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General introduction 

The immune system is a complex and interactive network of specialized 
cells, lymphoid organs, circulating humoral factors and cytokines. Its main 
function is to recognize pathogens and subsequently organize and execute a 
proper response. While it attacks microbial threats, it also avoids damaging 
neighboring host cells through a phenomenon known as to self-tolerance. 
The immune system is also a crucial element in the maintenance of homeo-
stasis because it allows organisms to control an internal environment of the 
self, while allowing an important interacting connection with the external 
environment. The importance of the immune system in our health can be 
better appreciated under abnormal conditions, i.e. when it is not able to 
recognize and attack pathogens or distinguish a pathogen threat from itself. 
Suboptimal recognition and response can lead to immunodeficiencies and 
susceptibility to infectious diseases, whereas an overactive immune system 
can lead to autoimmunity, allergies and, consequently, to tissue damage. 
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General introduction and aim and outline of thesis.

An appropriate and timely immune response to an external or internal 
threat is the primary functional characteristic of the immune system. Based 
on the specificity and timing of the response, it can be classified into two 
distinct types. The innate response, commonly known as the first line of 
defense against external microbes, includes physical and chemical barri-
ers that evolved to decrease the chances of being infected by a dangerous 
pathogen. Based on its biological components, this type of response groups 
myeloid cells, the complement cascade and cytokines that are able to gen-
erate an almost instant reaction to a recognized external threat. However, 
this short response time comes at a price: the innate response is not very 
specific, does not have memory and can potentially lead to tissue damage 
and uncontrolled inflammation. The importance of the innate response to 
survival can also be seen evolutionarily, as most of the cytokines and tran-
scription factors involved in innate response have multiple functions and are 
highly conserved across the animal kingdom. In contrast, the second type of 
response – adaptive response – is the coordinated response of T and B cells 
through antigen-specific reactions. This response, although highly specific, 
can be quite slow. It can take the host multiple days or weeks to develop it. 
Nevertheless, due to the specificity in the antigen reactions, the adaptive 
response can specifically target recognized pathogens, thereby avoiding al-
most any damage to neighboring tissues. The adaptive response can also 
develop memory. Once a pathogen has been in contact with the host, the 
host’s adaptive system will remember its previous encounter, leading to a 
faster secondary response in the future. 
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Humans, like other higher animals, possess an innate and adaptive 
immune response, each of them recruiting several cell types and signaling 
molecules. Many of these cell types are highly conserved across genera and 
species, highlighting the importance of the immune system to survival. Re-
cent studies aimed at characterizing key regulatory factors using popula-
tion-based cohorts have observed that there is a considerable range of vari-
ation between individuals in the composition and response of the multiple 
cell types, cytokines and molecules that compose the immune system (Li 
et al. 2016; Brodin et al. 2015; Orrù et al. 2013; Roederer et al. 2015). This 
inter-individual variation is, in itself, an essential component of our eternal 
conflict with pathogens. Variability between us increases our chances of sur-

Figure 1. Inter-individual variation of the human immune system. The variation in re-

sponse to threat in the general population is still not fully characterized. However, through 

the use of population-based cohorts, we have been able to dissect the genetic component of 

the inter-individual variation of the immune system. These results suggest that the observed 

range of inter-individual variation of the immune response is mostly the result of interaction 

between genetics and environmental factors that defines a baseline immune composition 

and response. This gene-environment interaction generates a diverging gradient of immune 

response in the general population. The majority of the individuals show a homeostatic im-

mune response that involves proper tissue- and cell-type-development, microbiome symbi-

osis, regulation of metabolism, adequate response to infections, wound healing and tissue 

repair. However, on the extremes of the diverging gradient of immune response, we observe 

the emergence of disease-like phenotypes, such as autoimmune diseases, and susceptibility 

to infectious agents.
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vival in pandemic-like scenarios by ensuring a diversified response to any 
given pathogen. Nevertheless, inter-individual variation can lead, in some 
cases, to extreme disease-like phenotypes. As illustrated in Fig. 1, we now 
know that the variation in the immune response arises through interactions 
across three main components: (1) genetics, (2) environment/lifestyle and 
(3) host molecular and immune composition. Therefore, by having a specific 
genetic makeup or by being exposed to certain environmental triggers, a 
person could develop extreme and diverging immune responses. To one 
end of the spectrum the immune system could become overactive, giving 
rise to autoimmune disorders and chronic inflammatory conditions. On the 
other end of the spectrum, immunodeficiencies and greater susceptibility to 
pathogens are more likely to arise in an individual with a genetic predispo-
sition that causes an underactive immune system. Therefore, by character-
izing and understanding the key genetic or environmental factors that are 
actively regulating and driving the inter-individual variation of the human 
immune system and response, we can potentially predict and prevent ex-
treme and disease-like immune phenotypes. 

Fully understanding the complex network of signals behind our immune sys-
tem in a holistic way requires a systematic quantification of its components. 
Recent technological advances in high-throughput biology have made it pos-
sible to quantify a wide range of features involved in the immune system/
response. These immune-related features are also known as immunophe-
notypes, or immune traits. Immunophenotypes can be characterized into 
two main groups defined by the level of biological information they encode: 
they can be cellular or molecular. 

A cellular immunophenotype refers to the quantification of cellular com-
ponents of the immune system, including cell type counts/frequencies, cell 
proliferation rates, serum protein levels and surface and signaling markers. 
Initially, studies investigating cellular immunophenotypes were focused on 
quantifying a handful of them, such as cell proportions of major categories 
of circulating immune subpopulations (e.g. neutrophils, lymphocytes and 
monocytes). However, flow and mass cytometry (CyTOFF) are now common-
ly used and these techniques allow us to characterize hundreds of features 

General introduction and aim and outline of thesis.
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in hundreds to thousands of samples. 

Molecular immunophenotypes encompass transcriptional and epigenetic 
markers such as methylation and chromatin mark profiles, in addition to 
protein levels from either purified of immune cell subpopulations or mix-
tures of them (PBMCs or whole blood). At present, multiple studies are being 
carried out to systematically characterize cellular and molecular immuno-
phenotypes in the general population and in disease cohorts (Netea et al. 
2016; Wang et al. 2018; Thomas et al. 2015)

These studies have opened up the possibility to evaluate and study the hu-
man immune system as a whole by simultaneously assessing the co-varia-
tion of its components (Zak, Tam, and Aderem 2014; Davis, Tato, and Furman 
2017; Delhalle et al. 2018; Brodin and Davis 2016). Given the nature of the 
immune system, a substantial proportion of its components can be found 
in circulation, thus blood samples can potentially give us an accurate repre-
sentation of the immune system from the general population (Netea et al. 
2016). The availability of this biological material has benefitted the study of 
immunogenomics, a combined field that studies genomics along with im-
mune cellular or molecular components in the general population. Immu-
nogenomic studies have shown us that the genetic component behind base-
line cell type composition has been thoroughly ascertained (Astle et al. 2016; 
Roederer et al. 2015; Orrù et al. 2013; Brodin et al. 2015). Nevertheless, to 
study a particular autoimmune disease, the characterization of the immune 
microenvironment surrounding lesions is necessary to uncover potential 
therapeutic strategies and autoimmunity drug targets (Gutierrez-Arcelus, 
Rich, and Raychaudhuri 2016; Davis 2008). On the other hand, if the objec-
tive is to characterize the genetic component of susceptibility to infectious 
diseases, then the inclusion parameters of the study design need to be con-
sidered. For example, volunteers who have already been diagnosed with 
autoimmune diseases, or who are immunocompromised, could already be 
susceptible to infectious diseases and inclusion of their data could confound 
the study, leading to spurious associations.
 
Deeper understanding of the inter-individual variations in our immune sys-
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tem response after encountering a pathogen would enable us to design bet-
ter vaccination strategies and treatments against infectious agents. Current-
ly, there are two common approaches to studying the variation of immune 
response among individuals. One is ex vivo stimulations that use subtypes 
of cells, or combinations of these, obtained from volunteers or patients. 
These cells are first isolated or propagated, then exposed to the same strain 
of a given pathogen under the exact same conditions (across individuals) 
(Netea et al. 2016; Li et al. 2016; Glinos, Soskic, and Trynka 2017; Duffy et al. 
2014). This strategy, although expensive, time-consuming and laborious, is 
currently the only one that allows us to dissect and compare the inter-indi-
vidual variation of the human immune response while also controlling for 
environmental exposure. Moreover, molecular immunophenotypes are the 
only ones that can currently be quantified using ex vivo stimulation, and it 
has been reported that the genetic influence over genetic molecular pheno-
types in immune cells can only be observed upon stimulated states (Glinos, 
Soskic, and Trynka 2017). The second approach used to study the response 
of the immune system in a given population is through the use of vaccina-
tions (Tsang et al. 2014; Zak, Tam, and Aderem 2014; Obermoser et al. 2013; 
Nakaya et al. 2011). Nevertheless, in this particular approach, a greater vari-
ation across responses is expected due to lifestyle differences. These differ-
ent strategies also differ in the biological questions they are able to answer. 
For instance, with vaccination cohorts, it is only possible to determine the re-
sponse effect of the adaptive branch of the immune system. In contrast, this 
is not a limitation for ex vivo stimulations, but one could argue that ex vivo 
stimulations do not possess the complete context of a host-like response. 
It is also the case that the amount of variation of most immunophenotypes 
across individuals is usually greater once it is quantified upon a certain stim-
uli, and this variation is dependent on which stimuli is used. 

Many cohort-bases studies have been established to study the influence of 
single nucleotide polymorphisms (SNPs) excerpt in human phenotypic vari-
ation and on complex phenotypes, both in the general population and for 
a plethora of diseases. The variation within the human immune composi-
tion and response has also been studied by employing deeply phenotyped 
population-based cohorts (Wijmenga and Zhernakova 2018). These popula-

General introduction and aim and outline of thesis.
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tion-based cohorts present a unique opportunity to perform unbiased re-
search considering the hypothesis-free strategy that is commonly used to 
investigate them. The greater the number of phenotypes that can be record-
ed from participants in a systematic way, the more complete a hypothesis 
can be when derived from the associations between genetics and pheno-
types. Methods to detect if SNPs are modulating a given phenotype depend 
on whether the phenotype is either discrete or quantitative. A discrete phe-
notype can take the form of any disease, therefore it can be categorized as a 
disease phenotype if its alleles are significantly enriched in disease patients, 
or as a healthy control if its alleles are significantly found in healthy controls. 
Using this approach, we are able to test millions of SNPs in genome-wide 
association studies (GWAS), where tens of thousands of SNPs have been 
associated with complex diseases, including autoimmune diseases and sus-
ceptibility to infectious diseases. In the event that the phenotype of interest 
is a quantitative trait, for instance a number of immune cells in circulation 
or the abundance a messenger RNA (mRNA) of a given gene, it is possible 
to calculate a quantitative trait loci (QTL). The QTL strategy assumes an ad-
ditive effect that is dose-dependent on a quantitative trait while taking into 
account the alleles that a person possesses in a SNP. These two approaches 
are the cornerstone of systems genomics, as they are used to link complex 
phenotypes to specific in from the genome through association. This makes 
it possible to identify regulatory networks that propagate genetic control and 
regulate complex phenotypes, including immune homeostasis, with the use 
of intermediate phenotypes, such as molecular or cellular measurements. 
Untangling these regulatory networks governing the immune system is one 
of the main goals behind the Human Functional Genomics Project (HFGP) 
(Netea et al. 2016). The HFGP and its population-based cohorts, for example 
the 200FG cohort, can serve as a basis for the design of immunogenomic 
reference cohorts (as shown in Figure 2) in which most of the immunophe-
noytpes are systematically ascertained, including ex vivo stimulations. As 
mentioned before, environmental cues driven by lifestyle and exposure ex-
plain the greater proportion of variation in the human immune composition 
(Brodin et al. 2015), which means a cohort study that aims to characterize 
the inter-individual variation of the immune system needs to properly ac-
count for this effect. Thus, comprehensive questionnaires should be filled 
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in by the participants to control for environmental and lifestyle differences. 
 

In the context of understanding and characterizing the inter-individual 
variation of the human immune response, a handful of cohort studies have 
tackled this question using a variety of approaches. In this thesis, several 
population-based cohort studies were used to characterize immune system 
composition and response, and these are described in detail in Box 1. Nev-
ertheless, other cohorts such as the UKBiobank (Sudlow et al. 2015) have ex-
tensively dissected the genetic component of blood traits, such as cell counts 
of major immune cell types, and its implications in autoimmune diseases 

General introduction and aim and outline of thesis.

Figure 2. Schematic of an immunogenomic population-based reference cohort. The dif-

ferent layers of phenotypic information can then be used to link the genetic and environmen-

tal cues to an adequate immune response, shedding light to the inter-individual variation of 

the immune response. 
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(Astle et al. 2016). This thesis followed a similar approach however, it quan-
tifies a greater and more diverse set of cell subtypes in a smaller number of 
participants. In a more specialized fashion, the Milieu Interior (Thomas et 
al. 2015) project aimed to establish a reference of the human immune vari-
ation using 1,000 participants who had been deeply immune-phenotyped, 
including the collection of molecular phenotypes upon ex vivo stimulations. 
Such ex vivo stimulations are comparable to the ones applied in the 500FG 
cohort. We made use of the molecular phenotypes upon stimulation in the 
500FG cohort to detect and characterize the genetic component of the im-
mune response by mapping cytokine QTLs. We then integrated all available 
omic datasets to interrogate whether cytokine production can be predict-
ed. A limitation of population-wide cohorts is that they do not include the 
characterization of tissue-specific immune cell populations, which we know 
contribute to the physiopathology of several autoimmune diseases and 
could potentially reveal novel gene drivers and/or potential therapy targets. 
To tackle the problem of the missing context derived from the cell type–
tissue information in general population cohorts, we developed Decon2, a 
statistical framework to predict the proportions of subpopulations within a 
bulk tissue (in this case whole blood). We make use of these predicted cell 
subpopulations to interrogate the genetic effect on gene expression in the 
context of each cell subpopulation. Furthermore, we show how character-
izing the transcriptional and epigenetic response to stimulation by single 
cytokines can potentially help us identify pathways involved in the cellular 
de-regulation. It is also worth mentioning, as the academic and research 
community develops larger and more comprehensive immunogenomic co-
horts, that collaborative efforts to combine these cohorts are needed to ex-
plore the variation of the human immune system and its response across 
populations, environmental exposures and diseases. 
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Box 1. Cohorts used in the studies reported in this thesis.

Human Functional Genomics Project (HFGP): 
 The HFGP is an umbrella project comprising multiple popula-
tion-based cohorts of adults of western European descent that 
was started in the second half of 2013 by Radboud University 
Medical Center, the University Medical Center Groningen and the 
Broad institute. The main objective of the HFGP is to character-
ize and understand the inter-individual variation in the human 
immune system composition and response by integrating mul-
tiple omics-like technologies with deep immune-phenotyping in 
healthy volunteers and disease cohorts. 

200 Functional Genomics (200FG): 
 The 200FG cohort is the first project conducted by the HFGP. It 
consists of 200 adult individuals of Dutch descent. The 200FG co-
hort aimed to characterize the human cytokine responses to ex 
vivo stimulations of bacterial and fungal pathogens in PBMCs. It 
did so by exploring the contribution of common genetic variation 
to the production of cytokines upon ex vivo stimulation.

500 Functional Genomics (500FG): 
Similar to the 200FG cohort, 500FG consists of ~500 adult indi-
viduals of Dutch descent. Its main objective was to characterize 
the inter-individual variation of the human immune response. 
500FG builds upon the functional immune phenotyping gener-
ated in 200FG by increasing the number of pathogens, cell types 
and cytokines that were measured in the ex vivo stimulations. 
Additionally, for the 500FG cohort, an extensive quantification of 
the circulating immune cell composition was obtained by FACS 
with keen interest in the adaptive compartment (B and T cell sub-
populations). On top of these immune traits, other molecular and 
cellular phenotypes were profiled, such as the circulating metab-

General introduction and aim and outline of thesis.
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olome and microbiome composition. 

LifeLines Deep (LLDeep): 
 The LLDeep cohort is a subset of the LifeLines cohort, the largest 
longitudinal cohort from the Netherlands. LLDeep was conceived 
with the aim of studying the functional genomics of the general 
population. It consists of 1,500 individuals for whom extensive 
multi-omic molecular phenotypes were collected from blood, in-
cluding RNA-Seq–based gene expression, methylation, metabo-
lomics as well as stool metabolomics and microbiome composi-
tion from stool. All these molecular phenotypes are in addition to 
the 2,000 phenotypes assessed by the LifeLines cohort.  

The biobank based integrative omics study (BIOS): 
BIOS’s principal aim is to generate a platform for researchers 
who work on integrative omics studies in the Netherlands. It 
encompasses data from ~4,000 individuals from six Dutch bio-
banks. For each of these individuals, genetics (imputed genotype 
arrays), methylome (450k array), transcriptome (RNA-Seq based) 
and phenotypic information have been harmonized. 



21

Aim and Outline of the thesis 

The overall aim of this thesis was to further understand the inter-individual 
variation of the human immune response and the role of the transcriptome 
in immune function. We did this by developing and applying computational 
and statistical approaches that aimed to integrate multiple layers of biolog-
ical information. This doctoral thesis contains two main sections that are 
driven by different objectives. 

In Section 1 (chapters 2-4) the main objective was to understand the in-
ter-individual variation of the human immune system by characterizing the 
impacts of common genetic variation, host status and environment on the 
immune composition and response by the use of deeply phenotyped popu-
lation-based cohorts. 

In Section 2 (chapters 5-7) we aimed to dissect the role of the transcrip-
tome in immune cell types, first by developing and presenting a method to 
characterize the impact of common genetic variation in gene expression on 
immune cell subpopulations within bulk mixtures of cells, and second by in-
tegrating transcriptome and epigenomic measurements in disease-relevant 
immune cell subpopulations. 

Section 1 

In Chapter 2, a systems immunology approach was used to comprehen-
sively determine the impact of environmental factors, host phenotypes and 
common genetic variation on the composition of the immune cell reper-
toire in peripheral blood, including associations with immunoglobulin levels, 
from ~500 healthy volunteers from the 500FG cohort. Here we found that 
environmental cues play a major role in defining the abundance of circu-
lating B cells, whereas the T cell subpopulations have a significantly bigger 
genetic component.  

Chapter 3 describes a systems genomics study aimed at characterizing the 

General introduction and aim and outline of thesis.
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genetic component behind the immune response. This was done by charac-
terizing the variants that affect the production of cytokines in multiple cell 
types upon ex vivo simulations with different pathogens and immunological 
ligands. We found that host genetics plays a major role in the variability of 
the immune response. Variants associated to the production of cytokines 
upon stimulation are located close by genes essential for pathogen recog-
nition (the TLR locus), cytokine signaling and complement inhibitors. The 
variants associated to monocyte-specific cytokines are enriched for regions 
under positive evolutionary selection and for variants previously associated 
to infectious diseases. 

In Chapter 4 we present a comprehensive characterization of associations 
between host factors, including baseline immune phenotypes and molec-
ular profiles (gene expression, circulating metabolomics and microbiome 
composition), and cytokine production upon ex vivo stimulations. By group-
ing up to 11 categories of host factors, we could explain up to 67% of the 
inter-individual variation in cytokine production upon stimulation. By apply-
ing genetics alone, we were able to accurately predict cytokine levels upon 
simulation for some cytokines (correlation coefficient predicted vs observed 
ranging from 0.28 to 0.89). 

Section 2

In Chapter 5 we developed and presented a novel statistical framework for 
deconvoluting bulk blood tissue expression quantitative trait loci (eQTLs) 
into immune cell type eQTLs. We propose a two-step approach in which we 
first develop a method that use the gene-expression of whole blood to pre-
dict the proportions of immune cell subpopulations (Decon-cell). Next, we 
integrated the genotype data, gene expression levels and predicted propor-
tions of immune cell types into a linear model where we dissect bulk gene 
expression into its cell-type proportions and evaluate whether there is a sig-
nificant effect of the genotype on the gene expression on a particular cell 
type (Decon-eQTL). We then extensively validated the two steps of our pro-
posed framework. For Decon-cell, we validated our prediction using multiple 
independent cohorts and transcriptional profiles from purified immune cell 
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subpopulations. For Decon-eQTL, we made use of eQTL datasets from puri-
fied cell subpopulations. Using this approach we set a new standard for the 
detection of cell-type eQTLs using bulk-tissue expression data. 

In Chapter 6 we make use of patient derived intra-epithelial cytotoxic lym-
phocytes (IE-CTLs) to study and dynamically characterize the transcriptomic 
and epigenetic changes upon exposure to tissue-derived (IFN and IL-15) and 
adaptive cytokines (IL-21). These cytokines are known to be upregulated in 
several tissue-specific autoimmune diseases, including celiac disease, type 
1 diabetes and inflammatory bowel disease. We show that tissue-derived 
cytokines induce massive and distinct temporal changes, and that a core 
set of immune genes are being similarly up-regulated by all three cytokines 
and show enrichment for genes located near genetic risk factors for autoim-
mune-mediated diseases.  

Finally, in Chapter 7, we discuss the findings reported in this thesis in a 
broader context and postulate the possible future directions of the fields of 
systems immunology and systems genomics.

General introduction and aim and outline of thesis.
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SUMMARY 

Effective immunity requires a complex net-

work of cellular and humoral components 

that interact with each other and are influ-

enced by different environmental and host 

factors. We used a systems biology approach 

to comprehensively assess the impact of en-

vironmental and genetic factors on immune 

cell populations in peripheral blood, includ-

ing associations with immunoglobulin con-

centrations, from ~500 healthy volunteers 

from the Human Functional Genomics Proj-

ect. Genetic heritability estimation showed 

that variations in T cell numbers are more 

strongly driven by genetic factors, while B 

cell counts are more environmentally influ-

enced. Quantitative trait loci (QTL) mapping 

identified eight independent genomic loci 

associated with leukocyte count variation, 

including four associations with T- and B cell 

subtypes. The QTLs identified were enriched 

among GWAS-SNPs reported to increase 

susceptibility to immune-mediated diseases. 

Our systems approach provides insights into 

cellular and humoral immune trait variability 

in humans

INTRODUCTION 

Blood is a complex tissue consisting of a 

very specialized network of circulating im-

mune cells and soluble factors that are the 

morphological substrate of the human im-

mune response. Among immune cells, the 

monocyte, neutrophil and NK compartments 

are essential for first-line, innate immune 

responses, while T cells, B cells and the lat-

ter’s cognate immunoglobulin (Ig; antibody) 

repertoire are essential for effective adaptive 

immune response to a wide variety of patho-

gens. Dysregulated immune cell or immuno-

globulins (Igs) numbers and/or functions can 

lead to an increased susceptibility to infec-

tions or to immune-mediated inflammatory 

disorders such as autoimmune diseases or 

allergy (Cho and Feldman, 2015; Tangye et 

al., 2012).

Both genetic and non-genetic factors may 

contribute to variations in the number and 

function of human immune cells, as well 

as the concentration of soluble mediators, 

resulting in considerable heterogeneity in 

individual immune responses. Recent co-

hort-based studies have highlighted the 

effect of both genetic (Brodin et al., 2015; 
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Orrù et al., 2013; Roederer et al., 2015) and 

non-genetic factors including cohabitation, 

chronic infection, aging and microbiome 

(Carr et al., 2016; Roederer et al., 2015; Shaw 

et al., 2013) on the variation of human im-

mune cell levels. However, a comprehensive 

analysis characterizing the interrelationship 

between different immune cell types (innate 

and adaptive) and Ig levels in freshly drawn 

(non-frozen) human blood, and the effect of 

genetic as well as non-genetic factors on the 

variation in these immune traits has been 

lacking. 

The Human Functional Genomics Project 

(HFGP) is an initiative comprising several 

cohorts of healthy individuals and patients 

that aims to identify the factors responsible 

for the variability of immune responses in 

health and disease (www.humanfunction-

algenomics.org). While three other studies 

accompanying the present study describe 

environmental (ter Horst et al.), genetic (Li 

et al.) and host microbiome (Schirmer et al.) 

factors that affect pathogen-induced periph-

eral blood cytokine responses, this study is 

a comprehensive assessment of the impact 

of environmental and genetic host factors on 

circulating cell populations, focusing on both 

T cells and B cells and including associations 

of B cells with immunoglobulin concentra-

tions. Our results provide, a full picture of 

humoral immunity, as seen in serum Igs, and 

its interrelationship of the immune cell lev-

els.

We analysed the determinants of variation in 

T and B cell counts and Ig levels by testing 

the association between immune traits and 

non-heritable factors such as age, gender 

and season. We estimated the genetic herita-

bility of different immune cells and show that 

the variation in T cell counts is predominant-

ly (37%) explained by genetic factors, which 

is in contrast to B cell counts, which are more 

strongly influenced by the environment. We 

also tested the effect of genome-wide genet-

ic variation on cell-level variation using cell 

count quantitative trait loci (ccQTL) mapping, 

and identified eight independent genom-

ic loci associated with lymphocyte counts, 

four of which have not been described be-

fore and  associated with four cell subsets 

that have not been characterized in previous 

studies. We further performed an integrative 

genomics analysis using RNAseq data from 

blood samples of 628 healthy individuals to 

identify putative causal genes, including long 

non-coding RNAs, at ccQTL loci that may reg-

ulate cell counts. Lastly, we show that the 

genetics behind ccQTLs partially overlap with 

the previously described genetics of immune 

mediated/related disease.

2474 Cell Reports 17, 2474–2487, November 22, 2016 © 2016 The Authors. 
This is an open access article under the CC BY-NC-ND license (http://creativecom-
mons.org/licenses/by-nc-nd/4.0/). 
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Figure 1. Interrelationship between Immune-Associated Cell Subpopulations and Im-
munoglobulin Levels in the General Population. Unsupervised hierarchical clustering of 

the correlation within cell subpopulations (A), and a two-dimensional representation of the 

correlations between each cell type by non-metric multidimensional scale analysis. Small 

circles represent individual cell types. Large circles represent the calculated centroid of the 

grouped cell types (B). (C) Unsupervised clustering of immunoglobulin levels (C). The co-

lour code next to the dendogram represents any significant association of cell count with 

age, gender or season. (D) Heat map of Spearman correlation coefficients between each 

independent cell subpopulation and immunoglobulin levels. Stars indicate significance of the 

correlation after FDR correction (* P ≤ 0.05, ** P ≤ 0.005, *** P ≤ 0.0005). (E) Examples of cell 

subpopulations that are significantly associated with immunoglobulin levels.  Regression line 

were included for visualization purposes.  

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits
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RESULTS

Correlations of cellular and humoral 
immune compartments highlight fac-
tors that drive inter-individual varia-
tion
Both the cellular and humoral arms of our 

immune system are crucial for an effective 

immune response. However, information 

on the interrelationship between the cellular 

and humoral components is scarce. To anal-

yse the underlying patterns of the variation 

within these immune components at the pop-

ulation level, we performed unsupervised 

hierarchical clustering within our measured 

immune cell populations and within Ig lev-

els, after correcting for age, sex and season 

effects. For immune cells, we identified four 

clusters of biological relevance (Figure 1A) in 

which subpopulations of B cells, T cells and 

myeloid immune cells clustered into clusters 

1, 2 and 3, respectively. Cluster 4 contains 

plasma cells and their precursors, as well as 

plasmablasts, with both groups clustering 

separately from the B cell cluster (cluster 1). 

A subpopulation of CD4+CD45RA+CD27- ef-

fector T cells was also present in cluster 4. 

These observations suggest that plasma cells 

and CD4+CD45RA+ CD27- terminally differ-

entiated effector T cells are co-regulated by 

similar factors. Moreover, using a nonmet-

ric multi-dimensional scaling approach, we 

revealed, in a data-driven way, a separation 

between B-cells and the other immune sub-

populations at the second dimension (Fig-
ure 1B). This suggests that B-cells might also 

be co-regulated independently of the other 

immune subsets.

The clustering patterns of Ig (sub)classes 

formed two major clusters, one containing 

IgM and IgG3 and the other containing IgG, 

IgG1, IgG4 and IgA (Figure 1C). For the IgM 

and IgG3 cluster, there is biological evidence 

associating these two humoral components. 

They are known to have the strongest com-

plement binding capacity, a function which 

is required for optimal protection against 

(intracellular) pathogens (Schroeder and 

Cavacini, 2010). Interestingly, the regulation 

of both IgM and IgG3 appears to be con-

trolled by the cytokines IL-4 and TGF-β, indi-

cating functional homogeneity under similar 

regulatory control (Brüggemann et al., 1987; 

Coffman et al., 1989; McIntyre et al., 1993; 

Snapper and Paul, 1987). 

Having established the hierarchical cluster-

ing of immune cell populations and Ig lev-

els, we analyzed the association between 

immune cell counts and Ig levels by using 

Spearman correlation (Figure 1). Out of 511 

possible relations, nine significant correla-

tions (false discovery rate [FDR]%0.05) were 

identified between Ig subclass and immune 

cell populations (Figure 1C). CD4+ effector T 

cells (CD45RA+ CD27”), which cluster with the

plasma cells and plasmablasts (cluster 4), 

show a significant correlation with IgG levels 

(r = 0.2, p = 8.5e”6) (Figures 1D and 1E).

This correlation may partly reflect the con-
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nection between these cell types in humans, 

where effective recall of antibody responses 

is dependent on T-cell-dependent memory 

B cell generation (Kurosaki et al., 2015). A 

significant correlation was also observed be-

tween IgM-only B cell levels and IgM serum 

levels (r = 0.24, p = 6.3e”8), and a negative 

was correlation observed between IgM se-

rum levels and IgD+IgM” B cells (r = “0.2, p =

1.0e”8) (Figures 1C and 1D; Table S1). This 

correlation between IgM-only B cells in pe-

ripheral blood and IgM in serum suggests 

that high levels of IgM-only B cells predict 

higher levels of plasma cells in tissue. These 

results stress the importance of identifying

the key factors driving the underlying interin-

dividual variation in the immune system.

Effect of age, gender and season on 
the inter-individual variation of cel-
lular and humoral immune compo-
nents
We investigated the distribution of immune 

cell counts and subset frequencies between 

~500 individuals in our cohort. We observed 

substantial variation in total white blood cell 

(WBC) counts (Figure 2A) and the levels of 

the lymphoid and myeloid cell populations 

(Figure 2B,E) between individuals. We then 

systematically tested the association of this 

variation with age, gender and season.

Age is associated with reduced lym-
phoid but increased myeloid cell lev-
els
Aging plays a major role in shaping the im-

mune profile (LeMaoult et al., 1997; Shaw et 

al., 2013; Solana et al., 2006). Using Spear-

man correlation, we observed consistent 

correlation with age (64% of the cell subpop-

ulations studied are significantly correlated), 

both negative and positive. Aging was sig-

nificantly associated (FDR ≤ 0.05, corrected 

for 73 tests) with a decrease in lymphoid im-

mune cell levels (naive T cells, B cell subsets) 

and with a concomitant increase in myeloid 

immune cell levels (granulocytes, pro-in-

flammatory non-conventional monocytes 

(CD14++CD16+), intermediate monocytes 

(CD14+CD16+) and levels of proliferating 

CD4+ regulatory T cells (Treg) (Figure 3A; Ta-
ble S2)). To show the robustness of age ef-

fect on immune traits, we used a resampling 

method. We randomly selected 90% of all the 

samples and tests for age effect on immune 

traits. We repeated this 100 times and ob-

served that 91% of traits that show consis-

tent results when compared with the original 

full dataset in more than 70% of the sampling 

(Figure S1).  We also compared the variation 

within cell counts in younger subjects (lower 

quartile of 500FG age distribution; median 

age = 19 years) versus older subjects (upper 

quartile; median age = 65 years. We observe 

significant differences (P ≤ 0.05) in the varia-

tions of CD4+ (CD45RA-CD27+) effector T cell, 

NK cell (CD56+CD16-) and CD3+CD56+ T cell 

subpopulations (Figure S2A). Upon testing 

of associations between age and Ig levels, 

only IgG2 and IgA levels showed a significant 

positive correlation age (FDR ≤ 0.05, correct-

ed for 7 tests). These observations support 

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits
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the hypothesis that immune response shifts 

class in elderly individuals with de novo in-

fections, with a restricted adaptive response 

being replaced by an innate type of immunity 

(Le Garff-Tavernier et al., 2010; Hazeldine et 

al., 2012; LeMaoult et al., 1997; Solana et al., 

2006).

Gender is associated with different B 
cell subsets and Ig levels 
We observed a significant increase (FDR ≤ 

0.05) in mature B cell subsets, IgM-only B 

cells, plasmablast B cells, proliferating and 

memory (CD45RA-) Treg cells, NK cell subsets 

and IgM serum levels in women as compared 

to men (Figure 3B; Table S2). The significant 

association between higher levels of IgM-on-

ly B cells (P = 0.0005) and increased serum 

IgM-levels (P = 0.0002) in women highlights 

the functional link between the cell type and 

its product (Amadori et al., 1995). By using 

the resampling approach we observe that 

87% of traits show consistent results when 

compared with the original full dataset in 

more than 70% of the iterations (Figure S1). 
In men, we observed an increased level of 

effector and effector memory T cells (Figure 
S2C) and a reduced level of IgG4 and IgA with 

Figure 2. Variation of cell levels and composition in the Dutch general population. (A)
Peripheral blood white blood cell counts per ml blood (y axis) in 516 individuals (500FG co-

hort) (x axis). (B) Relative cell proportions (y axis) of monocytes, lymphocytes and neutrophils, 

(C) proliferating T cell subsets (D) and B cell subsets (E). Sample IDs are presented in similar 

order in each figure.

Cell Reports 17, 2474–2487, November 22, 2016 2475 
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nominal P-values < 0.01 (see also ter Horst 

et al.)

As we observed a significant effect of gender 

on different B cell and Ig levels, we investi-

gated whether this effect was due to a dif-

ference in gender-associated hormone lev-

els. We first tested whether the immune cell 

counts correlated with hormone levels in the 

500FG cohort, but found no statistically sig-

nificant correlation (Figure S2B). As expect-

ed, we observed lower testosterone concen-

trations in women compared to men (Figure 
S2C). Although testosterone has been shown 

to inhibit Ig levels of human peripheral blood 

mononuclear cells in vitro (Kanda et al., 

1996), our analysis indicates that higher tes-

tosterone levels in women are significantly 

associated with increased IgG levels. More-

over, we observed a significant association 

Figure 3. Age, Gender, and Season Are Modulators of the Immune Traits. Examples 

of significant associations (FDR % 0.05) between age (A), gender (B), or season (C) and cell 

counts or immunoglobulin levels.

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits
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of hydroxyprogesterone with IgG levels in 

women (Figure S2C). Hydroxyprogesterone 

levels vary with menstrual cycle, being high-

est in the luteal phase and lowest prior to 

ovulation. In men, this hormone showed less 

variation in serum levels. 

Seasonal variation affects both cellular 
and humoral responses
We found a consistent seasonal effect on im-

mune cell subpopulations, with 67% of the 

measured cell types showing a significant 

association with season (FDR ≤ 0.05). B cell 

subsets were the most consistently affected, 

with all B cell subpopulations showing sig-

nificantly higher levels in winter. Treg, NK(T), 

and classical monocytes (CD14++CD16-) 

were also significantly higher in winter, while 

granulocytes, proliferating CD8+ T cells and 

CD4+ effector memory cells showed a high-

er peak during the summer months (Figure 
3C; Table S2). IgG, IgG1 and IgG4 levels were 

also higher in winter with nominal P values 

< 0.01 (see also ter Horst et al.). By using the 

resampling approach we observe that 94% 

of traits show consistent results when com-

pared with the original full dataset in more 

than 70% of the iterations (Figure S1). Alto-

gether, these results point to an important 

role for environmental factors that vary with 

season (allergies, viral infections) in the reg-

ulation of the magnitude of both the cellular 

and the humoral immune response (Dopico 

et al., 2015). 

Genetic factors explain a large proportion 

of the variation in immune traits
We observed that cell counts show high 

variability across individuals, and that this 

variation could be partially ascribed to age-, 

gender- or season-related factors. To further 

explore this inter-individual variation, we es-

timated the proportion of variance explained 

by genome-wide SNPs for each of 73 inde-

pendent cell types after controlling for age, 

gender and seasonal variation. As shown in 

Figure 4A and Figure S3, the majority of im-

mune cell population variation is explained 

by non-heritable rather than heritable influ-

ences. The proportion of immune cell vari-

ation that was explained by genetics varies 

for each cell subpopulation. It was signifi-

cantly higher for the 29 T-cell immune traits 

as compared to the 27 B-cell immune traits 

(median 30% vs 18%, respectively, T test P 

≤ 0.05). Effector memory and effector CD4+ 

and CD8+, and CD4+ Treg were also strong-

ly influenced by genetic factors (Figure S3). 
The seemingly interdependent IgD+IgM+ 

and IgD+IgM- B-cell populations showed 

completely opposing heritability estimates 

(Figure S3), likely reflecting the heterogene-

ity of the IgD+IgM+ population which consists 

of both T-cell-dependent naive CD27- B cells 

and presumed T-cell-independent CD27+ 

memory B cells (Weller et al., 2004). Within 

the innate leucocytes more than 50% of the 

variance in transitional monocytes (CD14+, 

CD16+), NK cells (CD3-CD56+) and NK-bright 

(CD56++CD16-) cells was explained by ge-

netic variation. There is little contribution 

of genetics to the variation of granulocyte 

Cell Reports 17, 2474–2487, November 22, 2016 2475 
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levels. Notably, 50% (±20%) of the variance 

in IgM can be explained using genotype in-

formation. For the remaining Igs, we did not 

identify any contribution of genetics to the 

variance (Figure S3).
  

Mapping of quantitative trait loci in the 
500FG cohort identifies eight cell count 
QTLs
To identify the genetic variants determin-

ing cell counts and Ig levels, we mapped 

cell count quantitative trait loci (ccQTLs) 

and Ig level quantitative trait loci (IgQTLs) 

using genome-wide SNP genotype data. Af-

ter controlling for the effect of age, gender 

and season, we identified eight independent 

genome-wide significant ccQTLs specific for 

three cell types: T cells (five ccQTLs), B cells 

(two ccQTLs) and NK cells (one ccQTL) (Fig-
ure 4 B,C; Table 1 and Table S3). Four of 

these ccQTLs have been reported before 

(Table 1, Figure S4 A-D), providing validation 

for our analytical approach (Orrù et al., 2013; 

Roederer et al., 2015). The other four ccQTLs 

have not previously been associated to im-

mune traits. One of these B cell ccQTL SNPs 

was also associated to Ig levels, although not 

at genome-wide significance (rs62433089, P 

< 5e−8, Figure S4 F). The higher numbers of T 

cell ccQTLs compared to B cell ccQTLs, when 

combined with our finding that a greater 

proportion of the variance in T cells (but not 

B cells) can be explained by genetics, would 

suggest a stronger genetic component for T 

cell immunity when compared to B cells. Fur-

thermore, we also found that the IgG1 level 

is suggestively associated with a B-cell-spe-

cific ccQTL (rs10277809, P ≤ 0.001), implying 

a shared regulation of B cell and certain Ig 

levels in blood. 

The MYO1B locus on chromosome 7 is as-
sociated with B cell levels
We found a B-cell-specific ccQTL (rs10277809, 

chromosome 7) (Figure 4B,C; Table 1) that 

showed a genome-wide significant associ-

ation with three B cell subpopulations (CD-

24dim CD38dim, IgM+ only and IgM only 

memory IgD- IgM+ CD27+ B cells) (Figure 

5A,B). To explore the biological role of the 

MYO1B locus, we mapped expression QTLs 

(eQTLs) using RNAseq data from peripheral 

blood cells of 629 healthy individuals from 

the Lifelines Deep (LLDeep) cohort (Tigc-

helaar et al., 2015). We observed that SNP 

rs10277809 affects the expression levels of 

both lncRNA RP4-647J21 and the MYO1G 

protein-coding gene (Figure 5C). This fur-

ther supports our finding that this ccQTL is 

associated with the abundance of peripher-

al B cell subsets in human peripheral blood. 

Co-expression analysis and pathway predic-

tions using over 10,000 RNA-seq samples 

collected from public databases (Fehrmann 

et al., 2015) show  a significant enrichment of 

B-cell-related functions for both MYO1G and 

RP4-647J21 (Figure 5D).

PDE4A locus on chromosome 19 affects T 
cell levels
We found a T cell specific ccQTL, rs280499 on 

chromosome 19  (Figure 4B,C; Table1) par-

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits
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ticularly associated with CD8+ CM CD45RO+ 

CD27+ cells. (Figure 5E,F). We then mapped 

cis-eQTL for SNP rs280499 and found its ef-

fect on expression levels of PDE4A (Figure 
5G). PDE4A encodes the protein phospho-

diesterase 4A and has been implicated in T 

cell differentiation (Peter et al., 2007). PDE4A 

hydrolyses cyclic AMP, which modulates a 

variety of cellular responses to extracellu-

lar stimuli including regulating lymphocyte 

proliferation and the biosynthesis of inter-

leukin-2. Because PDE4A plays a role in in-

flammatory processes, it is therapeutically 

targeted in the treatment of a number of im-

mune mediated diseases (Mazur et al., 2015).

