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West Nile virus (WNYV) infection is usually asymptomatic but can cause severe neurological disease and death, particularly in
older patients, and how individual variations in immunity contribute to disease severity is not yet defined. Animal studies iden-
tified a role for several immunity-related genes that determine the severity of infection. We have integrated systems-level tran-
scriptional and functional data sets from stratified cohorts of subjects with a history of WNV infection to define whether these
markers can distinguish susceptibility in a human population. Transcriptional profiles combined with immunophenotyping of
primary cells identified a predictive signature of susceptibility that was detectable years after acute infection (67% accuracy),
with the most prominent alteration being decreased IL1B induction following ex vivo infection of macrophages with WNV. De-
convolution analysis also determined a significant role for CXCL10 expression in myeloid dendritic cells. This systems analysis
identified markers of pathogenic mechanisms and offers insights into potential therapeutic strategies.

Individual variations in immune status and function determine
responses to infection and contribute to disease severity and
outcome. Recent advances in high-throughput and bioinformat-
ics technology now allow detailed analysis of complex interactions
to generate a systems-level understanding of disease susceptibility
(1-4). Definition of the biological signatures underlying immune
responsiveness requires quantification of elements of innate and
adaptive immune responses, a cohort exhibiting a range of clinical
outcomes, and a sufficient sample size to accommodate natural
variations in responsiveness. We have undertaken a comprehen-
sive profile of stable characteristics of individual immune cell fre-
quencies and gene expression (5, 6) to define markers that identify
key mechanisms of resistance and susceptibility to virus infection.

West Nile virus (WNV) is a mosquito-borne, enveloped, pos-
itive-strand RNA virus belonging to the family Flaviviridae, which
includes yellow fever virus, hepatitis C virus, and dengue virus (7).
The emergence of WNV in North America was first documented
in 1999 in New York City, and over the past decade, WNV has
become established throughout the United States and has spread
into Canada, Mexico, and the Caribbean. CDC reports indicate
infections of >31,000 people, including >1,200 fatalities, and the
cumulative incidence of WNV infection may reach 3 million peo-
ple (7, 8). WNV patients exhibit considerable variation in clinical
responses to infection, and there are currently no FDA-approved
treatments available. Infants, the immunocompromised, and el-
derly individuals are more susceptible to neurological involve-
ment that may result in death (7, 8). Although encephalitis gener-
ally occurs in only a small subset of patients, 50% of reported cases
in 2012 were of the more severe forms of neuroinvasive disease,
including encephalitis (7).

Control of WNV infection by the immune system is multifac-
torial, including viral recognition receptors (Toll-like receptors
[TLRs] and RIG-I-like receptors [RLRs]), control of the permea-
bility of the blood-brain barrier, and both innate and adaptive
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immune determinants. Certain HLA types, chemokines, and in-
terferon pathway elements are associated with a risk of more se-
vere outcomes in humans, and multiple pathways have been in-
vestigated in murine models (7, 9). In particular, the severity of
WNYV infection is associated with genetic polymorphisms in the
interferon response pathway elements 2'-5'-oligoadenylate syn-
thetase 1 (OAS), interferon regulatory factor 3 (IRF3), and MX-1
(7), and upregulation of type I interferons is critical for immediate
antiviral defense pathways and to generate an effective adaptive T
cell- and B cell-mediated sustained immune response (10, 11).
Despite these advances, and certain age-related susceptibilities
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TABLE 1 WNV patient characteristics

Profiling Immune Responses to West Nile Virus

Value for group

Severe infection

Parameter Asymptomatic (n = 41) (n=49) Total (n = 90) P value®
Mean age (yr) (SD), range 48.4 (17.9), 22-85 54.7 (13.1), 23-86 51.8 (15.7), 22-86 0.07
No. (%) of females 20 (48.8) 19 (38.8) 39 (43.3) 0.40
No. (%) of patients of race

White 36 (87.8) 44 (89.8) 80 (88.9) 0.11

Black 2(4.9) 5(10.2) 7(7.8)

Other 3(7.3) 0(0) 3(3.3)

Hispanic 1(2.4) 4(8.2) 5(5.6) 0.37

@ P values were calculated based on a ¢ test for continuous variables and Fisher exact tests for categorical variables.

