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CHAPTER

03
Circulatory protein profiles  
in plasma of candidaemia  
patients and the contribution of 
host genetics to their variability
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ABSTRACT
Circulatory inflammatory proteins, 

such as cytokines and chemokines, play a 
significant role in anti-Candida host immune 
defence. However, little is known about the 
genetic variation that contributes to the 
variability of inflammatory responses in 
response to C. albicans. To systematically 
characterize inflammatory responses in 
Candida infection, we profiled 92 circulatory 
inflammatory proteins in 42 candidaemia 
patients.  Given the significant differences 
in inflammatory protein profiles between 
patient and healthy individuals, we correlated 
genome-wide single nucleotide polymorphism 
(SNP) genotypes with protein abundance 
(QTLs) produced by peripheral blood 
mononuclear cells, stimulated with C. albicans 
yeast, from 436 individuals of European 
origin from the 500 Functional Genomics 
(500FG) cohort in the Human Functional 
Genomics Project and Lifelines Deep cohort. 
We identified 10 genome-wide significant 
protein-QTLs modulated CCL4, VEGF-A, 
IL-8, CXCL9, MCP-1, MCP-2 and MCP-3 
in response to C. albicans. Furthermore, 
we investigated whether differences in 
susceptibility and survival of candidaemia 
patients can be explained by modulating 
levels of inflammatory proteins. Our genetic 
analysis suggested that there is a distinct 
genetic contribution between inflammatory 
responses to Candida infection, susceptibility, 
and survival, indicating a different biology 
underlying these phenotypes that could 
provide new therapeutic opportunities.

Keywords: inflammatory proteins, 
protein-QTLs, C. albicans, candidaemia, 
susceptibility, survival

INTRODUCTION
Candida species are by far the most 

common fungal pathogens that cause both 
invasive and mucosal fungal infections. They 
have been described as the fourth most 
common cause of nosocomial bloodstream 
infection in the United States1,2. Invasive 
candidiasis causes more than 250,000 new 
systemic infections on a yearly basis and 
leads to more than 50,000 deaths3. Most 
humans are colonized with C. albicans shortly 
after birth, which remains as part of a normal 
human’s microbiota. Infection occurs only if the 
epithelial barrier function is impaired and/or 
there are microbiome imbalances and/or the 
host immune system is compromised. Under 
these conditions, Candida can invade tissue 
and reach blood circulation. The bloodstream 
carries Candida to almost all vital organs, 
leading to systemic infections and, eventually, 
to organ failure followed by death.  

Protective immunity to Candida involves 
both innate and adaptive cellular and humoral 
responses4,5. Cytokines and chemokines are 
a group of low molecular weight proteins 
that contribute significantly to anti-Candida 
host immune defence by acting as mediators 
between immune and non-immune cells, by 
enhancing the antifungal activity of immune 
cells and by attracting inflammatory immune 
cells to the site of infection. Previous studies 
have shown the capacity of C. albicans to 
induce production of various cytokine and 
chemokines6–8. Some of these proteins in the 
circulation have also been extensively explored 
as disease biomarkers to determine onset, 
progression, patient susceptibility, or predict 
efficacy of a treatment 9–11. However, proteins 
are inherently influenced by genetic and non-
genetic factors. Therefore, the identification of 
these factors would help to stratify patients 
based on their risk, and those at high risk 
would benefit most by prophylactic antifungal 
treatment or adjunctive immunotherapy.
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By studying genetics of only six 
different cytokines in the context of Candida-
stimulation, we have shown that SNPs 
affecting cytokine responses are associated to 
susceptibility to candidaemia12–14, suggesting 
that modulation of cytokines can determine 
disease susceptibility. Of note, among 
candidaemia patients with a combination of 
several well-described risk factors, the disease 
prognosis is generally poor and survival rates 
differ greatly among them, indicating that 
genetic variation determines patient survival 
as well15. Given that genetic factors regulate 
the excess levels of proteins in circulation 
or dysregulated production, which can, 
subsequently, determine susceptibility and 
patient survival, it is important to assess the 
impact of these genetic factors on a wide range 
of inflammatory proteins in circulation during 
C. albicans infections. In the current study, 
therefore, we hypothesized that modulation of 
circulatory inflammatory proteins contributes 
to susceptibility to candidaemia and patient 
survival (Fig. 1A). However, all previous 
studies with C. albicans as stimulant studied 
a narrow spectrum of inflammatory proteins, 
such as cytokines and chemokines6–8, and 
a systematic study of inflammatory proteins 
released in the blood circulation upon  
C. albicans and their impact on susceptibility 
and patient survival is lacking.

Thus, the aims of the present study were 
to identify (i) the abundance of differentially 
regulated plasma proteins in circulation of 
patients (Fig. 1B) (ii) (non)-genetic factors that 
may influence the abundance of inflammatory 
proteins in circulation (Fig. 1C and D) and, (iii) 
finally, to investigate the impact of these genetic 
loci on susceptibility to candidaemia and patient 
survival. For this, we profiled 92 inflammatory 
proteins in the plasma of a candidaemia patient 
cohort and of two independent population-
based cohorts, the 500 Functional Genomics 

(500FG) cohort within the Human Functional 
Genomics Project (http://www.humanfunction-
algenomics.org) and Lifelines Deep cohort 
(https://www.lifelines.nl/researcher/biobank-
lifelines/additional-studies/lifelines-deep) 
using the Olink inflammatory array (http://
www.olink.com).

We observed a significantly different 
circulatory protein profile in plasma from 
candidaemia patients compared to healthy 
individuals. In addition, we identified 10 
independent novel protein quantitative trait 
loci (pQTLs, P < 5x10-8). Of note, pQTLs 
showed a poor enrichment for genetic variants 
associated with candidaemia susceptibility 
and patient survival. This finding indicates a 
distinct genetic contribution in candidaemia 
susceptibility, patient survival and inflammatory 
responses in Candida infection. We finally 
investigated whether pQTLs also contribute to 
other complex infectious diseases. 
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Figure 1. Overview of our hypotheses and studies. (A) Three scenarios can explain susceptibility 
to candidaemia and patient survival: (1) Distinct genetic variation (SNP1 or SNP2) determines 
susceptibility to candidaemia or patient survival, (2) same genetic variation contribute to the 
two phenotypes (susceptibility or survival) and (3) the two phenotypes can be determined by 
modulating the levels of inflammatory proteins (same or different pQTLs) in blood circulation. (B) 
By obtaining the protein profiling of plasma proteins in candidaemia patients (n = 42) and healthy 
individuals from Lifelines cohort (n = 89), we compared the abundance of differentially regulated 
plasma proteins in blood circulation between patients and healthy subjects. (C) We also studied 
the effect of non-genetic factors available for 360 individuals from 500FG cohort on the regulation 
of various inflammatory proteins. (D) In addition to non-genetic factors, we studied the effect of 
host genetics on the regulation of inflammatory responses by mapping pQTLs in a joint analysis 
of 500FG and Lifelines Deep cohorts. For pQTL mapping, we profiled the proteins released from  
C. albicans-stimulated PBMCs isolated from healthy individuals and obtained the imputed genotypes 
of the studied individuals. Lastly, (E) we investigated whether pQTLs determine susceptibility to 
candidaemia and patient survival. For this, we used data from our previous GWAS of candidaemia 
patients (n = 178) and case-matched controls (n=175) on candidaemia susceptibility (chapter 3) 
and, in the current study, we performed a QTL mapping of variants associated with survival. In 
addition, we tested for association with 14-, 30- and 90-day survival by following up a subgroup of 
candidaemia patients (n = 148), who passed away (1) within 14 days, (2) between 14 and 30 days, 
and (3) between 30 and 90 days. The rest of the patients (n = 83 patients) survived longer than 90 
days (survivors). Protein profiling of candidaemia and population-based cohorts were done using 
the same inflammatory array from OLINK technology. Stimulations of PBMCs with C. albicans were 
performed for 24 hours using C. albicans yeast. GWAS: genome-wide association study; QTL: 
quantitative trait loci; PBMCs: peripheral blood mononuclear cells.
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RESULTS
Overview of inflammatory responses 
in candidaemia patients

To systematically study the inflammatory 
responses in candidaemia patients compared 
to healthy individuals, we first assessed the 
abundance of 92 inflammatory proteins in the 
plasma of 42 candidaemia patients and 89 
healthy individuals from the Lifelines Deep 
cohort using the OLINK inflammatory array 
(Fig. 1B). Out of 92 proteins, 64 proteins 
were included for the differential abundance 
analysis based on their detectability in at 
least 90% of the samples tested. A complete 
list of the proteins measured is provided in 
Table S1. Significant differences in the levels 
of the majority of inflammatory proteins 
were observed in patient plasma samples 
compared to baseline healthy plasma samples 
(56 out of 64 proteins with P < 0.05, Figure 
S1), indicating a high inflammation status in 
patients compared to healthy controls. Of the 
significantly differentially expressed proteins, 
fifteen inflammatory proteins showed more 
than 1.5 fold differences (Table S2).

To explore further the co-regulation 
patterns of plasma proteins in patients 
compared to healthy individuals, we 
performed unsupervised clustering of protein 
responses that were detected in at least 90% 
of the samples and were expressed in both 
patients and controls (Nproteins = 62). Clustering 
indicated that there is a clear distinction in 
inflammatory responses between patients 
and healthy controls. Ten patients formed a 
distinct cluster from the rest of the patients 
and present a similar clustering pattern as 
healthy controls, with the exception of MMP-
1 expression. MMP1- expression seems to be 
very strong in all patients compared to controls, 
suggesting that MMP-1 plays an important role 
in inflammation in patients (Figure S2). 

Overview of inflammatory  
protein profiles in PBMCs from 
healthy individuals in response to  
C. albicans stimulation

By comparing circulatory protein profiles 
between candidaemia patients and healthy 
controls, we identified significant differences 
in inflammatory protein profiles (Figure 
S1). We, therefore, tested whether some of 
these proteins are produced by PBMCs in 
response to C. albicans stimulation (Fig. 1D). 
We obtained PBMCs from 360 individuals of 
European origin from the 500FG and profiled 
92 inflammatory proteins in response to  
C. albicans yeast, of which 32 were detected 
in at least 90% of the samples (Table S3). 
Firstly, we compared the abundance of 
the 32 proteins between stimulated and  
un-stimulated (using RPMI medium) 
conditions and observed increased inter-
individual variation in inflammatory proteins 
upon stimulation compared to samples 
stimulated with RPMI medium (Figure S3). 
This observation suggested the role of 
different factors in regulating the abundance 
of these proteins. 

We could identify up-regulation of 29 
proteins out of 32 proteins measured in at least 
90% of PBMC samples that show more than 
1.5 fold change compared to RPMI stimulated 
samples (Table S4). In candidaemia patients, 
we identified 64 proteins measured in at least 
90% of the samples, of which 15 showed 1.5 
fold difference compared to baseline healthy 
samples (Lifelines cohort). These observations 
suggest that, in addition to PBMCs, many 
other cell types may contribute to the 
abundance of different proteins in circulation. 
Next, we compared the correlation structure 
between the circulatory proteins released 
from PBMCs by performing an unsupervised 
clustering of the protein responses.  Clustering 
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revealed three distinct clusters (Fig. 2), in 
which a large cluster consisted of 27 proteins 
(out of 32 that were detected in at least 90% 
of the samples) and two small clusters with 
only two (IL-8 and MCP-1) and three (CSF-1,  
MCP-2, and MIP-1 alpha) proteins respectively. 
To explore if any of these clusters are different in 
patients, we performed unsupervised clustering 
of inflammatory proteins released from PBMCs 
and patients. We observed different clustering 

patterns of protein responses between PBMC 
samples and patients (with the exception of one 
patient) (Figure S4), suggesting the presence of 
additional factors contributing to the inflammatory 
responses in patients. MMP-1 expression seems 
to be stronger in patients compared to 500FG 
samples, providing more evidence that MMP-1 
expression is a distinctive protein signature for 
patients compared to controls (as mentioned 
above) and to Candida-stimulated PBMCs.

