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Invasive aspergillosis (IA) is a devastating opportunistic infection and its treatment
constitutes a considerable burden for the health care system. Immunocompromised
patients are at an increased risk for 1A, which is mainly caused by the species Aspergillus
fumigatus. An early and reliable diagnosis is required to initiate the appropriate antifungal
therapy. However, diagnostic sensitivity and accuracy still needs to be improved, which
can be achieved at least partly by the definition of new biomarkers. Besides the
direct detection of the pathogen by the current diagnostic methods, the analysis of
the host response is a promising strategy toward this aim. Following this approach,
we sought to identify new biomarkers for IA. For this purpose, we analyzed gene
expression profiles of hematological patients and compared profiles of patients suffering
from |A with non-IA patients. Based on microarray data, we applied a comprehensive
feature selection using a random forest classifier. We identified the transcript coding
for the S100 calcium-binding protein B (S100B) as a potential new biomarker for the
diagnosis of IA. Considering the expression of this gene, we were able to classify
samples from patients with 1A with 82.3% sensitivity and 74.6% specificity. Moreover,
we validated the expression of S7T00B in a real-time reverse transcription polymerase
chain reaction (RT-PCR) assay and we also found a down-regulation of S100B in
A. fumigatus stimulated DCs. An influence on the IL71B and CXCL1 downstream levels
was demonstrated by this S100B knockdown. In conclusion, this study covers an
effective feature selection revealing a key regulator of the human immune response during
IA. ST00B may represent an additional diagnostic marker that in combination with the
established techniques may improve the accuracy of IA diagnosis.

Keywords: invasive aspergillosis, allogeneic stem cell transplantation, gene expression data, fungal infection,
human biomarker
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1. INTRODUCTION

Aspergillus spp. are ubiquitous molds present as saprobes
in air, soil, and water. Thus, exposure to their omnipresent
spores named conidia occurs constantly and the exposure
to the fungus can be considerable (Oberle et al, 2015).
In immunocompromised patients, deposition of conidia on
mucous membranes in the lower respiratory tract may result in
their germination and subsequent growth into tissue barriers.
Leukemia patients, patients after allogeneic stem cell and
solid organ transplantation as well as other groups of heavily
immunosuppressed patients are at highest risk for Aspergillus
infections (Leventakos et al., 2010).

Aspergillus fumigatus is the predominant Aspergillus species
that causes invasive aspergillosis (IA). The rate of IA has
increased 14-fold in Europe within the last two decades,
with an incidence of more than 3000 patients annually
in Europe (Denning, 1998). Furthermore, IA is the most
expensive opportunistic infection in immunocompromised
patients. Aspergillus-related hospitalizations cause a significant
financial burden for the health care system (Slobbe et al,
2008). Specific symptoms of IA are rare and occur late in the
course of infection. Thus, diagnosis of IA still remains difficult
with relatively low sensitivity and specificity, despite the fact
that modern assays, such as the galactomannan enzyme-linked
immunosorbent assay (ELISA) and B-glucan tests as well as
numerous real-time polymerase chain reaction (PCR) protocols
are available. In consequence, mortality of IA is still up to 90% in
central nervous system aspergillosis, but falls to 50% if patients
are treated with appropriate antifungal drugs (Denning and
Hope, 2010). The high clinical relevance, the rise in incidence
of IA, and the condicio sine qua non to diagnose IA as early,
specific, sensitive, and reliable as possible impose the search for
new alternative biomarkers.

In this study, we therefore sought to expand the spectrum
of available biomarkers for the diagnosis of IA and, to our
knowledge for the first time, analyzed transcriptome profiles of
hematological patients suffering from IA and compared them
to profiles from hematological patients without IA and to
healthy individuals. The method of analyzing the transcriptional
response of the host to identify or distinguish infections has
been successfully applied in other studies. Conclusions can be
drawn from the transcriptomic response, since specific host
reactions are caused by different conditions. For example, gene
expression patterns that differentiate between active and latent
tuberculosis have been determined in patients (Jacobsen et al.,
2007; Lu et al.,, 2011). In another study, invasive candidiasis was
effectively classified in mice by using a combination of different
gene signatures (Zaas et al., 2010). Additionally, biomarkers for
fungal and bacterial infections were discovered in human whole-
blood (Dix et al., 2015). Thus, the identification of transcriptional
biomarkers in the host is a promising approach.

Using a random forest-based feature selection, we found the
S100 calcium-binding protein B (S100B) to be a useful specific
marker. Its expression pattern allows differentiation of patients
with TA from patients without IA and healthy individuals.
Therefore, analysis of the SI00B expression in patients’ peripheral

blood mononuclear cells (PBMCs) may contribute to an
improved diagnostic sensitivity and thus facilitate a more
reliable interpretation of the patients’ condition. This observation
was underlined by numerous accompanying functional studies,
including genotyping of three single nucleotide polymorphisms
(SNP) and the quantification of S100B in sera obtained from
hematological patients.

2. MATERIALS AND METHODS

2.1. Patient Characteristics

Blood samples were taken from allogeneic haematopoietic
stem cell transplant (alloSCT) recipients and patients receiving
myelosuppressive  chemotherapy (Table1). Clinical and
microbiological data were recorded for each individual patient
according to current criteria of the European Organization for
Research and Treatment of Cancer/Invasive Fungal Infections
Cooperative Group and the National Institute of Allergy and
Infectious Diseases Mycoses Study Group (EORTC/MSG)
(De Pauw et al., 2008).

2.2. Blood Sample Collection

The starting point for blood sample collection in patients with
probable IA and the quality of these samples for RNA extraction
are crucial for this study. We initiated the collection of blood
samples at the occurrence of a positive galactomannan (GM)
ELISA result (defined as day 0). A positive GM ELISA result
and a positive computed tomography (CT) scan are required
for probable IA in the consensus definitions for invasive fungal
infections, published by the EORTC/MSG (De Pauw et al., 2008).
All patients with probable IA, except P05, were also PCR positive
giving additional certainty for the presence of IA. Subsequently,
additional whole blood (3 ml) and serum (1 ml) samples were
taken, respectively. Analogous control samples were taken from
patients with hematological malignancies but without any clinical
signs of IA and from healthy volunteers (Table 1). Sampling was
performed until patient’s discharge or death (with a maximum
number of samples, n = 5). In order to prevent RNA degradation,
whole blood was drawn directly into specific collection tubes
containing RNA stabilization reagent (Tempus™, Thermo
Fischer Scientific, at days +3, +7, +10, +14, +18).