Shared genetics between immune traits 
and immune mediated diseases
 Three out of our eight ccQTLs have been pre-

viously associated with immune mediated 

diseases (Table 1). In particular, rs1801274, 

which is a ccQTL for multiple cell types, is as-

sociated with several auto-immune diseases 

(Table 1; Figure S4 A) including ulcerative 

colitis and Kawasaki disease and has also 

been replicated in previous studies (Orrù et 

al., 2013; Roederer et al., 2015). On chromo-

some 19 the SNP rs2164983 associated to NK 

cells respectively (Table1) have been previ-

ously reported to be a risk factor for atopic 

dermatitis (Paternoster et al., 2011). Further-

more, ccQTL rs280499 is overlapping with 

ImmunoBase Regions associated to immune 

mediated diseases such as multiple sclero-

sis and rheumatoid arthritis (www.immuno-

base.org/ page/ RegionsLanding). In addi-

tion, we make use of ccQTLs and igQTLs at a 

suggestive significance threshold (p < 1e−5) 

and GWAS catalog SNPs known to influence 

susceptibility to various diseases (Figure 6). 

Interestingly, SNPs that affect T cells levels 

are also enriched for SNPs associated to 

auto-inmmune and inflammatory diseases. 

In contrast, ccQTLs that affect B-cell are en-

riched for SNPs associated with allergy-relat-

ed diseases (Figure 6).

DISCUSSION

The HFGP project was initiated to better 

understand the variation of the immune 

landscape of human beings and to identify 

targets for personalized treatment interven-

tions. To explore the determinants of vari-

ation in T and B lymphocytes and Ig levels, 

we tested the association between these im-

mune traits and both heritable factors and 

non-heritable factors, such as age, gender, 

and seasonality, in the HFGP 500FG cohort of 

healthy volunteers.

The abundance of circulating T cells appears 

to be influenced more by genetics than the 

numbers of circulating B cells. This hypothe-

sis is based on our observation of higher per-

centage of variation explained by genetic for 

T cells (~30%) than for B cells (<~18%), and on 

our identification of five T cell ccQTLs versus 

only two B cell ccQTLs. Most B cell subsets 

(and Ig levels) consistently showed seasonal-

ity effects, peaking during winter, suggesting 

that environmental factors might be more 
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important in driving B cell count variation. 

This hypothesis is supported by results of 

multi-dimensional scaling analysis, revealing 

a separation between B cells and other im-

mune cell subpopulations.

Despite the impact of environmental cues on 

B cell counts, B cell function is still affected 

by genetics. Moreover, only one type of Ig 

showed a significant genetic component to 

its variation: ~50% of the proportion of vari-

ance in IgM levels was explained by genet-

ics while none of the other Igs we measured 

showed any genetic component. We also 

identified an IgM-specific QTL but didn’t find 

QTLs for any of the other Igs that we investi-

gated. Both the IgM QTL and the ccQTL asso-

ciated to IgM-only B cells, this may be repre-

sentative for that part of the B cell response 

that has innate-like features, such as the pro-

duction of natural antibodies by dedicated 

B cell types. In contrast, the adaptive B cell 

response, featuring receptor editing and af-

finity maturation, might be under more strin-

gent environmental control, as previously re-

ported in a study of the seasonal pathogen 

influenza (Baumgarth et al., 1999).

Non-genetic factors such as age and gen-

der have extensively been associated with 

changes in immune profiles. Fluctuating gen-

der-associated hormone levels and the accu-

mulation of environmental factors, such as 

an increasing infection burden with age, both 

leave a strong imprint on the nature and dy-

namics of the immune response (LeMaoult 

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits

et al., 1997; Shaw et al., 2013; Solana et al., 

2006). Notably, our results appear to support 

the hypothesis that aging is associated with 

an overall decrease in lymphoid immune cell 

levels and an increase in myeloid cell types, 

as well as increased Treg activity. This sug-

gests that immune response type and regu-

lation is altered towards a more innate-type 

of immunity with age, as previously reported 

(Le Garff-Tavernier et al., 2010; Hazeldine et 

al., 2012). In our current study we replicate 

a number of previously reported age-related 

changes in the human immune system such 

as depletion of naive B cells and T cells and 

a concomitant increase of memory B and T 

cells (LeMaoult et al., 1997; Shaw et al., 2013; 

Solana et al., 2006). We also identify age-re-

lated changes in specific cell subsets such 

as monocyte subclasses, granulocytes and 

proliferating T cell populations that were not 

reported before.

With regard to gender, we see overall higher 

immune cell counts and Ig levels for wom-

en, with the notable exception of effector/

memory T cells, which are more abundant in 

men. The significant correlation we observed 

between the higher levels of IgM-only B cells 

and increased serum levels of IgM in wom-

en could be explained by the functional link 

between these cell types and overall serum 

Ig levels in humans (Amadori et al., 1995). 

The enhanced antibody responses found 

in women upon vaccination fits this profile 

(Butterworth et al., 1967; Rowley and Mack-

ay, 1969) as does the positive correlation 
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Figure 4. The Genetics of Cell Counts and Immunoglobulin Level Variation in a General 
Population. (A) Violin plot representing the distribution of the percentage of variance ex-

plained by genetics for the immune traits. A total of 29 T cell subsets versus 27 B cell were 

analysed (mean percentages of variance explained by genetics of 29.5 versus 17.7, resp. (T 
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Table 1. List of eight independent genome-wide significant cell count QTLs.
1 P-value from a linear regression model after correcting for age, gender and month of col-

lection.

2 The number of additional cell subpopulations showing a nominal P-value ≤ 1x10-6 at this 

SNP.

3 Predicted candidate genes based on eQTL analysis and/or close proximity with the ccQTL. 

4 Genes with significant cis-eQTL based on ~600 RNA-seq samples from peripheral blood. 

EM, effector memory; KD, Kawasaki disease; UC, ulcerative colitis; SLE, systemic lupus ery-

thematosus; IBD, inflammatory bowel disease; AD,Atopic Dermatitis, MS, Multiple Sclerosis; 

CD, Chrohns Disease; T1D, Type 1 Diabetes ; RA, Rheumatoid Arthritis; JIA, Juvenile Idiopathic 

Arthritis.

5 Overlapping with ImmunoBase Curated Regions

test, P ≤ 0.05). (B) Combined Manhattan plot of all cell types. Red dots mark genome-wide 

significant associations (P ≤ 5e−10). Immune cell types with the strongest association are 

indicated. (C) Overview of the association of multiple genomic loci (ccQLT) and immune cell 

types. Darkest colors indicate genome-wide significant ccQTL, while divergence represents 

the direction of ccQLT effect.
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Figure 5. Cell count quantitative trait loci associated to B and T cell subpopulations in 
healthy volunteers. (A) Locus zoom plot showing a B cell specific ccQTL in chromosome 7. 

Red boxes in the gene area denote a significant eQTL effect (nominal P-value ≤ 0.05) using 

~600 RNA-seq samples from an independent Dutch LLDeep cohort. (B) Box-plot of the top 

associated B cell subpopulation (IgM only memory IgD- IgM+ CD27) with the genotype. (C) 
eQTL box-plot of the lncRNA RP4-647J2.1, which shows a high co-expression pattern with 
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inter-relationship between cell types, we 

observed that naive and central memory T 

cells co-cluster within the T cell cluster, while 

effector and effector memory T cells co-clus-

ter with innate effector cells. Although we 

weren’t able to decipher the developmental 

route of these T cell maturation stages, this 

differential clustering of more quiescent na-

ive and central memory T cells versus innate 

effector like effector and effector memory 

T cells suggests clustering based on func-

tion. Meanwhile, the cluster composed of 

plasmablast B cells also grouped the T helper 

cytokine (Th2) subpopulation, and these two 

MYO1G (dotted red box in A). (D) Gene ontology enrichment analysis of co-expression genes 

using publically available RNA-seq data (~10,000) indicates that candidate gene RP4-647J21 

is involved in the regulation of B cell activation. (E) Locus zoom plot showing a T cell specific 

ccQTL in chromosome 19. Red box marks the gene with a significant eQTL effect using the 

LLdeep cohort RNA-seq data (~600 samples). (F) ccQTL box plot of the top associated T cell 

subpopulation (CD8+ CM CD45RO+CD27+). (G) Box-plot of cis-eQTL of PDE4A using the LL-

deep cohort RNA-seq data.

between oestrogens and IgM and IgG levels 

established previously (Kanda and Tamaki, 

1999). 

The generation of heterogeneous human 

memory T cell subsets, and how they devel-

op upon activation of naive T cells, is a sub-

ject of intense research (Farber et al., 2014). 

Two developmental models have been pro-

posed. Either (1) memory T cells arise directly 

from effector cells, or (2) naive cells develop 

directly into memory cells without effector 

stage transition (Restifo and Gattinoni, 2013). 

In our unsupervised approach to study the 

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits

Figure 6. Association of ccQTLs with dis-
ease. (A) The percentage of auto-inflam-

matory disease, autoimmune disease and 

allergy associated SNPs with B cell and T cell 

count QTLs (P ≤ 1E-05). (B) The percentage 

of disease-associated SNPs with cell counts 

QTLs (P ≤ 1E-05).
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With respect to the effector memory and 

effector T cells, high levels of variance ex-

plained by genetics are in agreement with 

recent findings in twins (Brodin et al., 2015). 

We also observed a genetic contribution to 

Tregs counts, which is in contrast the study 

by Brodin et al. (2015). For the majority of B 

cell subsets, with the exception of IgD+ IgM- 

and transitional B cells, the variance in cell 

counts explained by genetics was low (medi-

an < 18%). This result could suggest that B 

cell immunity is more susceptible to environ-

mental cues, which is further exemplified by 

a prominent seasonal effect on both B cell 

counts and Ig levels. Additionally, in a recent 

vaccination cohort study, it was discovered 

that the inter- and intra-individual variations 

in immune response before and after vacci-

nation can be influenced by age and gender, 

which also corroborates our findings (Frasca 

et al., 2012; Tsang et al., 2014).

Identifying ccQTLs associated with genom-

ic regions of relevance to disease provides 

insight into disease aetiology. We identified 

eight ccQTLs, of which four were unique. Two 

of them, reported here for the very first time, 

are associated to B cell subpopulations not 

studied before. A multi-omics approach com-

bining cell count data, genomics and tran-

scriptomics, was applied to identify the func-

tional and clinical relevance of the ccQTLs. 

Given the comprehensive analysis of B cell 

subpopulations, we identified eQTL-effects 

on MYO1G gene expression and on the ex-

pression of a neighbouring lncRNA. MYO1G 
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subpopulations of immune cells have pre-

viously been functionally linked as they are 

increased within patients with IgG4-related 

disease (Akiyama et al., 2015). Unfortunately, 

we weren’t able to find any significant asso-

ciation between IgG4 levels and plasmablast 

or Th2 T cells within the general population. 

The generation and isotype switching of im-

munoglobulin producing plasma cells can 

be mediated in either a T-cell-dependent or 

a T-cell-independent fashion. We found that 

CD4+ effector T cells (CD27- CD45RA+) show 

a strong association with IgG levels, implying 

a  functional link between these cell types 

in humans which is in line with the finding 

that effective recall of antibody responses 

requires the generation of memory B cells 

controlled by T cell subsets (Kurosaki et al., 

2015). We found a significant positive cor-

relation between IgM-only B cell counts and 

IgM serum levels, and a negative correlation 

between IgM serum levels and IgD+IgM- B 

cells. IgM-only peripheral blood lymphocytes 

are non-activated resting B cells that resem-

ble classical, class-switched memory B cells 

and express higher levels of mRNA than na-

ive B cells (Klein et al., 1997). Whether this in-

crease in transcription contributes to higher 

serum Ig levels is still unclear.

The proportion of variance explained by ge-

netics per subpopulation can be quite vari-

able. NK cells display the highest percentage 

of variance explained by genetics. A similar 

positive impact of genetics on NK cells was 

described previously (Roederer et al., 2015). 
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Despite these drawbacks we were able to 

identify a differential contribution of genetic 

versus environmental factors on lymphocyte 

subpopulations, we confirmed previously re-

ported ccQTLs, and we identified ccQTLs for 

B cell and T cell subpopulations.  

In conclusion, we assessed the influence of 

genetics, age, gender and seasonality on cell 

count variation, Ig-levels, and their interre-

lationship, in healthy volunteers participat-

ing in the HFGP. Our findings indicate that T 

cell immunity has a stronger genetic imprint 

compared to B cell immunity, while the latter 

might be driven by environmental factors. 

We also found eight genome-wide significant 

loci associated to cell levels, four of which 

were not reported previously. Moreover, we 

were able to link immune cell counts QTLs 

to GWAS SNPs associated to immune-me-

diated-diseases. Within HFGP 500FG cohort  

three complementary studies focus on a 

broader understanding of the variability in 

human cytokine responses. Ter Horst et al  

identified host and environmental factors 

that contribute to variation of cytokine re-

sponses, while Li et  al and Schrimer et al 

mapped 17  new genetic variants  and mi-

crobiome factors that explain variability of 

cytokine responses respecively (Li et al and 

Schirmer et al). Like immune cell counts and 

Ig-levels, cytokine responses were influenced 

by age and gender (Ter Horst et al.) and also 

cytokine responses revealed annual season-

al dependencies (Ter Horst). Together these 

different HFGP 500FG studies provide im-

has previously been implicated in B cell bi-

ology and blood cell numbers in a mouse 

model (Maravillas-Montero et al., 2014). 

Together, these results suggest the involve-

ment of the MYO1G gene in the active regu-

lation of B cell levels in humans. The lncRNA 

might or may not be involved in regulation of 

MYO1G expression (Quinn and Chang, 2016). 

Furthermore, we identified a T-cell-specific 

ccQTL in the PDE4A locus that modulates its 

expression. The fact that PDE4A is a common 

therapeutic target for immune-mediated dis-

eases (Mazur et al., 2015) further supports 

an immune-associated role for our ccQTLs.

There are some drawbacks to the approach 

that we have used for our current study. A 

limitation of our and similar studies (Bro-

din et al., 2015; Carr et al., 2016; Orrù et al., 

2013; Roederer et al., 2015) is that circulat-

ing immune cells are used and do not repre-

sent the full landscape of human immunity. 

Strong differences in immune cell compo-

sition have been reported between human 

peripheral blood, bone marrow, spleen and 

lymph nodes (Peters et al., 2013). However, 

obtaining samples of lymphoid organs in a 

cohort of healthy individuals is not feasible 

for ethical and practical reasons. Moreover, 

given the sample size of our study the stan-

dard error on the calculation of percentage 

of explained variance by genetics per trait 

can be substantial (Yang et al., 2010). Finally, 

in this study we were unable to set a discov-

ery-replication scheme for the immune trait 

QTL mapping due to the limited sample size. 

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits
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try (Table S4) and serum immunoglobulin 

levels (sIg) concentrations by fluorescence 

enzyme immunoassay (FEIA, Immunocap) in 

516 Dutch individuals of Western-European 

descent, aged 18 to 75 years, recruited over 

the years 2013-2014 as part of the 500FG 

study within the Human Functional Genom-

ics Project (http://www.humanfunctionalge-

nomics.org). We focused on a set of 73 man-

ually annotated immune cell subpopulations 

and 7 different classes of Igs (Figure S5). 
To minimize biological variability, cells were 

processed immediately after blood sampling 

and typically analysed within 2-3 hours. Cell 

populations were gated manually (see Ex-

tended Experimental procedures for details).

Flow cytometry and data analysis
Cells were analysed within 2-3 hours after 

sample collection on a 10-color Navios flow 

cytometer (Beckman Coulter, Brea, USA) 

equipped with three solid-state lasers (488 

nm, 638 nm and 405 nm). Calibration of the 

machine was performed once a week, and 

little adjustment to the machine setting had 

to be made during the inclusion period of the 

study. Data were then analysed using Kalu-

za® software version 1.3 (Beckman Coulter, 

Indianapolis, USA). The hierarchical gating 

strategy is illustrated in Figures S6 and S7. 
See Extended Experimental Procedures for 

details on cell processing, reagents, gating 

and analysis.

Serum Ig and Hormone Levels
See extended experimental procedures.

portant resources for understanding the hu-

man immune response. Future studies in the 

HFGP cohorts will focus on the assessment of 

the effect of other factors (e.g. microbiome, 

infection and immune-mediated inflamma-

tory disease) on the variation of immune cell 

counts and function. These studies will con-

tribute to the goal of precision medicine in 

infections and inflammation by allowing for 

more accurate predictions of disease status 

and better treatment efficacy.

EXPERIMENTAL PROCEDURES

Ethics Statement
The HFGP study was approved by the Ethical 

Committee of Radboud University Nijmegen 

(nr. 42561.091.12). Experiments were con-

ducted according to the principles expressed 

in the Declaration of Helsinki. Samples of ve-

nous blood were drawn after informed con-

sent was obtained.

Population Cohorts
The study was performed in a cohort of 516 

healthy individuals of Western-European an-

cestry from the Human Functional Genomics 

Project (500FG, for inclusion criteria and fur-

ther description see www.humanfunctional-

genomics.org).

Analysis of immune cell composi-
tion and humoral components in a 
healthy Dutch population
We measured myeloid and lymphoid im-

mune cell levels by 10 colour flow cytome-
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seasonal effects using a linear model. Asso-

ciations were then calculated using the nor-

malized and corrected cell counts via Spear-

man correlation analysis and clustered using 

these coefficients as distance by an unsuper-

vised hierarchical clustering approach. The 

same methodology was applied to calculate 

the association between cell counts and Igs. 

Significance was declared after multiple test-

ing correction (FDR ≤ 0.05) (Benjamini and 

Hochberg, 1995). The Euclidean distances 

used on the multi-dimensional scaling be-

tween cell types were obtained based on the 

Spearman coefficients described above (Ven-

ables and Ripley, 2002). 

See extended experimental procedures for 

details regarding statistical analysis of the as-

sociation of cell counts or Ig levels with age, 

gender and season.

Cell count and Immunoglobulin QTL 
mapping
For 442 individuals, absolute cell count data 

and genotype information was available. 

For 407 individuals, Ig levels and genotype 

data were available. We calculated parental 

and grandparental percentages, which are 

defined as the percentage of a certain cell 

type within the subpopulation of cells from 

which it was isolated. This was performed 

for cell counts of all measured cell types 

because it has been shown that these per-

centages tend to reduce inter-experimen-

tal noise and therefore increase statistical 

Genotyping, quality control and im-
putation
Volunteers from the 500FG cohort were gen-

otyped using the Illumina ‘Human OmniEx-

press Exome-8 v1.0 SNP chip’. The genotype 

was called with Opticall 0.7.0 using the de-

fault settings, excluding samples with a call 

rate ≤ 0.99. Variants with Hardy Weinberg 

equilibrium (HWE) ≤ 0.0001, call rate ≤ 0.99 

and minor allele frequency (MAF) ≤ 0.001 

were also filtered out. Ethnic outliers were 

identified by multi-dimensional scaling plots 

of samples merged with 1000 Genome data 

and excluded from further analysis. A total 

of 482 samples and 518,980 variants passed 

quality control. For further imputation of this 

dataset, we aligned the strands and variant 

identifiers to the reference Genome of The 

Netherlands (GoNL) dataset using Genotype 

Harmonizer. The phasing was performed 

with SHAPEIT2 v2 with the GoNL as a refer-

ence panel. Finally, this data was imputed us-

ing IMPUTE2 with the GoNL as the reference 

panel. Only imputed variants with a quality 

score ≥ 0.8 were used for further cell counts 

quantitative loci mapping.

Statistical analysis
All statistical analysis were performed using 

the statistical programming language R (Core 

Team, 2012). Cell counts were normalized 

using an inverse rank transformation algo-

rithm (IRT), Igs levels were normalized using 

a log2 transformation. To properly ascertain 

cell count correlations, we first corrected the 

normalized cell counts for age, gender and 

Differential Effects of Environmental and Genetic Factors on T and B Cell Immune Traits
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To estimate the proportion of variance ex-

plained by genetics we used a linear mixed 

model implemented in the GCTA tool (Yang 

et al., 2010). We applied it to each of the cell 

count/percentage and Ig levels using the 

complete set of genetic variants available/

detected in our cohort. The immune traits 

were pre-processed as described for QTL 

mapping using IRT cell counts and log2 Igs 

values corrected for age, sex and month of 

sample collection. Given the relatively small 

sample size, the confidence intervals for her-

itability estimation can be wide (Zaitlen and 

Kraft, 2012).
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Absolute cell counts and percentages were 

transformed by inverse rank transformation 

(Orrù et al., 2013). Ig levels were normalized 

using a log2 transformation. We then cor-

rected the IRT cell counts and log2 Igs values 

using a linear model correcting for age, gen-

der and month of sample collection. Lastly, 

QTL mapping was performed using a linear 

model as implemented in the Matrix-eQTL R 

package (Shabalin, 2012), where we associat-

ed immune traits to genotype information. 

A P-value < 5E-06was considered to be ge-

nome-wide significant.

Genome-wide significant cis-eQTL 
analysis
We used the LLDeep cohort (Tigchelaar et 

al., 2015) composed of 627 healthy Dutch 

volunteers to test for possible eQTL effects 

of the ccQLTs. For LLDeep, both gene ex-

pression data (obtained through RNA-Seq) 

and genotype information are available. We 

mapped cis-eQTLs for each identified ccQTL 

within a 1Mb window. For this we fitted a lin-

ear model using TMM-normalized (Robinson 

et al., 2010) expression data to the genotype 

information. Given that the number of tests 

depended on the ccQTL genomic location for 

each independent locus, a threshold of false 

discovery rate (≤ 0.05) was used depending 

on the number of tests performed in that 

specific window.  

Estimation of cell count and immuno-
globulin level heritability
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Figure S1: Robustness of age, gender and season effect on immune traits. We randomly 

selected 90% of all the samples and performed statistical tests for each different type of 

association. For the age effect on immune traits we used the Spearman correlation; for the 

gender effect on immune traits we used a t-test; and for the seasonal effect on immune traits 

we used a cosinor model. We repeated this 100 times and show the statistical significance 

for each test (-log10 P value) using gradient colour. In each panel, the rows represent the im-

mune traits, and the columns represent each individual resampling. We counted the number 

of traits that show consistent results when compared with the original full dataset in more 

than 70% of the sampling. In this way we could reproduce 91% of all the immune traits of the 

age effects, 87% of the gender effects and 94% of the seasonal effects.
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(legend on next page)
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Figure S2: Immune traits can be modulated by non-heritable factors. (A) Variation of 

cell levels comparing the oldest and youngest volunteers from our cohort. (B) Hierarchical 

clustering of the correlation between hormones and cell levels in the 500FG cohort. (C) Cor-

relation of testosterone (upper panel) and 17-hydroxyprogesterone (lower panel) levels with 

IgG levels in males versus females.
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Figure S3: Proportion of variance explained by genetics in each of the 73 independent 
cell types.
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Figure S4: Combined Manhattan plot of immunoglobulin levels associations with gen-
otypes and the ccQTL in the FC locus has been previously reported in two independent 
studies. (A) One genome-wide significant Ig associated locus (rs62433089, P < 5E−08) was 

detected with a MAF ≥ 0.01. (B) A regional plot of the ccQTL located in the FC cluster. (C) and 

(D) ccQTLs box plots for CD4+ T cells and for classic monocytes, respectively. (E) and (F) cis 

expression QTL plots from the TC locus based on ~600 RNA-seq blood samples.
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Figure S5: Immune cell subpopulations and serum immunoglobulin levels studied in 
the human functional genomics project. 
Schematic representation of the cell subpopulations and immunoglobulin subclasses quanti-

fied in the 500FG cohort. In freshly drawn blood samples, myeloid cells (granulocytes, mono-

cyte subsets) and lymphoid immune cells (T cell subsets, B cell subsets, NK cells, CD3+ CD56+ 

T cells) were analysed by 10-color flow cytometry. Serum immunoglobulin levels were anal-

ysed by fluorescence enzyme immunoassay (FEIA).
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Figure S6: Flow cytometry gating strategy of the general (A) and T cells (B) panel. 
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Figure S7: Flow cytometry gating strategy for the B cell (A) and intracellular Tcell/Treg 
(B) panel. 
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Table S3. Table of GW significant loci and all the cell subpopulations which had either a GWA 

p-Value or a suggestive p-Value (<= 1x10-6) 
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Table S4. 10 colour flow cytometry panels used in the FG500 study. Samples were analysed 

by a 3-laser Navios (Beckman Coulter)
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EXTENDED EXPERIMENTAL PROCE-
DURES
Immunophenotyping

Peripheral blood mononuclear cell isolation 

and staining

Blood was collected in 10 ml BD Vacutainer® 

spray-coated K2EDTA tubes. Fresh peripher-

al blood cells were counted using a Coulter 

Ac-T Diff® cell counter (Beckman Coulter, 

Brea, USA) that was calibrated daily. The ab-

solute number of white blood cells (WBC) per 

ml of blood determined by the cell counter 

was used to calculate the absolute numbers 

of CD45+WBC cell subsets as measured by 

flow cytometry. As an example, WBC 8x106/

ml blood represents the CD45+ WBC as iden-

tified by flow cytometry, 5% CD14+ mono-

cytes represent 0.4x106 CD14+ monocytes/

blood. Both erythrocyte-lysed whole blood 

samples (panel 1-3) and density gradient iso-

lated PBMC (panel 4) were analyzed by flow 

cytometry. 

Cell Processing (whole blood and PBMC)
1.5 ml whole blood was incubated in ly-

sis buffer containing 3.0 M NH4Cl, 0.2 M 

KHCO3 and 2mM Na4EDTA for 10 min to lyse 

erythrocytes. Remaining white blood cells 

were further diluted with 25 ml PBS (Braun, 

Melsungen, Germany) and spun down at 452 

x g for 5 min at room temperature (RT). Cells 

were washed and spun down in PBS (Braun) 

once again and resuspended in 300 µl of 

PBS + 0.2% BSA (Sigma-Aldrich, Zwijndrecht, 

Netherlands). 100 µl was transferred for sur-

face staining to each of 3 wells of a 96 well 

v-bottom plate (Greiner Bio-One, Fricken-

hausen, Germany).

For PBMC isolation 8.5 ml of whole blood 

was placed on top of a density gradient layer 

(LymphoprepTM, Axis-Shield, Oslo, Norway) 

and centrifuged at 804 x g for 20 minutes at 

RT, no brake. Interphase containing purified 

PBMC was transferred to a new tube and 

washed twice with PBS at 452 x g for 5 min-

utes. Cells were resuspended in PBS and cell 

count was performed. For staining 0.5 x 106 

cells were transferred to 1 well of a 96 well 

v-bottom plate.

Reagents
Table S3 shows the fluorochrome conjugate 

and clone identity of the antibodies that were 

used in the antibody panels. Immunofluo-

rescence reagents used to generate the 

panel master mixes were purchased from 

Beckman Coulter (Marseille, France), Becton 

Dickinson (San Jose, USA), eBioscience (Vien-

na, Austria) or BioLegend (San Diego, USA). 

All reagents were titrated and tested before 

they were used in the current study. 

Staining
All cells were surface stained in 25 µl of sur-

face staining master mix at RT for 20 min-

utes. Cells were washed twice by adding PBS 

+ 0.2% BSA and centrifuged at 250 x g for 

2.5 min. Buffer was removed by flicking the 

plates. Before acquisition, whole blood de-

rived cells were resuspended in 100 µl PBS 
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+ 0.2% BSA.

For intracellular staining, the surface stained 

PBMC were fixed and permeabilized us-

ing Fix/Perm solution (eBioscience, Vienna, 

Austria). After 30 minutes at 4oC protected 

from light, cells were washed and centrifuged 

at 250 x g for 2.5 min twice using permeabi-

lisation buffer (eBioscience, Vienna, Austria). 

Then, 25 µl of intracellular staining master 

mix was applied and the samples were incu-

bated for 30 minutes at 4oC protected from 

light. After a second washing step using per-

meabilisation buffer, cells were resuspended 

in 100 µl PBS + 0.2% BSA for data acquisition. 

Gating strategy
Each sample was analyzed by four 10-color 

antibody panels: 1. general, 2. T cell, 3. B cell 

and 4. intracellular T cell/Treg. Gating strat-

egy and example stainings are illustrated in 

Figure S6 and S7.

For every panel, the single cells within the 

leukocyte (CD45+) population were first gat-

ed and thereafter the major myeloid or lym-

phoid lineages identified. Single cells were 

identified by plotting the FS Time Of Flight 

(FS TOF) against FS. Given that single leuko-

cytes need a well defined period of time to 

pass the laser, this parameter can be used to 

identify single cells. The first 178 out of 516 

samples included did not include the TOF pa-

rameter. In these samples the leukocyte pop-

ulation was gated on the CD45+ leucocytes. 

In panel 1, granulocytes and lymphocytes 

were discriminated by forward scatter and 

side scatter, while monocytes were char-

acterized by CD14 expression. Within the 

lymphocytes, T cells (CD3+, CD56-), NK cells 

(CD3-, CD56+), CD3+ CD56+ T cells and B 

cells (CD19+, HLA-DR+) were characterized. 

Subpopulations within T cells, NK cells and 

monocytes were analyzed by CD4 and CD8, 

CD56 and CD16, and CD14 and CD16 expres-

sion, respectively. 

In panel 2, CD4+ regulatory T cells (Treg, 

CD4+, CD25+ CD127 low) and CD45RA/CD27 

and CD45RO/CD27 maturation stages of CD4 

and CD8 T cells were identified. 

Panel 3 aimed to define CD19+ B cell matura-

tion stages by the expression of IgM/IgD and/

or CD24/CD38 expression as proposed pre-

viously (Berkowska et al., 2011; Wehr et al., 

2008). B cell subsets were additionally iden-

tified by differential CD19/CD20 and IgD/CD5 

expression. Although it may identify redun-

dant B cell populations, we decided to use 

different multiple gating strategies to cover 

most of the B cell subpopulations that have 

been described. 

In panel 4, the major T cell populations (CD4, 

CD8 and Treg) were identified and subse-

quently analyzed for proliferation status by 

intracellular Ki67 expression. Treg (CD4+, 

CD25+ CD127low FOXP3+) were analyzed for 

expression of CD45RA and HLA-DR. Absolute 

cell counts in panel 4 (PBMC obtained after 

density gradient isolation) were calculated 

as described above taking into account the 

whole blood cell counts minus the granulo-

cyte number as determined in panel 1. Vari-

ability in the median fluorescence intensity 
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of the immune markers during the 1.5 year 

acquisition period was low (%CV of all mark-

ers ranges from 0.15–0.38, %CV for CD16 = 

0.53). In case of a limited number of speci-

mens the pre-defined gate setting was slight-

ly modified as biological variation sometimes 

seems to influence forward and side scatter 

(FSC and SSC, resp.). In a minor number of 

specimens biological variation led to altered 

expression of lineage markers (e.g. CD56/

CD3). In these cases, the marker settings 

were adjusted. We did not observe signifi-

cant batch effect association of age and sex 

when testing against the month of collection 

(data not shown). 

Flow cytometry measurements and data 
analysis
Data were acquired with a Navios Flow Cy-

tometer as described above. Each sample 

suspended in 100 µl was measured for 60 

seconds representing 75% of the sample vol-

ume. This prevented the intake of air leading 

to a nonspecific signal at the end of mea-

surement. For the flow cytometry analysis a 

manual gating strategy was conducted. Each 

analysis was verified by two independent 

specialists to prevent gating errors. Analysed 

data was stored batch wise per 20 samples 

each. The statistics were exported batch wise 

for further analysis.

Serum Immunoglobulin levels
Serum levels of IgG, IgM and IgA were de-

termined by immunonephelometry using a 

Beckman Coulter Immage (Beckman Coulter, 

Fullerton, CA, USA) and Beckman Coulter re-

agents. Measurements were standardized 

using certified European reference material 

470 (ERM®-DA470). Reference values for se-

rum Ig are: total IgG, 7.0-16 g/l; IgM, 0.4-2.3 

g/l; and IgA, 0.7-4.0 g/l. IgG subclass mea-

surements were performed in serum on a 

BNTM II immunonephelometer (Siemens 

Healthcare, Erlangen, Germany) using the 

Binding Site© (Birmingham, UK) Human IgG 

Subklass BN II Combi Kit. Values were stan-

dardized using the N protein standard SL 

(OQIM, Siemens Healthcare), which is based 

on the Sanquin (Amsterdam, Netherlands) 

nephelometric standard M1590. Reference 

values are: IgG1 4.9-11.4 g/l, IgG2 1.5-6.4 g/l, 

IgG3 0.2-1.1 g/l and IgG4 0.08-1.4 g/l. 

Serum hormone levels
Free Thyroxin (FT4 gen II) and TSH were anal-

ysed on a Modular E170 random access ana-

lyzer (Roche Diagnostics, Mannheim).

Vitamin D measurements
25-hydroxy vitamin D3 (25OH-vitamin D3) 

was analysed by liquid chromatography-tan-

dem mass spectrometry after protein pre-

cipitation and solid-phase extraction. In-

ternal standard [2H3] 25OH-vitamin D3 

(Bioconnect) was added to 100 µL serum. 

50 µL NaOH (2M) was added to release pro-

tein-bound 25OH-vitamin D3 and 500 µL 

Acetonitrile/Methanol (9:1) was subsequent-

ly added for protein precipitation. 700 µL 

H2O was added to 400 µL supernatant fol-

lowed by solid phase extraction (Oasis HLB 

1cc, Waters). Columns were conditioned 

with 1 mL methanol/isopropanol (95:5) and 
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subsequently washed with 1 mL H2O. After 

application of the sample, columns were 

washed with 1 mL H2O and 1 mL methanol/

H2O (60:40). The eluate (300 µL methanol/

isopropanol 95:5) was diluted with H2O (3:1) 

and injected (10 µL) into an Agilent Technol-

ogies 1290 Infinity VL ultra high performance 

liquid chromatography-system (Agilent Tech-

nologies, Santa Clara, CA) equipped with a 

BEH C18 (1.7μm 2.1 X 50mm) analytical col-

umn (Waters Corp.) at 45°C. Mobile phase A 

(methanol:water 20:80 + 2 mM NH4CH3COO 

+ 0.1% formic acid) and B (methanol:water 

98:2 + 2 mM NH4CH3COO + 0.1% formic 

acid) were run in a gradient (0.4 mL/min). 

The gradient program was as follows: Start 

gradient 30:70 A:B to 5:95 A:B in 3.5 min and 

return to 30:70 A:B in 0.5 min. Retention time 

was 2.73 min. Total run time was 4 minutes. 

An Agilent 6490 tandem mass spectrometer 

(Agilent Technologies) was operated in the 

electrospray positive ion mode with a capil-

lary voltage 3.5 kV, fragmentor voltage 380 

V, sheath gas temperature 350 °C and gas 

temperature 100 °C with N2 collision gas. 

Both 25OH-vitamin D3 and 25OH-vitamin 

D3 [-H2O] (in-source fragmentation) were 

used for quantification (results were aver-

aged) with both transitions (qualitative and 

quantitative) monitored. Transitions (Q1>Q3) 

were m/z 401.4 > 159.1 (27 kEV) and m/z 

401.4 > 107.1 (27 kEV) for 25OH-vitamin D3; 

m/z 404.4 > 109.1 (27 kEV) and m/z 404.4 > 

162.1(30 kEV) for [2H3] 25OH-vitamin D3; m/z 

383.4 > 107.1 (36 kEV) and m/z 383.4 > 257.2 

(16 kEV) for 25OH-vitamin D3 [-H2O]; m/z 

386.4 > 109.1 (27 kEV) and m/z 386.4 > 162.1 

(27 kEV) for [2H3] 25OH-vitamin D3 [-H2O]. 

Dwell time was 25 ms. An 8-point calibration 

curve was used, and the absolute concentra-

tion of the calibrator (Sigma-Aldrich) was as-

sessed by spectrophotometry (264 nm). The 

method was linear assessed by CLSI EP6 pro-

tocol. Recovery was between 90–109%. The 

within-run and between-run CV was 6.4% 

and 6.1% at 23 nmol/L and 5.1% and 5.5% at 

81 nmol/L, as assessed by adapted CLSI EP5 

protocol. LOQ was 7 nM (10% CV). 

Steroid hormone measurements
Cortisol, 11-deoxycortisol, 17-hydroxypro-

gesterone, testosterone and progester-

one were analysed by liquid chromatogra-

phy-tandem mass spectrometry after protein 

precipitation and solid-phase extraction. 

Internal standard [2D4] cortisol, [2D5] 11-de-

oxycortisol, [14C3] 17-hydroxyprogester-

one, [13C3]-testosterone (Isoscience, King of 

Prussia, PA) and [2H9]-progesterone (CDN 

isotopes) was added to 100 µL serum. Sub-

sequently, 300 µL Acetonitrile + 0.1% formic 

acid was added for protein precipitation. 300 

µL H2O was added to 200 µL supernatant fol-

lowed by solid phase extraction (Oasis HLB 

1cc, Waters). Columns were pre-equilibrated 

with 1 mL methanol:isopropanol (95:5) and 

subsequently washed with 1 mL H2O. After 

application of the sample, columns were 

washed with 1 mL H2O and 1 mL methanol/

H2O (30:70). The 300 µL eluate (methanol/

isopropanol 95:5) was dried under a stream 

of N2 gas, reconstituted in methanol:wa-

ter (30:70) and injected (10 µL) into an Agi-

lent Technologies 1290 Infinity VL ultra high 
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performance liquid chromatography-sys-

tem (Agilent Technologies, Santa Clara, CA) 

equipped with a BEH C18 (1.7μm 2.1 X 50 

mm) analytical column (Waters Corp.) at 

60°C. Mobile phase A (methanol:water 20:80 

+ 2 mM NH4CH3COO + 0.1% formic acid) and 

B (methanol:water 98:2 + 2 mM NH4CH3COO 

+ 0.1% formic acid) were run in a gradient 

(0.4 mL/min). The gradient program was as 

follows: Start gradient 70:30 A:B for 2.5 min; 

then to 40:60 A:B in 3.5 min; followed by a 

gradient in 0.5 min to 2:98 to remain such 

for 0.5 min; and thereafter to 70:30 A:B in 0.5 

min and remain such for 0.5 min. Retention 

time was 1.6 (cortisol), 2.8 (11-deoxycortisol), 

4.4 (testosterone), 4.9 (17-hydroxyprogester-

one) and 6.1 (progesterone) min with a total 

run time of 8 minutes. A 9-point calibration 

curve was used (cortisol, 11-deoxycortisol, 

testosterone, 17-hydroxyprogesterone (Ster-

aloids); progesterone (Sigma)). An Agilent 

6490 tandem mass spectrometer (Agilent 

Technologies) was operated in the electro-

spray positive ion mode, with a capillary volt-

age 3.5 kV, fragmentor voltage 380 V, sheath 

gas temperature 350°C and gas temperature 

150 °C with N2 collision gas. Two transitions 

(qualitative and quantitative) were moni-

tored. Transitions (Q1>Q3), collision energy 

and dwell time were m/z 363.4 > 97.1 (34 

kEV) and m/z 363.4> 121.1 (25 kEV) for cor-

tisol (100 ms); m/z 367.4 > 97.1 (34 kEV) and 

m/z 367.4 > 121.1 (25 kEV) for [2D4] cortisol; 

m/z 347.2 > 109.1 (31 kEV) and m/z 347.2 > 

97.1 (29 kEV) for 11-deoxycortisol (40 ms); 

m/z 352.3 > 113.1 (29 kEV) and m/z 352.3 > 

100.1 (31 kEV) for [2D5] 11-deoxycortisol. 

m/z 331.3 > 109.1 (31 kEV) and m/z 331.3 > 

97.1 (31 kEV) for 17-hydroxyprogesterone 

(60 ms); m/z 334.3 > 112.1 (29 kEV) and m/z 

334.3 > 100.1 (29 kEV) for [14C3] 17-hydroxy-

progesterone; m/z 289.2 > 109.1 (30 kEV) and 

m/z 289.2> 97.1 (30 kEV) for testosterone (50 

ms); m/z 292.3 > 112.1 (30 kEV) and m/z 292.3 

> 100.1(30 kEV) for [13C3]-testosterone; m/z 

315.3 > 109.1 (29 kEV) and m/z 315.3 > 97.1 

(29 kEV) for progesterone (100 ms); m/z 

324.3 > 113.1 (29 kEV) and m/z 324.3 > 100.1 

(29 kEV) for [2H9]-progesterone. The method 

was linear for all steroids assessed by CLSI 

EP6 protocol. Recovery was 103% (cortisol), 

97% (11deoxycortisol), 103% (17-hydroxy-

progesterone), 98.4-103% (testosterone) and 

99.8-102% (progesterone). 