Figure 2. Clustering of inflammatory responses induced in C. albicans stimulated 
PBMCs revealed three distinct clusters, with the majority of them organized around 
common pathways. The correlation structure between inflammatory proteins in C. albicans 
stimulated PBMCs is shown. Unsupervised hierarchical clustering was performed using Spearman 
correlation as the measure of similarity. The red color depicts the strong positive correlation 
whereas blue color indicates the strong negative correlation. PBMCs were stimulated with  
C. albicans yeast for 24 hours.
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Minimal effect of non-genetic host 
factors and cell counts on inflammatory 
proteins in response to C. albicans 

Given the increased inter-individual 
variation in inflammatory proteins upon 
Candida - stimulation (Figure S3), we next 
aimed to identify whether host non-genetic 
factors determine these person-to-person 
differences in inflammatory responses. It is 
possible that different cell-count proportions 
in individuals can explain this inter-individual 
variation. To test whether cell-counts 
influence the levels of inflammatory proteins, 
in addition to protein data measured in 
Candida-stimulated PBMCs isolated from 
500FG cohort (n = 360), we used the FACS 
measurements that were previously performed 
in the same cohort, where different immune 
cell populations were counted in detail 
together with non-genetic host factors16,17. We 
analyzed the correlation structure between 
cell counts (CD14+ monocytes, CD4+ T cells, 
CD3+CD56- T cells, lymphocytes, CD3-CD56+ 
NK cells, CD19+ B cells and CD8+ T cells) 
and protein measurements from Candida-
stimulated PBMCs. We observed weak 
correlations between cell counts and protein 
levels, suggesting a minor effect of cell-count 
differences on protein production capacity 
(mean correlation coefficient across CD14+ 
monocytes = 0.234, CD4+ T cells = -0.056, 
CD3+ CD56- T cells = -0.038, lymphocytes = 
-0.025, CD3- CD56+ NK cell = 0.01, CD19+ 
B cells  = 0.019 and CD8+ T cells = 0.011) 
(Figure S5A). 

It has been well established that age 
and gender influence immune responses and, 
also, we have previously reported a strong 
impact of age and gender on the production 
of six different cytokines (IL-1β, TNFα, IL-6, 
IFNγ, IL-22 and IL-17)16,18. To systematically 
investigate the impact of non-genetic factors, 
including age and gender, in our 32 circulating 
proteins released from PBMCs, we correlated 
age, gender, BMI, oral contraceptive use, and 

circulating mediators (resistin, adiponectin, 
alpha-1 Antitrypsin, leptin and CRP) with 
our proteins. BMI, oral contraceptive use 
and circulating mediators had no detectable 
effect on in vitro protein production in PBMCs 
(Table S5 and S6). In contrast, three of the 
inflammatory proteins (MMP-1 and CXCL5 
and CCL23) were significantly correlated with 
age (P < 0.05) (Figure S5B and Table S5). In 
addition, TNFRSF9, PD-L1, IL-1aplha, IL-18, 
IL-12B, EN-RAGE, CXCL9 and CSF-1 showed 
a significant (positive) correlation with gender 
(P < 0.05) (Figure S5B and Table S5). 

Identifying genetic variation affecting 
inflammatory proteins in response to 
C. albicans 

Next, we investigated whether host 
genetic variation affects the inter-individual 
differences in inflammatory responses to  
C. albicans stimulation. For this, we used the 
genome-wide SNP genotype data and protein 
measurements of Candida-stimulated PBMCs 
isolated from our population-based cohorts 
consisting of 360 individuals from 500FG 
cohort and 76 individuals from Lifelines Deep 
cohort. Upon quality control and intersection 
of the proteins from the two cohorts, we 
obtained a total of 32 inflammatory proteins 
(Figure S6 and S7 and Table S3 and S7). 
For pQTL mapping, we selected SNPs that 
showed a minor allele frequency (MAF) >= 1% 
and passed other quality filters (see Materials 
and Methods). Using the protein and genotype 
data, we mapped protein-QTLs (pQTLs) in the 
two cohorts and performed a joint analysis by 
combining the two cohorts (n = 436). 

In detail, raw protein levels were log2-
transformed and then mapped to genotype 
data using a linear model with age and gender 
as covariates. Given that a strong influence 
of age, sex and cytomegalovirus (CMV, not 
measured here) on immunological traits has 
been previously reported, we used age and 
gender as covariates on our model16,19,20. 
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Our joint analysis revealed 10 independent 
trans-pQTLs with MAF > 1% that reached 
genome-wide significance level (P < 5x10-8,  
Pheterogeneity > 0.05, FDR 0.10) (Table 1, Fig. 3 and 
Figure S8). These include one independent 
pQTL for CCL4, one for VEGF-A, two for IL-8, 
two for CXCL9, one for MCP-1, two for MCP-2 
and one for MCP-3 (Fig. 3A-G).

Prioritizing cis-genes from genome-
wide significant pQTLs indicates 
those involved in inflammation, 
WNT signaling, apoptosis and lipid 
metabolism as potential causal genes

We hypothesized that genes that are 
differentially expressed in PBMCs in response 
to C. albicans are potential causal genes at 
our genome-wide significant pQTL loci. To 

Chr SNP BP Allele1 Allele2 MAF Protein Z score P value cis-genes

1 rs2501301 22344027 T C 0.05 CCL4 5.88 4.17x10-9 CELA3Ba, 

CDC42-IT1b, 

HSPG2c

3 rs1398749 111456265 A G 0.09 MCP-1 -5.56 2.70x10-8 ABHD10d, CD96d, 

ZBED2c

3 rs358011 55125391 T C 0.24 VEGFA 5.84 5.23x10-9 WNT5Ac,e

3 rs6771739 184506578 T C 0.43 CXCL9 5.51 3.69x10-8 EPHB3c

5 rs392422 80332413 A G 0.05 IL8 -5.84 5.34x10-9 CTC-

281B15.1b,SSBP2c, 

FAM151Bc

7 rs34774255 2747852 T C 0.38 CXCL9 5.52 3.50x10-8 AMZ1f, CARD11f

8 rs1699130 107338659 C G 0.07 IL8 -5.65 1.64x10-8 OXR1f

10 rs2488633 86351356 A G 0.02 MCP-2 -5.62 1.93x10-8 CDHR1c

10 rs1572285 115907856 T C 0.12 MCP-2 -5.83 5.70x10-9 CASP7c

16 rs247426 75438172 T C 0.05 MCP-3 5.52 3.36x19-8 ZNRF1e, ZNRF1c

Table 1. Genome-wide significant protein-QTL loci that were identified in the joint analysis.  
aProxy SNP (LD >= 0.8) is a missense variant.  bpQTL or proxies (LD >= 0.8) shows a  
cis-eQTL effect upon C. albicans stimulation in PBMCs (P < 0.05). cGene is differentially expressed 
upon C. albicans stimulation at 24 hours. dProxy SNP shows an eQTL effect in blood. eGene is 
differentially expressed upon C. albicans stimulation at 4 hours. fGene is in close proximity to 
pQTL. MAF: Minor allele frequency in our 500FG and Lifelines Deep cohorts, Chr: chromosome, 
BP: base-pairs

investigate this, we tested the expression 
levels of all genes located within a 500 kb cis-
window of the pQTLs in PBMCs stimulated 
with C. albicans at 4 and 24 hours. We 
identified Wnt family member 5A (WNT5A) 
gene as differentially expressed at both 4 
and 24 hours.  Single-stranded DNA binding 
protein 2 (SSBP2), family with sequence 
similarity 151 member B (FAM151B) and 
caspase 7 (CASP7) genes at 24 hours. Of 
those, WNT5A gene belongs to the WNT 
gene family that signals through both the 
canonical and non-canonical WNT pathways. 
Of note, the Wnt/β-Catenin signaling pathway 
exerts immunomodulatory functions during 
inflammation and infection21,22. The other 
prioritized gene, CASP7, a member of the 
cysteine-aspartic acid protease (caspase) 
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Fig. 3. Genome-wide pQTL mapping identified 10 C. albicans yeast-response pQTLs.  
Manhattan plot showing the genome-wide QTL mapping results for C. albicans-induced (A) 
CCL4, (B) VEGF-A, (C) IL-8, (D) CXCL9, (E) MCP-1, (F) MCP-2 and (G) MCP-3 levels. The y-axis 
represents the –log10P values of pQTLs. Their chromosomal positions are shown on the x axis. 
The horizontal red dashed line represents the genome-wide significance threshold for association 
(P < 5x10-8).

family, is involved in the activation cascade 
of caspases that are critical molecules in 
apoptosis, necrosis, and inflammation23. 

In addition, to identify causal genes, we 
made use of publicly available expression-
QTL datasets (eQTLs) from healthy blood 
donor samples24,25. We identified a proxy SNP 
rs4682062 in strong linkage disequilibrium 
(LD) with rs1398749 on chromosome 3  
(r2 > 0.8; using the European population as a 
reference) to influence the expression of two 
genes, the abhydrolase domain containing 
10 (ABHD10, P 1.58x10-27) and CD96  
(P  1.50x10-5) genes, in whole blood. CD96 gene 
encodes a protein (also known as TACTILE) 

that belongs to immunoglobulin superfamily 
and negatively controls cytokine production 
by natural killer (NK) cells26. The ABDH10 
gene encodes for an enzymatic degrader 
of mycophenolic acid acyl-glucoronide27. In 
general, the mammalian alpha beta hydrolase 
domain (ABHD) proteins have been recently 
described as novel potential regulators of 
lipid metabolism and signal transduction27. 
Given that eQTL effects may act in a context-
specific manner28, we also mapped Candida-
response eQTLs. Three SNP proxies in high 
linkage disequilibrium (LD >= 0.8) with pQTL 
rs2501301 at chromosome 1, influence the 
expression of a non-coding RNA, CDC42-
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IT1, and pQTL rs392422 at chromosome 5 
influences another non-coding RNA, CTC-
281B15.1 in response to C. albicans (Table 1). 

Lastly, pathway enrichment analysis 
of Candida-induced pQTLs with a P value  
< 9.99x10-4 showed an over-representation 
of genes involved in hemostasis (P 8.99x 
10-5) and metabolism of lipids and lipoproteins 
(P 2.47x10-3) (Figure S9), indicating the 
importance of hemostasis and lipid metabolism 
in inflammatory responses in response to  
C. albicans. 

Pleiotropy of loci affecting  
protein levels

To test the presence of potential 
pleiotropic effects between the GWAS pQTLs 
identified in the joint analysis and measured 
proteins, we performed an unsupervised 
clustering of pQTLs based on the negative 
log10 of the P values. For this analysis, we 
extracted all possible associations of genome-
wide significant pQTLs with the 32 proteins in 
the same allelic direction between the two 
cohorts and P value of heterogeneity >= 0.05.  
We observed that all genome-wide significant 
loci influence multiple distinct proteins (Fig. 
4A), indicating the pleiotropic effects of the 
pQTLs on the proteins. To account for the 
multiple testing, we next inspected all genome-
wide significant trans-pQTLs that had at least 
two associations with distinct proteins at  
P < 0.05/(10*32) = 1.56x10-4 (Table S8). This 
cut-off represents a conservative approach to 
correct for the multiple testing for all identified 
GWAS SNPs (n = 10) with all protein traits 
(n = 32). SNP rs248863 was removed as 
it influences only MCP-2 at P threshold of 
1.56x10-4. We observed a locus at intergenic 
variant rs6771739 on chromosome 3 and a 
second locus at intronic variant rs34774255 
on chromosome 7 that influences 17 and 11 
distinct proteins respectively at P < 1.95x10-4 
in the same direction (Fig. 4B to C, and Figure 
S10). Of note, both loci influence the levels of 

CXCL9 in trans, indicating that this chemokine 
may have a key regulatory role in inflammation 
in response to C. albicans infection.