2.3. Expression Data Generation

RNA was extracted using the RNeasy Mini Kit (Qiagen). RNA
integrity was confirmed with an Agilent 2100 Bioanalyzer
(Agilent Technologies). RNA samples were hybridized to
Affymetrix HG-U219 array plates. Scanned images were analyzed
with AGCC 3.0 (Affymetrix) to generate CEL files (Affymetrix
file format containing information about the intensity values)
according to the manufacturers instructions. The microarray
data were uploaded to NCBI’s Gene Expression Omnibus (Edgar
et al., 2002), accession number GSE78000 (http://www.ncbi.nlm.
nih.gov/geo/query/acc.cgi?acc=GSE78000).

The dataset comprises 23 samples from 8 patients suffering
from probable IA with 2 to 5 samples, respectively, 13 samples
from 7 unclassified patients and 1 possible invasive fungal
disease (IFD) patient with 1 to 2 samples, respectively, and 9
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TABLE 1 | Characteristics of patients and controls.

ID EORTC

classification

Age Sex Disease Number of

samples

P01 Probable IA 63 f Myeloproliferative neoplasm 2
P02  Probable IA 55 f Multiple myeloma 3
PO3  Probable IA 51 f  Acute myeloid leukemia 3
P04  Probable IA 63 f Acute myeloid leukemia 5
PO5  Probable IA 65 m  Chronic lymphocytic leukemia 2
P06 Probable IA 61 m  Myelodysplastic syndrome 2
P07  Probable IA 45 m  Acute myeloid leukemia 3
P08  Probable IA 60 m  Acute myeloid leukemia 3
P09  Unclassified 70 m  Myeloproliferative neoplasm 2
P10 Unclassified 52 m  Multiple myeloma 1
P11 Possible IFD 62 f  Acute myeloid leukemia 2
P12 Unclassified 31 m  Acute myeloid leukemia 2
P13 Unclassified 59 f  Acute myeloid leukemia 1
P14 Unclassified 61 m  Acute lymphoblastic leukemia 2
P15  Unclassified 66 f  Acute myeloid leukemia 1
P16  Unclassified 46 m  Acute lymphoblastic leukemia 2
HO1 Healthy foo- 2
HO02 Healthy m - 1
HO3  Healthy m - 1
HO4  Healthy f - 1
HO5 Healthy m - 1
HO6 Healthy foo- 1
HO7 Healthy foo- 1
HO8 Healthy foo- 1

IA, invasive aspergillosis; IFD, invasive fungal disease; f, female; m, male.

healthy control samples from 8 donors with 1 to 2 replicates,
respectively (see Table 1 for a detailed list of the patients and their
characteristics).

2.4. Preprocessing of the Gene Expression

Data

The R package “affy” (Gautier et al., 2004) was used to read
the Affymetrix CEL files as well as to perform background
correction and quantile normalization according to the Robust
Multi-array Average (RMA) method (Irizarry et al., 2003). In
this process, a custom chip definition file (CDF) was used for
probe-to-gene mapping. The CDF (version 19, “Entrez Gene”
can be downloaded at the MicroArray Lab website!. Afterwards,
the Entrez-IDs were mapped to the corresponding gene symbols
using the HGNC BioMart service?. The final dataset comprises
18,356 genes.

2.5. Identification of Differentially
Expressed Genes

Differentially expressed genes were determined using the package
“limma” (Smyth, 2005) (version 3.24.14) of the programming
language R. Limma analyzes the expression data by fitting linear

Thttp://brainarray.mbni.med.umich.edu/Brainarray/Database/CustomCDF/19.0.
0/entrezg.asp.
Zhttp://biomart.genenames.org/.

models and determines statistical significance with moderated
t-statistics. P-values were adjusted according to the false
discovery rate (Benjamini and Hochberg, 1995). The genes with
an adjusted p-value <0.05 and at least a 2-fold up- or down-
regulation were considered as differentially expressed.

2.6. Feature Selection

A recursive feature elimination (Guyon et al., 2002) (RFE) based
on random forest (Breiman, 2001) was performed for feature
selection (Figure 1). Feature selection is a technique to identify
the most relevant features from a large set. In this study, the
features are gene transcripts measured by microarray. Briefly, an
REFE is an algorithm, which iteratively removes the worst scoring
features and calculates a classification error (i.e., the proportion
of wrong classifications) using the remaining features. In the
presented RFE, the input data is initially classified to calculate a
classification error and all features are ranked according to their
importance values. The importance values were computed by
random forest using the measure “mean decrease in accuracy.”
Random forest calculates this measure by a permutation test,
which follows the idea that a feature is more important for correct
classification, the more the classification error increases, when
the feature values are permuted across all samples. Therefore, it
indicates how relevant a feature is for classification. Afterwards,
the RFE algorithm iteratively removes the worst scoring 10%
of the features and calculates the classification errors using only
the remaining features. Finally, the features yielding the smallest
error rate are selected. As suggested by Svetnik et al. (2004),
the importance values were not recalculated in each step. To
avoid a selection bias, the RFE was wrapped in a leave-one-
out crossvalidation (Ambroise and McLachlan, 2002). Cross-
validation is a performance assessment technique, where all
samples are iteratively split into test set and training set. For
leave-one-out cross-validation, the test set comprises only one
sample. The test sample is used for testing our classifier. The
training samples are used for feature selection and to train
the classifier. The classification error is calculated only on the
test sample and eventually averaged across all cross-validation
iterations. Cross-validation emulates an independent test set
without using additional data. The RFE with the cross-validation
was repeated 50 times to control for the random effects of random
forest. This whole procedure was conducted for different values
of the parameters ntree and mtry of random forest. We tested
1000 and 10,000 for ntree. We multiplied the default value of mtry
with the factors 0.25, 0.5, 1, 2, and 4. The default value of mtry is
[/P], where p is the number of features of the input data. The
minimum error rate was calculated with the mtry-factor of 0.25
and ntree =10,000.

2.7. Confirmation of Selected Gene

Expression by Real-Time RT-PCR Assays

First strand complementary DNA (cDNA) was synthesized by
using the First Strand ¢cDNA Synthesis Kit (Thermo Fisher
Scientific) according to manufacturer’s instructions. Real-
time PCR for 3 selected genes [S100B, monoaminooxidase
(MAOA), semaphorin 4A (SEMA4A)] was performed using
the iTaq Universal SYBR Green Supermix (Bio-Rad) on the

Frontiers in Microbiology | www.frontiersin.org

March 2016 | Volume 7 | Article 320


http://brainarray.mbni.med.umich.edu/Brainarray/Database/CustomCDF/19.0.0/entrezg.asp
http://brainarray.mbni.med.umich.edu/Brainarray/Database/CustomCDF/19.0.0/entrezg.asp
http://biomart.genenames.org/
http://www.frontiersin.org/Microbiology
http://www.frontiersin.org
http://www.frontiersin.org/Microbiology/archive

Dix et al.