Within-run and between-run CV was as-

sessed by adapted CLSI EP5 protocol. For 

cortisol within-run and between-run CV is 

3.0% and 4.0% at 303 nmol/L and 2.5% and 

3.4% at 1087 nmol/L. For 11-deoxycortisol, 

within-run and between-run CV is 4.8% and 

6.6% at 2.1 nmol/L and 4.1% and 5.9% at 

25.6 nmol/L. For 17-hydroxyprogesterone, 

within-run and between-run CV was 5.9% 

and 6.1% at 2.5 nmol/L and 4.9% and 5.1% at 

91 nmol/L. For testosterone, within-run and 

between-run CV was 4.1% and 6.0% at 0.9 

nmol/L and 3.3% and 5.3 at 19 nmol/L. For 

progesterone, within-run and between-run 

CV is 2.8% and 5.1% at 4.9 nmol/L and 3.4% 

and 6.1 at 28 nmol/L. LOQ was 0.10 nmol/L 

(10% CV), 0.10 nmol/ L (10% CV), 0.05 nmo-

l/L (15% CV) and 0.25 nmol/ L (15% CV) for 

11-deoxycortisol, 17-hydroxyprogesterone, 
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testosterone and progesterone, respectively.

Statistical analysis
To test for association of cell counts or Ig 

levels with age, we normalized the immune 

traits as described above, then corrected for 

the effects of gender and season using a lin-

ear model. Using Spearman correlation anal-

ysis, we ascertained the significance and di-

rection of the correlations. Significance was 

declared after controlling for multiple testing 

(FDR ≤ 0.05).

To test whether gender had any effect on 

the inter-individual variation of the immune 

traits, we used the cell counts normalized us-

ing an IRT and the log2 Igs levels, after cor-

recting for the effect of age and season using 

a linear model. A paired T-test between the 

gender-stratified samples was carried out. 

Significance was declared after correcting for 

multiple testing (FDR ≤ 0.05). 

To investigate the effect of season on the 

immune traits measured; we also made use 

of the IRT cell counts and log2 Igs levels. A 

cosinor model was fitted with the day of the 

year, in a one-year cycle period, using sex 

and age as covariates. The fitted model was 

compared with a reduced model without the 

season information and significance was as-

certained (multiple correction testing; FDR ≤ 

0.05) using a variance test between the full 

model (with season information) and the in-

complete model (Dopico et al., 2015). 
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SUMMARY 

As part of the Human Functional Genomics 

Project, that aims to understand the factors 

that determine the variability of immune 

responses, we investigated genetic variants 

affecting cytokine production in response 

to ex vivo stimulation in two independent 

cohorts of 500 and 200 healthy individuals. 

We demonstrate a strong impact of genetic 

heritability on cytokine production capacity 

after challenge with bacterial, fungal, viral, 

and non-microbial stimuli. In addition to 17 

novel genome-wide significant cytokine pro-

duction QTLs (cQTLs), our study provides a 

comprehensive picture of the genetic vari-

ants that influence six different cytokines in 

whole blood, blood mononuclear cells, and 

macrophages. Important biological path-

ways that contain cytokine QTLs map to pat-

tern recognition receptors (TLR1-6-10 clus-

ter), cytokine and complement inhibitors, 

and the kallikrein system. The cytokine QTLs 

show enrichment for monocyte-specific en-

hancers, are more often located in regions 

under positive selection, and are significantly 

enriched among SNPs associated with infec-

tions and immune-mediated diseases. 

Key words: cytokine QTL, cytokine herita-

bility, innate immune response, immunog-

enomics

INTRODUCTION 

The Human Functional Genomics Project 

(HFGP) is an initiative that aims to identify 

the factors responsible for the variability of 

immune responses in health and disease 

(www.humanfunctionalgenomics.org). With-

in HFGP, the 500-Human Functional Ge-

nomics (500FG) cohort focuses on gaining a 

broader understanding of the variability in 

human cytokine responses. In a first study 

reported in this issue of Cell we investigated 

the role of environmental and non-genetic 

host factors for cytokine responses(ter Horst 

et al., 2016). In the present study we investi-

gate the role of genetic variation for individ-

uals human cytokine responses, while a third 

complementary study assessed the impact 

of microbiome factors(Schirmer et al., 2016).

Many targeted candidate gene studies have 

demonstrated the impact of specific genet-

ic variants on immune responses, while a 

Cell 167, 1099–1110, November 3, 2016 ª 2016 Elsevier Inc. 1099
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recent study that assessed the genetics of 

lipopolysaccharide (LPS)-induced cytokine 

responses by dendritic cells identified sever-

al candidate genes (Lee et al., 2014). Further-

more, genome-wide genetic studies have 

found genetic variants that impact transcript 

abundance for immune genes (so-called 

eQTLs)(Kumar et al., 2014a; Fairfax et al., 

2014; Lee et al., 2014), while genome-wide 

association studies (GWAS) have identified 

hundreds of genetic variants predisposing 

to the susceptibility to immune-mediated 

diseases and/or their severity (Welter et al., 

2014). However, there have been no compre-

hensive genome-wide association studies to 

investigate variation in cytokine production 

in humans so far. As a proof-of-concept, we 

assessed the genetics of three monocyte-de-

rived cytokines (TNF-α, IL-1β, IL-6) after stim-

ulation with a few microbial stimuli: we iden-

tified four genome-wide loci that influence 

cytokine release (Li et al., 2016). This clearly 

demonstrated the importance of genetic 

variation for cytokine production in humans, 

and we decided to pursue a more compre-

hensive approach to reveal the most import-

ant genetic factors that influence cytokine 

responses.

Here we describe the stimulation of three 

different cellular systems (whole-blood, pe-

ripheral blood mononuclear cells (PBMC), 

and macrophages) with a broad panel of 

bacterial, fungal, viral, and non-microbial 

stimuli to induce cytokine production, which 

was analyzed with approximately 8.0 million 

genetic variants (SNPs). The discovery was 

performed in the 500FG cohort and valida-

tion in the 200FG cohort. We were able to 

validate 17 new genome-wide significant loci 

that represent cytokine quantitative trait loci 

(cQTLs) and we describe new pathways for 

the modulation of cytokine responses in hu-

mans.

Li et al., 2016, Cell 167, 1099–1110
November 3, 2016 ª 2016 Elsevier Inc.
http://dx.doi.org/10.1016/j.cell.2016.10.017
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Figure 1. Study overview. We collected blood samples from 500 healthy individuals in the 

500FG cohort and isolated their DNA. This was hybridized on the HumanCoreExome SNP 

Chip to provide genotype information on approximately 8 million SNPs. The blood was also 

used to perform a series of stimulation experiments with major human pathogens and to 

profile the cytokines released in the serum (see Methods). See also Figures S1 and S2.
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RESULTS

Overview of cytokine response architec-
ture
We assessed cytokine production capacity in 

the 500FG discovery cohort in three cellular 

systems: whole-blood stimulations, PBMC 

stimulations, and stimulation of mono-

cyte-derived macrophages. We used a com-

prehensive range of seven bacterial, three 

fungal, one viral, four Toll-like receptor (TLR) 

ligands, and two non-microbial metabolic 

stimuli to assess three monocyte-derived 

and three lymphocyte-derived cytokines (see 

Figure 1 for overview).

Significant increases in the levels of all cyto-

kines were observed in all stimulation sys-

tems compared to steady-state levels (see 

also the related manuscript by Schirmer et 

al for the main bacterial and fungal stimuli, 

as well as Figure S1 for a full description of 

all stimuli). Cytokines IL-6 and TNF-α from 

whole blood and PBMCs showed higher in-

ter-individual variation than production by 

macrophages (Figure S2), suggesting that 

the in vitro differentiation of macrophages 

is a process that partly overrides individual 

variation. In general, IL-6 showed a much 

stronger inter-individual variation than any 

other cytokines (p < 0.001), suggesting a 

much stronger impact of cell types and/or 

genetic variation on IL-6 production than 

other cytokines. These results were consis-

tent with those we obtained from the 200FG 

cohort (data not shown).

Unsupervised clustering of the cytokine 

responses showed a clear distinction be-

tween stimulations with bacteria, fungi, or 

viruses (Figure 2A). Correlations between 

the production of various cytokines were 

found mainly for stimulation with a cer-

tain microbe rather than between cytokine 

production induced by different microbes, 

which suggests that immune responses are 

organized to respond to a specific patho-

gen rather than through a specific immune 

pathway. The clustering also revealed a poor 

correlation between monocyte-derived- and 

T-helper-derived cytokine responses (Figure 
2A). This is surprising as the differentiation 

of naive T-cells into Th1- or Th17-effector 

lymphocytes is controlled by monocyte-de-

rived cytokines. However, this conclusion is 

also supported by our clustering analyses 

of whole-blood stimulations (Figure 2B). An 

exception to these patterns was the fungal 

Cryptococcus-induced cytokine responses, in 

which the distinction between monocyte-de-

rived- and T-cell-derived cytokines was weak. 

In addition, the Cryptococcus-induced cyto-

kines were more similar to cytokine respons-

es induced by influenza virus than to other 

fungi (Figure 2A).

To assess whether cell-based factors are 

the only factor determining variation in cy-

tokine responses, or whether plasma-de-

rived factors can qualitatively modulate the 

responses, we correlated specific responses 

in purified PBMC vs whole-blood stimula-
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Figure 2. The cytokine responses are organized around the physiological response towards 

specific pathogens. (A) The results from unsupervised hierarchical clustering of the cytokine 

responses in PBMCs induced by various pathogens and microbial ligands are shown. Cluster-

ing was performed using Spearman’s correlation as the measure of similarity. Red indicates a 

strong positive correlation, whereas blue indicates a strong negative correlation. Cluster 1 de-

picts the positive correlation between monocyte-induced cytokines (IL-6, IL-1β and TNF-α) on 

stimulation of PBMCs for 24 hours. Cluster 2 depicts the positive correlation among cytokines 

derived from T-helper cells (IL-17, IL-22 and IFN-γ) on stimulation of PBMCs for 7 days. Cluster 

3 depicts the strong correlation between influenza- and Cryptococcus-induced cytokines for 

both T-cell- and monocyte-derived cytokines. (B) The results from unsupervised hierarchical 

clustering of the cytokine responses in blood were compared with responses in PBMCs. The 

stimulation-cytokine pairs that were available for both cell-systems were chosen to perform 

unsupervised hierarchical clustering. Four different clusters indicate the pathogen-specific 

clustering of cytokines.
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tions (Figure 2B). Unsupervised clustering 

demonstrated stronger correlations of re-

sponses in the two stimulation systems, but 

we also found positive correlations between 

them (Figure 2B). These findings suggest 

that although intrinsic factors in the mono-

nuclear cells mainly determine the cytokine 

response, additional variation in cytokine 

production may also be induced by other 

whole-blood components, such as neutro-

phils or plasma factors.

Contribution of genetic variation to how 
cytokines respond to pathogens
We observed that cytokines show higher 

inter-individual variation upon stimulation 

(Figure S2). Since a difference in cell count 

proportions can be an important factor 

influencing the amount of cytokines pro-

duced, we tested whether cell count differ-

ences determine inter-individual variation 

in cytokine levels. For this, we obtained im-

mune cell count data measured by fluores-

cence-activated cell sorting (FACS) for total 

lymphocytes, T-cells, B-cells, monocytes and 

NK-cells from all 500FG individuals (see Agu-

irre-Gamboa et al., Cell Reports, in revision). 

We observed weak correlations between 

cell counts and cytokine levels (Figure S3A) 
suggesting a minor effect of cell-count differ-

ences on cytokine production capacity. We 

then estimated the proportion of cytokine 

variance explained by genome-wide SNPs for 

all cytokine measurements before and after 

correcting for age, gender and cell counts 

(Figure 3, Figure S3B and Table S1) using 

the GREML method (Yang et al., 2010).

In total, for around 70% of all the cytokine re-

sponses in PBMCs, the genetic influence was 

considerably larger than previously reported 

(>25% of explained variance) (Brodin et al., 

2015). We found similar results when we es-

timated heritability without correcting age, 

gender and cell counts (Table S1). In gener-

al, we found a higher explained variance for 

monocyte-derived cytokines from genetic 

factors (>50% of explained variance especial-

ly for IL-6 and IL1-β) than for T-cell-derived 

cytokines (Figure 3). Finding the strongest 

inter-individual variation in IL-6 levels upon 

stimulation, in addition to the highest heri-

tability for IL-6 levels, indicates there may 

be many genome-wide significant QTLs for 

IL-6 in the context of infectious pressure. In 

T-cell-derived cytokines, we found a higher 

explained variance for IL-17 from genetic fac-

tors. Although it may be expected that the cy-

tokine production capacity is affected by ge-

netic factors, we observed that the estimated 

explained variance due to genetic factors 

differed for the stimulation by the various 

microorganisms and for the individual cyto-

kines studied. This finding indicates there are 

genetic variations that may be strongly regu-

lating the cytokine production in response to 

certain pathogens. 

Identifying genome-wide genetic varia-
tions affecting cytokine production in re-
sponse to pathogens
To identify the most significant genetic loci 
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that determine cytokine levels upon stimula-

tion, we mapped cytokine production quan-

titative trait loci (cQTLs) using genome-wide 

SNP genotypes. After correcting for age, 

gender and cell counts, we identified 18 

genome-wide (p < 5×10-8) significant lead 

SNPs in 17 independent loci (Figures 4A 
and 4B). These include seven independent 

QTLs for IL-6, three independent QTLs for 

IL-1β, and three independent QTL for TNF-α 

levels (Table 1). Of the 17 loci, all but one 

were identified for cytokines measured af-

ter PBMC stimulations, while one locus on 

chromosome 19 came from the whole-blood 

stimulation system (Table 1). We identified 

cQTLs for both monocyte- and T-cell-derived 

cytokines upon bacterial and fungal stimu-

lations, whereas stimulation with purified 

TLR-ligands only yielded cQTLs for mono-

cyte-derived cytokines (Figure S3B). The va-

lidity of the 17 loci was further corroborated 

for the 12 cytokine-microbial stimulations 
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Figure 3. Proportion of the estimated cytokine variance explained by genetic factors. A sum-
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estimates in black. See also Figure S6 and Table S1.
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that were performed in the 200FG cohort. 

Of the cQTLs 9/12 (75%) were replicated (p < 

0.05) and, in all cases, the effects were in the 

same direction (Table S2). We could not rep-

licate five of the cQTLs, as these stimulus-cy-

tokine measurements were not tested in the 

200FG cohort. No genome-wide significant 

cQTLs were identified for the macrophage 

production of cytokines, which agrees with 

the conclusion that the process of in vitro 

differentiation erases many of the differenc-

es between individuals. This conclusion has 

important consequences as it suggests that 

in vitro differentiated cell systems (such as 

monocyte-derived macrophages or dendrit-

ic cells) may not be suitable for studying the 

genetics of cytokine responses. 

Prioritizing cQTL-affected genes indicates 
microbial-sensing and processing mole-
cules as putative causal genes
We used three approaches to identify the 

causal genes at the 17 significant cQTL loci. 

Firstly, we tested whether the cQTLs were 

strongly correlated with other SNPs that al-

ter the protein structure of any genes. Using 

HaploReg SNP annotation tool (Ward and 

Kellis, 2012), we extracted all SNPs in link-

age disequilibrium (LD) (R2 > 0.8; using CEU 

population as a reference) with the cQTLs. 

We found two loci that were in strong LD 

with missense variants (Table S3): SNPs 

rs28393318 and rs6834581 on chromosome 

4 were in strong LD (R2 = 0.97, D prime = 0.99) 

with a missense variant, rs4833095, on the 

TLR1 gene. SNP rs7256586 on chromosome 

19 was in strong LD with a missense vari-

ant rs198977 (R2 = 0.82, D prime = 0.92) on 

the KLK2 gene. These observations suggest 

that TLR1 and KLK2 could be causal genes at 

these cQTL loci. The other 15 cQTLs and their 

proxies are all located in non-coding regions 

of the genome, suggesting a possible regula-

tory function of cQTL loci.

As a second approach, we performed cis-

eQTL mapping using RNA sequencing data 

and genotype data from 629 healthy-do-

nor blood samples (LifeLines-Deep cohort) 

(Ricaño-Ponce et al., 2016; Tigchelaar et al., 

2015) as well as eQTL results obtained from 

publicly available datasets provided by Hap-

loReg (Ward and Kellis, 2012).

As a third approach, we hypothesized that 

the genes that are differentially regulated in 

response to different microbial stimuli are 

the potential causal genes at our cQTL loci. 

To test this, we extracted all the genes, in-

cluding the non-coding genes, located in a 

500 kb cis-window of the 17 cQTLs and test-

ed their expression in PBMCs stimulated with 

different microbial antigens (Figure S3C). By 

combining these three approaches, we iden-

tified 21 putative causal genes in 12 of the 

loci (Table 1). In the remaining five loci, the 

gene nearest to the cQTL SNP is shown. In-

triguingly, the genes we identified by these 

three approaches were all regulatory genes 

modulating cytokine production, rather than 

eQTLs directly modulating the transcription 

of cytokine genes and the production of cyto-
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Figure 4. Genome-wide significant cytokine QTLs and their shared association. (A) A circular 

Manhattan plot showing the 17 independent genome-wide significant loci associated with 

different cytokine levels. The cytokine name, type of stimuli, and the top SNP rs ID is giv-

en. Loci that affect fungal-induced cytokines are shown in pink; loci that affect bacterial-in-

duced cytokines are in blue; loci that affect TLR-ligand-induced cytokines are in green. (B) 
The association results of all 17 genome-wide significant cQTLs with all the available cytokine 

measurements are shown. The color legend indicates the range of cQTL p values (shown as 

–log10p value) ranging from p < 0.01 to p < 5×10-23. Red indicates the minor allele associated 

with higher levels of cytokines, while blue indicates the minor allele associated with lower 
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Table 1. Genome-Wide Significant Cytokine QTL Loci 
aCytokine QTL p values are derived after correcting for age, gender and cell count levels. 

bCytokine QTL SNP is in linkage disequilibrium with a missense variant within that gene. cEx-

pression QTL results in blood show correlation between cytokine QTL SNP and the expres-

sion of that gene. dThe gene is differentially expressed in response to microbial stimulation 

in PBMCs. eThe closest gene to the cytokine QTL is shown.

levels of cytokines. The x-axis shows all 17 genome-wide significant loci and the y-axis shows 

the cytokine-stimuli pairs. See also Figure S3 and Table S2-3.
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kines themselves. The identified genes were 

mainly involved in microbial sensing (TLR1, 

TLR6, TLR10, CSMD1, CD63, CR2 and CD55), 

processing molecules (SLC36A4, SLC37A2), 

endoplasmic reticulum organization, and cy-

tokine signaling (IL1F10, IL1RN, STAM2). 

TLR1-TLR6-TLR10 locus is associated with 
cytokine production capacity for diverse 
stimulations
The strongest association among the 17 

cQTL loci was at the TLR1-TLR6-TLR10 locus 

(Figures 5A and 5B) on chromosome 4, influ-

encing Poly-IC induced IL-6 (p = 3.93×10-25) 

and IL-1β levels (p = 2.47×10-10) in PBMCs. 

This locus also showed significant associ-

ation with Coxiella burnetii-induced IL-1β 

(p = 4.62×10-13) and TNF-α (p = 7.59×10-8) 

levels, and moderate association with 20 

different cytokine levels (FDR corrected p < 

0.05) in response to multiple other microbi-

al stimulations (Figure 4B). This locus was 

also found to be under strong evolutionary 

selection (see below). Since we also had full 

transcriptomics data obtained by RNA-seq 

on PBMCs from 70 healthy individuals in the 

Lifelines-Deep cohort (Tigchelaar et al., 2015) 

stimulated with Candida albicans, we were 

able to construct co-expression networks 

for the various alleles of the TLR1-TLR6-

TLR10 locus. Our pathway analysis showed 

an interesting differential induction of genes 

that are important for cytokine regulation 

and dependent on the cytokine-inducing al-

lele (rs6834581*C) or the alternative allele 

(rs6834581*T) (Figure S4). Many of these dif-

ferentially regulated genes have been shown 

to be important for cytokine regulation, for 

example, TREML4 encodes for a protein cru-

cial for TLR7 signaling and antiviral defense 

(Ramirez-Ortiz et al., 2015), and SCGB3A1 

encodes for the cytokine-like secretoglobin 

family 3A member 1 (or HIN-1), which plays 

an important role in lung inflammation (Ya-

mada et al., 2009).

IL1F10-IL1RN locus is a shared QTL for 
Cryptococcus- and influenza-induced cy-
tokines
We found a significant cQTL for TNF-α levels 

in response to Cryptococcus (Figures 5C and 

5D) on chromosome 2 (P = 4.22×10-9). The 

same SNP (rs4496335) also has an effect on 

the expression of genes in the IL-1F10-IL1RN 

locus that encodes the IL-1 receptor antag-

onist. This locus also showed moderate as-

sociation with IL-6 (3.38×10-6) and IL-1β lev-

els (5.51×10-6) in response to Cryptococcus. 

IL-1Ra is a known natural antagonist of the 

IL-1 receptor pathway, but it was not known 

whether this also influences Cryptococ-

cus-induced cytokine production. In order to 

validate this finding, we performed a series 

of experiments in which we show that pre-in-

cubation of PBMCs with IL-1Ra significantly 

inhibits the induction of cytokines by Cryp-

tococcus (Figure S5A). This is the only locus 

in our 17 cQTL loci that was also moderately 

associated with influenza-induced TNF-α, IL-

1β and IL-6 levels (Figure 4A). Unsupervised 

clustering analysis of cytokines (Figure 2A) 
showed much stronger similarities between 



91

A Functional Genomics Approach to Understand Variation in Cytokine Production in Humans

A! B!

0

5

10

15

20

25

lo
g 1

0(
p−
va
lu
e)

0

20

40

60

80

100

R
ecom

bination rate (cM
/M

b)

● ●

●

●
●
●●
●●
●
●●●
●
●●●●●

●●

●●
●●
●
●●

●

●●

●

●●

●

●
●
●●
●
●●

●●

●●●

●

●
●●●●

●●

●
●●●●●

●

●

●

●●

●●

●●●●

●

●●●

●

●●●●●●

●
●●●●●

●

●●●●●

●

●●●

●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●
●
●
●●●●
●●●
●
●●●
●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●

●●

●●
●

●●●●

●

●●●●
●●●
●

●

●●
●●
●
●
●

●
●●
●●
●

●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●

●

●●●●●●●●●●●●

●

●
●
●
●
●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●
●●●●●●●●●●●●●●
●●
●●●●●●●●●●●●●●●●●●●●●●●●

●
●●●●●●●●●●●●●●●●●●●
●
●●

●

●●

●

●●●
●●
●●●

●

●

●

●

●
●
●●

●●●●●●●

●

●

●

●
●

●

●

●

●●●●

●

●

●

●●●

●●●●

●

●●●

●
●
●
●●●●●●●●●●●●●●●●●●
●

●

●●●●●●

●

●●●●●●●●●●●●●●●

●●
●●●

●

●
●
●

●●
●●●●●●

●

●

●●●●●●●●●●●●●

●

●

●●●●●●

●

●●●●●●●●

●

●

●

●●●●●●●●●
●●●●●

●●

●●
●●●●●●
●●
●●●
●●
●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●

●

●●

●●

●●

●●●●●●●●●
●●●

●

●●●●●●●●●●●●●

●●

●

●

●

●●

●

●

●

●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●
●●
●●

●

●●●

●

●

●

●

●
●
●●●●●●●●●●●●●●●●●●●
●
●
●●
●●●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●
●
●●●●
●●
●
●
●
●●●
●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●
●●●

●

●●
●
●

●●

●●

●

●

●

●●●

●
●
●●

●

●

●
●

●

●

●

●

●

●

●●

●
●●

● ●●●●●●●●●
●●
●
●●●●●●●●● ● ●

●●

●●●

●

●●●●
●●

●●●

●
●

●

●●●●●●●●●●●●●●

●

●●●

●

●●●●●●

●

●●●

●

●

●
●

●

●

●

●●●

●
●●
●●●

●
●

●●●
●
●●●●●●●●
●
●

●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●
●●●●●●●

●●●●●●
●●
●
●
●
●●●●●●● ●●●●

●●●●

●

●●

●

●●●●●●●●●●

●

●

●
●

●●
rs6834581

0.2
0.4
0.6
0.8

r2

LINC01258 KLF3−AS1

KLF3

TLR10

TLR1

TLR6

FAM114A1

MIR574

TMEM156

KLHL5

MIR1273H

WDR19

Position on Chr4 (Mb)!

-lo
g 1

0(P
-v

al
ue

)!

Ag
e 

an
d 

ge
nd

er
 c

or
re

ct
ed

 IL
-6

 le
ve

ls
!

Genotype at rs6834581!

Position on Chr2 (Mb)!

-lo
g 1

0(P
-v

al
ue

)!

Ag
e 

an
d 

ge
nd

er
 c

or
re

ct
ed

 T
N

F-
α 

le
ve

ls
"

Genotype at rs4496335"

C! D!

Figure 5. Regional association plots and boxplots for cytokine QTLs. Regional association 

plots at (A) the TLR10-TLR1-TLR6 locus associated with poly:IC-induced IL-6 levels, and (C) the 

IL1F10-IL1RN locus associated with Cryptococcus-induced TNF-α levels. The corresponding 

p-values (as –log10 values) of all SNPs in the region were plotted against their chromosomal 

position. Estimated recombination rates are shown in blue to reflect the local LD structure 

(based on the CEU population) around the associated top SNP and its correlated proxies (with 

bright red indicating highly correlated, and pale red indicating weakly correlated). Boxplots 

(B) and (C) show the genotype-stratified cytokine levels for the TLR and IL1RN loci, respec-

tively. See also Figure S4-5.
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influenza- and Cryptococcus-induced re-

sponses than between Cryptococcus and 

other fungi-induced responses, suggesting 

that these two pathogens activate similar in-

flammatory pathways. This association war-

rants further study.

CSMD1 and SLC36A4 loci specifically regu-
late T-cell-derived cytokines
We quantified three T-cell-derived cytokines 

(IL-22, IL-17 and IFN-γ) after stimulating 

PBMCs for 7 days with various stimuli. We 

found three genome-wide significant loci for 

IFN-γ and two for IL-22 levels (Table 1). The 

strongest association in these five loci was 

at SLC36A4 locus on chromosome 11 (Fig-
ures S5B-C) with Staphylococcus aureus-in-

duced IL-22 levels (p = 2.42×10-9). SLC36A4 

encodes for an amino acid transporter with 

a high affinity for glutamine, tryptophan and 

proline (Pillai and Meredith, 2011). Amino 

acid metabolism (especially tryptophan and 

glutamine) has been reported to modu-

late cytokine production (Bosco et al., 2000; 

Coëffier et al., 2001; Harden et al., 2015). 

We validated this pathway in our study by 

showing that blocking glutaminolysis with 

BPTES (bis-2-(5-phenylacetamido-1,3,4-thia-

diazol-2-yl)ethyl sulfide) significantly inhibits 

S. aureus-induced IL-22 production (Figure 
S5D). The other cQTL for C. albicans-induced 

IL-22 levels was found on chromosome 8 (p 

= 2.42×10-9) on the CSMD1 gene. CSMD1 

encodes a protein which functions as a com-

plement inhibitor (Escudero-Esparza et al., 

2013) and recent studies have shown that 

IL-22 and the complement pathway influ-

ence each other and synergize during host 

defense against pathogens (Yamamoto and 

Kemper, 2014). The importance of the com-

plement pathway for modulating cytokine 

production is underscored by the presence 

of CR2 and CD55 among the genes whose ge-

netic variation regulates cytokine production 

(Table 1).

Finally, we tested whether the five indepen-

dent T-cell cytokine QTLs were also associat-

ed with other cytokines. Although they were 

moderately associated with cytokines pro-

duced in response to other types of stimuli 

(e.g. Mycobacterium tuberculosis, Cryptococ-

cus, see Table 1), CSMD1 and SLC36A4 loci 

were specifically associated with IL-22 and 

IFN-γ production capacity. 

KLK2-KLK4 locus is significantly associat-
ed with IL-6 levels in whole blood stimu-
lation
We quantified IL-6, IL-1β, TNF-α and IFN-γ af-

ter stimulating whole blood for 48 h with var-

ious stimuli. We identified one locus on chro-

mosome 19 as significantly associated (p = 

8.50×10-9) with C. albicans-induced IL-6 lev-

els. This locus encodes for kallicrein-related 

peptidases 2 and 4 (KLK2 and KLK4); the latter 

has been described as inducing IL-6 produc-

tion through activation of protease-activated 

receptor 1(PAR-1), a well-known immune-ac-

tivated receptor (Wang et al., 2010). This lo-

cus is also moderately associated with both 

monocyte- and T-cell-derived cytokines in 
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response to multiple microbial stimulations 

(Figure 4A).

cQTLs are enriched for regions under pos-
itive selection and monocyte-specific en-
hancers, and are associated with complex 
human diseases
Some of the cQTL loci were common to sev-

eral stimuli, but many were stimulus-specific 

(Figure 4B). This finding supports the conclu-

sion that the cytokine response is evolution-

arily built around the response to specific 

pathogens, a process most likely shaped by 

the selective evolutionary processes exert-

ed by local infections in certain geographi-

cal locations. This is also supported by our 

observation that the cQTL genes are under 

strong selective pressure. We intersected 

our 17 cQTLs with the regions in the human 

genome catalogued as ‘loci under positive 

selection’ in 230 ancient Eurasian genomes 

(Mathieson et al., 2015). Our cQTLs were 

significantly enriched (Kolmogorov-Smirnov 

test, P value < 0.01) for ‘genes under positive 

selection’ in the Eurasian genomes (Figure 
6A), including the well-known TLR1-TLR6-

TLR10 and LCT loci.

The fact that the majority of the cQTL loci 

were in linkage disequilibrium with SNPs in 

non-coding regions means they could have 

regulatory functions. We therefore intersect-

ed these 17 top cQTLs and their proxies (r2 ≤ 

0.8) with the ENCODE-defined cell-type-spe-

cific enhancers. This showed a significant 

enrichment of these cQTLs in monocyte-spe-

cific enhancers (Figure 6B), suggesting that 

many of the cQTLs influence gene expres-

sion in monocytes and thereby alter cytokine 

production. We also tested whether the 17 

cQTLs are associated with human diseases. 

We intersected the cQTLs with GWAS-SNPs 

known to influence susceptibility to various 

immune-mediated diseases. Interestingly, 

SNPs that affect monocyte-derived cytokines 

are also enriched for SNPs associated to in-

fectious diseases (Figure 6C). In contrast, 

cQTLs that affect T-cell-derived cytokines are 

enriched for SNPs associated with autoim-

mune diseases (Figure 6D). In addition, we 

identified a trend for association of cQTLs 

with SNPs associated with other complex 

human phenotypes, such as blood-related 

traits and cancer (Figure 6E). These results 

suggest that proinflammatory cytokines 

have an important role as underlying media-

tors in many complex human diseases. 
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Figure 6. Cytokine QTLs are enriched for human diseases. (A) A Q-Q plot showing the enrich-

ment of cytokine QTLs is under positive selection. The cytokine QTLs were intersected with 

loci under positive selection and tested for their inflation compared to a randomly selected 

set of SNPs. (B) Impact of genome-wide significant cytokine QTLs on human diseases. All 

17 cQTL loci and their proxies (R2 > 0.8) were intersected with cell-type-specific enhancers 

from the ENCODE project. The x-axis depicts the –log10 binomial uncorrected p-values; the 

y-axis shows the different cell types. The dotted gray line indicates the significance thresh-

old after Bonferroni correction for the number of cell types tested. Different colors indicate 

the two sets of background SNPs included for testing enrichment of cQTLs located in any 

cell-type-specific enhancers. The percentages of SNPs associated with (C) infectious disease, 
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and (D) immune-mediated diseases that affect either monocyte-derived or T-cell-derived cy-

tokines levels are shown. (E) The percentage of disease-associated SNPs showing suggestive 

cytokine QTLs. GWAS SNPs and their proxies from each disease were compared to SNPs as-

sociated with “height”, a trait serving as a reference (null) set. P-values of enrichment analysis 

from Fisher exact tests are shown by red asterisks (** p < 10-4; * p < 0.05).
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DISCUSSION

In three complementary studies in this issue 

of Cell, we report on the impact of genetic 

(this study), environmental (ter Horst et al., 

2016) and microbiome (Schirmer et al., 2016) 

factors on the cytokine production capacity 

in a large cohort of healthy individuals of 

Western European background. The present 

study is broad both at the genomic level (8 

million SNPs), as well as at a functional lev-

el: we assessed three types of cellular stim-

ulations models (whole-blood, PBMCs, and 

monocyte-derived macrophages) challenged 

with a comprehensive panel of bacterial, fun-

gal, viral and non-microbial metabolic stimu-

li. The data presented here supports the hy-

pothesis that genetic variation is one of the 

main factors influencing cytokine responses, 

with variation of several cytokines, especially 

the IL-1β/IL-6 pathway, being mainly regulat-

ed by genetic factors (Figure S6). In line with 

this, we identify 17 new genome-wide signif-

icant loci that influence cytokine production 

and we provide genetic and functional vali-

dation for their biological importance. 

The conclusion that there is a high genetic 

heritability of cytokine production capacity in 

the context of microbial stimulation is sup-

ported by a recent study showing a strong 

genetic component in the regulation of mul-

tiple immune traits in twins (Roederer et al., 

2015). The genes we identify as cytokine reg-

ulators can be grouped into two processes: 

(a) innate immune genes such as the pattern 

recognition receptors (e.g the TLR1/6/10 

cluster), and complement modulators; and 

(b) genes important for antigen processing in 

the endoplasmic reticulum. Among this last 

groups of genes, one of them (SLC36A4) is 

also an amino acid transporter, in particular 

for tryptophan, proline and glutamine (Pillai 

and Meredith, 2011), and we have here val-

idated the role of glutamine metabolism in 

the induction of IL-22 responses. 

The identification of cell-type-dependent 

cQTLs and their potential relevance for infec-

tious and autoimmune diseases in humans 

is of considerable interest. Our results imply 

that monocyte-derived cQTLs are associated 

to a susceptibility to infections, while T-cell-de-

rived cQTLs overlap with loci associated to 

autoimmune diseases. This result has im-

portant implications as it provides a model to 

gain insight into the mechanistic basis of dis-

ease associations in a cell-type-specific man-

ner. This important finding is underpinned 

by another HFGP study by Aguirre-Gamboa 

et al, which describes cell-count QTLs that 

influence lymphocyte numbers being associ-

ated with susceptibility to autoimmune dis-

eases (Aguirre-Gamboa et al, Cell Reports, 

in revision). We were also able to further 

dissect the impact of the various cQTLs for 

different pathologies, and have, for example, 

gained important new insight into the prefer-

ential impact of monocyte-derived cQTLs for 

blood-related (hematological) diseases, while 

these are seen to be less strongly involved in 

autoimmune diseases or cancer.
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We also extracted additional important bi-

ological properties characterizing cytokine 

responses. Firstly, we observed a surpris-

ingly small impact of cell numbers on cyto-

kine production capacity, even in the case 

of whole blood stimulation, with only a few 

exceptions showing a moderate impact. This 

conclusion is supported by the results of a 

previous study published by our group(Li et 

al., 2016) and demonstrates that the most 

important impact on cytokine secretion is 

determined by the intrinsic cellular charac-

teristics. Secondly, we identified an import-

ant pattern in the architecture of cytokine 

responses: the production capacity of var-

ious monocyte-derived or lymphocyte-de-

rived cytokines correlated strongly when 

cells were stimulated with a specific patho-

gen, whereas the correlation was poor when 

comparing bacterial stimuli with fungal and 

viral stimuli. This makes sense from an evo-

lutionary point of view, as immune respons-

es mainly need to have plasticity to respond 

to specific infectious pressures in any given 

geographic area (Netea et al., 2012) This 

conclusion is supported by the enrichment 

of cQTL genes among the genes recently 

reported to be under selection in Eurasian 

populations (Mathieson et al., 2015). Finally, 

nearly all the cQTLs described here are trans-

QTLs and they were significantly enriched in 

monocyte-specific enhancers. This suggests 

that many cQTLs influence the expression of 

target genes in monocytes to alter cytokine 

production indirectly. 

There are also a number of limitations to the 

present study. It is possible that we may have 

underestimated the heritability of cytokine 

responses by performing a SNP-based analy-

sis. To address this aspect, it will be interest-

ing in the future to assess the heritability of 

cytokine responses using longitudinal data, 

as this will allow us to take other factors (such 

as seasonal variation) into account. More-

over, future twin-based studies could take 

the stimulation aspect into account when 

performing the heritability estimation of im-

mune parameters. In addition, although this 

is the most comprehensive study on cytokine 

production in humans so far, the number of 

cytokines measured is still relatively limited. 

We have chosen to study the most import-

ant proinflammatory cytokines produced by 

monocytes, Th1 and Th17 cells: however, fu-

ture studies should also include other class-

es of cytokines, such as anti-inflammatory 

cytokines, interferons or chemokines. 

In conclusion, we present a comprehensive 

analysis of how genetic variation affects cy-

tokine production capacity in humans. Our 

study should be considered in the broader 

framework of the Human Functional Genom-

ics Project, in which environmental, non-ge-

netic host factors and the microbiome have 

also been shown to influence immune re-

sponses (see accompanying studies by ter 

Horst et al and Schirmer et al in this issue). 

In a first study we show that age is an im-

portant factor, with a specific defect of IFNγ 

and IL-22 production in the elderly (ter Horst 
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et al., 2016): future studies in a population 

of elderly individuals should assess whether 

the genetic factors identified here also play 

a role in this process. Similarly, gender and 

seasonality also influence immune respons-

es. In addition, the accompanying study by 

Schirmer et al demonstrates the impact of 

microbiome variability on cytokine respons-

es. Although it is important to note that the 

microbiome has an important role, it does 

seem to have a smaller impact on cytokine 

production than host genetic factors: while 

we observe here a 25% to 75% genetic heri-

tability for most of the cytokines mentioned, 

the microbiome variation explains up to 10% 

of the cytokine production capacity (Schirm-

er et al., 2016).

However, the genomic variation may act ei-

ther directly, or indirectly through impacting 

on other factors, e.g. the microbiome. In this 

respect, recent studies have reported host 

genetic factors that influence the microbi-

ome (Bonder et al., 2016; Davenport et al., 

2015; Goodrich et al., 2016; Knights et al., 

2014): future studies in the Human Func-

tional Genomics Project plan to integrate 

the complex patient-related and omics data-

bases into comprehensive models to explain 

cytokine production and other complex im-

mune traits. These complementary studies 

will be important in understanding the in-

fluences on human cytokine responses and 

their variation, and can be used to pinpoint 

factors that can be modified and targeted for 

the personalized treatment of immune-me-

diated diseases. Finally, the HFGP in general, 

and these three studies reported in this issue 

of Cell in particular, offer an important meth-

odology beyond the analyses of cytokine re-

sponses, because they provide a framework 

for future functional genomics studies look-

ing to assess immune and non-immune bio-

logical processes.
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Supplemental Figures
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Figure S1. Increased Levels of Cytokines upon Stimulation, Related to Figure 1. The box 

plots of 6 different cytokines in 500 individuals upon stimulation. The y-axis depicts the log2 

transformed cytokine levels. The x-axis shows different stimulations used to induce cytokine 

production in different tissues. The color legend indicates the different tissue systems used 

for stimulation.
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Figure S2. Increased Inter-individual Variation upon Stimulation, Related to Figure 1. 
Box plots of cytokine levels (x axis) induced upon stimulation (y axis) in 500 individuals sorted 

based on the median values. The color legend shows the different tissues used for stimula-

tion.

Figure S2! Log(2) cytokine levels!
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Figure S3. Genome-wide Significant Cytokine QTLs, Related to Figure. (A) Correlation 

between PBMC-derived cytokines and cell counts. (B) Summary of all genome-wide signif-

icant cytokine QTLs. (C) Prioritized causal genes by differential expression analysis for ge-

nome-wide significant cytokine QTLs.
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Figure S4. TLR1-6-10 Locus Genotype Stratified Gene Regulation upon Candida Stimula-
tion, Related to Figure 5

A!

B! C!

D!
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Figure S5. Cytokine QTLs for TNF and IL22 Production, Related to Figure 5. (A) Validation 

of Cryptococcus induced cytokine TNF production. (B) Regional plot of the association of 

SLC36A4 locus with S. aureus induced IL-22 levels in PBMCs. (C) Boxplot of S. aureus induced 

IL-22 levels in PBMCs at SLC36A4 locus. (D) Validation of S. aureus induced cytokine IL22 

production
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Figure S6. Proportion of Explained Variance of Cytokine Levels by Genetics, Across 
All the Measurements, Related to Figure 3. A summary of all the estimates of cytokine 

variance explained by genome-wide SNP data after age, gender, and cell-count correction is 

shown. The estimates <25% are shown in gray, and the estimates >50% are shown in black.
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Figure S7. Multidimensional Scale Analysis of Genotype Data from 500FG Cohort, Relat-
ed to Figures 3 and S6 and STAR Methods. Genome-wide SNP data was used to perform 

multidimensional scaling analysis across different populations, including 500FG cohort (co-

horts are indicated in different colors). The x axis and y axis indicate the first two principal 

components differentiating different population cohorts. We analyzed 500FG cohort to map 

cytokine production QTLs in this study.