Moreover, two loci at intergenic variant 
rs358011 (Fig. 4D) and intronic variant 
rs247426 (Fig. 4E) on chromosomes 3 and 
16 respectively influence six distinct proteins 
each in the same direction. The variant 
rs358011 influences the inflammatory protein 
VEGF-A and the rs247426 influences MCP-3 
in trans at a genome-wide significance level 
(Table 1, Figure S10). These pleiotropic effects 
suggest that MCP-3 and VEGF-A may have 
important roles in inflammation induced by 
C. albicans. Lastly, unsupervised clustering 
revealed that different loci influence same 
proteins in opposite direction (Figure S10). 
For instance, the locus at intronic variants 
rs1699130 on chromosome 8 increases the 
expression of MCP-1 and IL-8 and two loci 
at intronic variants rs1398749 and rs392422 
on chromosomes 3 and 5 respectively show 
an opposite effect. In addition, the locus at 
intronic variants rs247426 on chromosome 
16 increases the expression of MCP-2 and 
MCP-3 and a different locus at rs1572285 on 
chromosome 10 decreases their expression. 
However, more studies are needed to explain 
the mechanism by which these opposite 
effects occur.

Contribution of pQTLs that 
influence circulatory inflammatory 
proteins to susceptibility and 
survival to candidaemia

Next, we aimed to investigate whether genetic 
variation that influences inflammatory proteins 
(pQTLs) in blood circulation may determine 
susceptibility and survival to candidaemia. We 
previously performed the first GWAS on the 
largest candidaemia cohort to date to identify 
genetic variants that determine susceptibility to  
candidaemia14. Our candidaemia cohort 
consisted of 178 patients and 175 case-matched 
controls. To investigate the contribution of 
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Figure 4. Potential pleiotropy between genome-wide significant pQTLs and measured 
inflammatory proteins. Heatmap (A) shows the –log10(P) of all possible associations of the 
genome-wide significant pQTLs and the 32 measured inflammatory proteins, which show the 
same allelic directions between 500FG and Lifelines Deep cohorts, and Pheterogeneity >= 0.05. 
Regional association plots showing the –log10P for SNPs centered on the most strongly associated 
signal (purple diamond) (B) rs6771739 associated with CXCL9 levels, (C) rs34774255 associated 
with CXCL9 levels, (D) rs358011 associated with VEGF-A and (E) rs247426 associated with  
MCP-3 levels upon C. albicans yeast stimulation of PBMCs.

pQTLs to candidaemia susceptibility, we 
performed enrichment analysis of pQTLs for 
susceptibility variants. For this, we grouped 
the pQTLs identified in the joint analysis at four 
different P thresholds (5x10-4, 5x10-5, 5x10-6, and  
5x10-7) and extracted the P values of 
association to candidaemia susceptibility for 
each group of pQTLs. We observed that there 
is a poor enrichment of pQTLs in susceptibility 
variants at all four different P thresholds.  
(Fig. 5A to D). These results suggest that 
there is a distinct genetic contribution 
between candidaemia susceptibility and 
circulating inflammatory protein responses 
upon Candida stimulation.

In addition, to determine genetic 
variants that are associated with survival, we 
performed a within-case QTL mapping on a 
genome-wide scale by assigning the actual 
day of survival as quantitative trait using our 
survival cohort of 148 candidaemia patients. 
For the QTL mapping, we used the genotype 
and survival data of 65 candidaemia patients 
(non-survivors), of which 31 passed away 
within 14 days, 18 passed away between 14 
and 30 days and 16 passed away between 30 
and 90 days, as described in Materials and 
Methods. This analysis showed a common, 
intergenic genetic variant (MAF1000G = 0.2), 
rs12565126, on chromosome 1 that reached 
genome-wide significance (P 1.8x10-10)  
(Fig. 6A and B). To examine the effect of SNP 
genotypes of rs12565126 on the survival, we 
compared differences between SNP genotype 
strata using a log-rank test by stratifying our 

65 non-survivors and 83 survivors by SNP 
genotype. No significant difference in survival 
was observed between the different genotype 
strata. However, Kaplan-Meier plot showed 
that individuals carrying the T allele tend to 
have an increased probability to survive longer 
compared to those homozygotes for CC allele 
(Fig. 6C).

Furthermore, to test whether the genome-
wide significant rs12565126 is associated 
with early or late survival (up to 90 days), we 
performed a case/control association analysis 
with 14, 30 and 90-day survival on a genome-
wide scale. To test for association (1) with 14-
day survival, we used 31 non-survivors that 
passed away within 14 days and 83 survivors, 
with (2) 30-day survival, we used 49 non-
survivors that passed away within 30 days and 
83 survivors and with (3) 90-day survival, we 
used 65 non-survivors that passed away within 
90 days and 83 survivors. We run an additive 
model using gender and the first two principal 
components as covariates. These analyses 
showed that rs12565126 was significantly 
associated with 14-day survival (P 0.03, OR 
6.9) and 30-day survival (P 0.02, OR 3.6). 
We did not observe a significant association 
with 90-day survival at a P threshold for 
significance < 0.05 (P = 0.54). 

Lastly, to investigate the contribution 
of pQTLs to survival, we performed 
enrichment analysis of pQTLs for variants 
associated with survival as identified in the 
quantitative analysis. For this, we followed 
the same approach as in enrichment analysis  
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Figure 5. A distinct genetic contribution between candidaemia susceptibility and circulating 
inflammatory protein responses upon Candida stimulation was observed. pQTLs identified 
in the joint analysis between 500FG and Lifelines Deep cohorts were grouped at four different  
P thresholds (5x10-4, 5x10-5, 5x10-6 and 5x10-7) and P values of association with susceptibility to 
candidaemia were extracted and plotted for each group (y axis). Violin plots show the distribution 
of P values of association with susceptibility for each different threshold for pQTL effect. The 
black line within the box plots indicate the median and dashed black line represents a P value of 
significance 0.05. pQTLs above the dashed line were considered to be significantly associated 
with candidaemia.

of pQTLs for candidaemia susceptibility, 
and we grouped the pQTLs at four different 
P thresholds (5x10-4, 5x10-5, 5x10-6, and  
5x10-7) and extracted the P values of 
association with survival for each group  
(Fig. 7). We observed that there is a poor 
enrichment of pQTLs in variants associated 
with survival.  All in all, our enrichment 
analysis of pQTLs for variants associated 
with susceptibility and survival showed  
that distinct genetic variation contributes 
to the three phenotypes studied here: 
inflammatory responses upon Candida 
stimulation, susceptibility to candidaemia and  
patient survival.

Contribution of pQTLs that influence 
circulatory inflammatory proteins to 
complex infectious diseases

Given that the genome-wide pQTLs 
in response to Candida infection showed 
pleiotropy, we next investigated whether genetic 
variants that were previously associated with 
other infectious diseases are pQTLs. For this, 
we selected infectious diseases that showed 
at least ten independent associations per 
study in European populations, which are 
reported in the National Human Research 
Institute GWAS catalog (https://www.ebi.
ac.uk/gwas/). Next, we identified all pQTLs that 
were associated with inflammatory proteins at  
P <= 0.001 and P value for heterogeneity  >= 
0.05 and tested whether SNPs associated 
with infectious diseases or their proxies 

(r2 > 0.8) were also pQTLs. We found 
seven intronic SNPs or proxies (r2 >= 0.8) 
associated with infectious diseases that were 
also pQTLs. Two loci were associated with 
cytomegalovirus antibody response, another 
two loci with severe influenza A (H1N1) 
infection, one locus with hepatitis B, one locus 
with acquired immunodeficiency syndrome 
(AIDS) progression and one locus associated 
with yeast infection (vulvovaginal candidiasis) 
(Table S9). A fine-mapping study on HLA region 
found variants associated with vulvovaginal 
candidiasis on a genome-wide level29–32. 
One interesting gene in the locus associated 
with vulvovaginal candidiasis (in a window 
of 500kb around the SNP), which influences 
CCL23 in response to C. albicans response, is 
ubiquitin specific peptidase 13 (USP13) gene. 
This gene is involved in various processes, 
such as autophagy and endoplasmic 
reticulum-associated degradation33,34. When 
using more stringent P values to call pQTLs, 
the number of disease-associated SNPs 
that were pQTLs was dropped to few SNPs  
(n < 10) as the number of available pQTLs was 
reduced. These preliminary results indicate 
that inflammatory proteins studied here have 
an important role as underlying mediators in 
other infectious diseases as well.
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Figure 6. QTL mapping with patient survival. (A) Manhattan plot of the log10 P values 
identified in the genome-wide QTL mapping on survival in 65 candidaemia cases.  
Each dot represents a SNP and all analyzed SNPs are plotted on the X–axis ordered by 
chromosomal position. SNP rs12565126 at chromosome 1 reached genome-wide significance 
level (shown in red, P < 5x10-8). (B) Regional association plot at rs12565126 locus associated with 
survival. The corresponding P values (as –log10 values) of all SNPs in a window of 500kb around 
the genome-wide significant SNP (purple diamond) were plotted against their chromosomal 
position. Estimated recombination rates are shown in blue to reflect the local LD structure, based 
on the European (CEU) population, around the associated top SNP and its correlated proxies 
are shown in a color scale.  Highly correlated SNPs are shown in red and the rest of the colors 
represent weakly correlated SNPs. (C) Kaplan-Meier plot using 65 non-survivors and 83 survivors 
stratified by the SNP genotypes of rs1256512. Gender used as covariate. The lines represent 
survival curves of the two-genotype strata (CC , TC+TT). At time zero, the survival probability is 
1.0 (or 100% of the patients are alive). The numbers of patients that are still alive through time are 
shown in parentheses in the bottom plot.
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Figure 7. A distinct genetic contribution between patient survival and circulating 
inflammatory protein responses upon Candida stimulation was observed. Same approach 
was followed as described in Fig. 5. pQTLs at four different P thresholds (5x10-4, 5x10-5, 5x10-6 
and 5x10-7) showed a poor enrichment for variants associated with survival. Axis x show the 
32 inflammatory proteins and y axis represent the neg log10 of P values of association with 
survival. Violin plots show the distribution of P values of association with survival for each 
different threshold for pQTL effect. The black line within the box plots indicate the median and 
dashed black line represents a P value of significance 0.05. pQTLs above the dashed line were 
considered to be significantly associated with patient survival.

DISCUSSION
The incidence of opportunistic invasive 

fungal infection has been increased over 
the last decades. This increase can be 
explained by the use of aggressive and 
intensive chemotherapeutic regimens, of 
immunosuppressive therapy for autoimmune 
disorders, and of transplantation that have 
led to a rise in the number of susceptible 
human hosts35. The development of specific 
and mechanistically relevant biomarkers  
in Candida infections, are therefore, important 
tools in identifying patients at high-risk and, 
thus, clinicians can provide the most beneficial 
prophylactic and/or treatment strategy. In this 
study, we performed a systematic proteomic 
analysis of plasma levels of 92 inflammatory-
related proteins in blood circulation in response 
to Candida infection. To our knowledge,  
this is the first effort to date to evaluate a 
great number of inflammatory proteins and 
evaluate the role of host (non)-genetics in 
regulating inflammatory protein levels in  
Candida infection.

We observed significant differences 
in inflammatory responses in candidaemia 
patients compared to healthy individuals, and 
also increased inter-individual variation in 
inflammatory responses in PBMCs stimulated 
with C. albicans compared to RPMI medium 
stimulated samples. When comparing the 
clustering pattern of inflammatory responses 
between patients and healthy controls 

from Lifelines cohort, we observed different 
clustering patterns as expected and, of note, 
MMP-1 expression was stronger in patients 
compared to controls. MMP-1 belongs to the 
family of matrix metalloproteinases (MMPs) 
that act as processing enzymes that cleave 
most structural extracellular matrix (ECM) 
proteins but, also, cell surface receptors, 
cytokines, chemokines, clotting factors, 
cell-cell adhesion molecules, and other 
proteinases36. Previous studies indicated that 
MMPs play a critical role in infection and in 
the host defence against infection and, of 
particular interest, can be used as drug 
targets in infections caused by gram-negative 
bacteria and in septic shock37. Furthermore, 
we observed different clustering patterns of 
inflammatory responses between patients and 
Candida-stimulated supernatants of PBMCs, 
suggesting the presence of additional factors 
that contribute to the inflammatory responses 
in patients that are missing in PBMC fraction. 
These factors could be different cell types 
(e.g. neutrophils) or blood coagulation factors 
and platelets that may interact with the 
inflammatory proteins that are not present in 
the PBMC fraction.