S100B as Biomarker for Invasive Aspergillosis

Repeated 50x
-~ Cross-validation ---------------moomeome

Test performance

. | i
: | !
i i Traini t :
: ! g =e Input gene set ;
: Rank genes . _ 5
! 9 <—| Train classifier |[¢———
- once ;

Test set

!
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FIGURE 1 | The workflow of the feature selection process. \We used
random forest as classifier and performed leave-one-out cross-validation. The
ranking of the genes was done once for each fold of the cross-validation for
the unreduced input gene set.

StepOnePlus instrument (Thermo Fisher Scientific) according
to manufacturer’s instructions. Gene specific primers were:
S100B, forward (fw) 5-AGGGAGGGAGACAAGCACAA-3/
reverse (rv) 5-ACTCGTGGCAGGCAGTAGTA-3, MAOA,
fw 5-GCATTTCAGGACTATCTGCTGC-3' rv 5-TGGGTT
GGTCCCACATAAGC-3'; SEMA4A, fw 5-GAGCAACACCTC
CAGTCTCC-3' rv 5-GGTGGTCTTTTGTGCTGCTG-3'. PCR
efficiencies were calculated using the LinRegPCR program
(Ruijter et al., 2009). Based on cycle of quantification (Cq) values,
relative expression levels of target mRNA were calculated using
the efficiency-corrected A ACq method (Pfaffl, 2001) with B2M
as the endogenous reference gene and average Cq values of
probable IA patients as calibrators. Additionally, in dendritic
cells (DCs) ALASI, fw 5'-GGCAGCACAGATGAATCAGA-3/,
rv 5-CCTCCATCGGTTTTCACACT-3'; CXCLI, fw 5-GAA
AGCTTGCCTCAATCCTG-3, rv 5-CACCAGTGAGCTTCC
TCCTC-3'; ILIB, fw 5-GGACAAGCTGAGGAAGATGC-3/, rv
5-TCGTTATCCCATGTGTCGAA-3’ were used with ALASI as
the reference gene.

2.8. Quantification of S100B Levels in Sera

Serum samples (50 ul each, total n=75) were consecutively,
longitudinally collected every 3-4 days from 8 patients after the
occurrence of a positive GM ELISA assay (Platelia®, BioRad). In
addition, control sera from patients without any clinical signs of
IA were consecutively collected (every 3-4 days, total number of
control sera n =52 from 8 patients). SI00B levels in sera were
quantified by using the S100B sandwich ELISA kit from Abnova
(Taipeh, Taiwan), according to the protocol of the manufacturer.

2.9. LightCycler-Based Melting Curve
Analysis for Genotyping

To further glean the biological role of S100B in the occurrence
of TA, we screened an existing DNA archive for the presence
of 3 previously described SNPs (rs9722 [S100B], rs2070600

[AGER], rs1800624 [AGER]) (Cunha et al., 2011). The archive
contains previously collected DNA samples from allogeneic stem
cell transplant recipients [33 patients with proven or probable
IA and 38 controls without IA, classification according to the
EORTC/MSG criteria (De Pauw et al,, 2008)]. This archive
allowed extending genotyping to a larger number of patients with
similar risk for IA, in addition to the relatively limited number of
original study patients.

Human genomic DNA was extracted by using the QIAmp
Blood DNA Mini Kit (Qiagen), followed by melting curve
analyses using a LightCycler®1.5 instrument (Loffler et al., 2000)
and specific hybridization probes (LightSNiP, TIB MOLBIOL).

2.10. Generation of Monocyte-Derived DCs
For functional studies, DCs were generated from PBMCs as
previously described (Mezger et al., 2008). Briefly, PBMCs were
isolated from healthy volunteers by ficoll (Bicoll Seperation,
Biochrom AG) density gradient centrifugation. Magnetic
activated cell sorting with paramagnetic CD14-beads (Miltenyi
Biotec) was used to further separate monocytes. Monocyte-
derived DCs were generated in RPMI-1640 supplemented with
10% fetal bovine serum (Sigma Aldrich), 120 mg/l Refobacin
(Merck), 10 ng/ml IL-4 (Miltenyi Biotec) and 100 ng/ml GM-CSF
(Bayer Healthcare) for 5-6 days.

2.11. Co-Culture with A. fumigatus and
Pathogen Recognition Receptor
(PRR)-Ligands

The fungal strain A. fumigatus ATCC 46645 (American Type
Culture Collection, LGC Standards) was used for all experiments.
Germ tubes were prepared as previously described (Mezger
et al., 2008). Germ tubes were inactivated by incubation in 100%
Ethanol for 45 min at 37°C. Co-cultivation experiments of DCs
with A. fumigatus were performed on day 6 with a multiplicity
of infection (MOI) of 1. The PRR-ligands zymosan depleted
(100 g/ml) and Pam3CSK4 (100 ng/ml) (Invivogen) were used for
stimulation of DCs or 6 h in the indicated concentrations.

2.12. RNA Interference

All RNA interference experiments were performed as previously
described (Mezger et al., 2008). Briefly, DCs were electroporated
(EPI 2500, Dr. L. Fischer) with either short interfering double
stranded S100B-siRNA or non-silencing, random RNA (Qiagen)
at 340V for 10 ms on day 5 after isolation and then incubated at
37°C and 5% CO; for 24 h in culture medium.

3. RESULTS

3.1. T Cell Regulation is Specific for IA

As afirst step, we identified differentially expressed genes (DEGs)
in patients with IA and non-IA patients compared to healthy
controls (see Section 2). Thereby, we reduced our gene set from
whole-genome size to data which are associated to the underlying
disease and its treatment. At a significance level of 0.05 and
considering at least a two-fold change, we identified 502 DEGs
for IA and 131 DEGs for non-IA samples (Figure 2). The vast
majority (123 of 131) of the non-IA DEGs were also DEGs for
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IA. Only 8 genes were specific for the non-IA condition. We
analyzed the expression patterns of these 8 genes in more detail
and discovered only minimal differences between the IA and the
non-IA samples (Supplementary Figure 1). Genes were expressed
on a similar level and also showed similar distributions between
both conditions. A direct comparison of IA and non-IA samples
using the same thresholds as above yielded no significantly
differentially expressed genes.