(12-14), the mechanisms that lead to severe infection remain
poorly defined (7).

We have recently shown that antibody levels were not signifi-
cantly different between subjects with a history of asymptomatic
infection and those with severe infection and that subjects with a
history of severe infection had significantly lower levels of serum
interleukin-4 (IL-4) (15). Identifying this difference suggests that
profiling of the immune response can provide information about
individual susceptibility to severe infection. Here, we have carried
out systems-level profiling of immune markers from a stratified
cohort of healthy subjects with a history of asymptomatic or se-
vere WNV infection. Through the NIH-sponsored Human Im-
munology Project Consortium (HIPC) (16), we have capitalized
on recent advances in the integration of novel, high-throughput,
and high-fidelity technologies such as multiplexed gene expres-
sion and automated multidimensional flow cytometry analyses, to
identify molecular signatures defining individual immune re-
sponses. Through bioinformatic analysis of gene expression
changes and immunophenotypes, we identify molecular and cel-
lular signatures associated with susceptibility and resistance to
WNYV infection.

MATERIALS AND METHODS

Human subjects. Blood was obtained with written informed consent un-
der guidelines approved by the Human Investigations Committees of the
University of Texas Health Science Center, Baylor College of Medicine,
and Yale University School of Medicine. Donors had no acute illness and
took no antibiotics or nonsteroidal anti-inflammatory drugs at the time of
sampling (14). Previous history of WNV infection was determined clini-
cally and was validated by positive immunoblot results (12, 17). Donors
(n = 90) included asymptomatic individuals and patients with severe
disease (none with mild disease), defined as invasive neurological illness
such as encephalitis or meningitis (Table 1). Asymptomatic donors were
identified by a rapid nucleic acid test at the blood bank or by immuno-
blotting (12). Subjects in the disease severity groups were not statistically
different with regard to age, gender, or race in this study. Blood samples
from both recruiting sources were collected in cell preparation tubes (Bec-
ton Dickinson and Co., Franklin Lakes, NJ), centrifuged within 2 h of
collection, and processed the next day. Each donor was not assessed by
each assay, and samples were randomly chosen over >2 years for assays
under study at the time of recruitment. Complete data from this study will
be made available through the NIAID ImmPort data repository (study
identification number SDY58).

Preparation of blood cells. Peripheral blood mononuclear cells
(PBMCs) were suspended in RPMI 1640 supplemented with 20% (vol/
vol) human serum (Lonza, MD), 100 U/ml penicillin, and 100 pg/ml
streptomycin (Invitrogen, CA) (12). PBMCs were used in suspension at
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2 X 107 cells/ml or plated at 5 X 10° cells/35-mm well. Nonadherent cells
were washed away after 2 h, and adherent monocytes were incubated for 6
to 8 days to mature into macrophages, as described previously (12, 18).

WNYV strains and infections. Virulent WNV (CT-2741), provided by
John Anderson, Connecticut Agricultural Experiment Station, New Ha-
ven, CT (19), was passaged in Vero cells, and viral PFU were quantified by
plaque assays (12). CT-2741 has been shown to be lethal in murine models
of WNV infection (20, 21). WNV studies were conducted in a biosafety
level 3 facility licensed by the State of Connecticut and Yale University.
Primary PBMCs and macrophages from WNV donors were incubated in
medium alone (mock), infected with WNV (multiplicity of infection
[MOI] of 1), or stimulated with poly(I-C) (50 wg/ml; InvivoGen, San
Diego, CA) for 24 h. Quantitative PCR (qPCR) of the WNV envelope gene
from the samples for microarray analysis validated efficient viral infection
(data not shown).

Flow cytometry. For multiparameter robotic fluorescence-activated
cell sorter (FACS) analysis, fresh PBMCs were frozen in 90% fetal bovine
serum (FBS) containing 10% dimethyl sulfoxide (DMSO) and stored in
liquid N, for batched analysis. For assays, cells were thawed, washed, and
incubated in wells with 8 antibody panels (5 panels defined by the HIPC
[22]) by using a custom-programmed BioMek robotic platform, and la-
beling was detected using an LSR Fortessa instrument (BD Biosciences).