To explain the observed inter-individual 
variations in inflammatory responses, we 
investigated the contribution of (non)-genetic 
factors to inflammatory responses. Although 
age and gender has a well-described influence 
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on cytokine responses, our correlation 
analysis of non-genetic factors measured 
in 500FG cohort with the inflammatory 
responses showed minimal effect, with few 
exceptions. Three of the inflammatory proteins  
(MMP-1, CXCL5 and CCL23) were significantly 
correlated with age (P < 0.05) and TNFRSF9, 
PD-L1, IL-1aplha, IL-18, IL-12B, EN-RAGE, 
CXCL9, and CSF-1 showed a significant 
(positive) correlation with gender (P < 0.05) 
(Figure S6 and Table S5). 

In addition, we identified 10 independent 
significant pQTLs with MAF > 1% that 
reached genome-wide significance level  
(P < 5x10-8, FDR 0.10) that influence CCL4, 
VEGF-A, IL-8, CXCL9, MCP-1, MCP-2 
and MCP-3. These pQTLs are trans-QTLs 
that influence inflammatory responses 
indirectly through regulatory loops. Pathway 
enrichment analysis of Candida-induced 
pQTLs with a P value < 9.99x10-4 showed 
an over-representation of genes involved 
in hemostasis and metabolism of lipids 
and lipoproteins (Figure S9), indicating the 
importance of hemostasis and lipid metabolism 
in inflammatory responses in response to  
C. albicans. Of note, we previously observed 
that C. albicans yeast induces transcription of 
genes in PBMCs involved in inflammation, as 
expected, and immune-hemostasis interaction 
(chapter 2). Furthermore, we showed that 
Candida-induced cytokine-QTLs (cQTLs) in 
PBMCs that are associated with candidaemia 
susceptibility are enriched in lipid metabolism 
processes (chapter 3). Altogether, hemostasis 
and lipid metabolism seem to play a critical 
role in Candida-induced inflammatory 
responses and, thus, it would be interesting 
to further investigate their role in host immune 
defence against C. albicans. 

To study the concordance of genetic 
effects on circulating proteins and expression 
levels in response to C. albicans, we also 
mapped Candida-response cis-eQTLs in 
PBMCs. The genome-wide significant pQTL 

rs392422, which influences IL-8, found to 
affect the expression of a gene belonging to 
the non-coding RNA class, CTC-281B15.1 
(ENSG00000247572) (P 0.03). Also, three 
SNP proxies (rs191505409, rs187581857 
and rs149399639) in high LD >= 0.8 with the 
genome-wide significant pQTL rs2501301 
affect the expression of the non-coding RNA, 
CDC42-IT1 (ENSG00000230068) in response 
to C. albicans (P 0.03, 0.009 and 0.009 
respectively). The role of non-coding RNAs in 
regulating inflammation, including well-known 
mediators, such as TNFα, IL-1, IL-6, and IL-8 
has been previously described38, and, thus, 
we can assume that regulation of inflammation 
during C. albicans infection can happen at the 
transcriptional level through non-coding RNAs 
and at translation level as well. 

Another interesting finding of this study 
was that the genome-wide significant trans-
pQTLs showed pleiotropic effects. In particular, 
a locus at chromosome 3 and a second locus 
at chromosome 7 influence 17 and 11 distinct 
proteins respectively at P < 1.56x10-4 in the same 
direction. Both loci regulate different factors, 
such as various pro-inflammatory cytokines 
and chemokines, vascular endothelial growth 
factors (VEGF-A), pro-inflammatory mediators 
with effects on endothelial cells (OSM)39 and 
transforming growth factors (TGF-α) (Table 
S8). This observation reflects the fact that 
an inflammatory response is the result of 
complex interactions between inflammatory 
and endothelial cells that can be regulated 
by the same genetic variation. In addition, 
we observed that SNPs associated with 
other complex infectious diseases, such 
as influenza A (H1N1) infection, hepatitis 
B, AIDS, vulvovaginal candidiasis and 
cytomegalovirus antibody response, were also 
pQTLs, highlighting the role of inflammatory 
proteins as critical mediators in many complex 
infectious diseases.

Moreover, we investigated the contribution 
of pQTLs to susceptibility to candidaemia 
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and patient survival. We observed a poor 
enrichment of pQTLs with SNPs associated 
with candidaemia susceptibility and survival. 
This finding suggests that distinct genetics 
determines circulatory inflammatory protein 
responses during Candida infection, 
candidaemia susceptibility and patient 
survival. This observation agrees with 
previous studies on other diseases, such 
as Crohn’s disease, where distinct genetic 
contributions to prognosis and susceptibility 
were identified40. Another interesting finding of 
the within-case QTL mapping using 65 non-
survivors revealed a genome-wide significant 
SNP (rs12565126) at chromosome 1 that is 
associated with survival. Despite the limited 
number of our survival cohort, Kaplan-Meier 
analysis showed that individuals carrying the 
T allele (rs12565126) tend to survive longer 
compared to homozygotes for the C allele 
(Fig. 6C). 

There are also limitations to our study. 
First, because of relatively small sample size, 
we cannot exclude that some of the pQTLs with 
rare allele frequencies were false positives in 
this analysis. In addition, the experimental 
setup of ex vivo PBMC stimulation for 24 
hours with C. albicans yeast provides only 
the opportunity to study the interactions 
between immune cells, such as monocytes, 
T and B cells, missing the neutrophils and 
platelet fractions. Also, the time-dependent 
dynamic interactions are missing as PBMCs 
were stimulated for 24 hours. Lastly, it would 
be interesting to capture inflammatory 
responses upon stimulation with C. albicans 
hyphae as well, as the transition to hyphae 
contributes to C. albicans virulence. Despite 
these limitations, we provided an important 
groundwork by performing a comprehensive 
analysis of (non)-genetic variation that affects 
circulatory inflammatory responses in human 
blood circulation in response to C. albicans that 
can trigger critical future work to understand 
better the contribution of genetics to the 

inflammatory responses against C. albicans 
and how they shape susceptibility and survival 
in candidaemia patients. In addition, our 
genetic analysis suggested a distinct genetic 
contribution to inflammatory responses in 
response to Candida infection, susceptibility 
to candidaemia and patient survival, which 
points to different biology implicated in the 
pathogenesis of these phenotypes that could 
provide new therapeutic opportunities. 
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Study populations
Population-based cohorts

500FG. To understand the variation 
in circulating inflammatory production in 
humans in response to C. albicans in vitro, 
we used a population-based cohort, the 
500FG, composed of healthy individuals 
of Western European ancestry from the 
Human Functional Genomics Project (HFGP, 
see www.humanfunctionalgenomics.org).  
The 500FG cohort is composed of 534 well-
characterized healthy individuals, 237 males 
and 296 females all between 18 and 75 years 
old. The HFGP study was approved by the 
Ethical Committee of Radboud University 
Nijmegen, the Netherlands (no. 42561.091.12). 
Experiments were conducted according  
to the principles expressed in the Declaration 
of Helsinki and venous blood samples 
were drawn after written informed consent  
was obtained. 

Demographic Data collection in 500FG.  
Volunteers, after donating blood in 

the hospital, received an extensive online 
questionnaire about lifestyle, diet, and 
disease history. Based on the results of this 
questionnaire, 45 volunteers were excluded 
for various reasons, e.g., they were under 
medication, non-European ancestry, or had a 
chronic disease. These exclusion criteria were 
taken to minimize false positive effects on the 
protein production capacity in vitro.

Lifelines Deep population cohort.  
Participants of the LifeLines Deep 

population cohort were enrolled after 
giving informed consent, following an 
institutional review board protocol approved 
by the University Medical Centre Groningen 
(Groningen, the Netherlands). Blood samples 
for DNA isolation and subsequent genotyping 
analysis were collected in EDTA Vacutainer® 
tubes (BD Biosciences, San Jose, CA, USA).

Patient cohort. 
Adult candidaemia patients were enrolled 

after informed consent (or waiver as approved 
by the Institutional Review Board) at the 
Duke University Hospital (DUMC, Durham, 
North Carolina, USA). Enrollment occurred 
between January 2003 and January 2009 
and, in total, 178 candidaemia cases and 175 
case-matched controls of European ancestry 
were tested for disease association. The 
demographic and clinical characteristics of 
the candidaemia cohort have been described 
previously41. Patients must have had at least 
one positive blood culture for a Candida 
species, with the majority of them infected 
by C. albicans41. Case-matched controls were 
recruited from the same hospital wards as 
candidaemia cases so that co-morbidities and 
clinical risk factors for infection were similar. 
One hundred forty-eight candidaemia patients 
at DUMC were followed prospectively for up 
to 90 days and mortality dates were recorded 
for these individuals. Thirty-one out of 148 
passed away within 14 days, 18 out of 148 
passed away between 14 and 30 days and 16 
out of 148 individuals passed away between 
30 and 90 days (non-survivors). Eighty-three 
out of 148 individuals survived longer than the 
specified period of 90 days and we defined 
them as survivors in this study.

Genotyping, quality control and 
imputation of the 500FG cohort

DNA obtained from the 500FG cohort was 
genotyped using the commercially available 
Illumina HumanOmniExpressExome-8 v1.0 
SNP chip. Genotype calling was performed 
using Opticall 0.7.0 using default settings42. 
We applied quality control per sample to 
exclude samples with a call rate ≤ 0.99 and 
quality control per SNP to exclude variants 
with a Hardy-Weinberg equilibrium ≤ 0.0001, 

MATERIALS AND METHODS
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a call rate ≤ 0.99 and a minor allele frequency 
(MAF) ≤ 0.001. We identified 17 ethnic outliers 
by merging multi-dimensional scaling plots 
of samples with 1000 Genomes data, and 
these outliers were excluded from further 
analysis12. The quality control filters resulted 
in a dataset of 483 samples containing 
genotype information on 518,980 variants for 
further imputation. The strands and variants-
identifiers were aligned to the reference 
Genome of the Netherlands (GoNL, Genome 
of the Netherlands Consortium, 201443) 
dataset using Genotype Harmonizer44 . The 
data were phased using SHAPEIT2 v2 using 
GoNL as a reference panel45,46. We selected 
SNPs that showed an INFO score ≥ 0.8 upon 
imputation for further cytokine QTL mapping.

Genotyping, quality control and 
imputation of the candidaemia cohort

Isolated DNA obtained from case 
and control samples was genotyped 
using the commercially available SNP 
chips, HumanCoreExome-12 v1.0 and 
HumanCoreExome-24 v1.0 BeadChip from 
Illumina (https://www.illumina.com). Genotype 
calling was performed using Optical 0.7.0 
using the default settings42. Strands of variants 
were aligned and identified against the 1000 
Genome reference panel using Genotype 
Harmonizer44. We then imputed the samples 
on the Michigan imputation server using the 
human reference consortium as a reference 
panel, and we filtered variants with an R2 of 
0.3 for imputation quality47. After excluding 
imputed variants with a MAF < 0.10 and 
variants within the HLA region, we applied 
quality control per sample and removed 15 
individuals (5 cases and 10 controls) due to 
excess/reduced heterozygosity and cryptic 
relatedness. Next, we applied SNP quality 
control filters to exclude SNPs with a MAF of 

< 0.05 and a Hardy-Weinberg equilibrium of 
P < 1x10-6 in control samples only. We also 
identified 25 ethnic outliers (12 cases and 13 
controls) by multidimensional scaling analysis 
(MDS) (performed in PLINK on the N x N 
matrix of genome-wide IBS pairwise distance) 
of candidaemia patients and case-matched 
controls for the two first principle components 
(Figure S11A). The quantile-quantile (QQ) plot 
that shows the distribution of the observed –
log10 for the whole-genome SNPs against the 
theoretical distribution of expected –log10 
indicated no or little evidence of population 
stratification (Figure S11B). The genomic 
inflation factor based on median chisq was 
equal to 1 ( λ = 1). Quality control filters 
resulted in a dataset of 161 cases and 152 
disease-matched control samples containing 
genotype information on 5,326,313 SNP 
variants for further testing for association with 
candidaemia susceptibility. 