To identify gene functions significantly associated with the
DEGs of patients who developed IA and patients without
IA, we performed an over-representation analysis of Gene
Ontology (Ashburner et al., 2000) (GO) terms. We used the
tool “GOrilla” (Eden et al., 2009), which tests for enrichment
by building a hypergeometric model. It adjusts the p-values
according to the false discovery rate. The Venn diagram of
the DEGs (Figure 2) contains 3 groups, which were tested for
enrichment: “specific for IA,” “specific for non-IA,” “common for
both conditions.” For the non-IA DEGs (n = 8), no significantly
over-represented GO-term could be found. However, for the
IA DEGs (n=379) and the common DEGs (n=123), GOrilla
determined 161 and 39 terms, respectively, at a significance
level of 0.05 (Supplementary Tables 1, 2). We found 21 terms
related to T cells and/or their activation or differentiation
among DEGs in IA patients. In contrast, no GO-term related
to T cells was identified in the list of the common DEGs.
Both lists share 23 terms, which comprise general immune
responses, immune-related signaling, as well as lymphocyte
and leukocyte activation and differentiation. These findings
indicate a particular importance of T cells for the host response
to IA.

3.2. S100B is a Transcriptional Biomarker
for IA

We aim to select biomarkers, which are specific for IA. For this
purpose, we applied a feature selection. Briefly, feature selection
is a technique that reduces the gene set to the most informative
genes by removing irrelevant ones. In particular, we performed
a recursive feature elimination (RFE) with random forest to
identify biomakers (see Section 2). RFE is an iterative algorithm,
where the features of a dataset are ranked and the worst scoring
features are discarded in a stepwise manner. In each step, an error

non-IlA

FIGURE 2 | The Venn diagram shows that 123 DEGs were identified for
both IA and non-IA patients. Additionally, 379 DEGs and 8 DEGs were
specific for IA and non-IA patients, respectively.

rate is computed using a classification algorithm. This error rate
represents the proportion of wrong classifications. The feature
subset yielding the smallest error rate is then selected. We used
the DEGs of IA and non-IA patients as input for the RFE,
which was wrapped in a repeated leave-one-out cross-validation.
We discarded the worst scoring 10% of the features in each
RFE step. The minimum error rate of 20.5% was calculated for
using only a single transcript (Figure 3), which is SI00B. The
class-wise error rates are 17.7% for IA and 25.4% for non-TIA
patients (Table 2). According to this classification result, IA can
be identified with a sensitivity of 82.3% and a specificity of 74.7%.
When examining the expression of SI00B across the different
conditions (Figure 4), we found that it covers a broad range
of intensity for samples collected from healthy individuals and
non-IA patients. In contrast, in IA samples, the majority of the
expression values are close to the lower bound.

3.3. Experimental Validation of S700B,
MAOA, and SEMA4A Gene Expression

To validate the gene expression levels obtained by microarray
analysis, we performed real-time reverse transcription-PCR (RT-
PCR) assays. Therefore, cDNA was reverse-transcribed from the
same RNA samples used for hybridization onto the microarrays.
Expression levels of S100B, MAOA, and SEMA4A were calculated
relative to average IA levels. Expression patterns were similar
comparing the microarray and the real-time RT-PCR analysis.
Therefore, we could confirm the diminished expression of all
three genes in PBMCs derived from patients suffering from IA
compared to non-IA patients and healthy individuals.

3.4. S100B Quantification by ELISA Assay

In total, we collected 127 sera (among them, n =75 sera from
patients with IA, n = 52 sera from hematological patients without
IA). In 91 of the 127 samples, S100B levels were below the
detection limit of the assay. However, in sera collected in parallel
or subsequently to a positive GM ELISA result (in patients
suffering from proven or probable IA), concentrations of S100B
were markedly lower (mean 5.81 pg/ml, range 2.8-19.5 pg/ml),
compared to serum levels of hematological patients without IA
(mean 32.0 pg/ml, range 15.4-45.8 pg/ml). This confirms the
observation from the gene expression profiles, where patients
with IA showed markedly reduced expression of SIO0B at the
diagnosis of IA and in subsequent specimens. Therefore, SI00B
may serve as an additional biomarker for IA, complementary to
the established methods.

3.5. SNP Analyses in S100B and AGER

Genotyping of rs9722 [S100B], rs2070600 [AGER], and
rs1800624 [AGER] revealed a significant increased susceptibility
to IA if the polymorphism rs2070600 (G82S, GG/AG, p =0.018)
is present in patients after alloSCT (Table3). In contrast,
rs9722 and rs1800624 did not predispose to IA (p=0.489 and
p=0.1554, respectively). These results confirm the observations
of Cunha et al. (2011), who reported the association of SNPs in
the SI00B/RAGE axis with IA. In addition, rs9722 has previously
been described to underlie increased serum levels of S100B in
healthy individuals (Hohoff et al., 2010). Furthermore, Miller
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FIGURE 3 | The average error rates and standard deviations across the decreasing number of genes in the feature selection process. The smallest error

TABLE 2 | Confusion table of the best feature selection result, where only
S100B was used for classification.

Predicted class

1A Non-IA Error rate %
IA 18.92 4.08 17.74
True class
Non-I1A 3.30 9.70 25.38

et al. (2013) were able to show that rs2070600 determines
RAGE levels in the serum of patients with chronic obstructive
pulmonary disease (COPD). Taking together, our data underline
the prominent role of genetic markers in the SI00B/RAGE axis
and their potential relevance in controlling IA.

3.6. S100B is Differentially Regulated by

A. fumigatus

Dendritic cells (DCs) play an important role in pathogen
recognition. DCs recognize pathogens via PRRs and bridge the
innate and adaptive immune system (Wiithrich et al., 2012).
The S100B gene regulation was examined in vitro after 12h co-
cultivation of DCs with inactivated A. fumigatus germ tubes. An
A. fumigatus dependent reduction of S100B on gene expression
level was confirmed (Figure 5).

3.7. Analysis of S100B Gene Knockdown

on Downstream Cytokine Levels

To further examine the relevance of S100B in A. fumigatus
infection, we analyzed its role in the regulation of inflammatory
cytokine responses. Thus, we stimulated DCs with defined PRR
ligands activating TRL2/TRL1 or Dectin-1. Both, Dectin-1 and

TABLE 3 | Genotype distributions of RAGE and S100B polymorphisms in
recipients of stem cell transplants affected by IA and controls.

Genotype Case (probable IA) (n=33) Control (1=38) p-value
wt AGER 1 28 (84.8%) 38 (100 %)

SNP AGER 1 5(15.2%) 0(0%) 0.0182
wt AGER 2 20 (60.6%) 16 (42.1 %)

SNP AGER 2 13 (839.4%) 22 (57.9%) 0.1554
wt S100B 30 (90.9%) 32 (84.2%)

SNP S100B 3(9.1%) 6 (15.8%) 0.489

wt, wildtype; SNF, single nucleotide polymorphism. wt AGER 1 (rs2070600), GG
genotype; SNP AGER (rs2070600), GA + AA genotypes; wt AGER 2 (rs1800624),
TT genotype; SNP AGER (rs1800624), TA + AA genotypes; wt S100B (rs9722), CC
genotype;, SNP S100B (rs9722), CT + TT genotypes. P-values were calculated with the
Fisher’s exact test.