Figure S7!
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CONTACT FOR REAGENT AND RESOURCE 
SHARING

Request should be directed and will be ful-

filled by lead author Y.L. (y.li01@umcg.nl). 

EXPERIMENTAL MODEL AND SUBJECT DE-
TAILS

Ethics statement
The HFGP study was approved by the Ethical 

Committee of Radboud University Nijmegen, 

the Netherlands (no. 42561.091.12). Experi-

ments were conducted according to the prin-

ciples expressed in the Declaration of Hel-

sinki. Samples of venous blood were drawn 

after informed consent was obtained.

Population cohorts
The study was performed in two independent 

cohorts of ~500 and ~200 healthy individu-

als of Western European ancestry from the 

Human Functional Genomics Project (500FG 

and 200FG cohorts, see www.humanfunc-

tionalgenomics.org). The 500FG cohort com-

prises 534 adults from Nijmegen, the Nether-

lands (237 males and 296 females, age range 

18–75 years). The 200FG cohort comprises 

Individuals from the ‘Geldersch Landschap’, 

‘Hoge Veluwe’, ‘Twickel’, and ‘Kroondomein 

het Loo’ in the Netherlands (77% males and 

23% females, age range 23-73 years old).

Stimuli
Bacteria. Bacteroides fragilis (NCTC 10584) 

grown anaerobically overnight at 37°C on 

blood agar plates (BD Biosciences, Frank-

lin Lakes, NJ, USA) was inoculated in 20 mL 

pre-warmed and pre-reduced Brain Heart 

Infusion broth (BD Diagnostics, Basel, Swit-

zerland) and again grown anaerobically 

overnight at 37°C until reaching a stationary 

growth phase mimicking growth conditions 

in abscesses. Bacterial suspensions were 

washed three times in phosphate-buffered 

saline (PBS; B. Braun Medical B.V., Melsun-

gen, Germany) and heat-killed at 95°C for 

30 min. Before heat-killing, aliquots of bac-

terial suspensions were taken to determine 

colony-forming unit (CFU) counts. Heat-killed 

bacteria were washed again and after adjust-

ing the concentration in PBS to 1×108 CFU/

mL, stored at –80°C. B. fragilis was used in 

the stimulation experiments as 1×106/mL.

E. coli ATCC 25922 was grown over-

night in culture medium, washed three times 

with PBS, and heat-killed for 60 min at 80°C. 

Staphylococcus aureus strain ATCC 29213 

was grown overnight in culture medium, 

washed twice with cold PBS, and heat-killed 

for 30 min at 100°C; both E. coli and S. au-

reus were used in a final concentration of 

1×106/mL. Success of heat-inactivation was 

confirmed by cultures.

LPS (E. coli serotype 055:B5), a TLR4 ligand, 

was purchased from Sigma-Aldrich (St. Lou-

is, MO, USA) and an extra purification step 

was performed as described previously 

(Hirschfeld et al., 2000). Purified LPS was 

tested in TLR4−/− mice for the presence of 
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contaminants and did not show any TLR4-in-

dependent activity. CpG (ODN M362) was 

purchased from InvivoGen (San Diego, CA, 

USA) and used at a final concentration of 10 

μg/mL.

Cultures of H37Rv Mycobacterium tubercu-

losis (MTB) were grown to mid-log phase in 

Middlebrook 7H9 liquid medium (Difco, Bec-

ton-Dickinson, East-Rutherford, NJ, USA) sup-

plemented with oleic acid/albumin/dextrose/

catalase (OADC) (BBL, Becton-Dickinson), 

washed three times in sterile saline solution, 

heat-killed and then disrupted using a bead 

beater, after which the concentration was 

measured using a bicinchoninic acid (BCA) 

assay (Pierce, Thermo Scientific, Rockville, 

MD, USA).

C. burnetii Nine Mile RSA493 (NM) 

phase I (a gift from the Bundeswehr Insti-

tute for Microbiology, Munich, Germany) was 

cultured on buffalo green monkey cells, and 

the numbers of Coxiella DNA copies were 

determined using TaqMan real-time poly-

merase chain reaction as described (Roest 

et al., 2012). Lipopolysaccharide (LPS) phase 

determination was performed by sodium do-

decyl sulfate polyacrylamide gel electropho-

resis and silver staining, using purified phase 

I (RSA493) and phase II (RSA439) C. burnetii 

NM LPS (kindly provided by R. Toman) as con-

trols (Hitchcock and Brown, 1983; Schramek 

and Galanos, 1981). C. burnetii was inactivat-

ed by heating for 30 mins at 99°C.

B. burgdorferi, ATCC strain 35210, was 

cultured at 33°C in Barbour-Stoenner-Kel-

ley (BSK)-H medium (Sigma-Aldrich) supple-

mented with 6% rabbit serum. Spirochetes 

were grown to late-logarithmic phase and 

examined for motility by dark-field micros-

copy. Organisms were counted using a Pet-

roff-Hauser counting chamber. Bacteria were 

harvested by centrifugation of the culture at 

3000 g for 30 mins, washed twice with ster-

ile PBS (pH 7.4), and diluted in the specified 

medium to the required concentrations of 

1×106 spirochetes per mL. The serum-resis-

tant Salmonella typhimurium strain (phage 

type 510) was grown at 37°C for 12 h in nu-

trient broth (BHI Oxoid, Nepean, Canada). 

Bacteria were collected and centrifuged and 

then washed three times in PBS. Aliquots 

were stored at –20°C throughout the study.

Fungi. Heat-killed C. albicans blastoconidia 

(strain ATCC MYA-3573, UC 820) in a concen-

tration of 106 CFU/mL were used throughout 

this study. A clinical isolate of Aspergillus fu-

migatus V05-27 was used for stimulations. 

Isolates were grown on YAG agar plates for 

3 days at 37°C. Fungal spores in the pres-

ence of sterile 0.1% Tween 20 in PBS were 

harvested by gentle shaking, washed twice 

with PBS, filtered through a 40-mm pore 

size cell strainer (Falcon, Vienna, VA, USA) to 

separate conidia from contaminating myce-

lium. They were then counted by a hemacy-

tometer, suspended at a concentration of 

108 spores/mL and heat-killed. A final con-

centration of 1×107/mL was used in the ex-

periments. A clinical isolate of Cryptococcus 

gattii (A1M-R265, AFLP type 6) was freshly 
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grown on Sabouraud dextrose agar plates. 

Afterwards a suspension in PBS was heat-

killed at 56°C for 24 h and then quantified 

at a wavelength of 530 nm on a spectropho-

tometer. Killing efficiency as well as bacterial 

and fungal contamination was checked using 

Sabouraud dextrose and blood agar plates, 

respectively. Aliquots were stored at –20°C 

throughout the study.

Influenza virus culture and inactivation. 

Influenza virus strain pH1N1 A/Nether-

lands/602/09 (kindly provided by Prof. Ron 

Fouchier, Erasmus MC, Rotterdam, the Neth-

erlands) was grown in the allantoic fluid of 

embryonated chicken eggs. Viral titers were 

determined by three independent plaque 

assays performed on Madin-Darby canine 

kidney (MDCK) cells. To inactivate the pH1N1 

strain, β-propiolactone (BPL) (Acros Organ-

ics, Morris Plans, NJ, USA) in citrate buffer 

(125 mM sodium citrate, 150 mM sodium 

chloride, pH 8.2) was added to the pH1N1 vi-

rus to a final concentration of 0.1% and incu-

bated for 24 h at 4°C under continuous slow 

shaking. Inactivated virus was subsequently 

snap-frozen and stored at –80°C. Virus inac-

tivation was confirmed by three passages in 

MDCKs where no virus could be detected by 

plaque assay following the third passage.

TLR ligands and non-microbial stimuli. Pam-

3Cys, a TLR1/2 ligand, was purchased at EMC 

microcollections (L-2000) and used in a final 

concentration of 10 µg/mL.

PolyI:C, a TLR3 ligand, was purchased from 

InvivoGen and used at a final concentration 

of 100 μg/mL. PHA was purchased from Sig-

ma and used at a final concentration of 10 

μg/mL. Palmitic acid was purchased from 

Sigma-Aldrich. Human albumin (Albuman) 

was purchased from Sanquin (Amsterdam, 

the Netherlands). Stock palmitic acid was dis-

solved in 100% ethanol. Palmitic acid (C16.0) 

and human albumin were conjugated by 

warming to 37°C in a water bath before add-

ing together in a 1:5 ratio. The mixture was 

sonicated for 20–25 min and kept at 37°C 

until use. The vehicle control for 50μM C16.0 

consisted of 0.025% albumin and 0.025% 

ethanol. MSU crystals were formed by dis-

solving 1.0 g of uric acid and 0.48 g sodium 

hydroxide in 400 mL of sterile water. The 

pH was adjusted to 7.2 and the solution was 

sterilized by heating it for 6 h at 120°C. No 

LPS contamination was detected by Limulus 

amoebocyte lysate assay.

METHOD DETAILS

PBMC collection and stimulation experi-
ments
After obtaining informed consent, venous 

blood was drawn from the cubital vein of 

volunteers into 10 mL EDTA Monoject tubes 

(Medtronic, Dublin, Ireland). The PBMC frac-

tion was obtained by density centrifugation 

of EDTA blood diluted 1:1 in pyrogen-free 

saline over Ficoll-Paque (Pharmacia Biotech, 

Uppsala, Sweden). Cells were washed twice 

in saline and suspended in medium (RPMI 

1640) supplemented with gentamicin (10 

mg/mL), L-glutamine (10 mM) and pyruvate 

(10 mM). Addition of antibiotics such as gen-
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tamycin is a standard method used to avoid 

contamination of cultures, and it does not 

influence the ability to induce cytokine pro-

duction by PBMCs or macrophages (data not 

shown). The cells were counted in a Coulter 

counter (Beckman Coulter, Pasadena, CA, 

USA) and the number was adjusted to 5×106 

cells/mL. A total of 5×105 PBMCs in a total 

volume of 200 μL per well were incubated at 

37°C in round-bottom 96-well plates with the 

different stimuli, as indicated above. After 

24 h (for early cytokines IL-1β, TNF-α, IL-6, IL-

8, and IL-10), or 7 days of incubation (for IFN-γ 

and IL-17), supernatants were collected and 

stored at –20°C until assayed. The stimula-

tion periods were chosen based on extensive 

studies that showed that 24 h stimulation 

was best suited for assessing monocyte-de-

rived cytokines. When cells were cultured for 

7 days, this was done in the presence of 10% 

human pooled serum.

For validation experiments, PBMCs were in-

cubated with recombinant IL-1Ra (R&D Sys-

tems, Minneapolis, MN, USA) 10 μg/ml, 30 

mins before stimulation with C. neoformans. 

The cytokine production capacity in the ab-

sence or presence of IL-1Ra was measured in 

the supernatants as described above.

Macrophage differentiation and stimula-
tion
We cultured > 5×105 monocytes in flat-bot-

tom plates with 10% human serum at 37°C 

and 5%CO2 for 6 days. After differentiation, 

the medium was removed and the differen-

tiated macrophages were stimulated for 24 

h. Supernatants were collected and stored in 

–20°C until used for ELISA.

Whole-blood stimulation experiments
100 μl of heparin blood was added to a 48-

well plate and then stimulated with 400 μl 

stimulus (final volume 500 μl) for 48 h at 

37°C and 5%CO2. Supernatants were collect-

ed and stored in –20°C until used for ELISA.

Cytokine measurements
Concentrations of human IL-1β, IL-6, IL-10, 

TNF-α, IL-17, or IFN-γ were determined using 

specific commercial ELISA kits (PeliKine Com-

pact, Amsterdam, the Netherlands, or R&D 

Systems), in accordance with the manufac-

turer’s instructions. Detection limits were 31 

pg/mL (IL-6 (macrophages), 39 pg/mL (IL-1β 

and IFNγ), 156 pg/mL (IL-6 (whole blood), IL-

22) or 78 pg/mL (TNF-α and IL-17).

Cytokine clustering and variance analysis
Raw cytokine levels were first log-trans-

formed, and cytokine measurements show-

ing little/no variation across individuals were 

filtered out for the follow-up analysis. We 

excluded 17 stimulation-cytokine measure-

ments that did not pass our quality control. 

Unsupervised hierarchical clustering was 

performed using Spearman’s correlation as 

the measure of similarity. We used Levene’s 

test to check the equality of variance of cyto-

kine levels before and after stimulation.

Genotyping, quality control and imputa-
tion
DNA samples of 500 individuals were geno-
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typed using the commercially available SNP 

chip, Illumina HumanOmniExpressExome-8 

v1.0. The genotype calling was performed us-

ing Opticall 0.7.0 (Shah et al., 2012) using de-

fault settings. Samples with a call rate ≤ 0.99 

were excluded from the dataset, as were 

variants with a Hardy-Weinburg equilibrium 

(HWE) ≤ 0.0001, call rate ≤ 0.99 and minor 

allele frequency (MAF) ≤ 0.001. We identified 

17 ethnic outliers by merging multi-dimen-

sional scaling plots of samples with 1000 Ge-

nomes data and these were excluded from 

further analysis (Figure S7). This resulted in 

a dataset of 483 samples containing gen-

otype information on 518,980 variants for 

further imputation. The strands and vari-

ant-identifiers were aligned to the reference 

Genome of The Netherlands (GoNL, Genome 

of the Netherlands Consortium, 2014) data-

set using Genotype Harmonizer (Deelen et 

al., 2014a). The data was phased using SHA-

PEIT2 v2 (Delaneau et al., 2013) using GoNL 

as a reference panel. Finally, this data was 

imputed using IMPUTE2 (Howie et al., 2011) 

with GoNL as the reference panel (Deelen et 

al., 2014b). We selected SNPs that showed an 

INFO score ≥ 0.8 upon imputation for further 

cytokine QTL mapping.

Cytokine QTL mapping
Both genotype and cytokine data could be 

generated for a total of 442 individuals. We 

obtained cell count data measured by FACS 

for total lymphocytes, T-cells, B-cells, mono-

cytes and NK-cells from 487 individuals from 

the 500FG cohort. In total, there were 409 

samples with genotype, cytokine and cell-

count data. We excluded 17 samples due to 

genetic differences. We coded gender infor-

mation either 0 for females or 1 for males. 

The actual age, gender and cell-count infor-

mation were included as covariables in the 

linear model to correct the cytokine distri-

butions for QTL mapping. Raw cytokine lev-

els were first log-transformed then mapped 

to genotype data using a linear regression 

model with age and gender as covariates. 

Since the stimulation-cytokine combinations 

cannot be regarded as completely indepen-

dent (we observed strong correlations in the 

cytokine clustering analysis we performed), 

the total number of independent tests 

among all phenotypes will be much less than 

the number of phenotypes measured, and 

therefore correcting for the number of SNPs 

tested for each trait should be sufficient. We 

considered a p-value of < 5×10-8 to be the 

threshold for significant cytokine QTLs.

Cytokine heritability estimation
Using the GCTA tool (Yang et al., 2010), we 

fitted a linear mixed model to each of the 

112 cytokine phenotypes and used restricted 

maximum likelihood to estimate the variance 

explained by the approximately 8 million 

SNPs. Following our method for cQTL map-

ping, we also included age, gender and cell 

counts as covariates for estimating the pro-

portions of phenotypic variance explained 

by the SNPs. It should be noted that the 95% 

confidence intervals for the heritability esti-

mate are wide due to the sample size (N < 

1000) in this study (Zaitlen and Kraft, 2012).
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Expression QTL analysis to prioritize caus-
al genes
RNA sequencing of 629 peripheral blood 

samples from the LifeLines-Deep cohort 

(Tigchelaar et al., 2015) were investigated 

to map cis-eQTLs. The eQTL mapping strat-

egy and data have been described in detail 

(Ricaño-Ponce et al., 2016). Briefly, cis-eQTL 

analysis was performed on transcript-SNP 

combinations for which the distance from 

the center of the transcript to the genomic 

location of the SNP was ≤ 500 kb. Associa-

tions were tested by non-parametric Spear-

man’s rank correlation test and a p value < 

0.05 was considered significant. We also em-

ployed HaploReg database v4.1 (Ward and 

Kellis, 2012) (www.broadinstitute.org/mam-

mals/haploreg/haploreg.php) to extract pub-

licly available eQTL results from blood tissue 

for cytokine QTL SNPs.

Genotype-dependent gene expression 
analysis at rs6834581
The PBMCs from 70 individuals in the Life-

lines-Deep cohort (Tigchelaar et al., 2015) 

were stimulated with or without Candida 

albicans as previously described ( Smeek-

ens et al., 2013; Kumar et al., 2014b). The 

RNA sequencing analysis of this dataset has 

been described by previously (Li et al., 2016). 

There were 7 CC, 25 CT and 38 TT individuals 

carrying these genotypes at rs6834581. We 

combined CC and CT in one group and com-

pared the median expression-fold changes 

of genome-wide transcripts between two 

genotype groups (CC+CT vs. TT). We focused 

on the absolute fold changes between these 

two groups and show the expression levels 

of the top 30 genes in Figure S4.

Candidate genes located within a cis-window 

of approximately 500 kb of all significant cy-

tokine QTL loci were further tested to see 

if they responded to any of the pathogens 

using RNA-seq data from PBMCs of eight 

individuals, which were stimulated by Pseu-

domonas aeruginosa, Streptococcus pneumo-

niae, Mycobacterium tuberculosis, Candida al-

bicans, Aspergillus fumigatus, and IL-1α ( Li et 

al., 2016).

Intersection of ENCODE enhancers and re-
gions under positive selection
To perform enhancer enrichment analysis 

on cytokine QTL SNPs, we extracted all prox-

ies for the 17 cQTLs (R2 ≥ 0.8; CEU population 

as a reference) to have 186 variants. We then 

intersected these variants with enhancer 

data of 127 different cell lines available in 

HaploReg tool v4.1 (www.broadinstitute.

org/mammals/haploreg/haploreg.php). Hap-

loReg calculates a background frequency of 

enhancer overlap in each cell type using two 

background sets of SNPs. It compares the 

data with all independent GWAS loci associ-

ated in the European population, and with a 

second set of background SNPs consisting of 

all 1000 Genomes variants with a frequency 

>5%. Initial enrichment of enhancers is cal-

culated using the Binomial test and we ap-

plied the Bonferroni correction for multiple 

testing to define significance levels (0.05/127 

cell lines).
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Extraction of infectious disease associat-
ed SNPs
SNPs associated with a number of infectious 

diseases that showed a p value < 9.99×10-6 

were extracted using the GWAS catalogue 

(http:/www.genome.gov/gwasstudies). As of 

December 2014, there were two studies on 

leprosy, two studies on malaria, four studies 

on tuberculosis, four studies on chronic hep-

atitis C infection, one study on HPV seroposi-

tivity, one study on Dengue shock syndrome, 

and one study on meningococcal suscep-

tibility. From a systematic search of the lit-

erature, we extracted SNPs associated with 

susceptibility to other infectious diseases 

but not reported in the GWAS catalogue. We 

found three studies on invasive aspergillosis 

and two studies on pneumococcal disease 

(see the list published in Li et al. (2016).

GWAS SNP extraction and enrichment 
analysis
GWAS SNPs from the GWAS catalogue and 

their proxies (r2 ≥ 0.8 from a 500 kb window) 

were first extracted, which provided a list 

of SNPs associated to 122 different human 

traits and diseases. We selected diseases/

traits for which at least 10 independent SNPs 

were reported to be associated. We then 

binned these GWAS SNPs into eight cate-

gories based on their association to closely 

related human phenotypes (cancer, im-

mune-mediated diseases, infectious disease, 

heart-related traits, blood-related traits, met-

abolic traits, height, and Type 2 diabetes-re-

lated traits). Duplicated SNPs were removed 

from further analysis. We then intersected 

the SNPs of each category with cQTLs that 

showed p < 0.05 in our study. The Fisher ex-

act test was applied to test the over-repre-

sentation of cQTL SNPs in infectious disease 

SNPs using the height-associated SNPs as 

reference.

Enrichment for positive selection
The cytokine QTLs at different thresholds 

(1×10-7, 1×10-6, 1×10-5, 1×10-4) were in-

tersected with loci under positive selection 

(Mathieson et al., 2015). The distribution of 

positive selection p values on cQTL SNPs 

were compared with a randomly selected set 

of non-significant cQTL SNPs ( p > 0.01) by us-

ing Kolmogorov–Smirnov test.

QUANTIFICATION AND STATISTICAL ANAL-
YSIS

Statistical analyses were performed in R. 

Unsupervised hierarchical clustering was 

performed using Spearman’s correlation as 

the measure of similarity. The Levene’s test 

to check the equality of variance of cytokine 

levels before and after stimulation. R-pack-

age Matrix-eQTL, was used for cytokine QTL 

mapping, where linear model was applied 

with age, gender and cell-count information 

included as covariables. The Fisher exact test 

was applied to test the over-representation 

of cQTL SNPs in infectious disease SNPs us-

ing the height-associated SNPs as reference.
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DATA AND SOFTWARE AVAILABILITY

Online database
All data used in this project have been me-

ticulously catalogued and archived in the BB-

MRI-NL data infrastructure (https://bbmri.nl/

molgenis/500FG) using the MOLGENIS open 

source platform for scientific data (Swertz 

et al., 2010). This allows flexible data query-

ing and download, including sufficiently rich 

metadata and interfaces for machine pro-

cessing (R statistics, REST API) and using FAIR 

principles to optimize Findability, Accessibil-

ity, Interoperability and Reusability (Wilkin-

son et al., 2016).
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ABSTRACT

The immune response to pathogens varies substantially among people. 
While both genetic and non-genetic factors contribute to inter-person 
variation, their relative contributions and potential predictive power have 
remained largely unknown. By systematically correlating host factors in 
534 healthy volunteers, including baseline immunological parameters and 
molecular profiles (genome, metabolome and gut microbiome), with cyto-
kine-production capacity after stimulation with 20 pathogens, we identified 
distinct patterns of co-regulation. Among the 91 different cytokine–stim-
ulus pairs, 11 categories of host factors together explained up to 67% of 
inter-individual variation in cytokine production induced by stimulation. A 
computational model based on genetic data predicted the genetic compo-
nent of stimulus-induced cytokine-production (correlation 0.28-0.89), while 
non-genetic factors influenced cytokine production as well. 
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Variability in baseline immune response in-

fluences an individual’s susceptibility to im-

mune-mediated diseases such as infection, 

autoimmune and inflammatory diseases, as 

well as their severity(Fairfax et al. 2014; Ku-

mar, Wijmenga, and Xavier 2014; Lee et al. 

2014; Netea, Wijmenga, and O’Neill 2012). 

Both environmental and host factors are 

responsible for this variation in immune 

response(Brodin and Davis 2017; Li, Oost-

ing, Smeekens, et al. 2016; Schirmer et al. 

2016; Ter Horst et al. 2016), which makes 

deciphering their interaction crucial for un-

derstanding their influence on susceptibility 

and instrumental for building quantitative 

predictors of disease. The Human Functional 

Genomics Project (HFGP) aims to identify the 

factors responsible for variability in immune 

response in the general population and 

upon perturbations, such as disease state. 

Within the HFGP, the 500 Human Functional 

Genomics (500FG) consortium has collected 

extensive molecular and phenotypic mea-

surements from approximately 500 healthy 

volunteers of Western-European descent. 

Earlier 500FG studies assessed the separate 

impacts of host-related factors, genetic vari-

ation or microbiome on cytokine-production 

capacity(Li, Oosting, Smeekens, et al. 2016; 

Schirmer et al. 2016; Ter Horst et al. 2016). 

However, an integrated understanding of 

the effect of these factors and of additional 

host-related factors, such as endocrine hor-

mones, circulating metabolites, platelet-me-

diated effects or transcriptional profiles of 

immune cells on stimulus induced cytokine 

levels has been lacking. 

Here, we used a comprehensive systems bi-

ology approach to integrate the large-scale 

genomic, metagenomic and metabolomic 

data available within the 500FG consortium 

with the immune cell composition, hormone 

levels and platelet activation profiles of each 

person analyzed . This allowed us to describe 

the baseline heterogeneity of immunologi-

cal parameters, identify inter-correlated im-

mune components, infer functional connec-

tions within the immune system and build 

predictive models of cytokine-production ca-

pacity upon stimulation. Using transcriptome 

data from a subset of samples, we showed 

that expression of genes after stimulation 

explained the variation in cytokine-produc-

tion better than baseline expression. By in-

tegrating multi-omics layers, we showed that 

cytokine production was regulated by multi-

ple genetic and non-genetic host factors, that 

production of cytokines after stimulation 

could be moderately predicted using multi-

ple baseline profiles and that inter-individual 

variation in immune responses correlated 

with an individual’s genetic risk for (auto)im-

mune disease.  

RESULTS

Baseline immune parameters are in-
ter-correlated
To understand inter-individual variation in 

human immune response, we previous-

ly generated a database of immunological 

measurements, multi-omics data (cytokine 
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response profiles, genetics, gene expression, 

immune cell frequencies, immune modu-

lators, immunoglobulins, hormone levels, 

blood platelets, circulating metabolites, gut 

microbiome composition) and classical phe-

notypes (age, gender and BMI) from volun-

teers in the 500FG cohort (Supplementary 
Fig. 1 a,b and Supplementary Table 1). Cy-

tokine production capacity of individuals was 

assessed using previously generated ELISA 

profiles on the production of 6 cytokines 

(IL-1B, IL-17, IL-22, IL-6, TNF-α and IFN-y), by 

peripheral blood mono-nuclear cells (PBMC), 

whole blood and PBMC derived macro-

phages derived from blood after stimulation 

with 20 pathogens (Supplementary Table 2)
(Li, Oosting, Smeekens, et al. 2016; Schirmer 

et al. 2016; Ter Horst et al. 2016). IL-1B, IL-6 

and TNF-α levels were measured 24 hours 

after stimulation and IL-22, IL-17 and IFN-γ 

seven days after stimulation in PBMC and 

PBMC derived macrophages. In whole blood 

IL-1B, IL-6 and TNF-α levels were measured 

48 hours after stimulation. 

To map the relationships between these dif-

ferent molecular and immune parameters, 

we first performed clustering analysis of all 

immunological measurements besides cyto-

kine production. To reduce the dimensional-

ity of the dataset, the first ten principal com-

ponents (PCs), covering >75% of variance 

in each dataset, were individually extracted 

from the cell count, metabolite and micro-

biome datasets. These PCs were then com-

bined with the measurements of immune 

modulators (IL-18, IL-18BP, resistin, leptin, ad-

iponectin, α-1 antitripsyn), immunoglobulins 

(IgG1-4, IgA, IgM), platelet activation profiles 

(p-selectin expression, fibrinogen binding, 

coagulation markers, β-Thromboglobulin) 

and hormone levels (androsteendion, corti-

sol, 11 deoxy cortisol, 17 hydroxy progester-

one, progesterone, testosterone, 25 hydroxy 

vitamin D3, TSH, T4 ) (Supplementary Ta-
ble 1). Subsequent unsupervised clustering 

analysis revealed several clusters (Fig. 1) that 

were consistent with previous observations, 

validating the current correlations. As such, 

we observed a negative correlation between 

the amount of the hormone leptin and the 

levels of progesterone and testosterone in 

peripheral blood (Fig. 1), consistent with an 

inhibitory effect of leptin on progesterone 

and on testosterone in humans(Brannian, 

Zhao, and McElroy 1999; Harle 2004; Blum 

et al. 1997; Behre, Simoni, and Nieschlag 

1997) 10–13. We also observed a negative 

correlation of expression of p-selectin (whole 

blood flow cytometry) and fibrinogen acti-

vation profiles in peripheral blood (Fig. 1), 
consistent with evidence that they are un-

der shared control(Xu et al. 2007; Nording, 

Seizer, and Langer 2015) 14,15. Similarly, the 

hormone levels of 17 hydroxy-progesterone 

and testosterone were positively correlated 

with progesterone, androsteendion and 11 

deoxy cortisol levels in peripheral blood (Fig. 
1), consistent with these molecules having 

a common synthesis pathways. Finally, we 

observed the cluster of α 1- antitrypsin with 

adiponectin and the association of 2 immune 
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Fig. 1 Analysis of baseline immune parameters and molecular profiling shows baseline 
parameters are inter-correlated. Spearman’s Rank correlations between both immune 

traits and baseline molecular profiles show that they are inter-correlated (n = 282). For the 

cell count and omics datasets, the first 10 principal components were extracted and used for 

calculating the correlation. Colors beside the cluster dendrogram indicate the type of mea-

surements. Every sample represents an individual.
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Fig. 2 Contribution of baseline immune parameters and multi-omics to cytokine vari-
ation. (a) Percentage of variation in stimulated cytokine production explained by each cate-

gory of measurements. The distribution indicates the adjusted R2 of a set multivariate linear 

models (MVLM) representing cytokine stimulation pairs from PBMC (n=67 models), whole 

blood (n=16 models) and PBMC derived macrophages (n=8 models). Each dot represents 

the adjusted R2 of a MVLM for a specific cytokine stimulation pair. (b) Contribution of each 

category to inter-individual cytokine variation. X-axis denotes the adjusted R2 values for the 

MVLMs. Bars indicate the adjusted R2 estimated on the full dataset. Error bars indicate the 

standard deviation in adjusted R2 of 10 MVLMs trained on a random subset of samples from 

the full data (90% of all samples). Y-axis denotes the cytokine-stimulation pairs. Colors in-

dicate different stimulations applied in the experiments. Sample sizes differ between the 

different categories with the platelet, immune modulator, immunoglobulin and classical phe-

SNPs Cellcounts Modulators Immunoglobulins Hormones Platelets Metabolites Microb. pathways Microb. taxonomy Gender Age Season
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notypes having n = 489, the immune cell counts n = 472, the metabolites n = 377, microbial 

pathways n = 384, microbial taxonomy n = 411, hormones n = 486 and SNPs n = 392 samples. 

Every sample represents an individual.

cell frequency PC’s with total platelet count, 

as well as a negative association between IL-

18 and IgM abundance (Fig. 1). These results 

show that baseline immune parameters in 

healthy individuals are correlated and likely 

to be influenced by co-regulatory pathways.

Baseline molecular profiles show sub-
stantial variation 
Next, we examined the baseline (unstimu-

lated) inter-individual variation in the immu-

nological and molecular profiles described 

above and found a wide range of variation 

for the majority of immunological parame-

ters analyzed (Supplementary Fig. 1c-e). Be-

cause some variation is known to result from 

differences in age, gender and season(Ter 

Horst et al. 2016; D. Furman et al. 2014; Da-

vid Furman et al. 2015, 2014; Davis, Tato, 

and Furman 2017) 9,16–19, we corrected for 

these effects, when applicable. Among the 

immune-cell populations with high variabili-

ty, effector T cell subpopulations showed the 

largest inter-individual variation compared to 

the other immune cell subpopulations (Sup-
plementary Fig. 1c), in agreement with pre-

vious observations(Brodin and Davis 2017) 

6. Baseline transcript abundance in whole 

blood also showed substantial inter-individ-

ual variation (Supplementary Fig. 1d). The 

top 75 most-variable transcripts were signifi-

cantly enriched in 23 innate immune gene 

ontology (GO) terms (P <0.05 using an online 

tool(Ashburner et al. 2000)) (Supplementary 
Table 3), suggesting that the innate immune 

response was a major contributor to varia-

tions in transcript abundance. This analysis 

demonstrates that the baseline molecular 

profiles vary substantially between healthy 

individuals.

Baseline molecular profiles show substantial 

variation. Next, we examined the baseline 

(unstimulated) interindividual variation in 

the immunological and molecular profiles 

described above and found a wide range 

of variation for most immunological pa-

rameters analyzed (Supplementary Fig. 
1c–e). Because some variation is known to 

result from differences in age, sex and sea-

son9,16–19, we corrected for those effects, 

when applicable. Among the immune-cell 

populations with high variability, effector T 

cell subpopulations showed the largest inter-

individual variation, as compared with theo-

ther immune-cell subpopulations (Supple-
mentary Fig. 1c), results in agreement with 

previous observations 6.Baseline transcript 

abun- doolbe lohWdance in whole blood also 

showed substantial interindividual varia- tion 
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Fig. 3 Examples of baseline molecules which associate differentially to cytokine re-
sponses. IL-18BP, a circulating inhibitor of IL-18, displays negative Spearman correlations 

with general cytokine production capacity of lymphocytes after correcting for age and gender 

effects (n=489). The metabolite acetate positively correlates with stimulated cytokine pro-

duction in response to influenza and displays a mostly positive effect on lymphocyte-derived 

cytokines after correcting for age and gender effects (n=377). Each sample represents an 

individual.

(Supplementary Fig. 1d). The top 75 most 

variable transcripts were significantly en-

riched in 23 Gene Ontology terms related to 

innate immunity (P < 0.05, determined with 

an online tool20) (Supplementary Table 
3), thus suggesting that the innate immune 

response was a major contributor to varia-

tions in transcript abun- dance. This analy-

sis demonstrates that the baseline molecu-

lar pro- e gahporcaMfiles vary substantially 

among healthy individuals.  

Genetics contributes the most to im-
mune variation. 
To address the extent to which responses 

to a perturbation were affected by preex-

isting immune status, we first assessed the 

effect of host fac- tors at baseline on cyto-

kine production. Using a multivariate linear 

model (MVLM) to examine the percentage 

of variance explained by these factors21, we 

found that genetic variation, as measured 

by single-nucleotide polymorphisms (SNPs), 

collectively explained most of the variation 

in stimulated cytokine production (aver- age 

adjusted R2 = 0.18) (Fig. 2a). In contrast, the 

gut microbiome, immune-cell counts, circu-

lating metabolites and seasons displayed 

only moderate effects (average adjusted R2 

= 0.061, 0.057, 0.047 and 0.041, respective-

ly) on most cytokine–stimulus pairs (Fig. 2a), 
and the concentrations of circulating immu-

noglobulins and inflamma- tory mediators 

or hormones, and platelet activation (whole-

blood flow cytometry) generally had negligi-

ble effects (Fig. 2a,b). To evaluate the signifi-

cance of the estimates of variation explained 

by genetics (VG), we performed 1,000 permu-

tations of sample labels in the cytokine data 

and applied the analysis pipeline to the per- 

muted data to obtain the empirical distribu-

tion of the estimates of VG (null distribution). 

We subsequently compared the estimate of 

VG from the 500FG data with the estimate 

of VG from the per- muted data. In total, the 

estimates of VG in the 500FG were sig- nifi-

cant in 59 of 91 cases (P < 0.05, Supplemen-
tary Table 4). For example, we found that 

the cytokine–stimulus pairs that were best 

explained by genetics (polyinosinic–polycyti-

dylic acid (polyI:C)- induced and Coxiella bur-

netti–induced IL-6 levels in PBMCs) showed 

significance. 
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Furthermore, we assessed several specific 

baseline categories that show cytokine- or 

pathogen-specificity in explaining the in-

ter-individual variation (Fig. 2b). We ob-

served that the abundance of circulating 

metabolites, including acetate and HDL cho-

lesterol, showed a moderate negative effect 

on influenza-stimulated cytokine production 

by PBMC (avg. adjusted R2 = 0.19) (Fig. 2b), 
suggesting that these factors modulate sus-

ceptibility to viral infections. The production 

of the lymphocyte-derived cytokines IL-17, 

IL-22 and IFN-a by PBMC in response to As-

pergillus fumigatus (A. fumigatus) conidia 

was driven more by non-genetic host factors 

(cell counts, platelet amounts, circulating 

metabolites, gut microbiome composition 

and season) than by genetic factors (Fig. 2b), 
which was in contrast to the genetic-compo-

nent-driven cytokine production in response 

to all other stimulations used (Fig. 2b). More 

specifically, individuals with high concentra-

tion of HDL cholesterol or a1- antitrypsin in 

the circulation showed lower cytokine pro-

duction in response to A. fumigatus . To val-

idate the link between HDL cholesterol and 

cytokine production, we cultured PBMCs 

collected from 6 healthy volunteers in medi-

um containing lipoprotein-deficient plasma 

(LPDP) and LPDP+HDL cholesterol and mea-

sured cytokine production for TNF-α, IL-1β 

and IL-6 in response to A. fumigatus conidia 

after 24 hours. We observed lower produc-

tion of all the cytokines assessed in PBMCs 

cultured with HDL compared to the LPDP 

control (Supplementary Fig. 2 a), indicating 

that HDL cholesterol modulates immune re-

sponses to A. fumigatus conidia.

Next, we compared the stimulus-dependent 

cytokine production data from the three dif-

ferent types of stimulation assays (PBMC, 

whole blood and PBMC derived macro-

phages) from the same individuals. We found 

that season, platelet-activation profiles, con-

centration of immune modulators, and age 

had a higher impact on stimulus-dependent 

cytokine production in PBMCs than in macro-

phages (Fig. 2a,b). In contrast, stimulus-de-

pendent cytokine production correlated less 

with baseline metabolite levels in PBMC and 

whole blood then it did in macrophages (Fig. 
2a,b). 

This analysis shows that genetics contribute 

substantially to the observed inter-individual 

variation in cytokine level upon stimulation, 

and the non-genetic molecular profiles and 

immune parameters contribute as well.

Baseline molecules associate differential-
ly to cytokine response
We next assessed which baseline immune 

and molecular components contribute most 

to variation in stimulus-induced cytokine 

production. We extracted the top five im-

mune modulators (i.e. Α-1 antitrepsin, IL18-

BP, adiponecting, resistin and leptin) and 

metabolites (i.e. the total cholesterol level 

in HDL3, glutamine, free cholesterol and α-1 

acid glycoprotein) in the analysis of explained 

variance. They are the molecules that show 
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strong association with most of the cytokine 

measurements in the analysis of explained 

variance (Fig. 3, Supplementary Fig. 3). For 

example, circulating IL-18BP concentrations 

negatively correlate with lymphocyte-derived 

cytokine production (IL-17, IL-22, and IFN-γ) 

by PBMC after stimulation, but this pattern 

is not observed for the monocyte-derived cy-

tokine production (IL-1β, IL-6, and TNF-α) by 

PBMC after stimulation (Fig. 3). IL-18BP is an 

inhibitor of IL-18(Novick et al. 1999) 22 and 

IL-18 induces cytokine production in natural 

killer (NK) cells and T helper cells (Okamura 

et al. 1995)23. The known function of IL-18BP 

in vitro and the observed correlations sug-

gested IL-18BP could potentially be a bio-

marker for reduced T cell activity in vivo. To 

validate the divergent effect between IL-18BP 

concentrations and cytokine production by 

lymphocytes, we tested for this association 

in an independent cohort of 300 volunteers 

of Western-European descent with BMI >25 

(300OB), for which we have obtained cyto-

kine production profiles (ELISA) after stim-

ulation of PBMC using the same pathogens 

and protocols as used in 500FG. In addition, 

circulating baseline (unstimulated) measure-

ments for IL-18BP were determined. Because 

this cohort is comprised of mainly obese 

(BMI >25) and older (age >55) individuals, 

we limited the analysis to a subset of (n=51) 

300-OB volunteers with BMI <28, to bring 

this distribution more in line with the 500FG 

cohort. We tested for association (Spearman 

correlation) between the cytokine produc-

tion profiles after stimulation and circulating 

IL-18BP levels (Supplementary Fig. 2 b). We 

could replicate the negative effect of IL-18BP 

on lymphocyte cytokines.

The short chain fatty acid (SCFA) acetate 

showed the strongest correlation (negative 

correlation between -0.25 and -0.20) with 

influenza-induced monocyte–derived IL-1a, 

IL-6 and TNF-α cytokine production capacity 

(Fig. 3). Cytokine response to bacterial and 

fungal stimulations showed either positive 

or negative effects for monocyte-derived cy-

tokine production capacity. In contrast, lym-

phocyte-derived IL-17, IL-22 and IFN-B cyto-

kine production showed consistently positive 

effects in response to most of the bacterial 

and fungal stimulations. This agrees with pre-

vious findings that SCFAs, including acetate, 

influence cytokine production capacity (Vino-

lo et al. 2011; Tedelind et al. 2007; Cavaglieri 

et al. 2003)  24–26. The negative correlation 

between acetate and stimulus-induced pro-

duction of IL-1a, IL-6 and TNF-α was also ob-

served when assessed in PBMC derived mac-

rophages, but not in whole blood (Fig. 3). To 

further investigate the association between 

acetate and stimulus-induced cytokine pro-

duction, we cultured PBMC derived mac-

rophages obtained from whole blood of 6 

healthy Dutch volunteers in vitro in the pres-

ence of acetate in the medium, stimulated 

them with MTB, C. albicans, S. aureus and E. 

coli, and assessed the cytokine production of 

TNF-α and IL-6 after 24 hours. We observed 

an association between acetate and cytokine 

production in macrophages where the pro-
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duction of TNF-α and IL-6 in PBMC derived 

macrophages upon two of the stimuli (E. coli 

and S. aureus) were lower in the presence of 

acetate, but this effect was not observed for 

C. albicans (Supplementary Fig. 2 c). 

Glutamine is known to negatively regulate 

IL-6 production in human intestinal mucosa 

(Coëffier et al. 2003)27 and decreases IL-6, 

TNF-α and IL-1B production in biopsies from 

Crohn’s disease patients(Lecleire et al. 2008) 

28. We observed that glutamine, consistently 

correlated negatively with all monocyte- and 

lymphocyte-derived cytokines assessed after 

stimulation (Supplementary Fig. 3), suggest-

ing it could be used as an anti-inflammatory 

biomarker. These results show that baseline 

molecules are differentially associated with 

cytokine production between stimuli, as well 

as between cell types. 

