Braden T. Tierney, Arjun K. Manrai, Jian Yang, Peter M. 
Visscher, and Chirag J. Patel. 2019. “Author Correction: Repurposing Large 
Health Insurance Claims Data to Estimate Genetic and Environmental Con-



311

General discussion and future perspectives

tributions in 560 Phenotypes.” Nature Genetics 51 (4): 764–65.
La Manno, Gioele, Daniel Gyllborg, Simone Codeluppi, Kaneyasu Nishimura, 
Carmen Salto, Amit Zeisel, Lars E. Borm, et al. 2016. “Molecular Diversity 
of Midbrain Development in Mouse, Human, and Stem Cells.” Cell 167 (2): 
566–80.e19.
La Manno, Gioele, Ruslan Soldatov, Amit Zeisel, Emelie Braun, Hannah Hoch-
gerner, Viktor Petukhov, Katja Lidschreiber, et al. 2018. “RNA Velocity of Sin-
gle Cells.” Nature 560 (7719): 494–98.
Lawrence, Gabriella M., Yehiel Friedlander, Ronit Calderon-Margalit, Daniel 
A. Enquobahrie, Jonathan Yinhao Huang, Russell P. Tracy, Orly Manor, Da-
vid S. Siscovick, and Hagit Hochner. 2017. “Associations of Social Environ-
ment, Socioeconomic Position and Social Mobility with Immune Response in 
Young Adults: The Jerusalem Perinatal Family Follow-Up Study.” BMJ Open 7 
(12): e016949.
Li, Yang, Marije Oosting, Patrick Deelen, Isis Ricaño-Ponce, Sanne Smeekens, 
Martin Jaeger, Vasiliki Matzaraki, et al. 2016. “Inter-Individual Variability and 
Genetic Influences on Cytokine Responses to Bacteria and Fungi.” Nature 
Medicine 22 (8): 952–60.
Li, Yang, Marije Oosting, Sanne P. Smeekens, Martin Jaeger, Raul Agu-
irre-Gamboa, Kieu T. T. Le, Patrick Deelen, et al. 2016. “A Functional Genom-
ics Approach to Understand Variation in Cytokine Production in Humans.” 
Cell 167 (4): 1099–1110.e14.
Lombardi, Angela, Effie Tsomos, Sara S. Hammerstad, and Yaron Tomer. 
2018. “Interferon Alpha: The Key Trigger of Type 1 Diabetes.” Journal of Au-
toimmunity 94 (November): 7–15.
Mangul, Serghei, Lana S. Martin, Ben Langmead, Javier E. Sanchez-Galan, 
Ian Toma, Fereydoun Hormozdiari, Pavel Pevzner, and Eleazar Eskin. 2019. 
“How Bioinformatics and Open Data Can Boost Basic Science in Countries 
and Universities with Limited Resources.” Nature Biotechnology 37 (3): 324–
26.
Marmot, Michael. 2005. “Social Determinants of Health Inequalities.” The 
Lancet. https://doi.org/10.1016/s0140-6736(05)71146-6.
Moerkens, Renée, Joram Mooiweer, Sebo Withoff, and Cisca Wijmenga. 
2019. “Celiac Disease-on-Chip: Modeling a Multifactorial Disease in Vitro.” 