TLR2 are involved in A. fumigatus recognition of DCs. The
synthetic triacylated lipoprotein Pam3CSK4 was used for the
activation of TLR2/TLRI signaling and depleted zymosan, which
is a B-glucan, for Dectin-1 activation. We selected IL1B, CXCLI,
and IL6 and transfected DCs with siRNA targeting SI00B. For
these experiments, DCs were electroporated with SI00B siRNA
and random, non-silencing (ns) siRNA treated cells served as
controls (Figure 6). siRNA transfection resulted in a > 90% S100B
transcript reduction compared to the non-silencing control
(Figure 6A). No influence of S100B knockdown was observed
on IL6 gene expression (Figure6D). Upon stimulation with
depleted zymosan, only a weak and insignificant reduction was
observed. However, the SI00B knockdown led to a significantly
reduced expression of ILIB and CXCLI if DCs were activated
with Pam3CSK4 (Figures 6B,C).
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4. DISCUSSION

In this study, we investigated the regulatory differences between
IA patients and non-IA patients on the genome level and
beyond. As a first step, we performed a GO analysis to
reveal functional relations between DEGs. The analysis yielded
multiple significantly over-represented GO categories connected
to T cell activation and differentiation for IA-specific DEGs.
This observation reflects the important role of T cells and
thus the adaptive immune response in antifungal immune
defense. In patients undergoing allogeneic SCT, both neutrophils
and macrophages reconstitute relatively early. Nevertheless,
A. fumigatus infections occur also after this recovery, indicating
that the adaptive immune system contributes significantly to the
control of A. fumigatus as well. One potential explanation for
this observation is the prolonged immunosuppression conducted
for the prevention and treatment of graft-versus-host disease
(GvHD) (Cenci et al., 1997). This hypothesis is strengthened by
numerous data from murine models showing that a previous
infection with sublethal doses of A. fumigatus conidia or other
fungal antigens protects mice against lethal re-challenge with the
pathogen. Furthermore, adoptive transfer of CD4™ T cells from
immunized animals transfers protective immunity to otherwise
susceptible naive recipient mice, stressing again the crucial role of
adaptive immunity in protecting the host (Cenci et al., 2000). In
addition to these data, murine experiments applying conditions
favoring either a Ty 1 or T2 CD4™ T cell response revealed that
only Tyl CD4™ T cells protected the host from lethal challenge
with A. fumigatus. By contrast, the induction of T2 responses
often even exacerbated disease. Furthermore, experimental data
from mice infected with A. fumigatus implicate that not only
the balance between Tyl cell and Ty2 cell is important in

(Tto et al., 2006).

We used gene expression data from microarrays for the
identification of biomarkers. Microarrays naturally produce data
of high dimensionality. This data allows us to examine a
broad range of genes for potential transcriptomic biomarkers
for TA. The identification of biomarker genes for IA requires
the reduction of the gene set to those genes which exhibit a
distinct expression signature compared to non-IA patients. The
process of dimension reduction by determining the most relevant
genes and removing the non-informative ones is called feature
selection. Feature selection methods are typically categorized into
three types: filter, wrapper, and embedded techniques (Saeys et al.,
2007). In this study, we used the wrapper approach by performing
a RFE with random forest. Random forest is an effective
classification algorithm that has shown good performance in a
wide range of biomarker identification studies (Yan et al., 2012;
Dix et al., 2015; Tremoulet et al., 2015). According to Ambroise
and McLachlan (2002), it is important that all feature selection
steps are performed within an outer cross-validation loop.
Otherwise, a selection bias is introduced as the samples that are
tested in each step already would contain some information about
the differences between the classes. Thus, the test samples would
not be independent. We meet this requirement by conducting
the leave-one-out cross-validation as the outer loop of the feature
selection process. Prior to the feature selection, we determined
differentially expressed genes. However, this is not part of the
feature selection, because we did not analyze for differences
between the IA and the non-IA class. Instead, we determined
the DEGs in comparison to the healthy control samples. In this
way, we ensure that the A biomarkers are connected to the
therapy and thus also distinguish the patients from healthy blood
donors.

SI100B was identified as the most relevant gene for
distinguishing between IA and non-IA samples. The calcium-
binding protein S100B belongs to the damage-associated

Frontiers in Microbiology | www.frontiersin.org

March 2016 | Volume 7 | Article 320


http://www.frontiersin.org/Microbiology
http://www.frontiersin.org
http://www.frontiersin.org/Microbiology/archive

Dix et al.

S100B as Biomarker for Invasive Aspergillosis

A S100B B

1.5+

R [ — —

& 1.0 )
c <
] <
£ =
o (&)
T z
o 0.5 <)
w e

0.0-

Ctrl Pam3CSK4 Zymd.
C D
cXcL1
2.0
— ns — * —ns

o 157 o
> >
c c
£ £
o 10 o
e} e}
[ )
L 0.5 w

0.0-

Ctrl Pam3CSK4 Zymd.

FIGURE 6 | Influence of ST00B knockdown on gene regulation. DCs were transfected by electroporation with either non-silencing siRNA (white bars) or with
siRNA targeting siS700B (black bars). Twenty-four hours after electroporation, DCs were stimulated with zymosan depleted (100 g/ml), Pam3CSK4 (100 ng/ml)
(Invivogen), or left untreated. mRNA levels of S700B (A), IL1B (B), CXCL1 (C), and IL6 (D) were quantified after 6 h by real-time PCR relative to non-silencing control.
ALAST served as reference gene. Data of four independent experiments is illustrated as mean plus SEM (*p < 0.01, **p < 0.001 Student’s paired t-test).

IL1B
1.5
— ns — * — ns
1.0
0.5
0.0-
Ctrl Pam3CSK4 Zymd.
IL6
1.5
— ns —ns — ns
1.0
0.5
3 ns
0.0 El siS100B
Ctrl Pam3CSK4 Zymd.

molecular patterns (DAMPs), which alert the immune
system to the presence of tissue damage. Together with
pathogen-associated molecular patterns (PAMPs), DAMPs
play a major role in regulating the inflammatory response to
pathogens. It is well known that progressive inflammation
worsens disease and even impedes pathogen eradication.
In consequence, fine tuning of the immune response and
dispensing inflammation and pathogen elimination by leveling
PAMP and DAMP driven responses is an ultimate prerequisite
for a successful immune response against A. fumigatus.
Thereby, S100B plays a crucial role. Sorci et al. (2011)
demonstrated that S100B integrates PAMP and DAMP
pathways to restrain inflammation by forming complexes
with TLR2 ligands and subsequent extracellular TLR2 inhibition
on polymorphonuclear leukocytes (PMNs). Thereon, upon
intracellular binding of S100B to nucleic acids, it activates a
TLR3/TLR9/TRIF-dependent pathway, culminating finally in
the transcriptional down-regulation of SI100B. These authors
conclude that this spatiotemporal role provides evidence for
S100B to be a central regulator of inflammation and pathogen
sensing.