Genotyping and genotype imputation 
of the Lifelines Deep cohort

Genotyping and genotype imputation 
of the Lifelines Deep cohort have been 
published elsewhere48. DNA isolation was 
performed by the Qiagen robots using 
Autopure LS kits. Genotyping of DNA from 
the LifeLines Deep cohort was performed 
using both the HumanCytoSNP-12 BeadChip 
and the ImmunoChip platforms (Illumina, 
San Diego, CA, USA). First, SNP quality 
control was applied independently for both 
platforms where SNPs were filtered on MAF 
above 0.001, a Hardy-Weinberg equivalent 
P value >1e−4 and a call rate of >0.98 using 
Plink49. The genotypes generated from both 
platforms were merged into one dataset. 
After merging, SNPs were again filtered on 
MAF 0.05 and a call rate of 0.98, resulting 
in a total of 379,885 genotyped SNPs. Next, 
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genotypes were imputed using the Genome of 
the Netherlands (GoNL) reference panel50–52. 
The merged genotypes were pre-phased 
using SHAPEIT2 and aligned to the GoNL 
reference panel using Genotype Harmonizer 
(http://www.molgenis.org/systemsgenetics/) 
in order to resolve strand issues44. Imputation 
was performed using IMPUTE2 version 2.3.0 
against the GoNL reference panel53. 

PBMC collection and Candida 
stimulation experiments

Venous blood from the cubital vein 
of healthy volunteers was drawn in 10 ml 
EDTA Monoject tubes (Medtronic, Dublin) 
after obtaining written informed consent. 
PBMC isolation was performed as previously 
described54. In short, the PBMC fraction was 
obtained using density centrifugation of EDTA 
blood diluted 1:1 in pyrogen-free saline over 
Ficoll-Paque (Pharmacia Biotech, Uppsala). 
Cells were then washed twice in saline and 
suspended in RPMI medium supplemented 
with gentamicin (10 mg/mL), L-glutamine 
(10 mM) and pyruvate (10 mM). Addition of 
antibiotics such as gentamycin is a standard 
method used to avoid contamination of 
cultures, and it does not influence the ability 
to induce cytokine production by PBMCs 
or macrophages (data not shown). PBMCs 
were counted in a Coulter counter (Beckman 
Coulter, Pasadena) and re-suspended in a 
concentration of 5x106 cells/mL. A total of 
5x105 PBMCs were added in 100 μL to round-
bottom 96-well plates (Greiner) and incubated 
with 100 μL of stimulus (heat killed Candida 
albicans yeast of strain ATCC MYA-3573, 
UC 820, 1x106/mL) or RPMI medium. After 
24 hours, the supernatants were collected 
and stored at −20°C until assayed using 
commercial available ELISA kits (PeliKine 
Compact or R&D Systems) or, for high-
throughput protein profiling, OLINK technology 
(https://www.olink.com/). 

Proteomic profiling of circulating 
inflammatory proteins 
Supernatant samples of PBMCs stimulated 
with C. albicans yeast and plasma samples 
obtained from candidaemia patients were 
analyzed using the proximity extension assay 
(PEA). We selected the Olink® inflammatory 
panel (Olink Bioscience AB, Uppsala, 
Sweden). This panel includes 92 inflammatory 
proteins. The protein analysis is reported 
as Normalized Protein Expression (NPX) 
values, which are Cq values normalized 
by the subtraction of values for extension 
control, as well as inter-plate control. The 
scale is shifted using a correction factor 
(normal background noise) and reported in 
Log2 scale. The normality test performed on 
both raw and log-transformed data using 
Shapiro-Wilk normality test, and a P > 0.05 
was used a threshold for normal distribution. 
We further validated the correlation between 
protein concentrations of IL-6 measured by 
OLINK technology in log2 picogram/ml (NPX 
values) and by ELISA (Figure S12). We used 
Spearman’s correlation as the measure of 
similarity between the two meausurements.

Clustering Analysis 
To analyze the similarities and 

dissimilarities between the measured 
inflammatory proteins in PBMC supernatants 
and patient plasma, we performed 
unsupervised hierarchical clustering using 
Spearman’s correlation as the measure of 
similarity. To identify whether different cell 
counts in PBMC fraction have an impact on 
the circulating proteins, we obtained cell count 
data measured by FACS for total lymphocytes, 
T cells, B cells, monocytes and NK-cells from 
487 individuals from the 500FG cohort, as 
previously described17. Then, we tested the 
correlation between cell counts in log2 scale 
with NPX using Spearman’s correlation as the 
measure of similarity. All statistical analyses 
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regarding the protein data were performed in 
R version 3.3.2 (https://www.R-project.org/).

Protein QTL mapping
We performed a joint analysis of pQTLs 

by combining two different population-
based cohorts (500FG and Lifelines Deep 
cohorts). Lack of protein measurements for all 
available individuals restricted us to select 360 
individuals from 500FG and 76 samples from 
Lifelines Deep cohort for whom both genotype 
and protein data were available. The number 
of proteins measured in at least 90% of the 
PBMC samples in 500FG (Table S3) and 
Lifelines (Table S7) was 32 and 46 respectively. 
For mapping, we selected proteins that were 
detected in both cohorts in at least 90% of the 
samples and, upon quality control of protein 
distribution (Figure S7 and S8), we obtained 
a total of 32 inflammatory proteins (Table S3 
and S7). Shapiro test was used to test for 
normality under the null hypothesis that the 
protein distribution is normal. If P value < 0.05, 
the distribution is non-normal. The majority 
of proteins expressed in PBMCs from 500FG 
followed a non-Gaussian distribution, with the 
exception of three proteins, CD40, VEGF-A 
and TNFRSF9 (Figure S7 and Table S3). Non-
Gaussian distribution was also observed for 
proteins expressed in PBMCs from Lifelines 
Deep cohort, with the exception of few proteins 
(Figure S8 and Table S7). 

To correct the protein distributions 
for QTL mapping, we used a linear model 
adjusting for age and gender. NPX values of 
protein levels were used and the correlation 
between protein production and genotype 
was tested independently for both cohorts 
using the R-package Matrix-eQTL55. To jointly 
test the effect of genetic variation on protein 
levels measured in both 500FG and Lifelines 
cohort, we used METAL (http://www.sph.
umich.edu/csg/abecasis/metal/) and removed 
pQTLs with opposite direction and those that 

show significant heterogeneity (P < 0.05) 
between the two cohorts56. We considered  
P < 5x10-8 to be the threshold for genome-
wide significant pQTLs. 

Measurements of circulating 
mediators & correlation analysis of 
non-genetic factors

The circulating mediators resistin, leptin, 
adiponectin, CRP and alpha-1 antitrypsin 
(AAT) were measured in EDTA plasma using 
the R&D Systems DuoSet ELISA kits following 
the Manufacturer’s protocol. To identify the 
effect of non-genetic factors, such as age, 
gender, BMI, oral contraceptive use and 
circulating mediators (resistin, adiponectin, 
alpha-1 Antitrypsin, leptin and CRP) on levels 
of circulatory inflammatory proteins in 500FG, 
we performed a rank-based regression 
analysis using “Rfit”, as previously described16. 

Pleiotropy
To test all reported genome-wide 

significant pQTLs for pleiotropy, we initially 
inspected all genome-wide significant trans-
pQTLs whether they show association with 
multiple distinct proteins. To correct for the 
multiple testing burden for all genome-wide 
pQTLs, we next inspected all genome-wide 
significant trans-pQTLs that had at least two 
associations with distinct proteins at P < 0.05/
(10*32) = 1.56x10-4 This cut-off represents a 
conservative approach to the multiple testing 
burden for all identified GWAS SNPs (n = 10) 
with all protein traits (n = 32). The resulting 
association matrix was then clustered and 
visualized based on the negative log10 of 
the P values of association. For clustering 
analysis, we used an unsupervised clustering 
approach using Spearman’s correlation as the 
measure of similarity.
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RNA sequencing, expression analysis 
and eQTL mapping

RNA sequencing data from PBMCs of 
eight individuals stimulated by C. albicans 
were generated and published elsewhere13. 
Sequencing reads were mapped to the human 
genome using STAR (version 2.3.0)57. The 
aligner was provided with a file containing 
junctions from Ensembl GRCh37.71. Htseq-
count of the Python package HTSeq (version 
0.5.4p3) was used (The HTSeq package, 
http:// www-huber.embl.de/users/anders/
HTSeq/doc/overview.html) to quantify the 
read counts per gene based on annotation 
version GRCh37.71, using the default union-
counting mode. Differentially expressed genes 
were identified by statistics analysis using 
DESeq2 package from bioconductor58. The 
statistically significant threshold (FDR P <= 
0.05 and fold change >= 2) was applied. To 
assess the effect of genetic variation on gene 
expression, gender and age were included as 
known covariates in a linear model. All eQTL 
mapping was done using Matrix-eQTL55.

Genome-wide case-control 
association analysis with 
susceptibility to candidaemia 

The associations between the genetic 
variants and candidaemia susceptibility were 
described in chapter 3. Briefly, associations 
were tested by Fisher’s exact test using PLINK 
1.9 (www.cog-genomics.org/plink/1.9/)59. The 
genomic inflation factor (λ = 1) indicated that 
there was no population stratification effect 
(Figure S11B). A P value significance threshold 
of < 5x10-8 was set to call genome-wide 
significant associations. 

Survival analysis and QTL mapping 
for patient survival 

To determine genetic variants that are 
associated with survival, we performed a 
within-case QTL mapping on a genome-wide 
scale by assigning the actual day of survival 

as quantitative trait using PLINKv1.0949. 
Multidimensional scaling analysis (MDS) of 
candidaemia cohort, including non-survivors 
(n = 65) showed genetic homogeneity 
between non-survivors (Figure S11A).  
Gender was included as known covariate in 
a linear model to map QTLs that influence 
patient survival. Regional association plots of 
loci associated with survival were prepared 
using a web-based plotting tool, LocusZoom60. 
Lastly, survival analysis was done using the 
R package survival and visualized with the R 
package survminer. We stratified the 65 non-
survivors and 83 survivors based on the SNP 
genotype and evaluated differences between 
SNP genotype strata by using a log-rank 
test. Gender was included as covariate in the 
survival analysis. 

Within-case genome-wide association 
testing for patient survival 

To identify genetic variants that are 
associated with 14-, 30-, and 90-day survival, 
we run a within-case genome-wide association 
study using our survival cohort of 148 
candidaemia patients. To test for association 
(1) with 14-day survival, we used 31 non-
survivors that passed away within 14 days and 
83 survivors, with (2) 30-day survival, we used 
49 non-survivors that passed away within 
30 days and 83 survivors, and with (3) 90-
day survival, we used 65 non-survivors that 
passed away within 90 days and 83 survivors. 
Gender and the first two principal components 
calculated in MDS analysis (Figure S11A) 
were included as covariates in an additive 
model using SNPTEST v.2.5.4-beta346,61,62. 

Enrichment analysis of pQTLs for 
genetic variants associated with 
susceptibility to candidaemia and 
patient survival 

We first called pQTLs at four different 
thresholds (5x10-4, 5x10-5, 5x10-6, and 5x10-7). 
Next, we intersected the pQTLs with variants 
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associated with candidaemia susceptibility, 
and those associated with survival (identified 
by quantitative analysis). We then extracted 
P values of association with susceptibility 
and survival for the pQTLs binned at the four 
different thresholds. All graphs were visualized 
using the R package ggplot2.