Host factors explain up to 67% variation 
in cytokine level
To determine the collective contribution of 

genetic variation and immune components 

at baseline to cytokine production in re-

sponse to pathogens, a multivariate linear 

model was used. We constructed a MVLM 

for each cytokine stimulation pair where we 

added relevant features from each catego-

ry of dataset sequentially and subsequently 

evaluated the increase in variance explained 

by each added dataset. This integrated ap-

proach indicated that a combination of ge-

netic, baseline molecular profiles and im-

mune parameters can explain up to 67% of 

the inter-individual variation in cytokine pro-

duction capacity (Fig. 4). Because cytokine 

production is a highly complex phenotype, 

and many factors that influence it are associ-

ated to each other, we tested if changing the 

order in which specific datasets were add-

ed into the models generated different re-

sults. When we compared MVLM containing 

all datasets, to the partial MVLMs, in which 

each of the 10 datasets were omitted once, 

we found similar estimates of explained vari-

ation as in the sequential analysis (Supple-
mentary Fig. 4). For example, regardless of 

the order the factors were added, genetics 

remained the largest individual contributor 

to explaining inter-individual variation (Sup-
plementary Fig. 4). This indicated that the 

order in which various factors were added 

into the model did not influence the results 

to a large extent. 

Gene expression correlates with cytokine 
response
Next we integrated baseline transcript abun-

dance with stimulus-induced cytokine ex-

pression. We made use of whole genome 

gene expression profiles obtained using 

RNA-Seq both before and after stimulation 

of peripheral blood with C.albicans conidia 

from a subset of volunteers (n = 64) from an 

independent Dutch cohort (Genome of The 

Netherlands cohort(Lecleire et al. 2008; Ge-

nome of the Netherlands Consortium 2014) 

29). We used measurements of the produc-

tion of TNF-α, IL-6 and IL-1B by PBMC upon 

stimulation with C.albicans conidia after 24 
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Figure 4. Cumulative contribution of multiple baseline traits to the variation in stim-
ulated cytokine production.  Adjusted R2 values (x-axis) obtained from multivariate linear 

models (MVLM) increase when measurements from 10 categories are added sequentially. 

Each colored bar represents how much additional variation (on top of the preceding colors) 

the MVLM for that category explains. The order in which features from a dataset were added 

is from left to right. The combined dataset consisted of 266 samples. Each sample represents 

an individual. Gene expression was not included in this analysis because of the relatively 

small sample size of the RNA-seq experiment after overlapping with the other datasets (n = 

69). X-axis denotes adjusted R2 values. Y-axis denotes different cytokine-stimulation pairs. 
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Figure 5. Integrating gene expression profiles and cytokine production in response to 
C. albicans. Percentage of inter-individual variation (y-axis, adjusted R2) in stimulated cyto-

kine level of TNF-α, IL-6 and IL-1β explained by gene expression measured at baseline and 

upon C. albicans stimulation (denoted by CA) is significantly (Wilcox rank sum test, * P < 0.05, 

** P < 0.01, *** P < 0.001) higher in the multivariate linear models (MVLM) fitted on stimu-

lated gene expression data. Exact P values of the Wilcox rank sum test are as follows: IL-1β 

(P = 1.08e-05), TNF-α (P = 8.93e-04) and IL6 (P = 1.08e-05). The distribution shows adjusted R2 

(y-axis) of 10 MVLMs fitted after re-sampling using a random subset of samples (90% of all 

samples each time). Each dot represents the adjusted R2 of a MVLM. The dataset consisted 

of 64 samples from the GoNL cohort. Each sample represents an individual.
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hours in the same individuals. We then ap-

plied the same MVLM based analysis ap-

proach used earlier to obtain estimates of 

how much inter-individual variation in cyto-

kine production capacity could be explained 

by gene expression. We observed that base-

line gene expression could explain a sub-

stantial portion of the inter-individual vari-

ation in production of TNF-α, IL-6 and IL-1β 

(Fig. 5). Production of TNF-α, IL-6 and IL-1β 

by PBMC stimulated with C. albicans conidia 

showed significantly higher correlations with 

gene expression induced by stimulation (adj. 

R2 reaching up to 0.75) than with baseline 

gene expression (Wilcox test, P=1.08e-05, 

P=8.93e-03, P=1.08e-05, for TNF-α, IL-6 and 

IL-1β respectively) . Using GO enrichment (on-

line tool20), we found that the genes select-

ed during modelling (Supplementary Table 

5) showed enrichment for several GO terms 

related to immune responses. For example 

the genes associated to C.albicans induced 

TNF-α levels were nominally enriched for 

negative regulation of mast cell cytokine pro-

duction (P=1.28e-3), negative regulation of 

isotype switching to IgE isotypes (P=1.71e-3) 

and negative regulation of T-helper 2 cell dif-

ferentiation (P=2.15e-3). These results imply 

a strong correlation between gene expres-

sion and functional responses upon stimu-

lation by pathogens, and thus they present 

gene expression as a target for future stud-

ies into the prediction of immune responses.

Immune disease risk is associated with 
stimulated cytokine level

Many complex diseases appear to result 

from multiple genetic variants exerting small 

effects on disease risk(Lvovs et al. 2012) 30, 

which implies that complex diseases con-

form closely to a classical polygenic model. 

Using publicly available summary statistics 

from GWAS we calculated polygenic risk 

scores (PRS) for 15 immune mediated dis-

eases (Supplementary Table 6) for all the 

volunteers in the 500FG cohort as a measure 

of relative disease risk between individuals 

We then tested whether volunteers with a 

higher risk for an immune mediated dis-

ease displayed higher or lower stimulus-in-

duced cytokine production compared to the 

lower risk individuals. For this analysis, we 

focused those immune mediated diseases 

that showed both a significant change (two 

tailed, two sample t-test, Bonferroni P <0.05, 

Supplementary Table 7) compared to a per-

mutation-based null distribution, and a con-

sistent pattern at different thresholds used 

for PRS calculation (Fig. 6a-c, Supplementa-
ry Fig. 5a,b). We found that volunteers with 

higher risk for inflammatory bowel disease, 

multiple sclerosis, psoriasis and ulcerative 

colitis had significantly higher (P < 0.05) stim-

ulus-induced production of lymphocyte-de-

rived IL-17, IL-22 and IFN-y compared to 

monocyte-derived TNF-α, IL-6 and IL-1β  cy-

tokines (Fig. 6). In contrast, higher risk for 

type 1 diabetes (T1D) and rheumatoid ar-

thritis was associated with increased stimu-

lus-induced production of monocyte-derived 

TNF-α, IL-6 and IL-1β  compared to lympho-

cyte-derived cytokines (Fig. 6c). Higher risk 
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Figure 6. Stimulated cytokine production correlates with genetic risk score for auto-
immune diseases. (a) Example individuals with high genetic risk for (auto)immune disease 

tend to be high producers of cytokines in response to pathogens. * indicates the significance 

of the Wilcox rank sum test between low- and high-risk groups for T1D (P=0.011). Low- and 

high-risk groups (x-axis) were selected by taking the top and bottom quantile of the PRS for 

T1D. Y-axis indicates the IL-6 level after stimulation of PBMCs with influenza. (b) Distribution 

mean correlations between T1D risk in monocyte-derived cytokines (left panel) and lymphocyte 

cytokines (right panel) for 1000 permutations. The measured estimate is indicated by the red 

arrow. T1D shows significance for monocyte derived cytokines (left) but not for the lympho-

cyte derived cytokines (right). (c) Distribution of Spearman correlation coefficients between 

stimulated cytokine production and genetic risk score for immune disease in 430 individuals, 

shown for PBMC. Genetic risk scores calculated based on genome-wide association studies 

for different diseases. Significant differences in mean correlation between the lymphocyte- 

and monocyte-derived cytokines are shown by Wilcox rank sum test (* P < 0.05, ** P < 0.01, 

*** P < 0.001). Exact p-values are as follows Crohns disease P=7.28E-01, Eczema P=2.55E-01, 

Inflammatory Bowel Disease P=9.34E-06, Multiple sclerosis P=4.85E-11, Psoriasis P=1.40E-04, 

Rheumatoid Arthritis P=1.41E-02, Type P=1 Diabetes P=1.00E-05, Type P=2 Diabetes P=1.65E-01, 

Ulcerative colitis P=1.34E-05. 
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for Crohn’s disease, eczema and type 2 di-

abetes was associated with a significant in-

crease (compared to their respective null dis-

tributions, P < 0.05) in both monocyte- and 

lymphocyte-derived cytokines compared 

to the permutation-based null distribution, 

with no significant differences between the 

monocyte and lymphocyte derived groups 

(Fig. 6b). These observations suggest that 

the genetic basis for immune-mediated dis-

eases could influence the functionality of the 

immune system even in otherwise healthy 

individuals.

Stimulated cytokine level predicted by ge-
netics
Finally, we integrated both genetics and oth-

er molecular features to construct MVLMs 

to predict each cytokine stimulation pair in 

PBMC, whole blood and macrophages. To 

achieve the best prediction of ex vivo stim-

ulus-induced cytokine production, we tested 

several linear prediction methods (Elastic 

Net, RR-BLUP and PLS) and compared them 

using both genetic and non-genetic factors 

to train the MVLMs for each cytokine stim-

ulation pair. Predictive performance was 

quantified by Spearman’s correlation be-

tween the measured and the predicted stim-

ulus-induced cytokine production in multiple 

randomly selected subsets of the volunteers 

from 500FG. While the prediction perfor-

mances of the different methods are similar 

(Supplementary Fig. 6a-c), Elastic Net mar-

ginally outperformed the others, so we used 

it for subsequent analyses. 

We first tested if SNP data could predict cy-

tokine production. Among the 91 stimula-

tion-cytokine pairs, the correlations between 

predicted and measured stimulus-induced 

cytokine production were, on average, 0.69 

(range 0.28-0.89) (Fig. 7a). Inclusion of the 

baseline immune parameters and multi-om-

ics data significantly increased the predictive 

power and stability of the model (two tailed 

student t-test, P=1.36e-09, t-statistic=6.09, 

degrees of freedom = 1792) and most predic-

tions for cytokine production increased to, 

on average, 0.72 (range 0.35-0.90) (Fig. 7b). 
Additional inclusion of the gene expression 

data from the RNA-seq analysis decreased 

the predictive power (avg. 0.60, range 0-1) 

(Supplementary Fig. 6d), most likely due to 

the reduced number of samples for which 

both RNA-seq and the other factors were 

available (n = 69). 

We then tested the predictive capabilities 

of the Elastic net trained MVLMs using only 

SNPs as input and applying it to indepen-

dent subset of 500FG individuals were new 

cytokine stimulation experiments were per-

formed (50FG). We found prediction accura-

cies up to 0.56 for some cytokine stimulation 

pairs (Fig.8), although the MVLMs performed 

poorly for most stimulations. Among the 

best-performing stimulus-cytokine pairs, 

C.burnetti stimulated IL-1β and Poly I:C-stim-

ulated IL-6 gave prediction accuracies of on 

average 0.56 and 0.46 respectively (Fig. 8). 
Because both pathways are known to have 

a large genetic component(Li, Oosting, Deel-
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en, et al. 2016) this indicated that the MVLMs 

could predict cytokine production for stimu-

lus-induced cytokines whose mechanism of 

induction are primarily driven by genetics. 

By applying MVLMs to genetics data, we were 

able to predict the cytokine production upon 

stimulation, with varying degrees of accura-

cy. 

Figure 7. Cytokine production in response to pathogens can be predicted using genet-
ics and baseline immune profiles. Spearman correlation between predicted and measured 

cytokine levels (y-axis) are shown for each of the 10 multivariate linear models from cross val-

idation for all available cytokine stimulation pairs. Cytokine production in response to patho-

gens can be predicted using SNPs (n = 392 individuals). Prediction accuracy increases when 

baseline immune parameters and molecular profiles (immune cell frequencies, immune 

modulators, immunoglobulins, hormone levels, blood platelets, circulating metabolites, gut 

microbiome composition) are added to the model (n = 353 individuals). 
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Figure 8. Prediction using the genetic model in an independent dataset. shows some 
cytokine stimulation pairs can be predicted successfully. Spearman correlations be-

tween predicted cytokine level by the multivariate linear models (MVLM) built using genetics 

(n = 336) and the measured values in an independent set of stimulation experiments (n = 

56). The boxplots show the variation in Spearman correlations from each of the 10 MVLMs 

predictions from the cross validation strategy.
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DISCUSSION

In this study we assessed the combined con-

tribution of genetic and non-genetic factors 

to the inter-individual variation in cytokine 

production in response to pathogens by 

examining the cytokine production of im-

mune cells following stimulation with 20 

different pathogens or TLR ligands ex vivo 

in PBMC, whole blood and PBMC derived 

macrophages. This analysis identified new 

modulators of cytokine production, includ-

ing circulating inflammatory mediators and 

metabolites. We found that volunteers with 

increased genetic risk for immune mediat-

ed diseases were more likely to be high re-

sponders in terms of stimulus-induced cyto-

kine production. Finally, we trained MVLMs 

that could predict human stimulus-induced 

cytokine production for Poly I:C induced IL-6 

and C.burnetti IL-1β levels in PBMC using only 

the genetic profiles or a combination of ge-

netic and other molecular profiles. 

A recent study on the heritability of immune 

phenotypes in 210 twins suggested that vari-

ations in circulating cytokine concentrations 

are mostly driven by non-heritable influenc-

es(Brodin et al. 2015) 32. Although we ob-

served here that genetics was the largest sin-

gle contributor to inter-individual variation 

(avg. adj. R2 = 0.18), this still leaves room for 

the majority of the variation to be explained 

by non-genetic influences. Any differences 

we observed in estimates of heritability are 

likely due to differences in the experimental 

design between the two studies. As such, we 

assessed cytokine profiles upon stimulation 

ex vivo, whereas the above study  measured 

baseline circulating concentrations in vivo. 

This strongly suggests that it is the response 

to pathogens during infection that is under 

stronger genetic pressure rather than the 

background level of mediators in the circu-

lation. Our study thus agrees with the idea 

that infections have a strong selective impact 

on the genetic control of immune respons-

es(Barreiro and Quintana-Murci 2010; Casals 

et al. 2011; Pickrell et al. 2009; Tang, Thorn-

ton, and Stoneking 2007; E. T. Wang et al. 

2006; Williamson et al. 2007). 

The present study has potentially import-

ant implications for our understanding of 

the human immune response. We found 

out that acetate, a circulating metabolites, 

was associated with changes in stimulus-in-

duced cytokine production and especially in 

the modulation of TH1 and TH17 responses. 

SCFA such as acetate, propionate and suc-

cinate are released by the gut microbiome 

and current literature suggests that SCFA 

have important immunomodulatory proper-

ties(Vinolo et al. 2011; Tedelind et al. 2007; 

Cavaglieri et al. 2003; Coëffier et al. 2003) 24–

27. We show here that acetate has similar ef-

fects in humans in vivo. It appears important 

to further investigate the broader impact of 

SCFA and identify which microbiome profiles 

modify their concentration in the circulation. 

We found a strong inhibitory effect of acetate 

on influenza-stimulated cytokine production, 
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a phenomenon that deserves further scru-

tiny. Another important metabolic pathway 

that strongly influenced cytokine responses 

was the cholesterol and lipoprotein synthesis 

pathway. Cholesterol pathways have been 

described to have important immune-mod-

ulating effects, with the levels of cholesterol 

sulfate, a derivative of membrane choles-

terol, shown to influence immune process-

es such as TCR signalling and thymic selec-

tion(F. Wang et al. 2016) 41. Here we showed 

that HDL cholesterol negatively impacted 

influenza and Aspergillus-stimulated cytokine 

production, possibly with important effects 

on the pathophysiology of these infections. 

The ability to calculate prediction scores 

for specific immune mediated diseases and 

to link them to cytokine production shows 

that certain stimulus-induced cytokine pro-

files may contribute to particular diseases, 

e.g. the capacity to release high amounts 

of monocyte-derived cytokines in T1D. Al-

though we acknowledge that our power to 

detect these smaller associations is relatively 

limited, our approach can be used to link any 

given phenotype to disease scores when in-

dividual-level data is available. This offers the 

opportunity to identify immune pathways 

important in disease, which may represent 

new therapeutic targets.

A second limitation of the 500FG cohort is 

that it contains a higher proportion of young 

people than the general population(Ter 

Horst et al. 2016) 9, which could introduce 

age bias into the MVLM’s predictions. While 

we acknowledge that the performance of the 

MVLMs prediction may vary in a population 

with a different range in age, BMI or ancestry, 

our study represents a proof-of-concept that 

stimulus-induced cytokine production can 

be moderately predicted. Future studies in 

larger general population cohorts with great-

er ranges of age and ethnicity will contribute 

to the generation of models with improved 

predictive potential for a general population. 

Future studies should also aim to extend the 

current analysis, which was limited to com-

mon SNP polymorphisms (MAF >0.1), to in-

clude rare variants and mutations, a broad-

ening of scope likely to further increase the 

observed impact of genetics on cytokine pro-

duction upon stimulation. 

In conclusion, we present the most compre-

hensive assessment to date of the host fac-

tors that influence cytokine production. We 

show that genetics was a major contributor 

to the inter-individual variation in cytokine 

production upon pathogen stimulation. 

However, other non-genetic factors also in-

fluenced cytokine production in response 

to most stimuli, including gut microbiome 

composition, immune cell numbers in cir-

culation and circulating metabolite concen-

trations. Individuals with increased genetic 

risk for a given immune disease tended to 

have increased cytokine production, and 

stimulus-induced cytokine production could 

be predicted for Poly I:C induced IL-6 and C. 

burnetti IL-1β levels. This study provides the 
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fundamentals for predicting components of 

cytokine production based on genetics and 

baseline host factor profiles, paving the way 

towards personalized immune-based thera-

pies. 
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The data that support the findings of this 

study are available at https://hfgp.bbmri.nl/ 
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and archived at BBMRI-NL aiming for max-

imum reuse following the FAIR principles, 

i.e., Findability, Accessibility, Interoperability, 

and Reusability. Individual level genetic data 

as well as other privacy sensitive datasets 

are available upon request at http://www.

humanfunctionalgenomics.org/site/?page_

id=16. These datasets are not publicly avail-

able because they contain information that 

could compromise the research participants 

privacy. The central data stewardship and 

access has been implemented using MOLGE-

NIS open source platform for scientific data 

that enables flexible data upload, manage-

ment and querying, including sufficiently rich 

metadata and interfaces for machine pro-

cessing and custom (R statistics) visualiza-

tion for human processing (see http://mol-

genis.org). Also summaries of the study have 
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METHODS

Study cohort. The main analyses were per-

formed in the 500FG cohort, which is part 

of the Human Functional Genomics Project. 

This cohort consists of 534 healthy individu-

als (237 males and 296 females) of Caucasian 

origin. Volunteers range from 18 to 75 years 

of age, with the majority (421 individuals) 

being 30 years or younger (Supplementary 
Fig. 1A). BMI is within normal limits (15 to 35) 

with the majority (380 individuals) having a 

BMI between 20 and 25 (Supplementary 
Fig. 1B). Of these 534 original volunteers, 45 

were excluded based on genetic background 

and questionnaire results (medication usage, 

chronic disease) leaving 489 individuals.

Replication cohort. Validation experiments 

were performed in the 300-OB cohort. This 

cohort consists of ~300 Dutch individuals. All 

individuals had a BMI >25, with an average 

BMI of 31, and range in age from 55 to 80 

years, with an average age of 67 years. Val-

idations were performed in a subset of the 

300-OB cohort with a BMI <28 (N=55). Circu-

lating metabolites and mediators as well as 

stimulated cytokine levels were measured in 

the same way as in 500FG.

Experimental procedures. The experimental 

procedures used to measure levels of cyto-

kines, modulators, immunoglobulins and 

hormones have been described previously9. 

Genotyping, metagenomic sequencing of 

the gut microbiome, FACS sorting of PBMCs 

and determination of platelet activation pro-

files have also been described previously(Li, 

Oosting, Smeekens, et al. 2016; Schirmer et 

al. 2016; Aguirre-Gamboa et al. 2016) 7,8,42. 

We selected a representative subset of 89 

samples from the 500FG cohort for RNA-

Seq (balanced for age and sex to match the 

original distribution in the cohort). These 

samples were processed for sequencing 

using the Illumina TruSeq version 2 library 

preparation kit. Paired-end sequencing of 

2×50-bp reads was performed using the Illu-

mina HiSeq 2000 platform. The quality of the 

raw reads was checked using FastQC (http://

www.bioinformatics.babraham.ac.uk/proj-

ects/fastqc/). Read alignment was performed 

using STAR 2.3.0(Dobin et al. 2013) 43, and 
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aligned reads sorted using SAMTools. Gene 

level quantification of reads was done us-

ing HTSeq(Anders, Pyl, and Huber 2015) 44. 

Circulating metabolites were measured and 

analysed using the BrainShake Biomarker 

Analysis Platform that is based on nuclear 

magnetic resonance (NMR) spectroscopy 

(BrainShake, Finland)

Statistical methods
Data pre-filtering. 
After pre-processing, the gene expression, 

SNP, metabolite and microbiome datasets 

were filtered to remove any non-significant-

ly-associated features. This was done to in-

crease the efficiency of downstream anal-

ysis. The gene expression metabolite and 

microbiome datasets were correlated to all 

of the cytokine measurements, and all fea-

tures showing a Spearman correlation with 

a Benjamini-Hochberg adjusted P <0.05 to at 

least one cytokine were kept. This resulted 

in a dataset of 4,499 genes, 205 metabolites, 

509 microbial pathways and 162 microbial 

taxonomies. The genetic variants were fil-

tered using previously generated cytokine 

QTL profiles7 by setting the P-value cut-off 

at various thresholds depending on the ap-

plication. To calculate the variance explained 

by genetics, a P-value threshold of P <5×10-6 

was chosen. For prediction using the Elastic 

Net model, various thresholds were evaluat-

ed after which all SNPs with a P <5×10-5 were 

included in the analysis. 

Estimation of explained variance. 

The estimation of variance explained by each 

of the data levels on the different stimulated 

cytokine production profiles was performed 

by applying a correlation-based feature se-

lection approach. In this approach, we built 

a model for each stimulated cytokine mea-

surement in which only features associat-

ed to this measurement are included in the 

model. We select these features by first re-

gressing out the effects of age and gender, 

then associating the features in a data level 

to the current cytokine stimulation pair. If 

a feature showed a significant association 

(Spearman P-value <0.05), the feature was 

included in the set of potential predictors. 

Once all the associations had been comput-

ed, the set of potential predictors was cor-

related to itself to identify collinearity among 

this predictor set. If features within this pre-

dictor set showed an association (Spearman 

correlation >0.4), the feature which showed 

the least association (based on the correla-

tion P-values) to the cytokine stimulation 

pair is removed. This yielded a unique set 

of predictors for every cytokine stimulation 

pair, which was then used to fit a multivar-

iate linear model to estimate the variance 

explained by these features for that cytokine 

stimulation pair. To account for the inflation 

that adding predictors has on the explained 

variation, the adjusted R2 was taken as the 

measure of explained variance.

Permutation of cytokine GWAS. 
The baseline cytokine GWAS was performed 

as described previously 7. We randomly per-
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muted the cytokine and covariate datasets 

1000 times then ran the GWAS using these 

datasets to obtain 1000 random profiles for 

each cytokine stimulation pair. For each run 

we obtained the QTL profile and estimated 

the explained variance using the permuted 

cytokine and covariate dataset and the pipe-

line described above. This yielded a distribu-

tion of 1000 estimates of explained variance 

for each cytokine stimulation pair. A mea-

sured estimate was considered significant if 

it was in the top 5% of the permuted distri-

bution of estimates for that cytokine stimu-

lation pair. 

Estimation of age and gender effects. 
Age and gender effects on cytokine produc-

tion were assessed by fitting univariate lin-

ear models for each cytokine stimulation 

pair with age and gender as the independent 

variables, respectively. The R2 was taken as 

the measure of explained variation of these 

models. 

Estimation of seasonal effect. 
The effect of season on stimulated cytokine 

production was assessed using a linear com-

bination of sine and cosine terms with the 

same period (equation 1) as described previ-

ously(Ter Horst et al. 2016) : 

Where y represents the response (cytokine 

level), β the estimated intercept, a the esti-

mated predictor effect, x the day of the year 

the sample was taken in, and E the residual 

effect. 

Estimation of cumulative explained vari-
ance. 
To assess the proportion of variance that 

can be explained by all levels cumulatively, 

individual levels were added to a multivar-

iate linear model one by one, and the total 

model adjusted R2 calculated for each step. 

If adding a level showed an increase in the 

total adjusted R2 of the model, this value 

was extracted. To assess the contribution of 

each level conditional upon the others, the 

full model was fit first. Subsequently several 

reduced models were fit where one data lev-

el was missing. The adjusted R2 for this full 

model was then compared against the mod-

el with the missing level. The difference be-

tween the reduced model and the full model 

was taken as a measure of the variance ex-

plained by that level when accounting for the 

effects of the other levels.

Cytokine level prediction. 
Our objectives were to investigate whether 

genetic variants can reveal predictive insights 

into the cytokine production upon stimula-

tion and whether baseline immune parame-

ters, which are treated as quantitative phe-

notypes that are continuously distributed 

over a population, can improve predictive 

power for cytokine production upon stimu-

lation. Using our population-based study, we 

searched for those subsets of genetic vari-

ants and immune components that are most 

predictive of the various stimulated cytokine 
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production profiles, rather than using exclu-

sively those variants meeting a stringent lev-

el of statistical significance.

We assessed the validity of this approach by 

applying multiple methods, each of which 

is discussed in detail below. In total three 

datasets were evaluated: one for predicting 

stimulated cytokine production using only 

SNPs, one containing all levels except gene 

expression, and one with all levels including 

gene expression. Firstly, features with little 

association with cytokine production levels 

(Spearman P >0.05) were removed for build-

ing the prediction models. For the SNP data-

set, all SNPs with an association to a cytokine 

stimulation pair with P <5x10-5 were used as 

input for feature selection. No filtering for 

collinearity was applied because Elastic Net 

accounts for potential collinearity among 

predictors(Zou and Hastie 2005) 45. 

Elastic Net. 
Prediction of the cytokine levels was facil-

itated by training an Elastic Net model. A 

2×10-fold cross-validation approach was 

used, where the data was first split up into 

10 random training and test sets to validate 

the prediction, and the training set was then 

split up once more for feature selection. Pre-

diction accuracy was evaluated by calculating 

Spearman correlations between the mea-

sured cytokine levels and the predictions of 

the Elastic Net model on the test sets.

RR BLUP. 

To show that the prediction results are not 

influenced to a large extent by the method-

ology, a mixed linear model (equation 2) , as 

implemented in the package rrBLUP (Endel-

man 2011) 46, was applied:

Where y represents the response (cytokine 

level), 1 a vector of 1s, u the overall mean 

of the training set, z the matrix of predictors 

(traits), u the random effect of the predictors, 

and E a vector of residual effects. Predictions 

were made using 10-fold cross-validation. 

Spearman correlation was then calculated 

between predicted and measured values. We 

applied this model as described previously  

(Riedelsheimer et al. 2012) 47.

Partial least squares regression.
In addition to the Elastic Net and rrBLUP 

a partial least squares model was ap-

plied. Models were validated using 10-fold 

cross-validation. Prediction of cytokine levels 

on the test set was done using a linear model 

(equation 3): 

Where y represents the response (cytokine 

level), B the intercept, a a vector containing 

the coefficients from the model, X the matrix 

of predictors (immune traits), and E the re-

sidual error. 

Polygenic risk scores.
We carried out polygenic scoring of disease 

risk using publically available GWAS results. 
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Quantitative scores were computed for each 

trait in this study based on the set of SNPs 

with P-values lower than predefined P-val-

ue thresholds (pT) in the GWAS. Multiple pT 

were evaluated (pT <5e--8, 1e-5, 1e-4, 1e-3, 

and pT < 1e-2 ). Throughout this work, we 

refer to the scores defined at pT <1e-5 as 

Polygenic Risk Scores (PRS). Full association 

summary statistics were downloaded from 

several publicly available resources indicat-

ed in Supplementary Table 6 (Consortium 

and the DIAbetes Genetics Replication And 

Meta-analysis (DIAGRAM) Consortium 2012; 

Paternoster et al. 2015; Köttgen et al. 2013; 

Liu et al. 2015; Trynka et al. 2011; Hinks et al. 

2013; 2 and The International Multiple Scle-

rosis Genetics Consortium & The Wellcome 

Trust Case Control Consortium 2011; Cordell 

et al. 2015; Tsoi et al. 2012; Okada et al. 2014; 

Bentham et al. 2015; Onengut-Gumuscu et 

al. 2015) 48–60, . Studies done exclusively 

in non-European cohorts were omitted. Fil-

ters applied to the separate data sources 

are indicated below. All the dbSNP rs num-

bers were standardized to match GIANT 1kG 

p1v3 and the directions of the effects were 

standardized to correspond to the GIANT 

1kG p1v3 minor allele. SNPs with different 

opposite-strand alleles compared to GIANT 

alleles were flipped. SNPs with A/T and C/G 

SNPs and SNPs with different alleles GIANT 

1kG p1v3 (tri-allelic SNPs, indels, unknown 

alleles) were removed from the analysis. Ge-

nomic control was applied to all P-values for 

the datasets not genotyped by Immunochip 

or Metabochip. We calculated PRS by first 

clumping variants based on the threshold 

pT, linkage-disequilibrium (R2 < 0.2) and a 

250kb window using the PLINK 1.9 option 

“clump” and exclusively European samples 

from 1000 genomes data as a reference for 

linkage disequilibrium calculation. PRS were 

subsequently obtained for each threshold 

pT by calculating them using the linkage-dis-

equilibrium-clumped subset of SNPs using 

the PLINK 1.9 option “score”.

Association between polygenic risk scores 
and cytokine production. 
The association between the PRS and cyto-

kine production capacity upon stimulation 

was determined by calculating the Spearman 

correlation between each of the PRS profiles 

and each of the stimulated cytokine pro-

files. To evaluate the statistical significance 

of association, a permutation method was 

used. The cytokine data was permuted 1000 

times and the correlation was calculated for 

each of these permuted datasets. Both the 

measured and permuted distributions were 

separated into the lymphocyte and mono-

cyte groups, and a student t-test was applied 

between the measured distribution and 

the permuted distribution. When either the 

monocyte or lymphocyte group showed a 

significant deviation from the permuted dis-

tribution (Bonferroni adjusted two sample 

t-test P <0.05) the disease was selected for 

interpretation.
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Supplementary Figure 1. Overview of variation in data in the 500FG cohort. (a) Distribu-

tions of age in 500FG shows that there is a large proportion of young people. (b) Distribution 

in BMI in 500FG shows most people are within a healthy BMI range. (c) Sample variance after 

age, gender and season correction of gene expression quantified by RNAseq (n=89). The top 

75 most varying genes are shown (d) Sample variance of cell counts after correction for age, 

gender and season effects shows effector T-cell populations are among the most variable 

between individuals (n=472). (e) Sample variance of baseline molecular components and im-

mune parameters (n=489).
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Supplementary Figure 2. Validation and replication experiments. (a) HDL cholesterol 

decreases cytokine production in response to A. fumigatus. Log2 cytokine expression rela-

tive to RPMI in PBMCs cultured using  LPDP and LPDP+HDL shows a decrease in expression 

upon stimulation with A. fumigatus. Experiments were performed in 6 healthy individuals. (b) 
Spearman correlations after age and gender correction between cytokine production and cir-

culating IL-18BP concentration in 500FG (left, n=489) and a subset of individuals from 300-OB 

filtered on BMI < 28 (right, n=51). (c) Cytokine production of TNF-α and IL-6 by PBMC derived 

macrophages in response to E. coli and S. aureus is lowered in cells cultured on a medium 

containing acetate but not for C. albicans. Y-axis shows log2 fold changes in cytokine level 

compared to the non-acetate condition in macrophages cultured on a medium with acetate 

and stimulated with C. albicans, S. Aureus and E. coli in 6 healthy Dutch donors. Blue indicates 

TNFA. Red indicates IL-6
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Supplementary Figure 3. Baseline molecular components are differentially associated 
to cytokine responses to pathogens. Spearman correlations between stimulated cytokine 

production (after correction for age- and gender-effects) and the top 5 (when taking effect 

size into account) most-selected metabolites (total cholesterol level in HDL3, glutamine, free 

cholesterol and α-1 acid glycoprotein) and mediators (α-1 antitrepsin, IL-18BP, adiponecting, 

resistin and leptin) show differential effects between monocyte- and lymphocyte-derived cy-

tokine measurements as well as across multiple stimulations. Sample size was n = 377 for the 

metabolites and n = 489 for the modulators, with each sample representing an individual.

Integration of multi-omics data and deep phenotyping enables prediction of cytokine responses
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Supplementary Figure 4. Estimation of the unique contributions of multiple baseline 
immune parameters to the variation in stimulated cytokine production. Adjusted R2 

between a full and multiple-reduced multivariate linear models (MVLM) giving an estimation 

unique of the effect. Each colored bar represents how much additional variation (on top of 

the preceding colors) the MVLM for that category explains when conditioned on the other 9 

MVLMs. The combined dataset consisted of 266 samples. Each sample represents an individ-

ual. Gene expression was not included in this analysis because of the relatively small sample 

size of the RNA-seq experiment after overlapping with the other datasets (n = 69). X-axis de-

notes adjusted R2 values. Y-axis denotes different cytokine-stimulation pairs.
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Supplementary Figure 5. Correlations between stimulated cytokine production and 
polygenic risk scores for immune disease. (a) Spearman correlations between PRS and 

stimulated cytokine production remain largely stable across multiple GWAS thresholds. 

Spearman correlations between PRS and cytokine measurements (n = 430) show similar di-

rection and effect size across the multiple GWAS thresholds (indicated by the color of the box-

plot) used for calculating PRS for most immune diseases tested. (b) Distribution of permut-

ed mean correlations between disease risk in monocyte derived cytokines (left panel) and 

lymphocyte derived cytokines (right panel) shows the measured mean estimate (red arrow) 

differs from the permuted distribution for all diseases showing significant changes.

Integration of multi-omics data and deep phenotyping enables prediction of cytokine responses
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Supplementary Figure 6. Correlations between predicted and measured stimulated cy-
tokine level for multiple tissue types. (a) Correlations between predicted and measured 

cytokine level for each of the 10 cross validation folds. Predicted using  multivariate linear 

models (MVLM) trained by Elastic Net (n = 392).  (b) Correlations between predicted and 

measured cytokine level for each of the 10 cross validation folds. Predicted using  multivar-

iate linear models MVLMs trained by RR-blup (n = 392).  (C) Correlations between predicted 

and measured cytokine level for each of the 10 cross validation folds. Predicted using MVLMs 

trained by PLS (n = 392).  (e) Correlations of predicted and measured cytokine level of MVLMs 

trained with all categories and gene expression shows model large variation (n=69).

Integration of multi-omics data and deep phenotyping enables prediction of cytokine responses
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Supplementary Table 1: Description of the baseline molecular phenotypes used in the study
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Supplementary Table 2: Description of all cytokine stimulation pairs used in the study.
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Supplementary Table 3: Results of GO term enrichment of top 75 most varying genes after 

correcting age, gender and seasonal.effects. Table shows enrichment of top 75 most varying 

genes in GO terms for FDR<0.05
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Supplementary Table 4: Comparison between real and permuted estimates of explained 

variation by genetics. Estimates are given as measured by the adjusted R2The column delta 

indicates the difference between the mean of the permuted distribution and the real esti-

mate.
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Supplementary Table 5: Genes associated to cytokine production and their corresponding 

correlation. The genes used in the multivariate linear models in order to predict the cytokine 

level of the cytokine indicated in the corresponding column.
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Supplementary Table 6: Description of the summary statistics used to calculate PRS and the 

date they were downloaded
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Supplementary Table 7: Results of t-test between mono and lymphocyte groups and their 

respective permuted distribution
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ABSTRACT

Expression quantitative trait loci (eQTL) studies are used to interpret the 
function of disease-associated genetic risk factors. To date, most eQTL anal-
yses have been conducted in bulk tissues, such as whole blood and tissue 
biopsies, which are likely to mask the cell type context of the eQTL regula-
tory effects. Although this context can be investigated by generating tran-
scriptional profiles from purified cell subpopulations, the current methods 
are labor-intensive and expensive. Here we introduce a new method, De-
con2, a statistical framework for estimating cell proportions using expres-
sion profiles from bulk blood samples (Decon-cell) and consecutive decon-
volution of cell type eQTLs (Decon-eQTL). The estimated cell proportions 
from Decon-cell agree with experimental measurements across cohorts (R ≥ 
0.77). Using Decon-cell we can predict the proportions of 34 circulating cell 
types for 3,194 samples from a population-based cohort. Next we identified 
16,362  whole blood eQTLs and assign them to a cell type with Decon-eQTL 
using the predicted cell proportions from Decon-cell. Deconvoluted eQTLs 
show excellent allelic directional concordance with those of eQTL(≥ 96%) 
and chromatin mark QTL (≥87%) studies that used either purified cell sub-
populations or single-cell RNA-seq. Our new method provides a way to as-
sign cell type effects to eQTLs from bulk blood, which is useful in pinpointing 
the most relevant cell type for a certain complex disease. Decon2 is avail-
able as an R package and Java application (https://github.com/molgenis/sys-
temsgenetics/tree/master/Decon2), and as a web tool (www.molgenis.org/
deconvolution).
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INTRODUCTION

For many of the genetic risk factors that have been associated to immune 
diseases by genome-wide association studies (GWAS), the molecular mech-
anism leading to disease remains unknown(Hindorff et al. 2009). Most of 
these genetic risk variants are located in the non-coding regions of the ge-
nome, implying that they play a role in gene regulation(Ionita-Laza et al. 
2016; Javierre et al. 2016). Expression quantitative trait locus (eQTL) analy-
sis provides a way to characterize the regulatory effect of these risk factors 
in humans, and many eQTL studies have now been carried out using bulk 
tissues, for example, whole blood(Westra et al. 2013; Joehanes et al. 2017). 
However, bulk tissues comprise many different cell types, and gene regu-
lation is known to vary across cell types(Raj et al. 2014; Peters et al. 2016; 
Naranbhai et al. 2015). In recent years, efforts to describe eQTL effects in pu-
rified cell subpopulations have been carried out in specific cell types(Westra 
et al. 2015a). Unfortunately, the length and cost of the study protocols have 
limited these studies to small sample sizes and only a few cell types. Nev-
ertheless, being able to pinpoint the particular cell type (CT) in which a risk 
factor exerts an eQTL effect could help us to understand its role in disease.
 
Statistical approaches to detect CT effects using tissue expression profiles 
have mainly been developed to evaluate gene by environment interaction 
(GxE) terms, for example, being able to detect CT eQTLs for myeloid and 
lymphoid lineages using only whole blood gene expression and by evaluat-
ing the interaction between genotype and cell proportions for neutrophils 
and lymphocytes in whole blood(Westra et al. 2015b). A second study linked 
eQTL genes to proxy genes through correlation; these proxy genes were 
then associated to intrinsic or extrinsic factors, such as cell proportions or 
inflammation markers(Zhernakova et al. 2017a). However, these efforts fo-
cused on exploiting only one GxE term, or on indirectly linking the CT pro-
portions to given eQTL instead of directly ascertaining the interaction be-
tween all the main cell proportions comprising the bulk tissue and genotype. 
Unfortunately, quantifying cell proportions, in particular for rare subpopula-
tions (total abundance of ≤ 3% in circulating white blood cells), is expensive 
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and time-consuming. Hence, quantifying immune cell proportions in large 
functional genomics cohorts is not common practice.
 
Here we present and validate Decon2, a computational and statistical frame-
work that can: (1) predict the proportions of known circulating immune cell 
subpopulations (Decon-cell), and (2) use these predicted proportions along 
with whole blood gene expression and genotype information to assign bulk 
eQTL effects into CT eQTLs (Decon-eQTL). Our two-step framework pro-
vides an improvement over previously published methods. As unlike earlier 
methods(Aran, Hu, and Butte 2017), Decon-cell does not rely on any prior 
information of transcriptome profiles from purified cell subpopulations, as 
it only requires the proportions of the cells comprising the bulk tissue, in 
this case whole blood, and identifies signature genes which correlate with 
cell proportions in a bulk tissue. Secondly, Decon-eQTL is the first approach 
in which all major cell proportions (the major cell types for which the sum 
of proportions per sample to approximately 100%) of bulk blood tissue are 
incorporated into an eQTL model simultaneously. This can then be system-
atically tested for any significant interaction between each CT and genotype, 
while at the same time the effect of  the other CTs are modelled.