RNA from patients suffering from probable IA (at the
time of a positive GM ELISA assay and following specimens)
showed very low or absent expression of SI00B while patients
without any clinical signs of IA and healthy control persons
showed variable SI00B expression levels. Little is known
about the regulatory mechanisms of S$I100B transcription.
Samples analyzed in our study were taken relatively late
in the course of IA as the detection of galactomannan in
peripheral blood was a prerequisite for blood sampling. In

consequence, macrophages, neutrophils, and dendritic cells were
already activated and cytokines and reactive oxygen species
were released. However, permanent activation of TLR2 and
its downstream pro-inflammatory pathways promotes adverse
effects with uncontrolled cytokine release and tissue damage.
Thus, inhibited expression of SI100B in patients with IA
may reflect a self-protecting consequence of preceding TLR2
activation on PMN and other phagocytes and may at this later
stage help to prevent uncontrolled and chronic inflammation and
subsequent lung tissue damage.

Cunha et al. (2011) were able to demonstrate that human
PBMG, stimulated for 2 h with A. fumigatus conidia or zymosan
in vitro showed enhanced S100B levels compared to unstimulated
control cells. However, our study revealed that stimulation of
human monocyte-derived DCs for 12h with A. fumigatus germ
tubes led to significantly decreased S100B levels, concluding
that at these later time points, S100B displays regulatory
characteristics.

To further shed light on the potential relevance of S100B
in the immune defense against A. fumigatus, functional in
vitro studies are useful. The transfection of cells with specific
siRNA is a common procedure to knockdown defined genes,
usually followed by the subsequent characterization of specific
downstream effectors (Sioud, 2015). To assess the function of
S100B in the inflammatory response against A. fumigatus, an
S100B knockdown was established in DCs. This knockdown
was highly significant. To examine the role of S$100B, an
early time point was chosen, when SI00B was not already
affected by A. fumigatus stimulation. After 6h of co-culturing,
S100B was not affected by A. fumigatus in the non-silenced
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cells (not shown). Interestingly, we saw a significant impact
of S100B knockdown on ILIB and CXCLI gene expression
in Pam3CSK4 activated cells, whereas only a weak and not
significant influence on Dectin-1 activation by depleted zymosan
was observed. A correlation of S100B and IL1B induction via
Spl and NF-«B was already described for primary microglia
cells (Liu et al, 2005). Furthermore, in microglia, S100B
is down-regulated by IFNy and it was shown to relocate
around phagosomes during C. neoformans infections (Adami
et al, 2001). Since DCs are capable of IFNy production, we
hypothesize that an autocrine regulation mechanism might be
possible. Moreover, TLR2 specificity by Pam3CSK4 activation
was confirmed (Sorci et al., 2011). However, and in contrast
to these authors, no induction of SI00B was observed
after 12h co-cultivation, possibly due to different infection
models.

Genotyping of 1s9722 [SI00B], 1s2070600 [AGER],
and rs1800624 [AGER] revealed a significantly increased
susceptibility to IA if the polymorphism rs2070600 (G82S,
GG/AG, p=0.018) is present in patients after alloSCT (Table 3).
In contrast, rs9722 and rs1800624 did not predispose to IA
(p=10.489 and p=0.1554, respectively). These results confirm
the observations of Cunha et al. (2011), who reported the
association of SNPs in the S100B/Rage axis with IA. In addition,
rs9722 has previously been described to underlie increased
serum levels of S100B in healthy individuals (Hohoff et al,
2010). Furthermore, Miller et al. (2013) were able to show that
rs2070600 determines RAGE levels in the serum of COPD
patients. Taking together, our data underline the prominent role
of genetic markers in the SI00B/RAGE axis and their potential
relevance in controlling TA.

Our results base on a limited set of data, patient and sample
numbers. In addition, hematological patients, including patients
after alloSCT are multi-morbid and suffer from a large variety
of different complications, including graft-versus-host disease,
relapse and a broad range of infections, especially caused by
viruses. In consequence, data interpretation is difficult and
very often effects localized upstream or downstream of the
respective gene are evened because innate immunity pathways,
such as the Toll like—MyD88—NF-« B/TRIF pathways are highly
conserved and redundant. Therefore, validation studies with
larger sample sizes are mandatory. In addition, it might be

REFERENCES

Adami, C., Sorci, G., Blasi, E., Agneletti, A. L., Bistoni, F., and Donato, R.
(2001). S100B expression in and effects on microglia. Glia 33, 131-142. doi:
10.1002/1098-1136(200102)33:2<131::AID-GLIA1012>3.0.CO;2-D

Ambroise, C., and McLachlan, G. J. (2002). Selection bias in gene extraction on
the basis of microarray gene-expression data. Proc. Natl. Acad. Sci. U.S.A. 99,
6562-6566. doi: 10.1073/pnas.102102699

Ashburner, M., Ball, C. A, Blake, J. A., Botstein, D., Butler, H., Cherry, J. M,,
et al. (2000). Gene Ontology: tool for the unification of biology. Nat. Genet.
25, 25-29. doi: 10.1038/75556

Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: a
practical and powerful approach to multiple testing. J. R. Stat. Soc. B Methodol.
57, 289-300.

relevant to quantify levels of SI00B in samples collected prior to
the diagnosis of IA, e.g., by prospective sampling after alloSCT.
Furthermore, SI00B quantification in patients suffering from
severe bacterial infections involving TLR2 activation might be
relevant. However, with this pilot study, it became conceivable
that SI00B may serve as an additional human biomarker for TA
and may upgrade the value of already well established fungal
biomarkers. Furthermore, transcriptional profiling provides new
findings on the immunopathology of IA and on the response of
immunocompromised patients to A. fumigatus. This data help
to better understand this devastating disease and to develop new
targeted diagnostic and therapeutic options.

ETHICS STATEMENT

This study was approved by the Ethical Committee of the
University Hospital of Wuerzburg (Approval 173/11: Invasive
aspergillosis: Biomarkers for prevention, diagnosis and treatment
response).