Extraction of SNPs associated with 
infectious diseases

SNPs associated with a number 
of infectious diseases that showed  
P < 1x10-6 were extracted using the 
GWAS catalog (https://www.genome.gov/
gwastudies/). We selected diseases that were 
studied in European populations, and for 
which at least ten independent associations 
were reported per study. We then intersected 
the SNPs associated with infectious diseases 
and their proxies (r2 >= 0.8) with pQTLs that 
showed P < 0.001 in our study.
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Figure S1: Protein expression of inflammatory proteins in plasma of candidaemia patients 
compared to plasma from healthy individuals (Lifelines cohort). P values were calculated 
using Wilcoxon rank sum test, and P < 0.05 was considered to be the threshold for significance.

SUPPLEMENTARY FIGURES
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Figure S3

Figure S2. Unsupervised clustering of inflammatory responses in patients and healthy 
controls from Lifelines cohort revealed distinct clustering patterns among plasma 
proteins between patient and control samples. Unsupervised hierarchical clustering was 
performed using the measurements of 64 proteins that were expressed in both plasma of patients 
and healthy controls. These proteins were measured in at least 90% of the plasma samples in 
candidaemia patients and healthy individuals.
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Figure S3. Protein expression of inflammatory proteins that were detected in at least 90% of 
the supernatants of PBMC samples stimulated with C. albicans yeast compared to samples 
stimulated with RPMI medium. P values were calculated using Wilcoxon rank sum test, and  
P < 0.05 was considered to be the threshold for significance. Samples were stimulated with  
C. albicans yeast or RPMI medium for 24 hours, as described in Material and Methods section.
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Figure S4. Unsupervised clustering of inflammatory proteins profiled in Candida-stimulated 
PBMCs and patients showed different clustering patterns between these two groups, 
suggesting that additional factors in plasma of patients contribute to the inflammatory 
responses in patients.
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Figure S6. Density plots of the distribution of the 
inflammatory proteins released from PBMCs stimulated 
with C. albicans yeast isolated from healthy individuals 
of 500FG cohort. Majority of proteins follow non-normal 
distribution after log2 transformation with the exception of three 
proteins, CD40, VEGF-A and TNFRSF9. Related to Table S3.
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Figure S7. Density plots of the distribution of the inflammatory proteins released from 
PBMCs stimulated with C. albicans yeast isolated from healthy individuals of Lifelines 
cohort. Majority of proteins follow non-normal distribution after log2 transformation. Related 
to Table S7.
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Figure S8. Box plots showing the association of genotypes obtained from genome-wide 
significant pQTLs with Candida-induced protein levels that identified in the joint analysis 
between the 500FG and Lifelines Deep cohorts. Boxplot of (A) SNP rs2501301 with CCL4 
levels, (B) SNP rs1398749 with MCP-1 levels, (C) SNP rs358011 with VEGF-A levels, (D) SNP 
rs392422 with IL-8 levels, (E) SNP rs1699130 with IL-8 levels, (F) SNP rs2488633 with IL-8, (G) 
SNP rs1572285 with MCP-2, (H) SNP rs247426 with MCP-3, (I) SNP srs247426 with CXCL9, 
and (J) rs34774255 with CXCL9 levels. The numbers of individuals per genotype are shown in 
parentheses below each box plot.  P values were obtained using Wilcoxon Rank-Sum test to 
compare if there are statistically significant differences of protein levels between SNP genotypes. 
P < 0.05 was considered to be the threshold of significance. Related to Table 1.
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Figure S11. (A) Multidimensional scaling analysis (MDS) to check for population stratification in 
candidaemia cohort. Dimensions were calculated on the basis of the identity-by-descent (IBD) 
pairwise distance among all individuals and the first–dimension values were plotted against the 
second-dimension values. Non-survivors (n = 65), survivors (n = 83) and candidaemia cases (for 
which we do not have survival data available) are highlighted in different colors. (B) Quantile-
quantile (QQ) plot of log10 (P values) of primary GWAS P-values to those expected for a null 
distribution. The genetic inflation factor λ for all SNPs was 1, indicating no population stratification.
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Figure S12. A positive Spearman correlation coefficient was observed between protein 
concentrations of IL-6 in log2 picogram/ml measured with ELISA and NPX values as 
measured with OLINK technology.
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Protein Uniprot no. Gene Ensembl_id
Chromosome_
gene

Start_gene End_gene

4E-BP1 Q13541 EIF4EBP1 ENSG00000187840 8 37888020 37917883

ADA P00813 ADA ENSG00000196839 20 43248163 43280376

CASP-8 Q14790 CASP8 ENSG00000064012 2 202122754 202152434

CCL11 P51671 CCL11 ENSG00000172156 17 32612687 32615199

CCL19 Q99731 CCL19 ENSG00000172724 9 34689567 34691274

CCL20 P78556 CCL20 ENSG00000115009 2 228678558 228682280

CCL23 P55773 CCL23 ENSG00000274736 17 34340097 34345005

CCL25 O15444 CCL25 ENSG00000131142 19 8052767 8062650

CCL4 P13236 CCL4 ENSG00000275302 17 34431220 34433014

CD244 Q9BZW8 CD244 ENSG00000122223 1 160799950 160832692

CD40 P25942 CD40 ENSG00000101017 20 44746906 44758384

CD5 P06127 CD5 ENSG00000110448 11 60869930 60895323

CD6 Q8WWJ7 CD6 ENSG00000013725 11 60739113 60787848

CDCP1 Q9H5V8 CDCP1 ENSG00000163814 3 45123769 45187914

CSF-1 P09603 CSF1 ENSG00000184371 1 110453233 110473616

CST5 P28325 CST5 ENSG00000170367 20 23856572 23860380

CX3CL1 P78423 CX3CL1 ENSG00000006210 16  57372458 57385048

CXCL1 P09341 CXCL1 ENSG00000163739 4 74735109 74737019

CXCL10 P02778 CXCL10 ENSG00000169245 4 76942269 76944689

CXCL11 O14625 CXCL11 ENSG00000169248 4 76954840 76957350

CXCL5 P42830 CXCL5 ENSG00000163735 4 74861359 74864446

CXCL6 P80162 CXCL6 ENSG00000124875 4 74702273 74704477

CXCL9 Q07325 CXCL9 ENSG00000138755 4 76922623 76928641

DNER Q8NFT8 DNER ENSG00000187957 2 229357629 229714558

EN-RAGE P80511 S100A12 ENSG00000163221 1 153346184 153348075

FGF-19 O95750 FGF19 ENSG00000162344 11 69698232 69704642

FGF-21  Q9NSA1 FGF21 ENSG00000105550 19 48755559 48758330

FGF-23 Q9GZV9 FGF23 ENSG00000118972 12  4368227 4379728

Flt3L P49771 FLT3LG ENSG00000090554 19 49977818 49990894

HGF P14210 HGF ENSG00000019991 7 81331444 81399452

IL-10 P22301 IL10 ENSG00000136634 1 206940948 206945839

IL-10RB Q08334 IL10RB ENSG00000243646 21 33266358 33,310,187 

IL-12B P29460 IL12B ENSG00000113302 5 158741791 158757481

IL-18 Q14116 IL18 ENSG00000150782 11 112013974 112034840

IL-18R1 Q13478 IL18R1 ENSG00000115604 2 102979093 103015217

IL-6 P05231 IL6 ENSG00000136244 7 22766766 22771621

IL-7 P13232 IL7 ENSG00000104432 8 78675743 78805523

IL-8 P10145 CXCL8 ENSG00000169429 4 74606223 74609433

SUPPLEMENTARY TABLES
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LAP TGF-

beta-1

P01137 TGFB1 ENSG00000105329 19 41836812 41859831

LIF-R P42702 LIFR ENSG00000113594 5 38474963 38608354

MCP-1 P13500 CCL2 ENSG00000108691 17 32582296 32584220

MCP-2 P80075 CCL8 ENSG00000108700 17 32646066 32648421

MCP-3 P80098 CCL7 ENSG00000108688 17 32597235 32599261

MCP-4 Q99616 CCL13 ENSG00000181374 17 32683471 32685629

MIP-1 

alpha

P10147 CCL3 ENSG00000277632 17 34415603 34417506

MMP-1 P03956 MMP1 ENSG00000196611 11 102660641 102668966

MMP-10 P09238 MMP10 ENSG00000166670 11 102641233 102651359

OPG O00300 TNFRSF11B ENSG00000164761 8 119935796 119964383

OSM P13725 OSM ENSG00000099985 22 30658819 30662829

PD-L1 Q9NZQ7 CD274 ENSG00000120217 9 5450503 5470567

SCF P21583 KITLG ENSG00000049130 12 88492793 88580851

SIRT2 Q8IXJ6 SIRT2 ENSG00000068903 19 39369195 39390502

SLAMF1 Q13291 SLAMF1 ENSG00000117090 1 160608100 160647295

ST1A1 P50225 SULT1A1 ENSG00000196502 16 28605196 28623625

STAMPB O95630 STAMBP ENSG00000124356 2 74056043 74094295

TGF-alpha P01135 TGFA ENSG00000163235 2 70674412 70781147

TNFB P01374 LTA ENSG00000226275 6 31539876 31542100

TNFRSF9 Q07011 TNFRSF9 ENSG00000049249 1 7975931 8003225

TNFSF14 O43557 TNFSF14 ENSG00000125735 19 6663148 6670599

TRAIL P50591 TNFSF10 ENSG00000121858 3 172223298 172241297

TRANCE O14788 TNFSF11 ENSG00000120659 13 43148291 43182149

TWEAK O43508 TNFSF12 ENSG00000239697 17 7452375 7461207

uPA P00749 PLAU ENSG00000122861 10 75670862 75677258

VEGF-A P15692 VEGFA ENSG00000112715 6 43737946 43754223

Table S1. Inflammatory proteins measured with high-throughput technology OLINK in 
plasma samples of candidaemia patients. Out of 92 proteins measured, 64 were detected in 
at least 90% of the samples.  
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Protein Pvalue Fold_change Log2_Fold_change

CASP-8 <2E-16 4,540 2,183

TGF-alpha <2E-16 4,185 2,065

OSM <2E-16 4,122 2,044

EN-RAGE 1,60E-15 3,292 1,719

MCP-3 <2E-16 3,049 1,608

MIP-1 alpha <2E-16 2,898 1,535

TNFSF14 <2E-16 2,437 1,285

IL-6 <2E-16 2,177 1,122

MCP-4 9,30E-16 2,149 1,104

FGF-21 7,00E-12 1,910 0,933

MMP-1 <2E-16 1,904 0,929

IL-8 <2E-16 1,820 0,864

CXCL11 <2E-16 1,722 0,784

ST1A1 9,00E-09 1,712 0,775

CCL4 <2E-16 1,614 0,691

IL-18 <2E-16 1,497 0,582

CXCL1 <2E-16 1,484 0,570

CCL20 9,4E-14 1,480 0,565

CD5 4,90E-16 1,459 0,545

LIF-R <2E-16 1,441 0,527

SIRT2 2,50E-08 1,430 0,516

CXCL6 <2E-16 1,419 0,505

CDCP1 3,8E-11 1,412 0,498

FGF-23 0,0022 1,410 0,495

HGF <2E-16 1,400 0,485

STAMPB 1,60E-09 1,395 0,480

4E-BP1 1,5E-07 1,371 0,455

MCP-1 <2E-16 1,326 0,407

CD40 <2E-16 1,246 0,317

LAP TGF-beta-1 7E-15 1,241 0,312

CCL19 1,4E-12 1,228 0,296

CCL23 <2E-16 1,201 0,265

CXCL10 1,2E-07 1,151 0,203

CCL11 2,3E-14 1,144 0,194

VEGF-A 4,40E-16 1,128 0,174

IL-18R1 1,4E-10 1,110 0,151

PD-L1 4,30E-05 1,108 0,148

CXCL9 0,0078 1,083 0,115

OPG 3,20E-08 1,063 0,089

IL-10RB 6,20E-06 1,039 0,055

DNER 0,0018 1,012 0,018
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Flt3L 0,0071 0,957 -0,063

TWEAK 0,0061 0,950 -0,074

SCF 0,00096 0,929 -0,106

SLAMF1 0,028 0,924 -0,114

ADA 0,023 0,924 -0,114

CST5 1,30E-05 0,910 -0,137

FGF-19 0,0021 0,898 -0,156

IL-7 0,0013 0,853 -0,229

CD244 1,20E-09 0,820 -0,287

CCL25 1,50E-06 0,817 -0,291

MMP-10 3,60E-12 0,796 -0,330

IL-12B 0,00053 0,793 -0,334

TRAIL <2E-16 0,778 -0,362

TNFB 6,30E-09 0,687 -0,542

TRANCE <2E-16 0,510 -0,972

CD6 0,087 1,106 0,146

IL-10 0,86 1,072 0,100

TNFRSF9 0,061 1,059 0,083

MCP-2 0,065 1,043 0,060

CX3CL1 0,14 1,036 0,051

uPA 0,15 1,007 0,010

CSF-1 0,27 1,004 0,006

CXCL5 0,75 0,992 -0,011

Table S2. Fold change of expression of inflammatory proteins in plasma of candidaemia 
patients compared to baseline healthy plasma samples. Proteins were measured by the high-
throughput technology OLINK using the inflammatory array.
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Protein
Pvalue_
shapiro_
test

Uniprot 
no.