312

United European Gastroenterology Journal 7 (4): 467–76.
Mooney, Stephen J., and Vikas Pejaver. 2018. “Big Data in Public Health: Ter-
minology, Machine Learning, and Privacy.” Annual Review of Public Health 
39 (April): 95–112.
Nédélec, Yohann, Joaquín Sanz, Golshid Baharian, Zachary A. Szpiech, Alain 
Pacis, Anne Dumaine, Jean-Christophe Grenier, et al. 2016. “Genetic Ances-
try and Natural Selection Drive Population Differences in Immune Respons-
es to Pathogens.” Cell 167 (3): 657–69.e21.
Netea, Mihai G., Leo A. B. Joosten, Yang Li, Vinod Kumar, Marije Oosting, 
Sanne Smeekens, Martin Jaeger, et al. 2016. “Understanding Human Im-
mune Function Using the Resources from the Human Functional Genomics 
Project.” Nature Medicine 22 (8): 831–33.
Netea, Mihai G., Cisca Wijmenga, and Luke A. J. O’Neill. 2012. “Genetic Vari-
ation in Toll-like Receptors and Disease Susceptibility.” Nature Immunology. 
https://doi.org/10.1038/ni.2284.
Newell, Evan W., and Yang Cheng. 2016. “Mass Cytometry: Blessed with the 
Curse of Dimensionality.” Nature Immunology 17 (8): 890–95.
Orrù, Valeria, Maristella Steri, Gabriella Sole, Carlo Sidore, Francesca Virdis, 
Mariano Dei, Sandra Lai, et al. 2013. “Genetic Variants Regulating Immune 
Cell Levels in Health and Disease.” Cell 155 (1): 242–56.
Painter, Scott D., Inna G. Ovsyannikova, and Gregory A. Poland. 2015. “The 
Weight of Obesity on the Human Immune Response to Vaccination.” Vaccine 
33 (36): 4422–29.
Parikh, Kaushal, Agne Antanaviciute, David Fawkner-Corbett, Marta Jagielo-
wicz, Anna Aulicino, Christoffer Lagerholm, Simon Davis, et al. 2019. “Colonic 
Epithelial Cell Diversity in Health and Inflammatory Bowel Disease.” Nature 
567 (7746): 49.
Patin, Etienne, Milena Hasan, Jacob Bergstedt, Vincent Rouilly, Valentina 
Libri, Alejandra Urrutia, Cécile Alanio, et al. 2018. “Natural Variation in the 
Parameters of Innate Immune Cells Is Preferentially Driven by Genetic Fac-
tors.” Nature Immunology 19 (3): 302–14.
Quach, Hélène, Maxime Rotival, Julien Pothlichet, Yong-Hwee Eddie Loh, Mi-
chael Dannemann, Nora Zidane, Guillaume Laval, et al. 2016. “Genetic Ad-
aptation and Neandertal Admixture Shaped the Immune System of Human 



313

General discussion and future perspectives

Populations.” Cell 167 (3): 643–56.e17.
Querec, Troy D., Rama S. Akondy, Eva K. Lee, Weiping Cao, Helder I. Nakaya, 
Dirk Teuwen, Ali Pirani, et al. 2009. “Systems Biology Approach Predicts Im-
munogenicity of the Yellow Fever Vaccine in Humans.” Nature Immunology 
10 (1): 116–25.
Quintana-Murci, Lluis. 2019. “Human Immunology through the Lens of Evo-
lutionary Genetics.” Cell 177 (1): 184–99.
Raine, Tim, Jimmy Z. Liu, Carl A. Anderson, Miles Parkes, and Arthur Kaser. 
2015. “Generation of Primary Human Intestinal T Cell Transcriptomes Re-
veals Differential Expression at Genetic Risk Loci for Immune-Mediated Dis-
ease.” Gut 64 (2): 250–59.
Roederer, Mario, Lydia Quaye, Massimo Mangino, Margaret H. Beddall, 
Yolanda Mahnke, Pratip Chattopadhyay, Isabella Tosi, et al. 2015. “The Ge-
netic Architecture of the Human Immune System: A Bioresource for Autoim-
munity and Disease Pathogenesis.” Cell 161 (2): 387–403.
Scepanovic, Petar, Cécile Alanio, Christian Hammer, Flavia Hodel, Jacob 
Bergstedt, Etienne Patin, Christian W. Thorball, et al. 2018. “Human Genetic 
Variants and Age Are the Strongest Predictors of Humoral Immune Respons-
es to Common Pathogens and Vaccines.” Genome Medicine 10 (1): 59.
Schirmer, Melanie, Vinod Kumar, Mihai G. Netea, and Ramnik J. Xavier. 2018. 
“The Causes and Consequences of Variation in Human Cytokine Production 
in Health.” Current Opinion in Immunology 54 (October): 50–58.
Snyder-Mackler, Noah, Joaquín Sanz, Jordan N. Kohn, Jessica F. Brinkworth, 
Shauna Morrow, Amanda O. Shaver, Jean-Christophe Grenier, et al. 2016. 
“Social Status Alters Immune Regulation and Response to Infection in Ma-
caques.” Science 354 (6315): 1041–45.
Stuart, Tim, and Rahul Satija. 2019. “Integrative Single-Cell Analysis.” Nature 
Reviews Genetics. https://doi.org/10.1038/s41576-019-0093-7.
Tomic, Adriana, Ivan Tomic, Cornelia L. Dekker, Holden T. Maecker, and 
Mark M. Davis. 2019. “The FluPRINT Dataset: A Multidimensional Analysis of 
the Influenza Vaccine Imprint on the Immune System.” bioRxiv. https://doi.
org/10.1101/564062.
Trapnell, Cole, Davide Cacchiarelli, Jonna Grimsby, Prapti Pokharel, Shuqiang 
Li, Michael Morse, Niall J. Lennon, Kenneth J. Livak, Tarjei S. Mikkelsen, and 