For intracellular cytokine studies, fresh PBMCs (1 X 10° cells/96-well
plate) in a solution containing RPMI-10% FBS and antibiotics were in-
cubated, as described previously (14), for 6 h in medium alone or with
ligands for TLR4 (lipopolysaccharide [LPS] [10 ng/ml]), TLR7/8 (R848
[10 wM]; Invivogen), and TLR3 [poly(I-C) (50 wg/ml)], with brefeldin A
(10 pg/ml; Sigma) for the last 3 h. PBMCs were labeled at 4°C as described
previously (14), fixed, and frozen at —80°C for batched analysis. For as-
says, cells were thawed; permeabilized; labeled for alpha interferon
(IFN-a) (Antigenix America, NY), tumor necrosis factor alpha (TNF-a),
and IL-6 (BD Biosciences, CA); detected using an LSR II instrument (BD
Biosciences, CA); and analyzed by using FlowJo software (Tree Star, OR),
as described previously (14). Statistical tests were two tailed, and a P value
of <0.05 was considered significant. Multivariable analyses were per-
formed by using SAS version 9.2 (SAS Institute, Cary, NC), and bivariate
analyses were performed by using the Prism 4.03 biostatistics package
(Graphpad, CA). Differences noted remained significant after adjusting
for age, gender, and recruitment site.

RNA preparation, qPCR, microarrays, and Nanostring analysis. To-
tal RNA was harvested from PBMCs and macrophages by using the
RNeasy minikit (Qiagen, CA), and cDNA was synthesized by using the
AffinityScript Multi Temperature cDNA synthesis kit (Stratagene, TX).
Primers and probes for JPCRs were obtained from Applied Biosystems or
as described previously (14). Batched samples were amplified for 60 cycles
(iCycler; Bio-Rad, CA), and duplicate values were normalized to (3-actin
values. Levels of WNV in samples from disease groups were not signifi-
cantly different by PCR. Total RNA from paired macrophage and PBMC
samples was assessed by using the Illumina HumanHT-12 v4 Beadchip
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whole-human genome expression array at the Keck Biotechnology Re-
source Laboratory of Yale University. RNA quality for Nanostring analysis
was verified by an RNA integrity number (RIN) of >7 (average value of
9.5 for 180 samples). Nanostring nCounter analysis was performed at the
David H. Murdock Research Institute (DHMRI) (Kannapolis, NC).

Microarray analysis. Raw expression data were normalized by using
the quantile method provided by the lumi package in R/Bioconductor
(23). The batch effect was included as an independent variable in the
linear model of LIMMA (24). Differentially expressed genes were identi-
fied by an absolute fold change and by a statistically significant change in
expression, as determined by LIMMA, using a Benjamini-Hochberg false
discovery rate (FDR). Responding genes with an absolute fold change of
=1.5 and an FDR cutoff of <0.05 were applied for both PBMCs and
macrophages. For selecting genes for Nanostring analysis from PBMCs,
an absolute fold change of =1.25 and an FDR cutoff of <0.25 between the
disease groups for baseline or stimulated gene expression were used; for
selecting genes from macrophages, an absolute fold change of =1.5and an
FDR cutoff of <0.45 were used.

Normalization of Nanostring panels. Data sets from the Nanostring
platform were normalized with 12 invariant genes selected from 50 house-
keeping genes; they represent both lower and higher expression levels and
were the most invariant genes across cell type and treatment conditions.
Quality control measures and normalization procedures were imple-
mented according to the manufacturer’s instructions. Differential expres-
sion was determined by LIMMA using a Benjamini-Hochberg FDR cutoff
of <0.05.