Gene Ensembl_id
Chromosome 
_gene

Start_
gene

End_gene

CCL11 4,48E-11 P51671 CCL11 ENSG00000172156 17 32612687 32615199

CCL20 1,79E-07 P78556 CCL20 ENSG00000115009 2 228678558 228682280

CCL23 0,0000057 P55773 CCL23 ENSG00000274736 17 34340097 34345005

CCL4 6,07E-21 P13236 CCL4 ENSG00000275302 17 34431220 34433014

CD40 0,665 P25942 CD40 ENSG00000101017 20 44746906 44758384

CD5 0,000239 P06127 CD5 ENSG00000110448 11 60869930 60895323

CSF-1 0,0261 P09603 CSF1 ENSG00000184371 1 110453233 110473616

CXCL1 1,53E-11 P09341 CXCL1 ENSG00000163739 4 74735109 74737019

CXCL10 9,79E-10 P02778 CXCL10 ENSG00000169245 4 76942269 76944689

CXCL11 7,29E-09 O14625 CXCL11 ENSG00000169248 4 76954840 76957350

CXCL5 0,00143 P42830 CXCL5 ENSG00000163735 4 74861359 74864446

CXCL9 9,28E-08 Q07325 CXCL9 ENSG00000138755 4 76922623 76928641

EN-RAGE 0,00000015 P80511 S100A12 ENSG00000163221 1 153346184 153348075

Flt3L 0,00401 P49771 FLT3LG ENSG00000090554 19 49977818 49990894

IL-12B 5,31E-21 P29460 IL12B ENSG00000113302 5 158741791 158757481

IL-18 0,000428 Q14116 IL18 ENSG00000150782 11 112013974 112034840

IL-1alpha 7,15E-08 P01583 IL1A ENSG00000115008 2 113531492 113542971

IL-6 0,00000167 P05231 IL6 ENSG00000136244 7 22766766 22771621

IL-8 3,13E-25 P10145 CXCL8 ENSG00000169429 4 74606223 74609433

LAP TGF-

beta-1

2,15E-08 P01137 TGFB1 ENSG00000105329 19 41836812 41859831

MCP-1 4,22E-18 P13500 CCL2 ENSG00000108691 17 32582296 32584220

MCP-2 1,11E-23 P80075 CCL8 ENSG00000108700 17 32646066 32648421

MCP-3 1,71E-21 P80098 CCL7 ENSG00000108688 17 32597235 32599261

MIP-1 

alpha

6,23E-29 P10147 CCL3 ENSG00000277632 17 34415603 34417506

MMP-1 0,00000118 P03956 MMP1 ENSG00000196611 11 102660641 102668966

OSM 6,56E-07 P13725 OSM ENSG00000099985 22 30658819 30662829

PD-L1 0,0278 Q9NZQ7 CD274 ENSG00000120217 9 5450503 5470567

TGF-

alpha

0,00009 P01135 TGFA ENSG00000163235 2 70674412 70781147

TNF 1,03E-07 P01375 TNF ENSG00000228321 6 31544292 31546112

TNFRSF9 0,105 Q07011 TNFRSF9 ENSG00000049249 1 7975931 8003225

uPA 1,09E-08 P00749 PLAU ENSG00000122861 10 75670862 75677258

VEGF-A 0,3 P15692 VEGFA ENSG00000112715 6 43737946 43754223

Table S3. Inflammatory proteins measured with high-throughput techonology OLINK in 
supernatants of PBMCs isolated from individuals of 500FG cohort. We used proteins that 
were detected in at least 90% of the samples for further analysis. Shapiro test was used to test 
for normality under the null hypothesis that the protein distribution is normal. If P value < 0.05, 
the distribution is non-normal. Most proteins followed non-normal distribution (yellow highlighted).
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Table S4. Fold change of expression of inflammatory proteins in supernatant samples of 
PBMCs stimulated with C. albicans yeast compared to supernatant samples stimulated 
with RPMI medium. Samples were stimulated either with C. albicans yeast or RPMI for 24 hours 
and proteins were measured by the inflammatory array of the high-throughput OLINK technology.

Protein Fold_change Log2_Fold_change

IL-12B 19,15 4,26

CXCL9 9,76 3,29

MCP-2 7,63 2,93

IL-1alpha 6,68 2,74

MIP-1 alpha 6,51 2,70

MCP-3 6,43 2,69

TGF-alpha 5,78 2,53

IL-6 4,71 2,24

CCL23 4,25 2,09

CCL20 4,21 2,07

CXCL11 4,16 2,06

IL-18 4,09 2,03

TNF 3,88 1,96

CXCL1 3,87 1,95

CXCL10 3,74 1,90

CCL4 3,69 1,88

CSF-1 3,39 1,76

CXCL5 3,13 1,65

uPA 3,07 1,62

CCL11 3,05 1,61

MMP-1 2,62 1,39

EN-RAGE 2,47 1,30

MCP-1 2,35 1,23

PD-L1 2,25 1,17

OSM 2,23 1,16

TNFRSF9 1,83 0,87

Flt3L 1,66 0,73

VEGF-A 1,57 0,65

IL-8 1,56 0,64

CD40 1,38 0,46

LAP TGF-beta-1 1,38 0,46

CD5 1,35 0,43
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Protein Gender Age Oral_contraceptive BMI

IL-8 -9,77E-01 -5,30E-01 -8,85E-01 4,60E-01

CXCL1 -6,78E-01 1,64E-01 4,80E-01 -7,87E-01

MCP-1 -1,46E-01 -3,76E-01 6,20E-01 4,48E-01

CXCL5 -5,47E-02 4,72E-02 6,81E-02 -1,37E-01

TNFRSF9 9,92E-04 8,56E-01 -2,30E-01 -9,12E-01

IL-18 1,15E-03 1,14E-01 -1,20E-01 -8,69E-01

CXCL9 1,50E-03 4,60E-01 -1,58E-01 -7,77E-01

EN-RAGE 9,90E-03 1,37E-01 -2,98E-01 -5,72E-01

CSF-1 9,90E-03 4,09E-01 -7,63E-01 -9,77E-01

PD-L1 1,62E-02 4,01E-01 -2,38E-01 9,24E-01

IL-12B 1,62E-02 8,97E-01 -9,08E-01 9,08E-01

IL-1alpha 2,55E-02 5,26E-01 -5,58E-01 -8,42E-01

TNF 6,01E-02 4,60E-01 -4,48E-01 -5,96E-01

MCP-3 1,11E-01 2,38E-01 -1,00E+00 -4,57E-01

CCL23 1,14E-01 9,82E-03 -5,72E-01 -4,09E-01

CXCL11 1,59E-01 3,45E-01 -8,56E-01 -8,56E-01

CCL11 1,73E-01 2,99E-01 -9,08E-01 -5,35E-01

uPA 1,76E-01 1,54E-01 -3,22E-01 -3,30E-01

CD40 2,51E-01 3,07E-01 -4,27E-01 -5,99E-01

CXCL10 2,62E-01 2,83E-01 -5,99E-01 -5,63E-01

OSM 3,07E-01 6,67E-02 -6,49E-01 -2,51E-01

CD5 3,69E-01 5,57E-01 -1,00E+00 -6,00E-01

Flt3L 3,76E-01 4,98E-01 -4,98E-01 -6,78E-01

MIP-1 alpha 4,39E-01 6,81E-01 6,49E-01 -8,69E-01

CCL4 4,57E-01 6,27E-01 -9,30E-01 -5,96E-01

TGF-alpha 4,60E-01 3,30E-01 -4,60E-01 -7,77E-01

LAP TGF-beta-1 8,34E-01 6,38E-02 -6,82E-01 -1,37E-01

MMP-1 8,42E-01 9,90E-03 -9,77E-01 -2,63E-01

MCP-2 8,56E-01 -9,77E-01 5,90E-01 -9,08E-01

VEGF-A 8,56E-01 6,70E-02 -8,56E-01 -4,60E-01

IL-6 8,96E-01 1,73E-01 7,42E-01 -4,60E-01

CCL20 9,77E-01 6,01E-02 9,77E-01 -4,57E-01

Table S5. Correlations of gender, age, oral contraceptive use and BMI with inflammatory 
proteins released from PBMCs upon stimulation with C. albicans yeast for 24 hours. 
Inflammatory proteins were detected in at least 90% of the samples. Correlation calculated using 
a rank based regression model, as described in Materials and Methods. The P values were 
FDR corrected.
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Table S6. Correlations of circulating mediators, resistin, adiponectin, and alpha-1 Antitrypsin 
(AAT),  leptin and CRP, with inflammatory proteins released from PBMCs upon stimulation with  
C. albicans yeast for 24 hours. Inflammatory proteins were detected in at least 90% of the 
samples.  Correlation calculated using a rank based regression model, as described in Materials 
and Methods. The P values were FDR corrected.

Protein Resistin Adiponectin AAT Leptin hsCRPall

CCL11 -9,97E-01 1,00E+00 -1,00E+00 -9,27E-01 1,00E+00

CCL20 -1,00E+00 -9,09E-01 1,00E+00 -9,09E-01 -1,00E+00

CCL23 -1,00E+00 -1,00E+00 9,68E-01 -9,27E-01 -1,00E+00

CCL4 -9,14E-01 -9,14E-01 9,68E-01 9,14E-01 1,00E+00

CD40 9,68E-01 -8,70E-01 9,68E-01 -9,14E-01 -1,00E+00

CD5 9,14E-01 -9,14E-01 9,14E-01 1,00E+00 1,00E+00

CSF-1 1,00E+00 -1,00E+00 9,68E-01 -1,00E+00 1,00E+00

CXCL1 -9,56E-01 -9,68E-01 1,00E+00 -9,09E-01 1,00E+00

CXCL10 -8,70E-01 -9,14E-01 9,14E-01 9,87E-01 -9,97E-01

CXCL11 -5,55E-01 -9,02E-01 9,14E-01 9,68E-01 -9,89E-01

CXCL5 1,00E+00 -1,00E+00 -9,68E-01 -9,14E-01 1,00E+00

CXCL9 -9,27E-01 -9,25E-01 9,09E-01 1,00E+00 -1,00E+00

EN-RAGE 1,00E+00 -9,68E-01 9,68E-01 -9,09E-01 -9,14E-01

Flt3L -9,68E-01 -8,70E-01 9,27E-01 -1,00E+00 -1,00E+00

IL-12B 9,68E-01 -8,70E-01 9,97E-01 9,97E-01 9,87E-01

IL-18 -9,27E-01 -9,81E-01 8,70E-01 1,00E+00 -9,68E-01

IL-1alpha -9,56E-01 -9,14E-01 9,14E-01 -9,68E-01 -9,27E-01

IL-6 -9,14E-01 -9,14E-01 9,14E-01 -9,68E-01 9,27E-01

IL-8 1,00E+00 9,81E-01 -1,00E+00 -1,00E+00 9,68E-01

LAP TGF-beta-1 -1,00E+00 -1,00E+00 -9,28E-01 -8,70E-01 -9,68E-01

MCP-1 1,00E+00 9,14E-01 -9,74E-01 1,00E+00 1,00E+00

MCP-2 9,88E-01 9,09E-01 -9,35E-01 -9,85E-01 8,70E-01

MCP-3 -9,09E-01 1,00E+00 9,51E-01 -9,56E-01 9,97E-01

MIP-1 alpha -1,00E+00 9,68E-01 -8,70E-01 -8,70E-01 9,56E-01

MMP-1 -9,14E-01 -8,70E-01 9,27E-01 -8,70E-01 -1,00E+00

OSM -1,00E+00 -9,14E-01 9,14E-01 -9,02E-01 -9,68E-01

PD-L1 -9,68E-01 -9,56E-01 9,14E-01 9,28E-01 -9,14E-01

TGF-alpha -1,00E+00 -9,14E-01 9,09E-01 -9,14E-01 -9,27E-01

TNF -9,14E-01 -8,70E-01 1,00E+00 -1,00E+00 1,00E+00

TNFRSF9 -1,00E+00 -9,14E-01 9,14E-01 1,00E+00 -9,37E-01

uPA -9,88E-01 -9,02E-01 9,68E-01 -9,09E-01 -9,88E-01

VEGF-A 1,00E+00 -9,09E-01 9,14E-01 -9,09E-01 -9,56E-01



106

Protein
Pvalue_
shapiro_
test

Uniprot 
no.