AUTHOR CONTRIBUTIONS

AD did the bioinformatic analysis and co-wrote the manuscript.
JS managed clinical data and co-wrote the manuscript. KC, MF,
and AS performed the validation experiments, including the
RNAi knockdown and co-wrote the manuscript. MB generated
the microarray data and co-wrote the manuscript. RG, JLi, HE,
and JL6 designed the study and co-wrote the manuscript.

ACKNOWLEDGMENTS

This  work  was  supported by the  Deutsche
Forschungsgemeinschaft (DFG) in the Collaborative Research
Centre / Transregio 124 FungiNet (subprojects A2, B3, INF)
as well as German Ministry for Education and Science in the
program Unternehmen Region (BMBF 03Z2JN21).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: http://journal.frontiersin.org/article/10.3389/fmicb.
2016.00320

Breiman, L. (2001). Random forests.
10.1023/A:1010933404324

Cenci, E., Mencacci, A., Bacci, A., Bistoni, F., Kurup, V. P., and Romani, L. (2000).
T cell vaccination in mice with invasive pulmonary aspergillosis. J. Immunol.
165, 381-388. doi: 10.4049/jimmunol.165.1.381

Cendi, E., Perito, S., Enssle, K. H., Mosci, P., Latgé J. P., Romani, L., et al. (1997).
Th1 and Th2 cytokines in mice with invasive aspergillosis. Infect. Immun. 65,
564-570.

Cunha, C., Giovannini, G., Pierini, A., Bell, A. S., Sorci, G., Riuzzi, F., et al. (2011).
Genetically-determined hyperfunction of the SI00B/RAGE axis is a risk factor
for aspergillosis in stem cell transplant recipients. PLoS ONE 6:27962. doi:
10.1371/journal.pone.0027962

De Pauw, B., Walsh, T. J., Donnelly, J. P., Stevens, D. A., Edwards, J. E., Calandra,
T., et al. (2008). Revised definitions of invasive fungal disease from the

Mach. Learn. 45, 5-32. doi:

Frontiers in Microbiology | www.frontiersin.org

March 2016 | Volume 7 | Article 320


http://journal.frontiersin.org/article/10.3389/fmicb.2016.00320
http://www.frontiersin.org/Microbiology
http://www.frontiersin.org
http://www.frontiersin.org/Microbiology/archive

Dix et al.

S100B as Biomarker for Invasive Aspergillosis

European Organization for Research and Treatment of Cancer/Invasive

Fungal Infections Cooperative Group and the National Institute of

Allergy and Infectious Diseases Mycoses Study Group (EORTC/MSG)

Consensus  Group. Clin. Infect. Dis. 46, 1813-1821. doi: 10.1086/
588660

Denning, D. W. (1998). Invasive aspergillosis. Clin. Infect. Dis. 26, 781-803. doi:
10.1086/513943

Denning, D. W., and Hope, W. W. (2010). Therapy for fungal diseases:
opportunities and priorities. Trends Microbiol. 18, 195-204. doi:
10.1016/j.tim.2010.02.004

Dix, A., Hiinniger, K., Weber, M., Guthke, R., Kurzai, O., and Linde, J.
(2015). Biomarker-based classification of bacterial and fungal whole-blood
infections in a genome-wide expression study. Front. Microbiol. 6:171. doi:
10.3389/fmicb.2015.00171

Eden, E., Navon, R,, Steinfeld, I., Lipson, D., and Yakhini, Z. (2009). GOrilla: a tool
for discovery and visualization of enriched GO terms in ranked gene lists. BMC
Bioinformatics 10:48. doi: 10.1186/1471-2105-10-48

Edgar, R., Domrachev, M., and Lash, A. E. (2002). Gene Expression Omnibus:
NCBI gene expression and hybridization array data repository. Nucleic Acids
Res. 30, 207-210. doi: 10.1093/nar/30.1.207

Gautier, L., Cope, L., Bolstad, B. M., and Irizarry, R. A. (2004). affy-analysis of
Affymetrix GeneChip data at the probe level. Bioinformatics 20, 307-315. doi:
10.1093/bioinformatics/btg405

Guyon, I., Weston, J., Barnhill, S., and Vapnik, V. (2002). Gene selection for cancer
classification using support vector machines. Mach. Learn. 46, 389-422. doi:
10.1023/A:1012487302797

Hohoff, C., Ponath, G., Freitag, C. M., Késtner, F., Krakowitzky, P., Domschke,
K., et al. (2010). Risk variants in the SI00B gene predict elevated S100B serum
concentrations in healthy individuals. Am. J. Med. Genet. B Neuropsychiat.
Genet. 153B, 291-297. doi: 10.1002/ajmg.b.30950

Irizarry, R. A., Hobbs, B., Collin, F., Beazer-Barclay, Y. D., Antonellis, K. J.,
Scherf, U., et al. (2003). Exploration, normalization, and summaries of high
density oligonucleotide array probe level data. Biostatistics 4, 249-264. doi:
10.1093/biostatistics/4.2.249

Ito, J. L, Lyons, J. M., Hong, T. B., Tamae, D., Liu, Y.-K., Wilczynski, S. P.,
et al. (2006). Vaccinations with recombinant variants of Aspergillus fumigatus
allergen Asp f 3 protect mice against invasive aspergillosis. Infect. Immun. 74,
5075-5084. doi: 10.1128/IA1.00815-06

Jacobsen, M., Repsilber, D., Gutschmidt, A., Neher, A., Feldmann, K., Mollenkopf,
H.J., et al. (2007). Candidate biomarkers for discrimination between infection
and disease caused by Mycobacterium tuberculosis. J. Mol. Med. 85, 613-621.
doi: 10.1007/s00109-007-0157-6

Leventakos, K., Lewis, R. E., and Kontoyiannis, D. P. (2010). Fungal infections
in leukemia patients: how do we prevent and treat them? Clin. Infect. Dis. 50,
405-415. doi: 10.1086/649879

Liu, L., Li, Y., Van Eldik, L. J., Griffin, W. S. T., and Barger, S. W. (2005). S100B-
induced microglial and neuronal IL-1 expression is mediated by cell type-
specific transcription factors. J. Neurochem. 92, 546-553. doi: 10.1111/§.1471-
4159.2004.02909.x

Loffler, J., Hagmeyer, L., Hebart, H., Henke, N., Schumacher, U., and Einsele,
H. (2000). Rapid detection of point mutations by fluorescence resonance
energy transfer and probe melting curves in Candida species. Clin. Chem. 46,
631-635.