We generated the Decon-cell predictive models using data from the  500FG 
cohort(Netea et al. 2016), where quantification of immune cell types was 
carried out using FACS(Aguirre-Gamboa et al. 2016) and RNA-Seq based bulk 
whole blood transcriptome profiling were available for 89 samples(Bakker 
et al. 2018). By using a cross-validation approach we were able to accurately 
predict 34 out of 73 cell subtypes using solely whole blood gene expres-
sion. For validation, we applied  Decon-cell to three independent cohorts 
(Lifelines Deep(Tigchelaar et al. 2015a), n = 627, Leiden Longevity cohort(J. 
Deelen et al. 2014), n= 660 and the Rotterdam Study(Hofman et al. 2013), 
n= 773) with both blood RNA-seq and measured cell proportion data avail-
able (neutrophils, lymphocytes and CD14+ monocytes and granulocytes). 
Additionally, we benchmarked Decon-cell prediction performance against 
two other existing methods that quantify immune cell composition using 
gene expression profiles from whole blood. After showing that we can ac-
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curately predict circulating immune cell proportions, we applied Decon-cell 
to estimate cell proportions in 3,194 individuals from the BIOS cohort(van 
Greevenbroek et al. 2011; Schoenmaker et al. 2006; Willemsen et al. 2010; 
Tigchelaar et al. 2015b), in which both whole blood RNA-seq and genotypes 
were available. The BIOS cohort is a valuable resource for functional ge-
nomics studies where extensive characterization of the genetic component 
on gene expression (Zhernakova et al. 2017b) and epigenetics (Bonder et 
al. 2017) have been performed. We integrated whole blood expression, 
genotype information and predicted cell proportion with Decon-eQTL, to 
deconvolute 16,362 significant whole blood cis-eQTLs top effects into CT 
eQTLs. These deconvoluted eQTL results were comprehensively validated 
using transcriptome profiles from purified cell subpopulations(Adams et al. 
2012a), eQTLs and chromatin mark QTLs from purified cell types(Chen et al. 
2016a), and eQTLs from single-cell experiments(van der Wijst et al. 2018a). 
We also systematically compared the performance of Decon-eQTL against 
previously published methods(Westra et al. 2015c; Zhernakova et al. 2017a) 
that detect cell type eQTL effects using whole blood expression profiles. 
 
 
RESULTS

Decon-cell accurately predicts the proportions of known immune cell types
In order to assign the CT in which an overall eQTL effect from a bulk tissue 
sample (e.g. whole blood), we need three types of information: genotype 
data, tissue expression data, and cell type proportions (Fig. 1). Here, we pro-
pose a computational method for predicting the cell proportions of known 
immune cell types using gene signatures in whole blood expression data 
by employing a machine-learning approach. Decon-cell employs regularized 
regression method elastic net(Friedman, Hastie, and Tibshirani 2010) to de-
fine sets of signature genes for each cell type. In other words, these signa-
tures were selected as having the best prediction power for individual cell 
proportions.

There are 89 samples in 500FG cohort with both whole blood RNA-seq and 



186

Figure 1. Workflow of application of Decon2 to predict cell counts followed by deconvo-
lution of  whole blood eQTLs. With whole blood expression and FACS data of 500FG sam-

ples, Decon-cell predicts cell proportions with selected marker genes of circulating immune 

cell subpopulations. Validations of Decon-cell were carried out on three independent cohorts 

where measurements of neutrophils/granulocytes, lymphocytes and monocytes CD14+ were 

available, alongside to expression profiles of whole blood. Benchmarking of Decon-cell was 

performed against CIBERSORT(Newman et al. 2015) and xCell(Aran, Hu, and Butte 2017). De-

con-cell was applied to an independent cohort (BIOS) to predict cell counts using whole blood 

RNA-seq. Decon-eQTL subsequently  integrates genotype and tissue expression data togeth-

er with predicted cell proportions for samples in BIOS to detect cell type eQTLs. We validated 

Decon-eQTL using multiple independent sources, including  expression profiles of purified 

cell subpopulations, eQTLs and chromatin mark QTLs (cmQTLs) from purified neutrophils, 

monocytes CD14+ and CD4+ T cells(Chen et al. 2016b), and single cell eQTLs results(van der 

Wijst et al. 2018b). Benchmarking of Decon-eQTL was carried out for  comparison with previ-

ously reported methods which detected cell type eQTL effects using whole blood expression 

data (Zhernakova et al. 2017c; Westra et al. 2015a)).
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quantification of 73 immune cell subpopulations by FACS available. This data 
was used to build the prediction models for estimating cell subpopulations 
by Decon-cell. First we determined which of the 73 cell subpopulations could 
be reliably predicted by Decon-cell. A within-cohort cross-validation strategy 
was employed by randomly dividing 89 samples (Fig. 1) into training and test 
sets (70% and 30% of the samples, respectively ). After generating a model 
using each training set, we applied the prediction models of each cell type 
to the samples in the test sets. We compared the predicted and measured 
cell proportion for each cell type using Spearman correlation coefficients to 
evaluate the  prediction performance. We repeated this process 100 times 
and then used the mean correlation coefficient in all 100 iterations to eval-
uate the prediction performance. We were able to predict 34 out of 73 cell 
subpopulations using whole blood gene expression data at a threshold of 
mean absolute R ≥ 0.5 across all 100 iterations (Fig. 2A, Supplementary 
Fig.1 , Supplementary Table 1). The number of signature genes selected in 
the models for predicting cell proportions varied across the cell types, rang-
ing from 2 to 217 signature genes (Supplementary Fig. 2A, Supplementa-
ry Table 1); and it was independent of the average abundance of these cell 
types in whole blood (R = 0.02, Spearman correlation coefficient, Supple-
mentary Fig.2A). In particular, cell types that are abundant in whole blood 
(granulocytes-neutrophils, CD4+ T-cells, CD14+ monocytes) were predicted 
with high confidence (correlation between predicted and measured values, 
R ≥ 0.73). Remarkably, we were also able to predict a number of less abun-
dant cell subpopulations, including NK cells, CD8+ T-cells, non-NK T-cells 
(CD3- CD56-) including CD4+ central memory and CD4+ effector memory 
T-cells, and regulatory T-cells (Supplementary Fig. 2A) as determined by 
FACS. Cell types with a low prediction performance (R < 0.5) are those that 
have few signature genes whose expression levels correlate sufficiently (i.e. 
absolute R < 0.3) with the actual cell proportions in whole blood (Supple-
mentary Fig. 2B-C). For each of the 34 predictable cell types, we used De-
con-cell to build models for predicting their cell counts using all 89 samples 
from the 500FG cohort. These models were applied to 3,194 samples in an 
independent cohort, to predict cell proportions of circulating immune cell 
types for the subsequent deconvolution of eQTL effect. 
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Figure 2. Prediction of cell proportions using whole blood transcriptome by Decon-cell.
(A) Distribution of prediction performance (Spearman correlation coefficient) of the 34 pre-

dictable cell types in 100 iterations of prediction within the 500FG cohort. (B) Cross- cohort 

validation in an independent Lifelines-Deep cohort (n=627): the measured  and predicted cell 

proportions for neutrophils (given by granulocytes in 500FG), lymphocytes and monocytes 

are compared.
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In addition to within-cohort validation, we tested our cell proportion models 
using three independent cohorts (LLDeep, n = 627, LLS, n= 660, RS, n =773), 
for which cell type abundances were quantified using a Coulter counter for 
neutrophils (granulocytes for RS), lymphocytes, and CD14+ monocytes (Fig. 
2B, Supplementary Fig. 3A-B). In LLDeep we were able to accurately pre-
dict these three cell types with Spearman correlation coefficients of R = 0.73, 
R = 0.89, and R = 0.73, respectively.  For LLS and RS the prediction perfor-
mance was also accurate for neutrophils and lymphocytes, but less accurate 
for monocytes (R= 0.76 for neutrophils, R= 0.50 for CD14+ monocytes and 
R= 0.84 for lymphocyte proportions in LLS, R= 0.74 for granulocytes, R= 0.28 
for CD14+ monocytes and R= 0.83 for lymphocytes in RS). 

Next, in order to benchmark Decon-cell we have compared its prediction 
performance against two other existing tools that quantify the abundance 
of known immune cell types using bulk whole blood expression profiles: 
CIBERSORT(Newman et al. 2015) and xCell(Aran, Hu, and Butte 2017). We 
obtained the predicted proportions by CIBERSORT and enrichment scores 
of circulating immune cells by xCell for the samples in three different co-
horts: LLDeep, LLS and RS (Supplementary Fig. 4A-B). For each cell type,  
Decon-cell outperforms CIBERSORT and xCell (Supplementary Fig. 3B). The 
scatterplots of predicted vs measured values  (Supplementary Fig. 3 A, 
and Supplementary Fig. 4 A-B) further demonstrate that the better perfor-
mance of Decon-cell is not due to cell proportion outliers.

Finally, we evaluated whether the signature genes showed CT expression in 
their relevant purified cell types, using the BLUEPRINT(Adams et al. 2012a) 
RNA-seq data from the purified cell subpopulations. We focused on cell 
types with more than three samples measured, these included neutrophils, 
CD14+ monocytes, CD4+ T-cells and B-cells. The signature genes showed 
overall higher expression in their relevant cell subpopulations compared to 
other cell subpopulations. Interestingly, the signature genes were also able 
to cluster the samples of the relevant CT using unsupervised hierarchical 
clustering (Supplementary Fig. 5A-D). Together, our results demonstrated 
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that the gene signatures identified by Decon-cell were predictive for the pro-
portions of circulating immune cell subpopulations using only whole blood 
gene expression data.
 
To facilitate the cell proportion prediction of new samples using whole 
blood RNA-seq, we have made the Decon-cell prediction models and gene 
signatures available in an R package (Decon-cell) and as a web tool (www.
molgenis.org/deconvolution). These two implementations allow the user to 
pre-process their RNA-seq expression counts and estimate cell proportions 
using the pre-established models for 34 cell types in whole blood. Decon-cell 
R package also allows the user to input bulk expression profiles and cell pro-
portions to generate predictive models for new tissues.
 
Decon-eQTL assigns bulk eQTLs to cell types eQTL effects
As we know, eQTL analysis using whole blood bulk expression data fails to 
distinguish between a general eQTL that is present in all cells and an ef-
fect that is mainly found in a particular cell subpopulation, or subset of one, 
significantly more than the others present in the tissue. We therefore pro-
pose a new approach to assign the overall bulk eQTL into CT effects, called 
Decon-eQTL (see Online Methods). By using the cell proportions in whole 
blood, is possible to formally test if the genetic effect is dependent on cell 
proportions. More explicitly, we include both the genotype and all CT pro-
portions of interest in a linear model and systematically test if there is a sig-
nificant interaction effect between the genotype and each of the predicted 
cell proportions in the variation of gene expression in whole blood. At the 
same time we control the effect of the remaining CTs. In this way, whole 
blood expression data, alongside genotypes and (predicted) cell proportions 
can be integrated to assign a CT effect from a bulk eQTL(Fig. 1).

We applied Decon-eQTL to 3,198 samples (BIOS cohort) with transcriptome 
levels (RNA-seq), genotype information and cell proportions predicted by De-
con-cell. Whole blood cis-eQTL mapping yielded 16,362 whole blood eQTLs 
(false discovery rate (FDR) ≤ 0.05). For each of these whole blood cis-eQTLs, 
we applied Decon-eQTL with a focus on 6 major cell subpopulations: gran-
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ulocytes, CD14+ monocytes, CD4+ T-cells, CD8+ T-cells, B-cells and NK cells. 
These cell types were selected as the sum of their relative percentages was 
close  to 100% and none of these cell type pairs had an absolute correlation 
coefficient R ≥ 0.75. Decon-eQTL computationally assigned 4,139 CT eQTLs 
from these subpopulations, reflecting 3,812 genes and 3,650 SNPs. We ob-
served that 25% of the whole blood eQTLs have a significant (FDR ≤ 0.05) CT 
eQTL effect given Decon-eQTL. The majority (31%) of the total CT-eQTL ef-
fects detected were found to be associated to granulocyte, possibly because 
granulocytes comprise ~70% of circulating white blood cells (Fig. 3A). We 
also observed that the majority (74%) of CT eQTLs detected by our meth-
od were assigned to a single cell type. It should be noted that these eQTL 
are likely not exclusively present for this particular cell type in biology, but 
that the statistical power was sufficient to detect CT eQTL in this particular 
cell type (Supplementary Fig. 6). We found sharing of eQTLs for between 
cell types only in few cases. An example of such shared eQTLs is on NOD2 
gene, where Decon-eQTL was able to detect a strong granulocyte-eQTL ef-
fect alongside a smaller, opposite effect in CD14+ monocytes. This opposite 
effect has also been previously described in eQTL studies on purified CD14+ 
monocytes and neutrophils(Naranbhai et al. 2015). These results demon-
strate that cell type effects should be taken into account when interpreting 
eQTLs derived from bulk tissues.
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Figure 3. Deconvolution of whole blood eQTLs into cell-type eQTLs. By integrating pro-

portions of cell subpopulations (predicted by Decon-cell), gene expression and genotype in-

formation, Decon-eQTL detect cell-type eQTLs. (A) The number of deconvoluted eQTLs in 

each cell type by using whole blood RNA-seq data of 3,189 samples in BIOS cohort. (B) Dis-

tribution of Spearman correlation coefficients between expression levels of deconvoluted 

eQTL gene and cell counts for each cell subpopulation. The deconvoluted eQTL genes show 

positive and statistically higher correlation (Spearman) with its relevant cell type proportions 

than compared to the rest (T test p value < 0.05) in an independent cohort (500FG).
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Decon-eQTL prioritizes genes to relevant cell types
To further validate our deconvoluted CT eQTLs, we systematically tested if 
the expression levels of the CT eQTL genes detected in the BIOS cohort were 
correlated with their relevant cell proportions. We calculated the Spearman 
correlation coefficients between the expression of the identified CT eQTL 
genes and the measured cell proportions using the 500FG cohort (n = 89). 
Next, we compared the correlation coefficients obtained with those between 
expression and the remaining cell proportions. For each of the six evaluated 
cell subpopulations in Decon-eQTL, CT eQTL genes had a significantly higher 
correlation with their relevant cell subpopulation than the other cell types (T 
test, p-value < 0.05) (Fig. 3B). As such, this result validates the association of 
the CT-eQTL genes and the cell proportions in an independent cohort.

Next, we evaluated whether the significant CT eQTL genes were over-ex-
pressed in their relevant cell subpopulation compared to eQTL genes that 
were found to be non-significant for the same cell type. For this purpose, we 
made use of the purified neutrophil, CD14+ monocyte, CD4+ T-cell and B-cell 
RNA-seq data from the BLUEPRINT dataset. We only include these cell types 
as they were the only ones with more than 3 samples measured. For each 
of the four cell types, we observed that the expression of CT eQTL genes de-
tected by Decon-eQTL was significantly higher (T-test, p-value ≤ 0.05) com-
pared to the expression of non-significant Decon-eQTL genes (Fig. 4A). We 
also observed that the deconvoluted eQTL genes from granulocytes showed 
a relatively wider range of variation than the CT-eQTL genes from the oth-
er three subpopulations. We hypothesized that this could be explained by 
the fact that granulocytes comprise ~70% of the cell composition in whole 
blood, thus giving us the power to detect eQTL for lowly-expressed genes 
in granulocytes. This was partly supported by the observation that the vari-
ation of expression in whole blood for granulocyte eQTL genes was signifi-
cantly greater than those eQTL genes deconvoluted to the other five cell 
subpopulations (F test, p-value ≤ 0.05, Supplementary Fig. 7). 
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Figure 4. Validation of deconvoluted cell-type eQTLs. (A) Expression of eQTL genes in 

purified cell subpopulations from BLUEPRINT(Adams et al. 2012b) is significantly higher in 

its relevant cell subpopulation compared to other available cell subtypes (green for granulo-

cyte eQTL genes showing expression for purified neutrophils; orange for monocytes; purple 

for CD4+ T cells; pink for B cells). (B) Differential expressed genes (Adjusted p-value ≤ 0.5) 

between  CD4+ T cells and NK cells are significantly enriched for CT eQTLs effects on CD4+ T 

cells (dots in purple, Fisher exact P = 1.8x1017) and NK Cells (dots in yellow, Fisher exact P = 

2.3x1018) respectively. (C) Deconvoluted eQTLs (FDR ≤ 0.05) show significantly larger effect 

sizes in the purified cell eQTLs data (Chen et al. 2016b) compared to the rest of the whole 

blood eQTLs for which we do not detect cell type effect, as shown for  deconvoluted granu-

locyte eQTLs in neutrophil derived eQTLs (green); monocytes (orange); CD4+ T cells (purple).
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Furthermore, by using a publicly available transcriptome profiles  (GSE78840(-
Gruden et al. 2012)) of purified NK cells and CD4+ T cells, we assessed if the 
differentially expressed genes across the two cell types were enriched for 
eGenes of deconvoluted CT eQTLs. We observed that the CD4+ differentially 
expressed genes (Adjusted P-value ≤ 0.05) were significantly enriched for 
CD4+ T cell eQTLs (Fisher exact P = 1.8x10-17), whereas NK cell differential 
genes (Adjusted P-value ≤ 0.05) were significantly enriched for NK cell eQTLs 
(Fisher exact P = 2.3x10-18) as shown in Fig.4B.

In summary, we were able to show that the eQTL genes detected by De-
con-eQTL have a relevant cell-type effect given we have been able to show 
that transcriptionally active in their relevant cell type
 
CT eQTLs identified by Decon-eQTL in whole blood are replicated in pu-
rified cell eQTL datasets
In order to validate the CT eQTLs defined by decon-eQTL, we utilized the 
eQTLs identified from purified neutrophils, CD4+ T-cells and CD14+ mono-
cytes(Chen et al. 2016b). We first compared the absolute effect sizes from 
purified cells between significantly deconvoluted CT eQTLs, with non-signifi-
cant deconvoluted CT eQTLs for this CT. For all three cell populations, effect 
sizes in our deconvoluted CT eQTLs were significantly higher compared to 
the effect size of eQTLs without a significant CT eQTL (Wilcoxon test, p-val-
ue ≤ 0.05, Fig. 4C). Next, we assessed the specificity of our deconvoluted 
CT eQTLs by evaluating CT-eQTL effect sizes in non-relevant cell subpopu-
lations. For example, we compared the effect sizes of deconvoluted granu-
locyte eQTLs against those with non-significant deconvoluted granulocyte 
eQTLs using the effect sizes of purified CD4+ T-cell eQTLs. Notably, we ob-
served no statistically significant differences using effect sizes from non-rel-
evant cell subpopulations (see off-diagonal comparisons in Supplementary 
Fig. 8), further supporting the biological significance of our deconvoluted CT 
eQTLs.

To further demonstrate that the cell type eQTLs assigned by Decon-eQTL are 
biologically relevant, we have made use of the K27AC and K4ME1 epigenetic 
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QTLs characterized using purified neutrophils, CD4+ T-cells and monocytes 
CD14+(Chen et al. 2016b). In a similar fashion as the above comparison of 
effect sizes with purified eQTLs, we compared the absolute effect sizes from 
both K27AC and K4ME1 QTLs from eQTLs for which Decon-eQTL detects a 
CT effect against the rest of whole blood eQTLs. We observed that for cor-
responding cell types, e.g. evaluating granulocyte CT eQTLs in K27AC QTLs 
from purified Neutrophils, the distribution of the absolute effect sizes is sig-
nificantly higher for the chromatin mark QTLs (cmQTLs) than those non-sig-
nificant CT eQTLs, which provide an epigenetic evidence that  our method is 
able to assign correctly the cell type eQTL effects, as shown in the diagonal 
comparisons in both K27AC QTLS (Supplementary Fig.9) and for K4ME1 
QTLs (Supplementary Fig.10). Notably, we observed that for the non-rele-
vant cell subpopulations only one comparison, i.e. granulocytes v.s. CD14+ 
monocytes, show a statistically significant higher effect sizes for K27AC QTLs 
and K4ME1 QTLs, although the difference in effect sizes is less pronounced 
as the ones observed with corresponding cell types. For the rest of the 
non-relevant comparisons in the off-diagonal of both Supplementary Fig.9 
and Supplementary Fig.10, there are no statistically significant differences.

In addition to the comparison of effect sizes, we ascertained the allelic con-
cordance between deconvoluted eQTLs and eQTLs from purified cell sub-
types(Chen et al. 2016b). For each available CT (neutrophils, CD14+ mono-
cytes, and CD4+ T cells), we evaluated whether the direction of the eQTL 
effect on deconvoluted CT eQTLs was the same as the one observed from 
purified cell subpopulations. Remarkably, the allelic concordance between 
the deconvoluted eQTLs and purified eQTLs was high across cell types: 
99% for granulocyte eQTLs (compared to neutrophil eQTLs), 96% for CD14+ 
monocytes eQTLs, and 99% for CD4+ T cells (Fig. 5A). These rates of allelic 
concordance are significantly higher for deconvoluted granulocyte and CD4+ 
T-cell eQTLs compared to the those between whole blood eQTLs and eQTLs 
from purified cell subpopulations (Fig. 5B, Neutrophils, Fisher exact p-value 
= 3.91x106, CD4+ T cells Fisher exact p-value = 0.005),  whereas the allelic 
concordance for deconvoluted CD14+ monocyte eQTLs is the same as for 
whole blood eQTLs and purified CD14+ monocyte eQTLs (Fig. 5B). We also 



197

Deconvolution of bulk blood eQTL effects into immune cell subpopulations

compared the allelic concordance of deconvoluted CT-eQTLs of a certain cell 
type against the eQTLs of non-relevant purified subpopulations. Interesting-
ly, the allelic concordance across non-relevant cell subtypes is consistently 
lower (off-diagonal Supplementary Fig.11). The higher allelic concordance 
across CTs was seen between deconvoluted granulocyte eQTLs and CD14+ 
monocyte eQTLs with a 95% allelic concordance, which shows that the direc-
tion of effect is often shared between related cell types. 

Finally, we evaluated the allelic concordance rates for CT eQTLs assigned 
by Decon-eQTL and K27AC QTLs from purified cell subpopulations, where 
we observed a consistently high allelic concordance rate: 92% for granu-
locyte eQTLs (in purified Neutrophils), 87% for CD14+ monocytes and 92% 
for CD4+ T cells (boxed diagonal comparisons in Supplementary Fig. 12). 
These concordance rates are significantly higher than the ones between the 
whole blood eQTLs and K27AC QTLs from purified cell subpopulations (Sup-
plementary Fig 13) for neutrophils (Fisher exact test p-value = 9.06x10-14), 
CD14+ monocytes (Fisher exact test p-value = 3.33x10-4), C4+ T cells (Fisher 
exact test p-value = 8.64x10-9). Remarkably we also notice a consistent de-
crease on concordance rates when assessing the allelic concordance of CT 
eQTLs in K27AC QTLs of non-relevant cell subpopulations (off-diagonal com-
pasons, Supplementary Fig. 12). Together, the results from allelic concor-
dance rates between deconvoluted CT eQTLs and eQTLs/K27AC QTLs from 
purified cell subpopulations add a further layer of evidence supporting the 
biological relevance of deconvoluted CT eQTLs.

CT eQTLs identified by Decon-eQTL in whole blood show allelic concor-
dance with single-cell RNA-seq eQTLs
To replicate the deconvoluted CT eQTLs in the cell subtypes that were not 
available in Chen et al(Chen et al. 2016b). purified cell eQTLs, we utilized the 
recent single-cell RNA-seq eQTLs (sc-eQTLs) identified in CD14+ monocytes, 
NK cells, CD4+ T-cells, CD8+ T-cells, and B-cells(van der Wijst et al. 2018c). 
We selected the top SNP per sc-eQTL pair for each of the cell types and com-
pared it to the direction of the eQTL effect given by Decon-eQTL. Overall we 
observed an allelic concordance of 98% (Fig. 5C and Supplementary Table 
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Figure 5. Allelic concordance of deconvoluted cell-type eQTLs with eQTLs from purified 
cells. Deconvoluted CT QTLs show high allelic concordance compared to eQTLs from puri-

fied cell subpopulations(Chen et al. 2016c). (A) for granulocyte eQTLs (orange), Decon-eQTL  

achieved an allelic concordance of 99% compared to eQTLs from purified neutrophils. Simi-

larly, the allelic concordance were 96%and 99% for monocytes and CD4+ T cells, respectively. 

They are higher than those observed for whole blood eQTLs when comparing to eQTLs from 

purified subpopulations. as shown in panel (B). Deconvoluted eQTLs show an allelic concor-

dance of 95% for significant eQTLs obtained from single cell RNA-seq data (van der Wijst et al. 

2018c) on monocytes CD14+, B cells, CD4+ T cells, CD8+ T cells and NK cells (C).
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3). This allelic concordance is higher than the one achieved on comparing 
the direction of whole blood eQTL effects with sc-eQTLs, where we observed 
an allelic concordance of 89% (Supplementary Fig. 14). Although the differ-
ence is not statistically significant (Fisher exact p-value = 0.1102), we expect 
that replication can be achieved for more rare cell types when single cell 
eQTL datasets with a larger sample size become available.

Decon-QTL outperforms earlier methods

To our knowledge, our approach is the first to model the effect of multiple 
components of bulk blood RNA-seq to deconvolute cell type effects. Previous 
studies used an interaction effect between genotype and cell proportions of 
one specific cell type to detect the cell type eQTLs effects using whole blood 
gene expression(Westra et al. 2015a; Zhernakova et al. 2017a), or used the 
correlation of the eQTL effect with cell type proxy genes(Westra et al. 2015a; 
Zhernakova et al. 2017a). 

The Westra et al method has often been used to detect cell type eQTL effects 
using bulk expression data and cell proportions(Davenport et al. 2017; Wil-
son, Sun, and Ibrahim 2017; Geeleher et al. 2018; Glastonbury et al. 2018). 
In brief, it focuses on the effect of the GxE interaction (where E represents 
cell proportions) for explaining the variation in gene expression, and it only 
incorporates one cell type at each time. To properly compare Decon-eQTL 
with the Westra et al method, coined here ‘Westra method’, both methods 
were applied to the BIOS cohort, where we detected CT eQTLs for the six 
cell subpopulations. Replication of CT eQTLs from Westra method was done 
in the same way as described above for Decon-eQTL. We observed that the 
eGenes (i.e. genes with eQTLs) detected by the Westra method are signifi-
cantly higher expressed for granulocytes (observed in purified neutrophils), 
CD4+ T cells and B cells, but not for CD14+ monocytes (Supplementary Fig. 
15A). Next, we found that the distribution of effect sizes in eQTLs from puri-
fied cells is significantly higher for the CT eQTLs detected using the Westra et 
al method when compared to the rest of the whole blood eQTLs (boxed-di-
agonal comparisons in Supplementary Fig. 15B), showing similar results 
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as the ones from Decon-eQTL. However, their performance differentiates 
when comparing effect sizes of eQTLs of non-relevant cell subpopulations 
(off diagonal comparisons in Supplementary Fig. 16), where the Westra 
method shows less CT specificity, mainly across neutrophils and CD14+ 
monocytes, as observed by a significant difference (Wilcoxon test p-value = 
4x10-08, Fig S15B), whereas from Decon-eQTL this comparison yields a non 
significant difference (Wilcoxon test p-value = 5.2x10-02). This difference in 
effect sizes by the Westra method in non-relevant cell subpopulations is also 
observed for eQTLs detected in CD14+ monocytes by the Westra method 
when compared to CD4+ T cell effect sizes. These results suggest that the 
results obtained with the Westra method are not as specific as the ones de-
tected by Decon-eQTL.

When comparing the allelic concordance rates between the direction of ef-
fects given by the interaction term from the Westra method and those found 
in eQTLs from purified cell subpopulations, we observed that the allelic con-
cordance for granulocytes eQTLs, 99%, (evaluated in neutrophils) and for 
CD4+ T cells, 100% (Supplementary Fig.16) is comparable as to those ob-
served for Decon-eQTL (Fig.4A). Conversely, the allelic concordance rate for 
the CD14+ monocytes is only 28%, much lower than the results from De-
con-eQTL(96%). Finally, for granulocytes, CD4+ T cell eQTLs and monocytes, 
we have overlapped the the results from Westra method and Decon-eQTL 
with the eQTLs from purified cell types (Chen et al) (Supplementary Fig. 17). 
For all three cell types, we found that Decon-eQTL is able to detect a larger 
number of eQTLs, with a similar replication rate as the Westra method.

The Zhernakova et al method(Zhernakova et al. 2017a) uses modules of 
co-expressed genes from whole blood RNA-seq data to ascertain the effect 
on context/CT dependent eQTLs.  We compared our Decon eQTL results 
with those from the Zhernakova method for neutrophils, CD4+ and CD8+ 
T-cells, CD14+ monocytes, and B-cells. The reported Z-scores for bulk whole 
blood eQTLs identified by Zhernakova et al were used to infer the allelic di-
rection for each available CT. Again, we compared the direction of the eQTL 
effect with that of the purified neutrophils, CD4+ T-cell and CD14+ monocyte 
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eQTLs(Chen et al. 2016b). Zhernakova et al. detected fewer CT eQTLs effects 
compared to Decon-eQTL(Fig. 3A for Decon-eQTL, Supplementary Fig. 
18A). Although the eQTLs from the neutrophil module showed 100% con-
cordance with the purified neutrophils, slightly outperforming Decon-eQTL 
(99% allelic concordance) (Supplementary Fig. 18B),  the concordance rate 
for the other two cell types (80% for CD14+ monocytes module and 95% for 
CD4+ module) are lower than those from Decon-eQTL (96% and 99% respec-
tively). Overall, these results demonstrate that Decon-eQTL is able to detect 
more CT eQTLs that can be replicated in purifiec eQTL dataset that previous-
ly reported methods, specially in not so abundant cell types such as CD14+ 
monocytes. However, the detection of interaction effects between genotype 
and cell proportions to dissect bulk (in this case whole blood) expression 
data and define cell type eQTLs remains an area of opportunity that could 
still be explored by the increase number of samples present in functional 
genomic cohorts and the greater number of purified eQTL dataset that can 
be used for validation. 

DISCUSSION

We have developed a novel statistical framework, Decon2, which predicts 
the proportions of known cell subtypes using gene expression levels from 
bulk blood tissue (Decon-cell). Subsequently, these predicted cell propor-
tions, together with genotype information and expression data, can be used 
to deconvolute a bulk eQTL effect into cell-type effects (Decon-eQTL). Using 
a set of samples with both whole blood RNA-seq data and cell frequencies 
of 73 cell subpopulations, we demonstrated that Decon-cell was able to pre-
dict 34 independent cell subpopulations. The performance of Deocn-cell has 
been extensively validated by using multiple independent cohorts and com-
pared with existing methods. The obtained Decon-cell models were applied 
to a cohort of 3,189 samples with whole blood RNA-seq available, resulting 
in predicted cell counts for these samples. By integrating bulk expression 
data, genotype and predicted cell counts of BIOS cohort,  Decon-eQTL was 
able to dissect whole blood eQTL effect into CT eQTLs without purifying im-
mune cell subpopulations. Again the results of Decon-eQTL were validated 
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by using several independent data types: 1) eQTLs from purified eQTL data-
set, 2) chromatin QTLs purified eQTL dataset 3) gene expression from puri-
fied cell types. Compared with existing methods, Decon-eQTL consistently 
show superior performance. To sum up, the proposed framework is useful 
for analyze/re-analyzing both existing and new bulk bloodtissue datasets to 
detect cell-type eQTL effects, and can be applied and tested on other tissues 
once cell count proportions become available. This will improve our under-
standing of the functional role of SNPs associated to complex diseases, at 
the level of specific cell subtypes.
 
The main advantage of our method for predicting cell proportions by De-
con-cell  is that it does not rely on the gene expression measured in puri-
fied cell subtypes when defining signature gene sets. Moreover, our method 
does not require the definition of marker genes based on their differen-
tial expression compared to other cell subpopulations unlike previously re-
ported methods(Aran, Hu, and Butte 2017). The signature genes defined by 
Decon-cell are determined by a completely unsupervised approach using a 
regularized regression to select an optimal combination of genes to accu-
rately predict a certain circulating cell proportion. Although the majority of 
these marker genes are differentially expressed across purified cell subpop-
ulations, not all of them are. Nevertheless, these signature gene sets are still 
correlated to the cell proportions in whole blood. In summary, have shown 
that Decon-cell is able to accurately predict the proportions of circulating 
immune cell subpopulations in three independent cohorts and that within 
these cohorts it out-performs previously reported methods.
 
Our Decon-eQTL method for detecting an CT eQTL effect with bulk blood 
tissue expression data is, to our knowledge, the first attempt to simultane-
ously model bulk blood gene gene expression profiles into its major compo-
nents. In contrast to a previous method, where single cell type  (G x E) effects 
were evaluated one at a time(Westra et al. 2015a; Glastonbury et al. 2018), 
Decon-eQTL incorporates all the major cell proportions simultaneously to 
better dissect the overall genetic effect of gene expression signal into cell 
subpopulations. We have validated our Decon-eQTL results by using eQTLs 
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from purified neutrophils, CD14+ monocytes and CD4+ T-cells. Further-
more, we have shown that the eQTLs detected by Decon-eQTL have signifi-
cantly higher effect sizes, specifically in the relevant cell subpopulations and 
they show an allelic concordance of at least 96%. Moreover, we have also 
shown the biological relevance of the deconvoluted CT eQTLs by validating 
our results on cmQTLs where CT eQTLs have significantly higher effect sizes 
and its allelic concordance rates are significantly higher than those of whole 
blood eQTLs.  Finally, we have also demonstrated that Decon-eQTL can rep-
licate CT eQTLs derived from single-cell RNA-seq data, showing a higher al-
lelic concordance with sc-eQTLs compared to using only whole blood eQTL 
effects.
 
There are limitations in our method: the CT eQTLs detected by Decon-eQTL 
tend to be exclusive eQTL for the specific CT suggesting that the CT with 
the strongest eQTL effect was selected by Decon-eQTL. This is  likely due 
to the partial collinearity present between CT proportions included in the 
model (as shown by their correlation structure in Supplementary Fig. 19A-
B). Thus, the genetic effect of one cell type might be masked by another CT 
with correlated cell proportion. The highest correlation coefficient among 
cell types included in the model was 0.75 (between granulocytes and B cells). 
Therefore, a caveat to this is that by deconvoluting CT eQTLs for partially 
correlated cell proportions could lead to false negative results for the CTs 
with relatively weaker eQTL effects. 

The proposed framework of Decon2 is generic for predicting cell subpopu-
lations in bulk tissues (Decon-cell) and re-distribute the overall eQTL effect 
into cell types (Decon-eQTL). Both methods have been implemented into 
freely available software. In both R package and webtool, the models for 
predicting cell subpopulation in whole blood constructed and validated in 
this work are provided for people interested in estimating immune cell sub-
populations in whole blood in health people with western european ethnic-
ity, as our models were built using a Dutch cohort (500FG). 
 
In summary, Decon2 is a computational method that can accurately assign 
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CT effects in bulk blood eQTL datasets, which can be applied to any dataset 
for which genotypes and expression data is available to and potentially aid 
in our understanding of the molecular effects of genetic risk factors associ-
ated to complex diseases at cell type level. Our method makes it possible to 
create CT gene regulatory networks that could explain the different effects 
that each CT has on a complex disease in a cost-efficient way. Since Decon2 
only requires  gene expression and genotype information to deconvolute 
eQTLs, it is possible to re-analyze the existing bulk blood RNA-seq data for 
which genotypes are also available; this is where we would use Decon-cell to 
predict cell proportions in whole blood and obtain CT information on many 
more eQTLs from an increase in sample size. The methods behind Decon2 
can be potentially generalized to use transcriptional profiles derived from 
any other type of bulk tissue in addition to whole blood, such as biopsies 
from tumors or other solid tissues implicated in complex disease etiology. 
Our methods can hence aid in the detection of genetic effects on gene ex-
pression in rare cell subpopulations in bulk tissues. 

METHODS

RNA-seq data collection in 500FG cohort
We selected a representative subset of 89 samples from the 500 partici-
pants of the 500FG cohort, which is part of the Human Functional Genomics 
Project (HFGP). Our subset was balanced for age and sex given the origi-
nal distribution in the cohort, we performed RNA-seq in their whole blood 
samples. RNA was isolated from whole blood and subsequently globin tran-
scripts were filtered by applying the Ambion GLOBINclear kit. The samples 
were then processed for sequencing using the library preparation kit Illumi-
na TruSeq 2.0. Paired-end sequencing of 2×50-bp reads was performed on 
the Illumina HiSeq 2000 platform. The quality of the raw reads was checked 
using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). 
Read alignment was performed with STAR 2.3.0(Robinson, McCarthy, and 
Smyth 2010; Dobin et al. 2013), using the human Ensembl GRCh37.75 as ref-
erence, whilst the aligned reads were sorted using SAMTools(Li et al. 2009). 
Lastly, gene level quantification of the reads was done using HTSeq(Anders, 
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Pyl, and Huber 2015).

RNA-seq preparation and data processing in the BIOS cohort
RNA was isolated from whole blood and subsequently globin transcripts 
were filtered by applying the Ambion GLOBINclear kit. Library preparation 
was performed using the Illumina TruSeq v2 library preparation kit. Next, 
Illumina HiSeq 2000 was used to performed paired-end sequencing of 2 x 50 
bp reads while pooling 10 samples per lane and expecting > 15 million read 
pairs per sample. By using CASAVA read sets were generated, retaining only 
reads that passed Illumina Chastity Filter for further processing.

Quality control of the reads was evaluated using FastQC (http://www.bio-
informatics.babraham.ac.uk/projects/fastqc/). Adaptor sequences were 
trimmed out using cutadapt (v1.1) using default settings. Low quality ends 
of reads were removed using Sickle (v1.200) (https://github.com/najoshi/
sickle). 

Reads were then aligned using STAR 2.3.0e(Dobin et al. 2013). All SNPs pres-
ent in the Genome of the Netherlands (GoNL) with MAF ≥ 0.01 were masked 
from the reads to avoid reference mapping bias. Read pairs with at most 
eight mismatches and mapping to at most five positions, were used. Quanti-
fication of counts per genes was done using Ensembl v.71 annotation (which 
corresponds to GENCODE v.16).

Genotype data of the BIOS cohort
Genotype information was independently generated by each of the cohorts, 
further details on data collection and and methods used for genotyping can 
be found in their papers (CODAM(van Dam et al. 2001), LLDeep(Tigchelaar 
et al. 2015a), LLS(J. Deelen et al. 2014), RS(Hofman et al. 2013) and NTR(Wil-
lemsen et al. 2010))

Genotypes were harmonized to GoNL with Genotype Harmonizer(P. Deel-
en et al. 2014)  and imputed using IMPUTE2(Howie, Donnelly, and Marchini 
2009) using GoNL as reference panel. SNPs with an imputation score below 
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0.5, Hardy–Weinberg equilibrium P value smaller than 1×10−4, a call rate 
below 95% or a MAF smaller than 0.05 were filtered out. For further analysis 
only eSNPs from whole blood cis-eQTLs top effects were subsequently used 
in Decon-eQTL. 

Quantification of cell proportions in 500FG cohort
The inclusion criteria and further description of the participants of the 
500FG cohort can be found at http://www.humanfunctionalgenomics.org. A 
total of 73 manually annotated immune cell subpopulations were quantified 
using 10-color flow cytometry. To minimize biological variability, cells were 
processed immediately after blood sampling and typically analyzed within 
2–3 hr. Cell populations were gated manually as previously described(Agu-
irre-Gamboa et al. 2016).

cis-eQTLs in the BIOS cohort
For cis-QTL mapping, we tested association between genes and SNPs locat-
ed within 250 kb of a gene center. SNPs with MAF ≥ 0.01, call rate = 1 and 
Hardy–Weinberg equilibrium p-value ≥ 0.0001 were included. eQTLs were 
declared to be significant at FDR < 0.05. Pre-processing of RNA-seq and QTL 
mapping was performed using a custom eQTL pipeline which has been pre-
viously described(Zhernakova et al. 2017a).

Prediction of cell proportions using gene expression levels from bulk 
tissue (Decon-cell) 
We proposed that the abundance of molecular markers such as gene ex-
pression could be used as proxies to predict cell proportions. This can be 
represented as:

                  (1)

where expression data is Yij for genes i = 1, 2,…, G, and samples j = 1, 2, …, N, 
and cell count data is Ckj for sample j in cell type k (k = 1, 2, …, K), whilst βki 
represents the coefficients of gene i in determining cell counts of cell type k 
of a complex tissue and ekj is the error term.
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In order to select only the most informative genes for predicting cell counts, 
we implemented a feature selection scheme by applying an elastic net (EN) 
regularized regression(Friedman, Hastie, and Tibshirani 2010). In the EN al-
gorithm, the k Y are estimated by minimizing:
                                             (2)

sis a tuning parameter that limits the number of features that will be includ-
ed in the final predictor model. We estimate the best s per cell type by ap-
plying a 10-fold cross-validation approach, where the most optimal penalty 
parameter (α) was obtained.