Gene Ensembl_id
Chromo-
some 
_gene

Start_gene End_gene

IL-8 0,24494 P10145 CXCL8 ENSG00000169429 4 74606223 74609433

VEGF-A 0,39842 P15692 VEGFA ENSG00000112715 6 43737946 43754223

MCP-3 2,3E-15 P80098 CCL7 ENSG00000108688 17 32597235 32599261

CDCP1 1E-06 Q9H5V8 CDCP1 ENSG00000163814 3 45123769 45187914

CD244 7,8E-07 Q9BZW8 CD244 ENSG00000122223 1 160799950 160832692

OPG 0,67677 O00300 TNFRSF11B ENSG00000164761 8 119.935.796 119.964.383

LAP TGF-
beta-1

0,90091 P01137 TGFB1 ENSG00000105329 19 41836812 41859831

uPA 0,0845 P00749 PLAU ENSG00000122861 10 75670862 75677258

IL-6 2E-13 P05231 IL6 ENSG00000136244 7 22.766.766 22.771.621

MCP-1 0,33235 P13500 CCL2 ENSG00000108691 17 32582296 32584220

CXCL11 0,00299 O14625 CXCL11 ENSG00000169248 4 76954840 76957350

CXCL9 1,1E-05 Q07325 CXCL9 ENSG00000138755 4 76922623 76928641

IL-1alpha 0,00608 P01583 IL1A ENSG00000115008 2 113531492 113542971

OSM 0,00052 P13725 OSM ENSG00000099985 22 30658819 30662829

CXCL1 9,1E-12 P09341 CXCL1 ENSG00000163739 4 74735109 74737019

CCL4 1,1E-13 P13236 CCL4 ENSG00000275302 17 34431220 34433014

CD6 0,00158 Q8WWJ7 CD6 ENSG00000013725 11 60739113 60787848

IL-18 0,2158 Q14116 IL18 ENSG00000150782 11 112013974 112034840

TGF-
alpha

0,00014 P01135 TGFA ENSG00000163235 2 70674412 70781147

MCP-4 0,00127 Q99616 CCR3 ENSG00000181374 3 46283872 46308197

CCL11 1,2E-06 P51671 CCL11 ENSG00000172156 17 32612687 32615199

TNFSF14 0,01397 O43557 TNFSF14 ENSG00000125735 19 6663148 6670599

MMP-1 5,2E-05 P03956 MMP1 ENSG00000196611 11 102660641 102668966

IL-18R1 4,8E-05 Q13478 IL18R1  ENSG00000115604 2 102979093 103015230

PD-L1 0,33276 Q9NZQ7 CD274 ENSG00000120217 9 5450503 5470567

CXCL5 1,7E-07 P42830 CXCL5 ENSG00000163735 4 74861359 74864446

HGF 0,60735 P14210 HGF ENSG00000019991 7 81331444 81399452

IL-12B 0,00055 P29460 IL12B ENSG00000113302 5 158741791 158757481

MMP-10 0,03751 P09238 TIMP2 ENSG00000166670 17 76849059 76921472

IL-10 0,53933 P22301 IL10 ENSG00000136634 1 206940947 206945839

TNF 0,00949 P01375 TNF ENSG00000228321 6 31544292 31546112

CCL23 0,55242 P55773 CCL23 ENSG00000274736 17 34340097 34345005

CD5 0,00044 P06127 CD5 ENSG00000110448 11 60869930 60895323

CCL3 3,3E-16 P10147 CCL3 ENSG00000277632 17 34415603 34417506

Flt3L 0,06923 P49771 FLT3LG ENSG00000090554 19 49977818 49990894

CXCL10 2,2E-06 P02778 CXCL10 ENSG00000169245 4 76942269 76944689

EN-RAGE 3,7E-08 P80511 S100A12 ENSG00000163221 1 153346184 153348075

CD40 1E-05 P25942 CD40 ENSG00000101017 20 44746906 44758384

IFN-
gamma

0,02047 P01579 INFG ENSG00000111537 12 68548548 68553527
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LIF 0,00202 P15018 LIF ENSG00000128342 22 30636436 30642840

MCP-2 1,6E-14 P80075 CCL8 ENSG00000108700 17 32646066 32648421

TNFRSF9 0,37469 Q07011 TNFRSF9 ENSG00000049249 1 7975931 8003225

TWEAK 0,14131 O43508 TNFRSF12A ENSG00000006327 16 3070313 3072383

CCL20 0,0009 P78556 CCL20 ENSG00000115009 2 228678558 228682280

TNFB 0,18356 P01374 LTA ENSG00000226979 6 31540060 31542101

CSF-1 0,99778 P09603 CSF1 ENSG00000184371 110453233 110473616

Table S7. Inflammatory proteins measured with high-throughput techonology OLINK in 
Candida-stimulated supernatants of PBMCs isolated from individuals of Lifelines Deep 
cohort. We used proteins that were detected in at least 90% of the samples for further analysis. 
Shapiro test was used to test for normality under the null hypothesis that the protein distribution 
is normal. If P value < 0.05, the distribution is non-normal. Most proteins followed non-normal 
distribution (yellow highlighted).
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Protein Chr SNP Allele1 Allele2 Zscore P-value Direction HetPVal

CCL4 1 rs2501301 T C 5,877 4,17E-09 ++ 0,3763

MIP1alpha 1 rs2501301 T C 4,284 1,84E-05 ++ 0,8404

VEGFA 3 rs358011 T C 5,84 5,23E-09 ++ 0,3636

TGFalpha 3 rs358011 T C 4,536 5,73E-06 ++ 0,6925

OSM 3 rs358011 T C 4,457 8,30E-06 ++ 0,5756

CCL23 3 rs358011 T C 4,079 4,52E-05 ++ 0,305

IL6 3 rs358011 T C 4,015 5,94E-05 ++ 0,873

TNF 3 rs358011 T C 3,928 8,56E-05 ++ 0,9293

MCP1 3 rs1398749 A G -5,56 2,70E-08 -- 0,7

IL8 3 rs1398749 A G -4,662 3,13E-06 -- 0,4147

IL8 5 rs392422 A G -5,836 5,34E-09 -- 0,08817

MCP1 5 rs392422 A G -3,847 1,20E-04 -- 0,1841

IL8 8 rs1699130 C G -5,647 1,64E-08 -- 0,2991

MCP1 8 rs1699130 C G -3,844 1,21E-04 -- 0,2684

MCP2 10 rs1572285 T C -5,825 5,70E-09 -- 0,6382

MCP3 10 rs1572285 T C -3,86 1,14E-04 -- 0,9336

MCP2 10 rs2488633 A G -5,618 1,93E-08 -- 0,2206

MCP3 16 rs247426 T C 5,522 3,36E-08 ++ 0,522

IL6 16 rs247426 T C 4,448 8,68E-06 ++ 0,1817

IL12B 16 rs247426 T C 4,442 8,91E-06 ++ 0,8081

MCP2 16 rs247426 T C 4,175 2,98E-05 ++ 0,1633

CXCL1 16 rs247426 T C 3,94 8,13E-05 ++ 0,1007

IL1alpha 16 rs247426 T C 3,787 1,52E-04 ++ 0,5071

CXCL9 3 rs6771739 T C 5,505 3,69E-08 ++ 0,09539

IL1alpha 3 rs6771739 T C 5,359 8,39E-08 ++ 0,9907

IL18 3 rs6771739 T C 5,213 1,86E-07 ++ 0,1958

TGFalpha 3 rs6771739 T C 4,8 1,58E-06 ++ 0,7381

IL6 3 rs6771739 T C 4,765 1,89E-06 ++ 0,5573

CCL4 3 rs6771739 T C 4,641 3,47E-06 ++ 0,3647

MMP1 3 rs6771739 T C 4,444 8,82E-06 ++ 0,9576

MCP3 3 rs6771739 T C 4,42 9,87E-06 ++ 0,6512

PDL1 3 rs6771739 T C 4,306 1,66E-05 ++ 0,3858

CXCL10 3 rs6771739 T C 4,227 2,37E-05 ++ 0,6944

OSM 3 rs6771739 T C 4,044 5,26E-05 ++ 0,1792

CCL23 3 rs6771739 T C 4,004 6,24E-05 ++ 0,9545

Flt3L 3 rs6771739 T C 3,996 6,43E-05 ++ 0,2451

CXCL11 3 rs6771739 T C 3,986 6,71E-05 ++ 0,4731

TNF 3 rs6771739 T C 3,95 7,80E-05 ++ 0,4371

CD40 3 rs6771739 T C 3,937 8,25E-05 ++ 0,1137

VEGFA 3 rs6771739 T C 3,935 8,30E-05 ++ 0,1148

CXCL9 7 rs34774255 T C 5,515 3,50E-08 ++ 0,6533
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CXCL10 7 rs34774255 T C 5,034 4,80E-07 ++ 0,9942

IL6 7 rs34774255 T C 4,724 2,31E-06 ++ 0,4156

MCP3 7 rs34774255 T C 4,428 9,50E-06 ++ 0,3858

CCL4 7 rs34774255 T C 4,255 2,09E-05 ++ 0,2908

IL18 7 rs34774255 T C 4,173 3,01E-05 ++ 0,451

IL1alpha 7 rs34774255 T C 4,14 3,48E-05 ++ 0,4343

TNF 7 rs34774255 T C 4,107 4,02E-05 ++ 0,7667

OSM 7 rs34774255 T C 4,059 4,93E-05 ++ 0,1729

IL12B 7 rs34774255 T C 3,898 9,72E-05 ++ 0,6718

CXCL1 7 rs34774255 T C 3,897 9,74E-05 ++ 0,529

Table S8. The genome-wide significant pQTLs identified in the joint analysis show at least 
two associations with distinct proteins at P < 0.05/(10*32) = 1.56x10-4, indicating potential 
pleiotropy between genome-wide significant pQTLs and measured inflammatory proteins. 
The cutoff reflects a conservative approach to the multiple testing for all identified genome-wide 
significant pQTLs (10) with all tested proteins (32). Only associations at P < 1.56x10-4 with the same 
allelic direction between 500FG and Lifelines Deep cohort are shown in the table. SNP rs2488633 
showed a single association at the P threshold of 1.56x10-4 and, therefore, was excluded from the 
analysis of pleiotropic effects of genome-wide significant pQTLs on proteins. Chr: chromosome; 
HetPVal:P value for heterogeneity between 500FG and Lifelines Deep cohorts; Direction shows 
the allelic direction between 500FG and Lifelines Deep cohorts.
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