Lu, C, Wu, J, Wang, H, Wang, S, Diao, N., Wang, F., et al. (2011).
Novel biomarkers distinguishing active tuberculosis from latent
infection identified by gene expression profile of peripheral blood
mononuclear cells. PLoS ONE 6:24290. doi: 10.1371/journal.pone.00
24290

Mezger, M., Kneitz, S., Wozniok, 1., Kurzai, O., Einsele, H., and Loffler, J. (2008).
Proinflammatory response of immature human dendritic cells is mediated by
dectin-1 after exposure to Aspergillus fumigatus germ tubes. J. Infect. Dis. 197,
924-931. doi: 10.1086/528694

Miller, S., Obeidat, M., Portelli, M. A., Gowland, C. J., Henry, A. P., Parker, S. G.,
et al. (2013). “SNP rs2070600 is associated with lung function and the level Of
serum soluble RAGE in UK smokers,” in B40. ADVANCES IN GENETICS OF
LUNG DISEASE: American Thoracic Society International Conference Abstracts,
(Philadelphia, PA: American Thoracic Society), A2750-A2750.

Oberle, M., Reichmuth, M., Laffer, R., Ottiger, C., Fankhauser, H., and Bregenzer,
T. (2015). Non-seasonal variation of airborne Aspergillus spore concentration
in a hospital building. Int. J. Environ. Res. Public Health 12, 13730-13738. doi:
10.3390/ijerph121113730

Pfaffl, M. W. (2001). A new mathematical model for relative quantification in
real-time RT-PCR. Nucleic Acids Res. 29:e45. doi: 10.1093/nar/29.9.e45

Ruijter, J. M., Ramakers, C., Hoogaars, W. M. H., Karlen, Y., Bakker, O., van den
Hoff, M. J. B., et al. (2009). Amplification efficiency: linking baseline and
bias in the analysis of quantitative PCR data. Nucleic Acids Res. 37:e45. doi:
10.1093/nar/gkp045

Saeys, Y., Inza, I, and Larrafaga, P. (2007). A review of feature selection
techniques in  bioinformatics. ~ Bioinformatics 23, 2507-2517. doi:
10.1093/bioinformatics/btm344

Sioud, M. (2015). “Overcoming the challenges of sirna activation of innate
immunity: design better therapeutic sirnas,” in RNA Interference Vol. 1218 of
Methods in Molecular Biology, ed M. Sioud (New York, NY: Springer), 301-319.
doi: 10.1007/978-1-4939-1538-5_19

Slobbe, L., Polinder, S., Doorduijn, J. K., Lugtenburg, P. J., el Barzouhi, A,
Steyerberg, E. W., et al. (2008). Outcome and medical costs of patients
with invasive aspergillosis and acute myelogenous leukemia-myelodysplastic
syndrome treated with intensive chemotherapy: an observational study. Clin.
Infect. Dis. 47, 1507-1512. doi: 10.1086/591531

Smyth, G. K. (2005). “limma: linear models for microarray data,” in Bioinformatics
and Computational Biology Solutions Using R and Bioconductor. Statistics for
Biology and Health, eds R. Gentleman, V. ]. Carey, W. Huber, R. A. Irizarry and
S. Dudoit, (New York, NY: Springer), 397-420. doi: 10.1007/0-387-29362-0_23

Sorci, G., Giovannini, G., Riuzzi, F., Bonifazi, P., Zelante, T., Zagarella, S.,
et al. (2011). The danger signal S100B integrates pathogen- and danger-
sensing pathways to restrain inflammation. PLoS Pathog. 7: ¢1001315. doi:
10.1371/journal.ppat.1001315

Svetnik, V., Liaw, A., Tong, C., and Wang, T. (2004). “Application of Breiman’s
random forest to modeling structure-activity relationships of pharmaceutical
molecules,” in Multiple Classifier Systems, eds F. Roli, J. Kittler, and T. Windeatt
(Berlin; Heidelberg: Springer), 334-343.

Tremoulet, A. H., Dutkowski, J., Sato, Y., Kanegaye, J. T., Ling, X. B., and Burns,
J. C. (2015). Novel data-mining approach identifies biomarkers for diagnosis of
Kawasaki disease. Pediat. Res. 78, 547-553. doi: 10.1038/pr.2015.137

Wiithrich, M., Deepe, G. S., and Klein, B. (2012). Adaptive immunity to fungi. Ann.
Rev. Immunol. 30, 115-148. doi: 10.1146/annurev-immunol-020711-074958

Yan, Z., Li, ., Xiong, Y., Xu, W., and Zheng, G. (2012). Identification of candidate
colon cancer biomarkers by applying a random forest approach on microarray
data. Oncol. Rep. 28, 1036-1042. doi: 10.3892/0r.2012.1891

Zaas, A. K., Aziz, H., Lucas, J., Perfect, ]. R., and Ginsburg, G. S. (2010). Blood gene
expression signatures predict invasive candidiasis. Sci. Transl. Med. 2, 21ral7.
doi: 10.1126/scitranslmed.3000715

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2016 Dix, Czakai, Springer, Fliesser, Bonin, Guthke, Schmitt, Einsele,
Linde and Loffler. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (CC BY). The use, distribution or
reproduction in other forums is permitted, provided the original author(s) or licensor
are credited and that the original publication in this journal is cited, in accordance
with accepted academic practice. No use, distribution or reproduction is permitted
which does not comply with these terms.

Frontiers in Microbiology | www.frontiersin.org

March 2016 | Volume 7 | Article 320


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://www.frontiersin.org/Microbiology
http://www.frontiersin.org
http://www.frontiersin.org/Microbiology/archive

	Genome-Wide Expression Profiling Reveals S100B as Biomarker for Invasive Aspergillosis
	1. Introduction
	2. Materials and Methods
	2.1. Patient Characteristics
	2.2. Blood Sample Collection
	2.3. Expression Data Generation
	2.4. Preprocessing of the Gene Expression Data
	2.5. Identification of Differentially Expressed Genes
	2.6. Feature Selection
	2.7. Confirmation of Selected Gene Expression by Real-Time RT-PCR Assays
	2.8. Quantification of S100B Levels in Sera
	2.9. LightCycler-Based Melting Curve Analysis for Genotyping
	2.10. Generation of Monocyte-Derived DCs
	2.11. Co-Culture with A. fumigatus and Pathogen Recognition Receptor (PRR)-Ligands
	2.12. RNA Interference

	3. Results
	3.1. T Cell Regulation is Specific for IA
	3.2. S100B is a Transcriptional Biomarker for IA
	3.3. Experimental Validation of S100B, MAOA, and SEMA4A Gene Expression
	3.4. S100B Quantification by ELISA Assay
	3.5. SNP Analyses in S100B and AGER
	3.6. S100B is Differentially Regulated by A. fumigatus
	3.7. Analysis of S100B Gene Knockdown on Downstream Cytokine Levels

	4. Discussion
	Ethics Statement
	Author Contributions
	Acknowledgments
	Supplementary Material
	References