Normalization and correction of gene expression data for deconvolu-
tion of eQTL effects
Total read counts from HTSeq were first normalized using the trimmed 
means of M (TMM) values(Robinson, McCarthy, and Smyth 2010). TMM ex-
pression values were log2 transformed. For predicting cell proportions, we 
used scaled expression data in both the 500FG and BIOS cohorts.

For the deconvolution of eQTLs, the expression was log2 transformed and 
corrected using a linear model for the effect of cohort, age, sex, GC con-
tent, RNA degradation rates, library size, and number of detected genes per 
sample. The corrected expression data is then exponentiated in order to 
maintain the original linear relationship across read counts (gene expres-
sion) and cell proportions.

Deconvolution of eQTL effects (Decon-eQTL)
Decon-eQTL models  the expression level in the bulk tissue by considering 
the genetic contribution of multiple  cell types present in the system. For 
identifying the CT eQTL effect, the interaction term between a particular cell 
type and genotype was tested for statistically significance contribution to 
the explained variance on the expression levels of particular gene, while ac-
counting for the remaining cell proportions. 
If we consider a generic eQTL linear model for whole blood it can be de-
scribed as:
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          (3)
where y is the measured gene expression, a the modeled non-genetic de-
pendent expression, g the genotype coded as 0, 1 or 2, β.g the genotype-de-
pendent expression, and e the error, e.g. unknown environmental effects. 
Here all three terms are modeling the effect of the mixture of different cell 
types present in blood. 
In an RNA-seq based gene expression quantification of a bulk tissue, one 
could express gene expression levels (y) as the sum of counts (ψ) per K cell 
types:
                                       (4) 
              

For every cell type the expression level has can be written as a generic eQTL 
model (equation 3) weighted by the cell proportions. ψk  is a combination of 
the genetic and non genetic contribution of the cell type to y. The non-genet-
ic contribution per cell type is β. c where c is the cell count proportions, while 
the genetic contribution is βk. g:ck. For k cell types the expression then is 
                                                        (5)

Where y is the measured expression levels, kis the total number of cell types, 
ck is the cell count proportions of cell type k, gis the genotype . And e is the 
error term. Since we are assuming a linear relationship between total gene 
expression and the levels of expression generated by each of the cell types 
composing a bulk tissue, the cell proportions are scaled to sum to 100%, 
such that the sum of the effect of the cell types equals the effect in whole 
blood. Here we assume that the true sum of the cell counts should be very 
close to 100% of the total PBMCs count, which is why we include the 6 cell 
types that together form the top hierarchy given the gating strategy used to 
quantify the cell subpopulations(Aguirre-Gamboa et al. 2016). The genotype 
main effect is not include in the model as the sum of the genotype effect per 
cell type should approximate the main effect.
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Because the contribution of each of the cell types to expression level y can 
not be negative, we constrain the terms of the model to be positive by using 
Non-Negative Least Squares(Zhou et al. 2009; Lawson and Hanson 1995) to 
fit the parameters to the measured expression levels. However, if the allele 
that has a negative effect on gene expression is coded as 2, the best fit would 
have a negative interaction term, which would be set to 0. To address this 
we want the allele that causes a positive effect on gene expression to always 
be coded as 2. However, the effect of an allele has can be different per cell 
type, therefore the coding of the SNP should also be different per cell type. 
Therefore, we run the model multiple times, each time swapping the geno-
type encoding for one of the interaction terms. The encoding that gives the 
lowest R-squared is then chosen as the optimal genotype encoding. For the 
encoding we limit the amount of genotypes that have an opposite genotypic 
encoding to maximum of one interaction term, as we have observed that 
there no significant difference compared to using all possible configurations 
and this limits the amount of models that have to be run from k2 to (2*k)+2.
To test if there is a CT interaction effect we run the linear model of equation 
5. and, for each CT, run the same model with the cell proportion:genotype 
interaction term removed. E.g. when testing two cell types the full model is 
                                                                                                                   (6)

and the two models with the interaction terms removed are 
                                (7)

For both the full model and the CT models we calculated the sum of squares 
using the different genotype configurations detailed above. For both the full 
and the CT models we then selected the genotype configuration with lowest 
sum of squares. Then, for each CT, we test if full model can significantly ex-
plain more variance than the CT model using an ANOVA. 

We have then applied our strategy to 16,362 significant whole blood cis-
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eQTLs top effects that were detected using the BIOS cohort. We then cor-
rect the p-values for multiple testing using FDR by each of the cell types, e.i. 
Granulocyte eQTL p-values were corrected for 16,362 tests, in the same way 
CD4+ T cells eQTL p-values were corrected for the exact same number of 
tests.
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Supplementary Figure 1: Prediction performance of Decon-cell within 500FG: The Y-axis 

represents the 73 immune cell types quantified by FACS in the 500FG cohort. The  bar plot 

on the left panel shows the mean Prediction Performance (Spearman correlation coefficient 

between predicted and measured cells across 100-fold cross validations). On the right panel, 

box plots represent the distribution of the Prediction Performance within 100 iterations of 

the cross validations. A cutoff of mean Prediction Performance ≥0.5 was applied to define 

predictable cell types (green).
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Supplementary Figure 2. Signature genes selected for prediction of cell proportions by 
Decon-cell: (A) Total number of marker genes (genes selected in ≥ 80% of all models in the 

100 iterations) per predictable cell type. Different colors indicate different subpopulations. 

(B) The number of genes significantly correlated with cell counts (Spearman correlation, ad-

justed P ≤ 0.05)  (y-axis) shows the total number of significantly correlated genes , while the 

x-axis shows the prediction performance (x-axis). (C) Distributions of the total number of 

“strongly” correlated genes (absolute Spearman correlation ≥ 0.3) between predictable and 

unpredictable cell subpopulations.
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Supplementary Figure 3. Comparison of prediction performance between  Decon-cell 
and other existing methods. (A) Performance of Decon-cell: he measured (x axis) and pre-

dicted cell proportions (y-axis)  were compared for neutrophils (given by granulocytes in 

500FG), lymphocytes and monocytes CD14+ and granulocytes three independent cohorts 

(shown by row, from top to bottom: LLDeep (n= 627 ), LLS (n= 660) , RS (n= 773)). (B) Com-

parison of prediction performance for Decon-cell, CIBERSORT and xCell in three independent 

cohorts for a total of 4 major immune subpopulations.
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Supplementary Figure 4. Prediction performance of xCell and CIBERSORT in three in-
dependent Dutch populations (LLDeep, n= 627; LLS, n= 660; RS, n= 773).  (A) Scatter plots 

showing on the x-axis the measured cell proportions of circulating immune cells and  the xCell 

enrichment score on the y-axis. (B) Scatter plots showing on the x-axis the measured cell pro-

portions of circulating immune cells and the predicted cell proportions given by CIBERSORT)
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Supplementary Figure 5. Expression of marker genes selected by Decon-cell. Expression 

levels (scaled, log2(TPM+1) of signature genes in the data in three purified cell subpopula-

tions: CD4+ T cells (A), neutrophils/granulocytes (B) and monocytes (C) in the data from  the 

BLUEPRINT. Cell subpopulations are indicated in different colors by columns. Correlation of 

each of the signature genes and the cell subpopulation percentage in 500FG cohort is shown 

on green bar at the left-hand side of heatmaps figure,i.e. darker green correspond to higher 

correlations.
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Supplementary Figure 6.  Many of the deconvoluted eQTL are cell type exclusive. The 

colored bar plot on the left shows the total number of significantly deconvoluted eQTLs in 

whole blood eQTLs (as shown also in Figure 2A). The gray bar plot shows the total number 

of eQTLs shared across the possible combinations of the six cell subpopulations under study.
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Supplementary Figure 7.  Variation of gene expression across samples for deconvolut-
ed cell-type eQTLs genes in whole blood. Granulocyte eQTL genes show significantly higher 

variance across the BIOS samples (F test p-value ≤ 0.05) compared to those from monocytes, 

CD4+ T cells, CD8+ T cells, B cells and NK cells.
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Supplementary Figure 8. Validation of deconvoluted eQTLs using effect sizes of eQTLs 
from purified cells. Deconvoluted eQTLs (FDR ≤ 0.05) from BIOS cohort show a significant-

ly bigger effect size in purified cell eQTLs(Chen et al. 2016b) from their relevant cell sub-

type compared to other whole blood eQTLs (diagonal boxed comparisons). The off-diagonal 

comparisons show that these eQTL genes are specific to a cell  subpopulation because the 

differences in effect sizes are non-significant in all but one (CD4+ T cell eQTL genes in mono-

cyte-derived eQTLs).
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Supplementary Figure 9. Validation of deconvoluted eQTLs using effect sizes of K27AC 
QTLs from purified cells. Deconvoluted eQTLs (FDR ≤ 0.05) show a significantly bigger effect 

size for K27AC QTLs which have peaks located in the promoter region of the the eGenes from 

their relevant cell subtype compared to the rest of the significant whole blood eQTLs (diag-

onal boxed comparisons). The off-diagonal comparisons show that these eQTL genes are 

specific to a cell subtype  because the differences in effect sizes are non-significant in all but 

the comparisons across Neutrophils and Monocytes (CD14+).
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Supplementary Figure 10. Validation of deconvoluted eQTLs using effect sizes of K4ME1 
QTLs from purified cells. Deconvoluted eQTLs (FDR ≤ 0.05) show a significantly bigger effect 

size for K4ME1 QTLs (where the eGenes is the closest gene tagging the K4ME1 QTLs peak)

from their relevant cell subtype compared to the rest of the significant whole blood eQTLs 

(diagonal boxed comparisons). The off-diagonal comparisons show that these eQTL genes 

are specific to a cell subtype because the differences in effect sizes are non-significant in all 

but the comparisons between neutrophils and monocytes (CD14+).
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 Supplementary Figure 11. Validation of deconvoluted eQTLs using allelic concordance 
with eQTLs results from purified cells. Deconvoluted eQTLs (FDR ≤ 0.05) show a high allelic 

concordance in their respective purified cell eQTLs. Top row shows allelic concordance of de-

convoluted granulocyte eQTLs (all in green) against neutrophils, monocytes and CD4+ T cells. 

Second row shows deconvoluted monocyte eQTLs against purified cell eQTLs in the same 

order as top row; bottom row shows the same comparisons as for deconvoluted CD4+ eQTLs. 

Allelic concordance of the off-diagonal (comparing deconvoluted eQLTs with non-relevant 

cell types) show a consistent decrease in allelic concordance.
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Supplementary Figure 12. Validation of deconvoluted eQTLs using allelic concordance 
with K27AC  results from purified cells. Deconvoluted eQTLs (FDR ≤ 0.05) show a high al-

lelic concordance in their respective purified cell  K27AC QTLs. Top row shows allelic concor-

dance of deconvoluted granulocyte eQTLs (all in green) against neutrophils, monocytes and 

CD4+ T cells derived K27AC QTLs. Second row shows deconvoluted monocyte eQTLs (all in 

orange) against purified cell K27AC QTLs in the same order as top row; bottom row shows the 

same comparisons as for deconvoluted CD4+ eQTLs (all in purple). Allelic concordance of the 

off-diagonal (comparing deconvoluted eQLTs with non-relevant cell types) show a consistent 

decrease in allelic concordance when compared to the relevant cell type comparisons.
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Supplementary Figure 13. Allelic concordance between whole blood eQTLs and K27AC 
QTLs for purified neutrophils, CD14+ monocytes and CD4+ T cells.
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Deconvolution of bulk blood eQTL effects into immune cell subpopulations

Supplementary Figure 14. Comparison of whole blood eQTLs with eQTLs from single 
cell RNA-seq. Whole blood eQTLs show 89% allelic concordance for significant eQTLs derived 

from single-cell RNA-seq data, comprising monocytes CD14+, B cells, CD4+ T cells, CD8+ T 

cells and NK cells.
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Supplementary Figure 15. Validation of cell type eQTLs detected in the BIOS cohort 
using Westra et at, method: (A) Expression of eGenes in purified cell subpopulations from 

BLUEPRINT  (green for granulocyte eQTL genes showing expression for purified neutrophils; 

orange for monocytes; purple for CD4+ T cells; pink for B cells). (B) CT eQTLs detected by the 

Westra method show a significantly larger effect size in purified cell eQTLs11 compared to 

the rest of the whole blood eQTLs. Boxed-diagonal show the comparisons with relevant cell 

types, were the effect differences are stronger.
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Supplementary Figure 16. Allelic concordance rates of cell type eQTLs detected using 
the Westra et al method and eQTLs from purified cells. Top row shows allelic concor-

dance of granulocyte CT eQTLs against neutrophils, monocytes and CD4+ T cells. Second row 

shows CT monocyte eQTLs against purified cell eQTLs in the same order as top row; bottom 

row shows the same comparisons for CT CD4+ eQTLs.
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Deconvolution of bulk blood eQTL effects into immune cell subpopulations

Supplementary Figure 17. Comparison of Decon-eQTL with Westra et al method.  Over-

lap of CT eQTLS detected with Decon-eQTL, the Westra et al method and those found to 

be significant in purified cell subpopulations, for granulocyte QTLs (A), CD4+ T cells (B), and 

monocytes (C).
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Supplementary Figure 18. Comparison of Decon-eQTL with other methods for detect-
ing cell type eQTLs. Total number of eQTLs per cell proportion module obtained by Zher-

nakova et al. (Nat Gen, 2017) (A). Allelic concordance between overall z-score for eQTLs from 

neutrophil, monocytes and CD4+ T cell modules against the effect size of purified eQTLs from 

neutrophils, monocytes and CD4+ T cells.
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Deconvolution of bulk blood eQTL effects into immune cell subpopulations

Supplementary Figure 19. Distribution and correlation among circulating cell propor-
tions. (A) With 89 samples from 500FG, the scatter plots show the correlations between dif-

ferent cell subpopulations. Blue line indicates a fitted linear model. Diagonal plots depict the 

overall density distribution per cell type. Upper right triangle shows the Pearson correlation 

coefficient for each pairwise comparison. (B) shows correlations between different cell sub-

populations in the BIOS cohort, which were obtained by prediction using  Decon-cell.
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Deconvolution of bulk blood eQTL effects into immune cell subpopulations

ONLINE SUPPLEMENTARY INFORMATION

You can find the supplementary files on: 
Content: 

Supplementary Tables:
• Supplementary table 1:  Ensembl IDs and symbol names of the marker 

genes selected by Decon-cell for the 34 predictable circulating immune 
cell proportions.

• Supplementary table 2: Summary statistics from Decon-eQTLs for the 
16,362  whole blood eQTLs.
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ABSTRACT

The effects of tissue alarmins, like interleukin(IL)-15 and interferon beta 
(IFNβ), and cytokines, like IL-21, on the intraepithelial cytotoxic T lympho-
cytes (IE-CTLs) that can mediate tissue destruction in patients with immune 
disorders is poorly understood. Our analysis of the dynamics of transcrip-
tomic and epigenomic profiles in primary IE-CTLs shows massive and dis-
tinct temporal transcriptional changes in response to tissue alarmins, while 
the impact of IL-21 was limited. Only anti-viral pathways were induced in 
response to all three stimuli. Interestingly, the dynamically differentially ex-
pressed genes, particularly genes involved in the IFN pathway, are enriched 
in autoimmune disease risk loci. Changes in gene expression were mostly 
independent of changes in H3K27ac, suggesting that other regulatory mech-
anisms may contribute to the robust transcriptional response. Together 
these results provide new insights into the mechanisms that fuel activation 
of tissue-resident CTLs under conditions that emulate the inflammatory en-
vironment in patients with immune-mediated diseases.

Key words: autoimmune disease, cytotoxic T lymphocytes, intraepithelial 
lymphocytes, IFNβ, IL-15, IL-21, tissue-resident lymphocytes 

INTRODUCTION

Tissue-resident cytotoxic T lymphocytes (CTLs) have been shown to play a 
critical role in mediating tissue destruction in organ-specific autoimmune 
disorders(Jabri and Abadie, no date; Jabri and Meresse, 2006). Understand-
ing the molecular mechanisms that underlie CTL activation within the tissue 
environment will help identify new therapeutic strategies. CTL differentia-
tion, activation and function are greatly influenced by the tissue microen-
vironment, where they sense and respond to microbial products, cytokines 
and alarmins(Sheridan and Lefrançois, 2010; Fan and Rudensky, 2016). Spe-
cifically, chronic production of innate immune or epithelial cell-derived cyto-
kines (e.g. IFNβ and IL-15, also referred to as tissue alarmins) and T-cell-de-
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rived cytokines (e.g. IL-21) have been shown to modulate the expansion 
and/or effector functions of CTLs and to contribute to the development of 
tissue-specific immune-mediated disorders including celiac disease (CeD), 
rheumatoid arthritis (RA), inflammatory bowel disease (IBD) and type I di-
abetes (T1D)(Sheridan and Lefrançois, 2010; Moudgil and Choubey, 2011; 
Yuan et al., 2011; Ciechomska and Skalska, 2018). However, because it is 
difficult to collect materials from human tissues from the site of disease, our 
understanding of the contribution of tissue-derived alarmins versus the role 
of cytokines produced by antigen-specific T cells in the development of auto-
immune disorders and activation of tissue-resident CTLs remains poorly un-
derstood(Raine et al., 2015; Hoytema van Konijnenburg and Mucida, 2017).
Intraepithelial CTL (IE-CTLs) are tissue-resident cytotoxic T lymphocytes that 
are located in between intestinal epithelial cells. IE-CTLs protect against in-
fection directly, by killing infected cells, and indirectly, by promoting the im-
mune response via production of cytokines such as IFNγ(Hoytema van Koni-
jnenburg and Mucida, 2017; Mayassi and Jabri, 2018). They are also the key 
effector cell type in mediating the tissue destruction central to the pathogen-
esis of some autoimmune diseases, including CeD and T1D(Jabri et al., 2000; 
Tsai, Shameli and Santamaria, 2008; Jabri and Sollid, 2009). Type-1 IFNs (IFN-
1),  IL-15 and IL-21 are all upregulated in active CeD, a complex T-cell-mediat-
ed enteropathy with an autoimmune component that is induced by dietary 
gluten and characterized by the presence of villous atrophy in the intestinal 
mucosa(Jabri and Sollid, 2009). Interestingly, IL-15 and IL-21 are absent in 
patients who have lost tolerance to dietary gluten but who have not yet de-
veloped villous atrophy (a condition called “potential CeD”), indicating that 
these alarmins may play a crucial part in tissue destruction(Sperandeo et al., 
2011; Setty et al., 2015; Borrelli et al., 2016). IFNβ(Di Sabatino et al., 2007) 
and IL-15(Jabri et al., 2000; Mention et al., 2003; Di Sabatino et al., 2006) 
are upregulated in intestinal epithelial cells and antigen presenting cells(Di 
Sabatino et al., 2006, 2007), and IL-21 is produced by gluten-specific CD4+ T 
cells(Bodd et al., 2010), but the effect of IFNβ, IL-15 and IL-21 in the activa-
tion of IE-CTLs remains to be determined. 

Here we report the first comparative characterization of the dynamics of 
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transcriptomic and epigenetic changes in primary-tissue-resident IE-CTL 
lines upon exposure to  tissue-derived alarmins and adaptive cytokines 
involved in disease pathophysiology. We stimulated CD8+ TCRαβ IE-CTLs 
isolated from intestinal biopsies with IFN-1 (IFNβ), IL-15 and IL-21 at multi-
ple time points. This allowed us to characterize the overall changes in gene 
expression and the pathways affected under these different inflammatory 
conditions. We analyzed genome-wide H3K27ac signatures to identify epi-
genetic changes critical for the modulation of transcriptional responses to 
these cytokines.

Material and methods

Human subjects: Control individuals who were undergoing endoscopies 
and biopsies for functional intestinal disorders of non-celiac origin and CeD 
patients who were diagnosed based on the presence of elevated anti-trans-
glutaminase antibodies in serum, expression of HLA DQ2 or DQ8, presence 
of increased IE-CTLs, partial or total duodenal villous atrophy, crypt hyper-
plasia on duodenal biopsy and clinical response to a gluten free diet. All 
subjects gave written informed consent and all protocols were approved by 
the University of Chicago Institutional Review Board.

IE-CTL cultures: TCRαβ+ CD8+ short-term IE-CTL cell lines derived from 
4-6 duodenal biopsies from CeD patients (n=4) or healthy control individ-
uals (n=4) were generated as previously described(Jabri et al., 2000; Rob-
erts et al., 2001). Briefly, cells from the intraepithelial lymphocyte compart-
ment were isolated via 1 hr of mechanical disruption in media containing 
1% dialyzed fetal bovine serum (Biowest), 2mM EDTA (Corning) and 1.5mM 
MgCl2 (Thermo Fisher Scientific). Up to 10,000 cells expressing both TCRαβ 
(IP26, BioLegend) and CD8α (RPAT-8, BioLegend) were collected via fluores-
cence-activated cell sorting (FACS) on a FACSAria II cell sorter (BD Bioscienc-
es) and expanded in vitro with a mixture of irradiated heterologous periph-
eral blood mononuclear cells (from 2 donors) and EBV (Epstein Barr virus) 
transformed B cells in RPMI 1640 (GIBCO) medium supplemented with 1μg/
ml PHA-L (Calbiochem) and 10% human serum albumin (Atlanta Biologicals) 
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and maintained with 100 units/ml IL-2 (NIH) over the course of expansion. 
After 14-21 days of expansion, aliquots of cells were frozen for future use 
to ensure all experiments could be done on the full set of cell lines to avoid 
experimental batch effects.

IE-CTL stimulation: IE-CTLs were thawed and expanded for 12 days as de-
scribed above. To ascertain cell viability (>80%), cells were analyzed using 
LIVE/DEAD fixable Aqua Cell Stain Kit (Life Technologies), and cell activation 
(<10%) was determined by forward and sideward scatter analysis using the 
LSR Fortessa™ (BD Biosciences) flow cytometer. After 12 days of culture, 
cells were washed, starved for IL-2 for 48 hrs, and subsequently stimulated 
for 30 minutes, 3, 4 or 24 hrs with IL-15 (20 ng/ml, Biolegend, cat 570304), IL-
21 (3 ng/ml, Biolegend, cat 571204) or IFNβ (300 ng/ml, Pbl Assay science, cat 
11410-2). Unstimulated IE-CTLs were included as control. Prior to the assay, 
the induction of granzyme B (GZMB), IFNG and BCL2 was measured by qPCR, 
as a proxy for IE-CTL activation(Berard et al., 2003; Pouw et al., 2010) to de-
termine the optimal cytokine concentration to induce stable expression of 
the proxies. After stimulation for the indicated periods, cells were collected 
by centrifugation (10 minutes at 400g) and pellets were lysed in buffer RTL 
of the RNeasy plus mini kit (Qiagen) for subsequent RNA isolation. A fraction 
of control cells and cells stimulated for 3 hrs with IL-15, IL-21 and IFNβ were 
collected for subsequent chromatin immunoprecipitation. Importantly, all 
IE-CTL lines from controls and CeD patients were generated and cultured us-
ing the same protocols. Of note, IE-CTLs are effector memory T cells, and the 
short-term lines preserve their tissue-resident status as assessed by their 
CD103+CD69+CD45RO+ and CD62L- phenotype(Meresse et al., 2006).

RNA sequencing (RNA-seq): RNA from unstimulated or stimulated IE-CTLs 
was isolated with the RNeasy plus mini kit (Qiagen). RNA concentration and 
quality were measured using the Nanodrop 1000 Spectrophotometer (Ther-
mo Scientific) and the high-sensitivity RNA analysis kit (Experion, software 
version 3.0, Bio-Rad). RNA-seq libraries were prepared from 1μg of total RNA 
using the Quant seq 3’ kit (Lexogen). The libraries were sequenced on the 
Nextseq500 (Illumina) yielding at least fifteen million sequence reads per 
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sample. The fastQ files were then trimmed for low quality reads, adaptors 
and poly-A tails. Trimmed fastQ files were aligned to build a human_g1k_v37 
ensemble Release 75 reference genome using hisat(Kim, Langmead and 
Salzberg, 2015) with default settings and sorted using SAMtools(Li et al., 
2009). After alignment, gene level quantification was performed by HTSeq-
count(Anders, Pyl and Huber, 2015) using default mode=union. A modified 
Ensembl version 75 gtf file mapping only to the last 5’ 500 bps per gene 
was used as a gene annotation database to prevent counting of reads map-
ping to intra-genic A-repeats. Differential expression analysis between time 
points was performed using the DESeq2(Anders and Huber, 2010) package 
in R. We defined differentially expressed genes as genes with an absolute 
log2 fold change (|log2 FC|) >1 and a False Discovery Rate (FDR) ≤ 0.01 be-
tween untreated controls and cytokine-treated samples. Principal compo-
nent analysis (PCA) and heatmaps of hierarchical clustering were done using 
R base functions (v3.4) to identify the most relevant transcriptional and epig-
enomic profiles. Gene set enrichment analysis (GSEA)(Subramanian et al., 
2005) and Reactome pathways(Haw et al., 2011) were used to detect which 
biological processes and pathways were enriched in the groups of DEGs. 
Co-expression analysis and enrichment analysis of co-expression networks 
was performed using Gene Network v2.0 (www.genenetwork.nl)(Deelen et 
al., 2018).

Chromatin immunoprecipitation and library preparation: Cell pellets 
from unstimulated or 3h-stimulated IE-CTLs were cross-linked with 1% 
formaldehyde at room temperature for 5 min. Nuclei were isolated with the 
truChIP chromatin shearing kit (Covaris). Chromatin was sheared for 6 min-
utes by sonication in the S220 sonicator (Covaris; 140 watts, 5% duty factor, 
200 CPB). Chromatin immunoprecipitation and ChIP-seq library preparation 
were performed according to protocols described by the Blueprint consor-
tium (http://www.blueprint-epigenome.eu). In brief, 22 μl of chromatin was 
incubated overnight at 4oC with 1 μg of H3K27ac antibody (Diagenode, cat 
C15410196), followed by 1-hour incubation with protein A- and G-coated 
beads (Invitrogen, Dynabeads. Catalog 1003D and 1004D). The chromatin 
was reverse crosslinked for 4 hrs at 65oC in the presence of proteinase K 
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(0.1 μg/μl, Roche, cat 3115887001), then purified using the QIAquick Min-
Elute PCR Purification Kit (Qiagen). The libraries were prepared using the 
Kapa Hyper Prep Kit (Kapa biosystem). After end repair, tailing and Nexflex 
adapter ligation (Nextera), the libraries were amplified for 10 cycles, then 
purified with the QIAquick MinElute PCR Purification Kit. DNA fragments 300 
bp in size were purified with LabChip Caliper XT 700 electrophoresis system 
(Perkin Elmer). Library concentration and fragment size distribution were 
analyzed using the High sensitivity NGS fragment analysis kit using the Frag-
ment Analyzer (Advanced Analytical). ChIP-seq libraries were sequenced (50 
bp single end reads) using the Nextseq500 sequencer (Illumina; >15 million 
reads per sample). As a control for background noise, input DNA (sheared 
chromatin that underwent all the crosslinking and sonication steps, but not 
immunoprecipitation) was included. Sequence alignment was performed as 
described above for the RNA-seq reads. The H3K27ac peaks of each sample 
were determined using MACS 2.0(Zhang et al., 2008) applying standard pa-
rameters, while controlling for experimental and technical bias. Differential 
peak analysis between unstimulated samples and cytokine-stimulated sam-
ples was performed using DiffBind in DESeq2 mode to detect differential 
peaks with an FDR ≤ 0.01. H3K27ac profiles of representative genes were 
visualized using the integrative genomics viewer after normalization of bed 
files by total read count per sample(Robinson et al., 2011).

Association between risk loci for autoimmune diseases and DEG clus-
ters in IE-CTLs. ImmunoChip summary statistics were downloaded from 
https://www.immunobase.org/ and https://www.ibdgenetics.org/ for sever-
al autoimmune disease traits: CeD, T1D, multiple sclerosis (MS), psoriasis 
(PSO), primary biliary cirrhosis (PBC), ankylosing spondylitis (AS), RA, IBD, 
ulcerative colitis (UC) and Crohn’s Disease (CD)(Franke et al., 2010; Trynka et 
al., 2011; Tsoi et al., 2012; Eyre et al., 2012; Jostins et al., 2012; Liu et al., 2012, 
2015; Beecham et al., 2013; Cortes et al., 2013; Goyette et al., 2015; Oneng-
ut-Gumuscu et al., 2015)44. For each trait, we pruned all genome-wide sig-
nificant (5x10-8) single nucleotide polymorphisms (SNPs) by chromosomal 
proximity (2 Mb) while selecting only the one with the lowest p-value per 
locus, which we defined as top-SNP. Next, we filtered out all SNPs from 
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non-autosomal chromosomes because not all of the genome-wide associ-
ation studies (GWAS) had assessed the X chromosome. Then we defined 
all neighboring genes located within a window of 125 kilo bases (kb) on 
both sides of each top-SNP as GWAS-genes. Overlapping these GWAS-genes 
with the differentially expressed gene clusters from IE-CTL stimulation (as 
described in Figure 2), allowed us to calculate the number of top-SNPs for 
which GWAS-genes were present in each gene cluster. This frequency was 
converted to percentages by dividing by the total number of GWAS top-SNPs 
per autoimmune disease trait. 

To ascertain the statistical significance of the percentage of GWAS top-SNPs 
represented in a given gene cluster, we computed an empirical null distribu-
tion of the expected percentage GWAS top-SNPs using randomized sets of 
genes. This empirical null distribution was calculated using 10,000 random 
gene sets, matching the exact same number of genomic regions as the que-
ry gene set (since genes are not randomly distributed throughout the ge-
nome). Finally, we calculated the percentage of GWAS top-SNPs represented 
in each of these random gene sets. Using this empirical null distribution, we 
were able to ascertain an empirical p-value by taking the number of times 
the null distribution had a higher percentage of overlaps with GWAS top-
SNPs per autoimmune disease trait than the observed percentage with the 
queried gene clusters, divided  by the total number of random gene sets 
(n=10,000). This empirical p-value was then corrected for multiple testing us-
ing the FDR. By applying this method, we assessed the statistical significance 
of the overlapped percentage without bias for the number for genome wide 
loci in each trait and the number of genes per each transcriptional cluster.

RESULTS

Tissue alarmins and adaptive cytokines induce distinct and shared re-
sponses in IE-CTLs
To study the temporal transcriptional changes in CD8+ IE-CTLs, we profiled 
IE-CTLs before and after stimulation with IFNβ, IL-15 or IL-21 at four time 
points (30 minutes, 3, 4 and 24 hrs). To ensure that optimal concentrations 
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of cytokines were used, we performed a titration experiment to select the 
minimum concentration of cytokines that induced maximal expression of 
a set of known marker genes (Supplementary Fig. 1). Using these optimal 
concentrations, we observed specific and distinct temporal transcriptional 
responses upon stimulation for all three stimuli (IFNβ, IL-15 and IL-21). Of 
note, no significant differences were observed in the transcriptome-wide 
PCA of CeD and healthy control samples for all time points (Supplementary 
Fig. 2), thus we combined all samples to perform differential gene expres-
sion analysis (Fig. 1A and Supplementary Table.1). 

After 30 minutes of stimulation with IFNβ and IL-15, the expression of a rel-
atively low number of genes was affected (27 and 50 DEGs, respectively; 
|log2 Fold-change| >1, FDR ≤ 0.01). In contrast, after 3 and 4 hrs of stimula-
tion, both IFNβ and IL-15 promoted a strong transcriptional response (688 
and 1,308 DEGs, respectively). However, the number of DEGs for IL-21 was 
very limited (only 144 genes after 3 hrs). Furthermore, while the IE-CTLs re-
turned to a basal state after 24 hrs of IL-15 stimulation, IFNβ signaling was 
exacerbating after 24 hrs, with 2,018 DEGs (Fig. 1A). To visualize the overall 
dynamics of gene expression, we performed PCA using all the DEGs across 
all stimulations and time points (3,383 genes) (Fig. 1B). Consistent with the 
bar plots, the PCA revealed a modest but distinct change in gene expression 
upon IL-21 stimulation at all time points and strong but distinct responses 
upon IL-15 and IFNβ stimulation as indicated by the distance between the 
unstimulated and stimulated samples in PC1 and PC2. Each stimulation thus 
resulted in a unique gene expression profile, with the most dramatic effects 
induced by the tissue alarmins IL-15 and IFNβ. 

Next, we evaluated the number of shared and unique genes modulated by 
each cytokine at each time point (Fig. 1C and Supplementary Table 2). We 
identified 128 common DEGs in response to the three different stimula-
tions. Among these, we found genes implicated in the type 1 IFN response, 
including MX1, IFIT3 and STAT1; cytotoxicity genes like GZMB and NKTR; and 
genes contributing to proinflammatory pathways like TNF, TNFSF13B, LTB4R 
and the AP-1 transcription factor family members JUNB and BATF3 (Supple-
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Fig. 1 Distinct and common transcriptional response of IE-CTLs in response to tissue 
alarmins and adaptive cytokine. After 12 days in culture, IE-CTLs were starved for 48 hrs 

then stimulated for 30 minutes, 3 hrs, 4 hrs or 24 hrs with IFNβ, IL-15 or IL-21. Unstimulated 

cells (0 hrs) were used as control. The transcriptome was analyzed by RNA-seq. (A) Number 

of DEGs after cytokine treatment in comparison with the unstimulated samples at each time 

point (|log2 FC|>1, FDR ≤ 0.01). Light colors indicate up-regulated genes. Dark colors indicate 

down-regulated genes. (B) Centroids of all the samples using Principal Components 1 and 2 

from all DEGs reveal different time course patterns of gene expression upon IFNβ (green), 

IL-15 (orange) or IL-21 (purple) stimulation on IE-CTLs. (C) Venn diagram depicting the num-

ber of unique and overlapping genes across the stimulations and time points. The most sig-

nificantly enriched pathways (determined by Reactome) of shared genes between the three 

stimulations are depicted. Color (key) indicates level of significance. 
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mentary Table 2). The largest overlap, with 923 shared DEGs, was observed 
between IL-15 and IFNβ, and these included additional antiviral response 
genes and cytokine and chemokine genes (e.g. MX2, OAS1, IFNG, IL18 and 
CCR5). Stimulus-specific DEGs were associated with various functions. For 
instance, some genes involved in T cell activation and coding for transcrip-
tion factors were differentially induced by IL-15 (CD69, EGR1, LTA and LTB) 
and IFNβ (CD44, STAT2 and IL15). Furthermore, IL-21 specifically induced 
genes involved in general metabolic processes (SNRPA1 and CSDE1) and T 
cell activation (CD300A) (See supplementary Table 2 for a complete over-
view).

In summary, we demonstrate that cytokines up-regulated in the tissues tar-
geted in organ-specific autoimmune disorders alter the expression of thou-
sands of genes in IE-CTLs, even though these cells are terminally differentiat-
ed. Remarkably, tissue alarmins and IL-21 activate both shared and distinct 
transcriptional responses in IE-CTLs, with tissue alarmins having fundamen-
tally a strong yet specific impact on the transcriptional program of IE-CTLs. 

Alarmins and adaptive cytokines induce dynamic DEGs profiles in IE-CT-
Ls
To characterize dynamic gene expression changes in response to cytokines 
over time, for each stimulation we conducted unsupervised clustering anal-
ysis using the log2-fold changes observed between unstimulated samples 
and all time points. Furthermore, to understand the main biological process-
es induced upon stimulation with tissue alarmins and IL-21 in IE-CTLs, we 
performed gene set enrichment analysis (GSEA)(Subramanian et al., 2005) 
using Reactome Pathway analysis(Haw et al., 2011). Ten gene clusters were 
identified encompassing genes that followed distinct patterns (Fig. 2A, B 
and Supplementary Table 3). In general, we observed that time-depen-
dent response patterns correspond to distinct biological pathways (Fig. 2B 
and Supplementary Table 4). Cluster 4 was marked by immediate early re-
sponse gene (e.g. JUNB, IER2, FOS and EGR1)(Bahrami and Drabløs, 2016) ac-
tivation at 30 min that was IL-15-specific , suggesting that these transcription 



254

factors may regulate the IE-CTL response to IL-15 at 3 and 4 hrs. Clusters 1 
(Butyrophilin family interactions), 5 (TGF-β signaling) and 10 (protein synthe-
sis and unfolded protein response) were primarily determined by genes re-
sponding to IL-15 as early as 3 hrs. In contrast, cluster 7 (antiviral pathways) 
and cluster 8 (cell cycle and proliferation) were genes primarily regulated 
by IFNβ at 3 and 24 hrs, respectively. Cluster 5 was the only cluster where 
we observed changes in gene expression in opposite directions, with genes 
being activated upon IL-15 stimulation and inhibited by IL-21 and IFNβ (Fig. 
2B and Supplementary Table 4). Finally, cluster 9 (interferon and cytokine 
signaling) was characterized by DEGs responding to all three cytokines. No 
clusters specific to IL-21 stimulation were found (Fig. 2A, B), likely due to 
the minimal response of IE-CTLs to IL-21 stimulation (Fig. 1A). Of note, no 
pathway enrichment was found for clusters 2 and 3, which were consistently 
downregulated. However, some of the genes in these clusters are cytokine 
receptors and signal transducers (e.g. IL6ST, IL21R, UBASH3A and DGKZ), 
suggesting the existence of a negative feedback loop upon stimulation (Fig. 
2B). 

Together, this analysis identified 10 distinct clusters of gene expression pat-
terns that are associated with specific biological pathways. 

Alarmins and adaptive cytokine induce stimulus specific epigenetic profiles
Having found that tissue alarmins, induce massive transcriptional changes 
in IE-CTLs, we sought to determine whether transcriptomic responses were 
associated with widespread changes in epigenetic profiles by performing 
H3K27ac ChIP-seq in unstimulated IE-CTLs and after 3 hrs of stimulation. 
H3K27ac is a mark associated with active promoters and enhancers, and 
is therefore indicative of the epigenetic activation state and regulation of 
gene expression(Core et al., 2014). We identified 20,840 H3K27ac peaks in 
unstimulated samples, while IFNβ, IL-15 or IL-21 treatment changed 2,147, 
1,114, and 165 H3K27ac peaks significantly, respectively (FDR < 0.01, Fig. 
3A and Supplementary Table 5), with 491, 208, and 60 of these being pro-
moters and 908, 1657, and 106 of these defined as enhancers. Thus, gene 
expression changes were accompanied by significant changes in H3K27ac 
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levels, but only in a subset of DEGs. Even though not all DEGs showed sig-
nificant changes in H3K27ac levels, the PCA for peaks with differential levels 
of H3K27ac showed a clear distinction between stimulations, showing that 
these epigenetic profiles are indicative of the unique response of IE-CTLs to 
stimulations (Fig. 3B). 

As the changes were most robust after stimulation with tissue alarmins, we 
focused our analysis in epigenetic changes upon IFNβ and IL-15 stimulation 
by linking H3K27ac promoter peaks with changes in gene expression (Fig 
3C). Subsequently, we found that DEGs could be subdivided, based on signif-
icant changes in H3K27ac levels, into increased (Epi+), decreased (Epi-) and 
absence (EpiNA) of epigenetic changes (Fig 3C–E and Supplementary Table 
6). Strikingly, the strongest and most robust upregulation in gene expres-
sion upon IFNβ stimulation was associated with increased levels of H3K27ac 
(Fig. 3D, top panels, and Fig. 3E). Conversely, for genes downregulated upon 
IFNβ and IL-15 stimulation, a decrease in gene expression was accompanied 
by a reduction in H3K27ac levels (Supplementary Fig. 3A, B). However, an 
increase in gene expression upon IL-15 stimulation was de-coupled from 
changes in levels of H3K27ac (p-values between gene expression levels of 
Epi+ and EpiNA genes were non-significant; Fig. 3D, bottom panels). This 
difference in behavior in H3K27ac levels of upregulated genes upon IFNβ 
and IL-15 stimulation could not be explained by epigenetic priming before 
stimulation (as assessed by H3K27ac levels at baseline; Supplementary Fig. 
3C). Alternatively, gene expression could be regulated by non-coding RNAs 
(ncRNAs)(Almo et al., 2018; Hudson et al., 2019). Indeed, at 3 and 4 hrs of IL-
15 stimulation, more ncRNAs were downregulated than upregulated, which 
suggests that ncRNAs stabilize gene expression of IL-15-inducible genes un-
der unstimulated conditions. This was not observed after 3 and 4 hrs of IFNβ 
stimulation (Supplementary Fig. 4). 