314

John L. Rinn. 2014. “The Dynamics and Regulators of Cell Fate Decisions Are 
Revealed by Pseudotemporal Ordering of Single Cells.” Nature Biotechnolo-
gy. https://doi.org/10.1038/nbt.2859.
Ulirsch, Jacob C., Caleb A. Lareau, Erik L. Bao, Leif S. Ludwig, Michael H. Guo, 
Christian Benner, Ansuman T. Satpathy, et al. 2019. “Interrogation of Human 
Hematopoiesis at Single-Cell and Single-Variant Resolution.” Nature Genet-
ics 51 (4): 683–93.
Uniken Venema, Werna T., Michiel D. Voskuil, Arnau Vich Vila, Gerben van 
der Vries, Bernadien H. Jansen, Bana Jabri, Klaas Nico Faber, et al. 2019. 
“Single-Cell RNA Sequencing of Blood and Ileal T Cells From Patients With 
Crohn’s Disease Reveals Tissue-Specific Characteristics and Drug Targets.” 
Gastroenterology 156 (3): 812–15.e22.
Verstockt, Bram, Kenneth Gc Smith, and James C. Lee. 2018. “Genome-Wide 
Association Studies in Crohn’s Disease: Past, Present and Future.” Clinical & 
Translational Immunology 7 (1): e1001.
Visscher, Peter M., Naomi R. Wray, Qian Zhang, Pamela Sklar, Mark I. McCa-
rthy, Matthew A. Brown, and Jian Yang. 2017. “10 Years of GWAS Discovery: 
Biology, Function, and Translation.” American Journal of Human Genetics 
101 (1): 5–22.
Võsa, Urmo, Annique Claringbould, Harm-Jan Westra, Marc Jan Bonder, Pat-
rick Deelen, Biao Zeng, Holger Kirsten, et al. 2018. “Unraveling the Polygenic 
Architecture of Complex Traits Using Blood eQTL Meta-Analysis.” bioRxiv. 
https://doi.org/10.1101/447367.
Wang, Jun, Alexander Kurilshikov, Djawad Radjabzadeh, Williams Turpin, 
Kenneth Croitoru, Marc Jan Bonder, Matthew A. Jackson, et al. 2018. “Me-
ta-Analysis of Human Genome-Microbiome Association Studies: The MiBio-
Gen Consortium Initiative.” Microbiome 6 (1): 101.
Westra, Harm-Jan, Danny Arends, Tõnu Esko, Marjolein J. Peters, Claudia 
Schurmann, Katharina Schramm, Johannes Kettunen, et al. 2015. “Cell Spe-
cific eQTL Analysis without Sorting Cells.” PLoS Genetics 11 (5): e1005223.
Westra, Harm-Jan, Marjolein J. Peters, Tõnu Esko, Hanieh Yaghootkar, Clau-
dia Schurmann, Johannes Kettunen, Mark W. Christiansen, et al. 2013. “Sys-
tematic Identification of Trans eQTLs as Putative Drivers of Known Disease 
Associations.” Nature Genetics 45 (10): 1238–43.



315

General discussion and future perspectives

Wijst, Monique G. P. van der, Harm Brugge, Dylan H. de Vries, Patrick Deelen, 
Morris A. Swertz, LifeLines Cohort Study, BIOS Consortium, and Lude Fran-
ke. 2018. “Single-Cell RNA Sequencing Identifies Celltype-Specific Cis-eQTLs 
and Co-Expression QTLs.” Nature Genetics 50 (4): 493–97.
Zhernakova, Daria V., Patrick Deelen, Martijn Vermaat, Maarten van Iterson, 
Michiel van Galen, Wibowo Arindrarto, Peter van ’t Hof, et al. 2017. “Identi-
fication of Context-Dependent Expression Quantitative Trait Loci in Whole 
Blood.” Nature Genetics 49 (1): 139–45.



316


	Chapter 7