Taken together, our data suggest that gene expression effects are accompa-
nied by significant changes in H3K27ac levels in promoters and enhancers 
for only a subset of DEGs and particularly upon IL-15 stimulation. This sug-
gests that additional regulatory mechanisms need to be invoked. 
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Fig. 2 Dynamic profile of DEGs in IE-CTLs in response to stimulation with tissue alarmins 
and adaptive cytokine.  (A) Unsupervised hierarchical clustering of all DEGs (|log2 FC|>1, 

FDR ≤ 0.01) across stimulations. Ten major clusters were defined as biologically relevant. 

Colors indicate scaled log2 fold change in expression with respect to unstimulated samples, 

with red and blue indicative of a two-fold or more increase or decrease in expression, respec-

tively. (B) Line plots illustrating the mean log2 fold changes in expression of genes in a given 

cluster. Shades represent the standard error of the log2 fold changes. Top 5 most significant 

pathways from GSA identified by Reactome (q-value ≤ 0.01) in DEGs (only clusters where en-

richment was found are depicted). Colors (key) indicate significance.
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Fig. 3 Specific epigenomic profiles induced by alarmins and adaptive cytokine. All the 

differential H3K27ac peaks after 3 hrs of stimulation with IFNβ, IL-15 or IL-21 (FDR ≤ 0.01) 

are depicted in (A) barplots and (B) used for PCA to depict epigenetic responses of IE-CTLs 

upon stimulation. (C) Scatter plot displaying the association between changes in H3K27ac 

(Y-axis) and expression (X-axis) upon stimulation. Gene-peak pairs were grouped based on 

the direction of the fold change in expression (Exp+ and Exp-) and the direction (or lack of 

changes) in H3K27ac after stimulation (Epi+, Epi - and Epi NA). Red dots (Epi+ Exp+) indicate a 

fold change >1 in both expression and H3K27ac occupancy. Green dots (Epi- Exp-) indicate a 

fold change < 1 in both expression and H3K27ac occupancy. Dark blue (Exp+ EpiNA) and light 

blue (Exp- EpiNA) are gene-peak pairs with fold change >1 or <1 in expression, respectively, 

and no change in H3K27ac. (D) Violin plots showing the distribution of gene expression levels 

(left, Log2(VST+1)) and H3K27ac occupation (right, Log2(Counts+1)) in up-regulated genes re-

sponding to IFNβ (upper panel) and IL-15 (lower panel) stimulation. Upregulated genes with 

H3K27 |fold change| >1 (Epi+/Exp+) are shown in red and those without H3K27ac changes 

(EpiNA/Exp+) are shown in blue. Significant differences were assessed by Wilcoxon test (* 

p< 0.05; *** p<0.01; **** p< 0.001, NS non-significant). (E) Representative H3K27ac tracks 

illustrating the concordance between epigenomics and gene expression after IFNβ or IL-15 

treatment. 
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IL-15 and IFNβ induce specific transcriptional signatures though epi-
genetic changes in promoter regions 

We next wanted to see if the genes and pathways under strong epigenetic 
control were the same as those expressed upon stimulation with IFNβ and 
IL-15 (Epi+ genes in red, Fig 3C). Genes under epigenetic control upon stim-
ulation with IFNβ or IL-15 were mostly unique per stimulus (with only 10 
genes shared between IFNβ and IL-15), confirming that epigenetic changes 
are invoked differently between the two stimuli (Fig 4A, B). Strikingly, genes 
under epigenetic control were strongly enriched in certain DEG clusters, with 
epigenetically controlled genes upon IFNβ and IL-15 stimulation belonging 
predominantly to clusters 9 and 10, respectively (Fig. 4A, B). This was also 
reflected in the enriched pathways for genes under epigenetic control. IFNβ 
Epi+ genes were strongly enriched for antiviral, innate and interferon re-
sponse pathways (Fig. 4C), whereas IL-15 Epi+ genes primarily play a role in 
pathways associated with protein synthesis (Fig. 4D). 

Thus, distinct transcriptional and regulatory programs are initiated upon 
stimulation of IE-CTLs with tissue alarmins.     

Autoimmune disease loci are enriched with DEGs of IE-CTLs stimulated 
with the alarmins IL-15 and IFNβ and adaptive cytokine IL-21

SNPs associated with autoimmune diseases mark loci that contain genes 
that potentially contribute to the deregulated immune responses in dis-
ease-associated cell types. To calculate the enrichment of DEGs in auto-
immune disease loci, we tested whether our 10 clusters of DEGs (Fig. 2) 
contained genes that also reside in loci associated with ten common auto-
immune diseases (CeD, T1D, MS, IBD, UC, CD, PSO, PBC, AS and RA; all loci 
identified by ImmunoChip analysis) 34–44. We found significant overlap with 
one or more autoimmune diseases for all our DEG clusters except cluster 4 
(Supplementary Fig. 5A). The large overlap between DEG clusters and au-
toimmune disease loci is not surprising as genetic loci associated with auto-
immune diseases are often shared(Ricaño-Ponce and Wijmenga, 2013) and 
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Fig. 4 Alarmin-induced genes and biological pathways potentially regulated by epigen-
etic modifications. Heatmap showing the differential expression at all time points of cyto-

kine stimulation of (A) IFNβ and (B) IL-15 upregulated genes (log2 FC >1, FDR ≤ 0.01) with 

concordant epigenomic changes (Epi+/Exp+). The number of Epi+/Exp+ genes per cluster are 

indicated. Network-based representation of enriched biological pathways identified by GSEA 

on Epi+/Exp+ genes responding to (C) IFNβ or (D) IL-15 stimulation.
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enriched for immune-related genes. Moreover, CTLs have been implicated 
in multiple autoimmune diseases, including CeD, MS and T1D(Gianfrani et 
al., 2003; Salou et al., 2015; Pugliese, 2017). We noted that the genes partic-
ipating in IFN-1 signaling (clusters 7 and 9) were enriched in loci associated 
with several autoimmune diseases, which is consistent with the pivotal role 
this pathway plays in the development and progression of immune mediat-
ed disorders(Hall and Rosen, no date). 

Because the enrichment of DEGs in autoimmune risk loci can be driven by 
the same or by different genes per disease, we determined which individual 
genes overlap with autoimmune risk loci. Indeed, we found that cluster 2 
DEGs were enriched in CeD, MS and PSO risk loci, but that these enrich-
ments were caused by different genes (Fig. 5). Conversely, some immune 
regulators and cytokine/chemokine genes (e.g. REL, TNFRSF14, PTPN2 and 
CXCR5) were shared amongst multiple autoimmune disease loci, suggesting 
their involvement  in common inflammatory processes that may trigger or 
maintain these diseases. Interestingly, we also found several non-immune 
related genes (e.g. TMEM181, ARHGAP9 and DNMT1) and ncRNAs (e.g. 
HOTAIRM1, RP11-335O4.3, RP13-516M14.1 and RP11-973H7.4) that were 
shared by many loci, implicating a role for these genes in autoimmune dis-
eases. Other examples of DEGs in IE-CTLs that are associated with multiple 
autoimmune diseases are ICAM4 and RP11-973H7.4. Interestingly, genet-
ic association of ICAM-4 levels in systemic lupus erythematosus(Kim et al., 
2012) has been described previously, and RP11-973H7.4 has been implicated 
in the activation of T cells via modulation of the expression of MAP2K4 and 
the transcription factor ZEB1(Houtman et al., 2018). Co-expression analysis 
also indicated a role for this ncRNA in T cell activation and cellular defense 
responses (Supplementary Fig. 6A, B).

In summary, our data has identified several potential gene targets that may 
play a unique and specific role in IE-CTLs and autoimmune disease etiology. 
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Fig. 5 Risk loci for autoimmune diseases are enriched in clusters of DEGs responding to 
cytokine stimulation in IE-CTLs. The overlap between autoimmune disease risk loci and the 

transcriptional response of IE-CTLs exposed to cytokines was calculated. Colors indicate the 

significance of the overlap between DEGs of clusters (Fig. 2) and genes in autoimmune risk 

loci. Diseases are shown on the X-axis and genes contributing to the overlap on the Y-axis. 
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enriched for immune-related genes. Moreover, CTLs have been implicated 
in multiple autoimmune diseases, including CeD, MS and T1D(Gianfrani et 
al., 2003; Salou et al., 2015; Pugliese, 2017). We noted that the genes partic-
ipating in IFN-1 signaling (clusters 7 and 9) were enriched in loci associated 
with several autoimmune diseases, which is consistent with the pivotal role 
this pathway plays in the development and progression of immune mediat-
ed disorders(Hall and Rosen, no date). 

Because the enrichment of DEGs in autoimmune risk loci can be driven by 
the same or by different genes per disease, we determined which individual 
genes overlap with autoimmune risk loci. Indeed, we found that cluster 2 
DEGs were enriched in CeD, MS and PSO risk loci, but that these enrich-
ments were caused by different genes (Fig. 5). Conversely, some immune 
regulators and cytokine/chemokine genes (e.g. REL, TNFRSF14, PTPN2 and 
CXCR5) were shared amongst multiple autoimmune disease loci, suggesting 
their involvement  in common inflammatory processes that may trigger or 
maintain these diseases. Interestingly, we also found several non-immune 
related genes (e.g. TMEM181, ARHGAP9 and DNMT1) and ncRNAs (e.g. 
HOTAIRM1, RP11-335O4.3, RP13-516M14.1 and RP11-973H7.4) that were 
shared by many loci, implicating a role for these genes in autoimmune dis-
eases. Other examples of DEGs in IE-CTLs that are associated with multiple 
autoimmune diseases are ICAM4 and RP11-973H7.4. Interestingly, genet-
ic association of ICAM-4 levels in systemic lupus erythematosus(Kim et al., 
2012) has been described previously, and RP11-973H7.4 has been implicated 
in the activation of T cells via modulation of the expression of MAP2K4 and 
the transcription factor ZEB1(Houtman et al., 2018). Co-expression analysis 
also indicated a role for this ncRNA in T cell activation and cellular defense 
responses (Supplementary Fig. 6A, B).

In summary, our data has identified several potential gene targets that may 
play a unique and specific role in IE-CTLs and autoimmune disease etiology. 
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DISCUSSION

This study aimed to compare dynamic transcriptional responses to two key 
tissue alarmins, IL-15 and IFNβ, and IL-21, a cytokine produced by CD4+ T 
cells, in human-tissue-resident IE-CTLs. This is particularly relevant in the 
context of organ-specific autoimmune disorders like CeD, where upregu-
lation of the three cytokines is associated with tissue-resident CTL-mediat-
ed tissue destruction(Jabri and Abadie, no date; Jabri and Sollid, 2009). Two 
previous reports have studied the transcriptomic profile in freshly isolated 
IE-CTLs under resting conditions(Meresse et al., 2006; Raine et al., 2015). 
Furthermore, the transcriptional response to IL-15 and IL-21 had been ana-
lyzed in peripheral T cells in humans or mice, but not in tissue-resident CTLs. 
Finally, while a role for IFNβ in the activation of CTLs has been reported pre-
viously(Mescher et al., 2006), to our knowledge no genome-wide transcrip-
tome analysis of IE-CTLs upon type-1 IFN stimulation had been performed. 
Overall, our analysis indicates that although tissue alarmins and adaptive 
cytokines both modulate the transcriptomic profile in IE-CTLs, the gene ex-
pression changes induced by the tissue alarmins IFNβ and IL-15 significant-
ly exceed the changes caused by IL-21. Furthermore, IFNβ, IL-15 and IL-21 
have the capacity to mediate distinct epigenetic and transcriptional changes 
in IE-CTLs, suggesting that they may play non-redundant, complementary 
roles in CTL-mediated tissue destruction. Finally, all three cytokines regulate 
a common core of genes involved in viral and interferon pathways that are 
enriched in autoimmune disease risk loci.    

The observation that the tissue alarmins IFNβ and IL-15 have a more pro-
found effect on IE-CTL than IL-21 suggests that tissue stress signals have a 
more direct impact on the regulation of IE-CTLs than cytokines produced by 
antigen-specific T cells. IL-15 regulates immediate-early response genes and 
temporarily induces metabolic, unfolded protein response (UPR) and ami-
no-acid synthesis pathways. The UPR can trigger inflammatory signals and 
has been reported to occur in T cells activated by infection or excessive in-
flammation(Kamimura and Bevan, 2008; Grootjans et al., 2016). IFNβ induces 
a distinct transcriptional signature with an early type-1 interferon response, 
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followed by a more sustained upregulation of cell cycle genes at 24 hrs. The 
strong cell cycle and proliferative response to IFNβ after 24 hrs is in line with 
the massive expansion of CTLs observed in tissue destruction in autoim-
mune diseases(Gianfrani et al., 2003; Willcox et al., 2009; Salou et al., 2015; 
Pugliese, 2017). How the IFNβ-mediated type-1 interferon response impacts 
the function of IE-CTLs in tissue destruction remains to be determined. In 
contrast, IL-21 induced only 18 unique genes, which suggests that it mainly 
acts in cooperation with the tissue alarmins. The fact that IL-21 induces a 
limited reprogramming in CTLs (relative to IL-15 and IFNβ) and its absence 
in potential CeD, where intestinal morphology is conserved(Sperandeo et 
al., 2011), suggest that IL-21 may not be involved at disease onset but in the 
the development of tissue destruction via cooperation with tissue alarmins. 
Epigenetic changes in H3K27ac levels at enhancers and promoters were 
very modest after 3 hrs of stimulation with IFNβ, IL-15 and IL-21. Indeed, 
IL-15 induces the strongest transcriptional response after 3 and 4 hrs of 
stimulation, yet the majority of these DEGs did not display striking changes 
in the levels of H3K27ac. This contrasts sharply to naïve CD8+ T cells, where 
profound changes in epigenetic marks are readily observed upon stimula-
tion(Cuddapah, Barski and Zhao, 2010), implying that mechanisms other 
than epigenetic changes are necessary to induce dynamic transcriptional 
programs in terminally differentiated effector IE-CTLs. Possible alternative 
regulatory mechanisms include regulation by ncRNAs. Indeed, a recent 
study identified ncRNAs uniquely expressed in different subsets of human 
CD8+ T cells upon activation(Hudson et al., 2019). Similarly, we found several 
differentially expressed ncRNA genes, including some located in genomic 
loci associated with autoimmune disease risk. Of note, we identified signif-
icant downregulated ncRNAs upon 3 and 4 hrs of IL-15 stimulation, which 
suggests that ncRNAs may have a specific role in IL-15-induced gene regula-
tion that is independent of H3K27ac epigenetic modifications. 

We further observed that all three cytokines promoted a common core of 
IFN immune response genes. Strikingly, these genes are also present in ge-
nomic risk loci associated with CeD, T1D, MS, IBD and UC. This suggests a 
critical role for IFN signaling in these autoimmune disorders and implies 
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that all three cytokines could cooperate to fully activate these pathways and 
endow CTLs with the ability promote tissue destruction. Moreover, ncRNAs 
were found to contribute to the enrichment of DEGs in autoimmune risk loci. 
Although the role of most ncRNAs is unknown, we inferred potential func-
tions of these ncRNAs by performing co-expression network analysis with 
GeneNetwork (Deelen et al., 2018). For instance, the ncRNA RP11-973H7.4 
was found to be involved in immune activation pathways that include TNF 
and MAPK signaling (Sabio and Davis, 2014). These findings further under-
score the relevance of these transcripts in the regulation of gene expression 
and IE-CTL activation.

Overall, our approach elucidates the transcriptional responses of IE-CTLs to 
individual alarmins and cytokines, that are pivotal to the inflammation and 
tissue-destruction associated with autoimmune disease. We show that the 
alarmins IFNβ and IL-15 released from injured, infected or stressed epitheli-
al cells may, in turn, trigger massive and numerous non-redundant changes 
in the transcriptional program of IE-CTLs. This suggests that they may play 
a critical role regulating IE-CTLs, and more generally tissue-resident CTLs, 
in organ-specific autoimmune disorders. Conversely, IL-21, a cytokine pro-
duced by CD4+ T helper cells, may work collaboratively with alarmins on 
IE-CTLs. Our study emphasizes the need to investigate the mechanisms that 
underlie transcriptional changes in terminally differentiated tissue-resident 
CTLs, as our results suggest that these differ from those that govern the 
regulation of gene expression from naïve and memory CD8+ T cells. Our 
approach teases apart specific responses and mechanisms regulated by 
these crucial alarmins and cytokines and provides unique insights into the 
interplay between IE-CTLs and cytokines present in the diseased tissue in 
organ-specific autoimmune disorders.
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Supplementary Fig. 1 Cytokine titration. Following 12 days in culture, the IE-CTLs were 

starved for 48 hrs, then stimulated for 3 hrs with different concentrations of IFNβ, IL-15, or IL-

21 (ng/ml). The gene expression of marker genes was evaluated by qPCR (IFNG, GRB, BCL2). 

The expression of each gene was normalized against GAPDH. The ΔΔ CT values are shown as 

percentages in the Y-axis, using the unstimulated cells as reference (100% expression). Error 

bars indicate the standard deviation of technical triplicates. The concentrations of cytokines 

used for the RNA-seq and ChIP-seq experiments are indicated with a dotted line.
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Supplementary Fig. 2 Transcriptional profile in CeD patients and healthy controls. PCA 

showing the overall genome-wide transcriptome of all IE-CTL samples derived from CeD pa-

tients and healthy controls across the different time points and cytokine treatments.
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(legend on next page)
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Supplementary Fig. 3 H3K27ac in down-regulated genes upon cytokine stimulation. 
(A) Distribution of gene expression levels (left, Log2 (VST+1)) and H3K27ac levels (right 

Log2(Counts+1)) in down-regulated genes responding to IFNβ (upper panel) and IL-15 (lower 

panel). Downregulated genes with |fold change| <1 (Epi-/Exp-) are shown in green and those 

with no change (EpiNA/Exp-) in H3K27ac are shown in blue. Significant differences were as-

sessed by Wilcoxon test (* p<0.05; *** p<0.01; **** p<0.001). (B) Representative H3K27ac 

tracks illustrating the concordance between epigenomics and gene expression after IFNβ or 

IL-15 treatment. (C) Distribution of H3K27ac levels in promoter peak of DEGs upon 3 and 4 

hrs stimulation with IFNβ (green) or IL-15 (orange) at baseline conditions. P-value calculated 

by Wilcoxon test.
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Supplementary Fig. 4 Non-coding and protein coding genes responding to cytokine 
stimulation. Bar-plots showing the percentage of protein coding and non-coding genes 

among all DEGs per cytokine stimulation. Red and blue indicate up-regulated or down-regu-

lated genes, respectively. 

Tissue alarmins and adaptive cytokine induce dynamic and 
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282

Supplementary Fig. 5 Risk loci for autoimmune diseases are enriched in clusters of 
DEG responding to cytokine stimulation in IE-CTLs. (A) The overlap between genetic risk 

loci associated with ten common autoimmune diseases and the transcriptional response of 

IE-CTLs exposed to cytokines is indicated as a percentage for each of the ten DEG clusters and 

disease-traits. Colors indicate significance. X-axis shows the different autoimmune diseases 

with their corresponding number of risk loci and total number of genes in a 250 kb window 

across all risk loci. Y-axis shows the number of genes present in the DEG cluster. (B) Empirical 

null distribution of a random set of genes representative for each of the DEG clusters. Blue 

lines indicate the observed enrichment for autoimmune risk loci within DEGs. The diseases 

and DEG clusters (c1-c10) are depicted on the X- and Y-axis, respectively. 
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Supplementary Fig. 6 RP11-973H7.4 associated biological processes and co-expressed 
genes.  (A) Significant biological process (GO terms) associated with RP11-973H7.4 and co-ex-

pressed genes. (B) Co-expression network of genes contributing to the cellular defense re-

sponse GO term from figure A, extracted from Gene Network.
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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.
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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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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 



303

General discussion and future perspectives

(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.
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SUMMARY 

There are millions of different microorganisms that enter our bodies and in-
teract with us on a cellular level daily. A proportion of these microbes are not 
friendly to us and can potentially become a threat by infecting our cells and 
using our bodies’ resources. These infectious microorganisms are known 
as pathogens. Such infections can impair bodily functions, undermine our 
health and ultimately lead to death. In order to counteract these millions 
of potential threats, human bodies have evolved a series of mechanisms 
that are able to seek and destroy pathogens. We call these mechanisms our 
immune system. The immune system is a complex and highly intercon-
nected network of organs, cells, circulating factors and proteins (cytokines). 
Together, these components are able to recognize pathogens and subse-
quently organize and execute a proper response, all this while recognizing 
its own cells and avoiding self-damage. Having protection against external 
threats is essential to multicellular life as it allows to have a controlled in-
ternal self-environment and lets us interact “safely” with an ever-changing 
external environment. We can better appreciate the importance of the im-
mune system when it becomes deregulated. For example, if our bodies are 
not able to respond quickly enough to dangerous pathogens, we can be-
come susceptible to infectious diseases. On the other hand, if the response 
to pathogens is too quick or too strong, our own cells can be recognized as 
intruders and become targets of our own immune system giving rise to au-
toimmune diseases. 

We humans have slight differences in the way our immune system responds 
to pathogens. This inter-individual variation has been widely observed, 
even among completely healthy individuals. The variation in response is an 
essential component of our everlasting conflict with pathogens, as it en-
sures that at least a few of us will react just differently enough to survive 
pandemic-like scenarios. The source of this variation has not yet been fully 
understood, although we do know that it arises from the interaction be-
tween our genetic information (the composition of our DNA), the envi-
ronmental conditions we live in (lifestyle) and the triggers we encounter 
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(certain microbes or molecules). 

In Section 1 of this thesis we explored the main drivers of the interindivid-
ual variation of the human immune system in the Dutch population. We did 
so by ascertaining the impact of common genetic variation, host status and 
the environment on the immune composition and response with the use 
of deeply phenotyped population-based cohorts. Some of the leading pro-
tagonists of the immune system are the specialized immune cells that are 
in circulation in our blood. These cells are constantly being restocked and 
bombarded with environmental signals that tell them in which location of 
our body they are needed. In Chapter 2, we characterized the main sources 
of variation in the circulating levels of 34 independent immune cells found 
in blood. We observed that these cells have very different sources of varia-
tion. For example, we found that the number of B cells, the cells that seek 
and recognize dangerous pathogens, are mostly driven by environmental 
queues. While the levels of T cells, which are the cells responsible for de-
stroying any recognized threats, are mostly driven by our genetics. Another 
way to look at the variation within the immune system is through the pro-
duction of signaling proteins (cytokines) by an immune cell once they come 
in contact with a pathogen. In Chapter 3, we conducted a study aimed to 
identify the genetic component behind cytokine production upon patho-
gen stimulation in the general population. We found that our genetics is 
the biggest source of variation, and that genetic variants (specific letters, in 
specific positions in our DNA) are located near genes (sections of our DNA) 
that encode the proteins that recognize dangerous microorganisms. Being 
able to predict how much of these signaling proteins are produced once we 
come in contact with a pathogen is key to bring personalized medicine to the 
clinical practice of infectious and immune mediated diseases. In Chapter 4, 
we explored the possibility of predicting the immune response by integrat-
ing as many layers of biological information as possible. These biological 
layers included  measurements of microbiome composition (the “good” 
microbes in our gut), levels of circulating metabolites, and genetics. We  
were able to fairly accurately predict the immune response to pathogens 
of certain proteins, even if we only used genetics. There’s still plenty of room 
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for improvement before we are able to predict a patient’s immune status, 
but newer, cheaper and more precise ways to measure immune compo-
nents are being developed at the moment, which could help us bring per-
sonalized medicine into infectious and immune mediated diseases. 

In Section 1 of this thesis, we showed how important host genetics and 
environmental queues are for the immune system. The interaction between 
our genome and our environment happens through the exchange of infor-
mation. This information flows from the environment into our cells in the 
form of signaling molecules, these subsequently activate certain genes (spe-
cial regions of our DNA) to be copied into RNA at certain rates (in a process 
known as transcription). The RNA is then translated (translation as in our 
cells reads from nucleotides to amino acids) into proteins, which are the 
acting molecules of our cells. The global quantification of RNA (all the copied 
DNA present in a cell) is known as transcriptome, and is widely used to infer 
the biological processes that are being carried out in our cells. In Section 2 
of this thesis we aimed to evaluate the role of the transcriptome in immune 
cells. First, in Chapter 5, we developed a novel computational approach 
to study the impact of common genetic variation in the transcriptome 
in immune cells. We were able to achieve this by predicting the proportion 
of multiple immune cells in circulation (using gene expression levels). We 
were then able to detect genes modulated by genetic variation in disease 
relevant immune cells by combining the predicted proportions with genet-
ics and levels of gene expression. Understanding how our DNA modulates 
changes of gene expression in disease relevant cells can help us understand 
the development of diseases. We explored this type of strategy in Chapter 
6, where we used as model, immune cells derived from gut biopsies. The job 
of these “gut immune cells” is to monitor and protect us against pathogens. 
Nevertheless, in the context of certain immune and inflammatory diseases, 
these cells can turn against us and start attacking our own cells. Hence, we 
explored the transcriptome response of gut derived T cells to immune 
signaling proteins. We found that these cells are very sensitive to signaling 
proteins that are specific to the gut tissue. Additionally, we observed that  
within these cells, the genes that are being deregulated are near genetic 
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risk factors for immune mediated diseases of the gut. Understanding how 
specialized immune cells are affected by triggers can help us find novel ther-
apeutic targets for immune mediated diseases.
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SAMENVATTING 

Dagelijks komen miljoenen micro organismen ons lichaam binnen die met 
onze cellen in aanraking komen. Een deel van deze microben zijn niet vrien-
delijk voor ons lichaam en vormen een bedreiging door onze cellen te in-
fecteren en gebruik maken van onze voedingsstoffen. Deze infecties tasten 
de algehele lichaamsfunctie aan, zorgen dat iemand minder gezond is en 
kunnen uiteindelijk leiden tot de dood. Om alle potentiële bedreigingen te 
weerstaan zijn er in het menselijk lichaam mechanismen ontstaan die infec-
tieuze pathogenen identificeren en uitschakelen. De combinatie van al deze 
mechanismen noemen we het immuunsysteem. Het immuun systeem is 
complex verweven netwerk van organen, cellen, factoren in het bloed zoals 
signaal proteïnen (cytokinen). Gecombineerd kunnen al deze componenten 
pathogenen identificeren, terwijl ze cellen in het eigen lichaam niet aanval-
len.  Bescherming tegen buitenstaanders is essentieel voor multicellulaire 
organismen: het immuunsysteem zorgt voor een beschermde interne om-
geving terwijl er adequaat gereageerd kan worden op een veranderend ex-
tern milieu. Het belang van het immuunsysteem wordt duidelijk als het niet 
goed gereguleerd wordt, bijvoorbeeld als er niet snel genoeg gereageerd 
wordt op een pathogeen die infecties kan veroorzaken. Maar als het im-
muunsysteem juist te proactief is, kan het ook onze eigen cellen als ‘slecht’ 
bestempelen en een auto immuunziekten veroorzaken.

Mensen variëren in hoe ze met pathogenen omgaan. Deze inter- persoonlijk 
variatie is vaak geobserveerd, zelfs in volledig gezonde individuen. Deze vari-
atie in immuunrespons is essentieel voor onze constante strijd met patho-
genen want het zorgt ervoor dat minstens een kleine hoeveelheid mensen 
net verschillend genoeg regeert om pandemie achtige scenario’s tegen te 
gaan. Waarom het immuunsysteem zo anders reageert in verschillende in-
dividuen wordt nog niet helemaal begrepen. We weten wel dat het onder 
andere komt door de interactie met onze genetica (De compositie van ons 
DNA), het milieu waar we in leven (lifestyle) en de immuun triggers die we 
tegenkomen (microben en andere moleculen).
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In Sectie 1 van dit proefschrift verkennen we de grootste componenten van 
de eerder genoemde inter-individuele variatie in het menselijke immuunsys-
teem van de Nederlandse populatie. Dit doen we door de impact genetische 
variatie, gastheer status en het milieu te bepalen in diep gefenotypeerde 
populatie cohorten. Leidende rollen in het immuun systeem zijn onder an-
dere gespecialiseerde immuun cellen die in het bloed circuleren. Deze cellen 
worden constant aangevuld en gebombardeerd met signalen uit het interne 
milieu om aan te geven waar in het lichaam ze nodig zijn. In Hoofdstuk 2 
hebben we de herkomst van de variatie in de 34 meest voorkomende im-
muun cellen in bloed. We vonden dat de herkomst van de variatie voor elke 
cel ergens anders vandaan komt. Als voorbeeld nemen we de B cellen. Deze 
cellen zoeken en identificeren gevaarlijke pathogenen. De herkomst van 
B cellen is vooral gedreven door factoren uit de externe omgeving. Dit in 
tegenstelling tot T-cellen. Deze cellen zijn mede verantwoordelijk voor het 
uitschakelen van al eerder herkende bedreigingen. Maar variaties in T cel 
hoeveelheden komen vooral door verschillen in genetica van het individu. 
Een andere manier om naar het immuun systeem te kijken is door te kijken 
naar de productie van signaal eiwitten (cytokinen) in een immuun cel als ze in 
contact komen met pathogenen. In Hoofdstuk 3 hebben we de genetische 
component van deze cytokinen productie bestudeerd, nadat immuun cel-
len van mensen uit de normale populatie blootgesteld zijn aan pathogenen. 
Hier vonden we dat genetica de grootste component van deze variatie kan 
verklaren, en dat deze varianten (posities in ons DNA) dicht bij genen (sec-
ties van ons DNA) liggen die zorgen voor pathogeen herkenning. De hoev-
eelheden cytokinen  voorspellen nadat iemand in contact is gekomen met 
pathogenen is belangrijk om gepersonaliseerde behandelingen toe te staan 
in het klinisch bestrijden van infecties en immuun ziekten. In Hoofdstuk 4 
hebben we onderzocht of de immuun response te voorspellen was, door 
zoveel mogelijk lagen van biologische informatie te integreren als mogelijk. 
Deze lagen bevatten onder andere microbioom informatie (‘goede’ micro-
ben in onze darmen), circulerende metabolieten en genetica. Aan de hand 
van opgebouwde modellen konden we aardig accuraat de respons tegen 
pathogenen voorspellen. Er is anderzijds nog veel ruimte voor verbetering 
voordat we de immuunstatus van een patiënt kunnen voorspellen. Gelukkig 
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worden er op dit moment betere, goedkopere en nauwkeurigere methoden 
ontwikkeld om onze immuun componenten te kunnen meten. Dit zou ons 
kunnen helpen in het vinden van gepersonaliseerde behandelingen in infec-
tie- en immuungemedieerde ziekten.

In Sectie 1 van dit proefschrift hebben we aangetoond hoe belangrijk de 
genetica van de gastheer en stimulatie uit de omgeving is voor het immu-
unsysteem. De interactie tussen ons genoom en de omgeving vindt plaats 
door het uitwisselen van informatie. Deze informatie vloeit vanuit het mi-
lieu in de cellen in de vorm van signaalmoleculen. Deze moleculen activeren 
bepaalde genen die omgezet worden in RNA met een bepaalde snelheid 
(in een process dat transcriptie wordt genoemd). RNA wordt daarna verta-
ald (vertaald vanuit nucleotiden naar aminozuren) tot eiwitten, die bijna alle 
functies uitvoeren in een cel. Het globaal quantificeren van RNA (Alle stuk-
ken RNA in de cel) wordt het transcriptoom genoemd, en wordt gebruikt om 
biologische processen in cellen te begrijpen. In Sectie 2 van dit proefschrift 
hebben we uitgezocht wat de rol is van het transcriptoom op immuuncel-
len. In Hoofdstuk 5 hebben we een nieuwe methode ontwikkeld om de 
impact van veel voorkomende genetische variatie in het transcriptoom van 
gespecialiseerde immuun cellen te bepalen. We voorspelden eerst de pro-
porties van verschillende immuuncellen in het bloed aan de hand van gen 
expressie hoeveelheden. Daarna detecteren we genen die gemoduleerd 
worden door genetische variatie in ziekte relevante immuun cellen door 
het combineren van voorspelde proporties van immuun cellen, genetica en 
gen expressie hoeveelheden. Als we begrijpen hoe DNA veranderingen de 
genexpressie moduleren in ziekte specifieke celtypen kunnen we de ontwik-
keling van ziekten beter begrijpen. Deze strategie hebben we in Hoofdstuk 
6  uitgewerkt, waar we de immuun cellen uit darmbiopten hebben gebruikt 
als model.  Deze darm-immuuncellen monitoren en beschermen ons tegen 
pathogenen. Maar deze cellen kunnen ook het eigen lichaam aanvallen iets 
wat ze doen bij bepaalde immuun en ontstekingsziekten. Daarom hebben 
we de transcriptoom respons bepaald van darm gebaseerde T cellen als ze 
blootgesteld werden aan signaal eiwitten. We vonden dat deze cellen erg 
gevoelig waren voor darm-specifieke  signaalmoleculen. Daarnaast zagen 
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we dat de gedereguleerde genen in deze darm gebaseerde T cellen dicht bij 
de genetische risicofactoren liggen voor immuunziekten in de darm. Als we 
deze gespecialiseerde immuun cellen beter begrijpen nadat ze beinvloed 
zijn door triggers, kunnen we nieuwe therapeutische methoden vinden om 
immuun ziekten mee te behandelen.
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RESUMEN

Cada día, millones de microorganismos entran en nuestros cuerpos e inter-
actúan con nosotros y nuestras células. Algunos de estos microorganismos 
son perjudiciales para nosotros ya que son capaces de infectar nuestras 
células y usar sus recursos. A estos microorganismos infecciosos se les con-
oce como patógenos. Las infecciones causadas por patógenos entorpecen 
la función de nuestras células y tejidos, perjudican nuestra salud y en oca-
siones pueden causar la muerte. Para combatir estas amenazas microscópi-
cas, nuestros cuerpos han evolucionado una serie de mecanismos cuyo 
propósito es localizar y destruir patógenos. Este conjunto de mecanismos es 
conocido como el sistema inmune. El sistema inmune está compuesto por 
una compleja e interconectada red de órganos, células, factores en circu-
lación y proteínas (citocinas). En conjunto, estos elementos son capaces de 
reconocer una amenaza y orquestar una reacción adecuada, mientras que a 
la vez es capaz de reconocerse a sí mismo para evitar dañar a nuestras pro-
pias células. Tener la capacidad de proteger nuestras células en contra de 
amenazas externas es esencial para la vida en organismos multicelulares, 
ya que nos permite tener un ambiente interno controlado. Asimismo, nos 
permite interactuar de manera “segura” con un ambiente externo, el cual 
se encuentra en constante cambio. Es posible reconocer la importancia del 
sistema inmune cuando éste comienza a fallar. Por ejemplo, si éste no re-
sponde con rapidez, nos volvemos vulnerables a las infecciones. En cambio, 
si el sistema inmune responde de una manera excesiva, nuestras propias 
células podrían ser reconocidas como intrusas y podrían llegar a ser daña-
das, dando origen a enfermedades autoinmunes. 

Entre nosotros seres humanos, existen pequeñas diferencias en cuanto a la 
forma en la que nuestro sistema inmune responde al encontrar un patóge-
no. Esta variación inter-individual ha sido reportada en estudios recientes 
e incluso es  observada entre individuos completamente sanos. Se pien-
sa que esta variación en la respuesta inmune es un componente clave en 
nuestro combate contra patógenos, ya que nos asegura que al menos al-
gunos seres humanos podríamos sobrevivir una pandemia. La fuente de 



327

Appendicis

esta variación aún no se conoce por completo, aunque hay evidencia que 
sugiere que ésta se origina a partir de una interacción entre las condiciones 
ambientales en donde nos encontramos (estilo de vida, alimentación, etc), 
encuentros previos con patógenos y nuestra información genética (la com-
posición de nuestro DNA).

En la Sección 1 de esta tesis exploramos y caracterizamos las principales 
fuentes de variación en el sistema inmune en la población neerlandesa. 
Evaluamos el impacto sobre la composición y respuesta del sistema inmune 
de la variación genética común, marcadores moleculares de cada individuo 
y su medio ambiente. Cabe recalcar que uno de los protagonistas del siste-
ma inmune son las células inmunes (células blancas) que se encuentran 
en circulación. Éstas se encuentran continuamente en producción y están 
siempre bajo un bombardeo constante de señales que les indican en qué 
parte de nuestro cuerpo son más necesitadas. En el Capítulo 2 caracteri-
zamos la fuente de variación de los niveles en circulación de 34 subtipos 
celulares inmunes en sangre. Observamos que los niveles de células B, 
las células que se encargan de reconocer a patógenos, son principalmente 
influenciadas por el ambiente. Mientras que las células T, las encargadas 
de destruir a los patógenos, son ante todo moduladas por nuestra genéti-
ca. Otra forma en la que podemos observar la variación en nuestro sistema 
inmune es evaluando la producción de proteínas de señalización cuando 
un patógeno entra en contacto con células inmunes. En el Capítulo 3 se 
condujo un estudio para definir el componente genético asociado a la pro-
ducción de citocinas por células inmunes cuando se encuentran expuestas 
a un patógeno. Encontramos que la principal fuente de variación es nuestro 
genoma, es decir, las diferencias en el orden y el contenido de nuestro DNA. 
Estos pequeños cambios en nuestro DNA se encuentran cerca de genes 
(secciones especiales de DNA) que contienen  información para producir las 
proteínas necesarias para la localización y el reconocimiento de patógenos. 
Es importante poder identificar estas fuentes de variación en el contexto 
de medicina personalizada, ya que teóricamente sería posible predecir el 
estatus del sistema inmune de pacientes y de esta manera personalizar el 
tratamiento para pacientes que sufren de enfermedades infecciosas o auto-
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inmunes. Es por ello que en el Capítulo 4 exploramos esta posibilidad, para 
la cual integramos la mayor cantidad posible de información biológica, en-
tre las cuales destacan composición de microbioma (los microorganismos 
“buenos” que se encuentran en nuestro intestino), niveles de metabolitos 
en circulación y la composición genética de individuos. Mediante la inte-
gración de estos datos logramos predecir la respuesta inmune ante cier-
tos patógenos, aún y cuando sólo utilizamos la información genética de los 
participantes. Incluso cuando estos resultados son positivos, se encuentran 
lejos de poder ser aplicados en la práctica clínica para definir el “estatus 
inmune” de un paciente nuevo. En la actualidad los innumerables avances 
tecnológicos que han permitido un mejor desarrollo para cuantificar com-
ponentes celulares y moleculares del sistema inmune de manera rápida, 
confiable y barata serán de gran ayuda para llevar la medicina personal-
izada a los pacientes que sufren de enfermedades infecciosas y desórdenes 
autoinmunes. 

En la Sección 1 de esta tesis mostramos la importancia de la genética y el 
medio ambiente sobre la composición y respuesta inmune. La interacción 
entre ambos (genética y medio ambiente) se origina a partir de una inter-
cambio de información. Está información fluye desde el ambiente externo 
hacia el interior de nuestras células por medio de moléculas de señalización, 
mismas que activan ciertos genes (regiones especiales en nuestro DNA) que 
son copiados a RNA en cantidades específicas en un proceso que se le con-
oce como transcripción. El RNA es después transportado fuera del núcleo 
celular y es traducido (de nucleótidos a aminoácidos) a proteínas, las cuales 
son las moléculas actoras de nuestras células. La cuantificación global de las 
moléculas de RNA es conocido como transcriptoma. En la última década el 
transcriptoma ha sido ampliamente utilizado para inferir los procesos celu-
lares que están siendo llevados a cabo en cierta condición. En la Sección 2 
de esta tesis nos enfocamos en caracterizar el papel del transcriptoma en 
células inmunes. Primero, en el Capítulo 5, desarrollamos una nueva met-
odología computacional para evaluar el impacto de la variación genéti-
ca común en el transcriptoma de células inmunes en circulación. Esto lo 
realizamos en dos pasos: i) primero, prediciendo las proporciones de célu-
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las inmunes en circulación utilizando solamente los niveles de expresión 
genética en las sangre. ii) Posteriormente integramos los datos de propor-
ciones celulares predichos, la variación genética entre personas y los niveles 
de expresión de genes. Es crucial comprender cómo nuestro DNA modula la 
expresión de genes en células que son relevantes en el desarrollo de enfer-
medades para el descubrimiento de blancos terapéuticos. En el Capítulo 6 
exploramos esta estrategia en el contexto de las enfermedades inflamato-
rias del tracto intestinal usando células aisladas de biopsias de intestino. El 
rol de estas células inmunes especializadas es de monitorear y proteger 
nuestra mucosa intestinal de posibles patógenos. En una enfermedad au-
toinmune estas células pueden atacar nuestros propios tejidos ocasionan-
do daños estructurales a nuestro intestino. Es por ello que estudiamos el 
transcriptoma de estas células en respuesta a proteínas de señalización del 
sistema inmune (citocinas). Observamos que estas células son sumamente 
sensibles a las señales inmunes derivadas del tejido de residencia (intesti-
no). Mientras que una desregulación en la expresión de genes indica que 
están cerca de factores de riesgo genéticos a enfermedades autoinmunes. 
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