Development of a susceptibility classifier. A support vector machine
(SVM) model was constructed to predict the clinical outcome of WNV
infection (asymptomatic versus severe) by using Nanostring gene expres-
sion fold changes (mock versus ex vivo WNV infected) as features. The
SVM was implemented by using the R package kernlab with a radial basis
function (RBF) kernel and automatic sigma estimation (25). The accuracy
of the model was computed by using 3-fold cross-validation, which was
repeated 1,000 times. For each repeat, subjects with asymptomatic infec-
tion and those with severe infection were randomly divided into 3 groups
of approximately equal size. Using data from the two training folds, sig-
nature genes were identified through differential expression analysis (P <
0.05), and these genes were used to construct an SVM model, which was
then evaluated on the testing fold to estimate accuracy. The significance of
this approach was evaluated by comparing the distribution of accuracies
(over 1,000 cross-validation repeats) with that obtained by applying the
same procedure to permuted data (i.e., with subject phenotypes randomly
shuffled for each repeat) using a  test. The final susceptibility classifier was
built by constructing an SVM model using differentially expressed genes
(P < 0.05) from the full data set. To evaluate the poly(I-C) response
measured by Nanostring analysis, we measured accuracy using the same
SVM model developed for the WNV response. Significance was deter-
mined by comparing this accuracy to a null distribution created by using
this same model on permuted data (i.e., with subject phenotypes ran-
domly shuffled for each repeat). To evaluate the poly(I-C) response mea-
sured by microarray analysis, the SVM model was rebuilt by using mi-
croarray expression data restricted to the genes included in the WNV
response SVM model. In this case, accuracy and significance were esti-
mated by using cross-validation and permutation tests, as described
above.

Deconvolution analysis. Deconvolution-derived estimates of cell
subset-specific differential expression were performed through the Cell-
Mix package (26) on the log,-transformed Nanostring data by using cell-
specific significance analysis of microarrays (csSAM) methodology (27).
csSAM integrates sample composition heterogeneity (e.g., as measured by
flow cytometry) and global gene expression into a linear regression frame-
work to detect differential gene expression within each constituting cell
type. Briefly, differential expression between two groups of samples is
detected for each cell type by (i) jointly estimating average cell type-spe-
cific expression profiles within each group separately and (ii) performing
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a permutation test based on significance analysis of microarrays (SAM)
statistics of the group differences in each gene and cell type to provide an
FDR of true differential expression (27). Standard differential analysis on
global gene expression was performed by using SAM, as implemented in
the csSAM package, using default values, which computes SAM statistics
and FDRs for each gene on median-centered data.

Microarray data accession number. The data files for this study have
been deposited in the GEO database under GEO series accession number
GSE46681.

RESULTS

To identify factors associated with susceptibility to severe WNV
infection, we enrolled two independent cohorts of study partici-
pants (n = 90 total) with a defined history of WNV infection. Both
groups of subjects were recruited from the same sites according to
identical recruitment criteria and stratified into asymptomatic
(n = 41) and severe (neurological) (n = 49) disease groups, as
defined by CDC clinical criteria for neurological involvement
and/or laboratory testing of viral load at the time of infection (17).
Importantly, we did not include unexposed healthy controls
whose anti-WNYV efficiency is undefined or any mild (nonneuro-
logical) cases of WNV. Participants were healthy at the time of
blood donation, were not different with regard to gender or age,
and were predominantly white (88.9%) (Table 1). To identify
characteristic individual differences in the immune state that were
likely to exist at the time of WNV infection, subjects were enrolled
considerably after resolution of the acute response (for severe in-
fection, 5.9 = 3.1 years after recovery from infection, with a range
of 0.3 to 9.8 years; for asymptomatic infection, 0.7 = 1.2 years,
with a range of 0.2 to 8.1 years), long after viral RNA is undetect-
able (28). Potential susceptibility markers were derived from a
multisystem analysis of gene expression profiling, immunophe-
notyping, and in vitro stimulation experiments (Fig. 1).
Differences in gene expression and pathway activity between
stratified patient cohorts. To investigate altered cell states that
may be associated with a differential response to infection, we
collected primary PBMCs and macrophages from an initial cohort
WNYV subjects with asymptomatic (n = 21) and severe (n = 18)
infection and assessed global gene expression using microarray
analysis (Fig. 1B). When we previously compared baseline gene
expression levels in PBMCs from this cohort by using loose crite-
ria, we identified 105 genes that displayed altered expression levels
at a false discovery rate (FDR) of 25% (15), but we did not identify
any statistically significant differences between disease groups us-
ing a more stringent cutoff of a 5% FDR. As previous studies have
shown that stimulating cells ex vivo can identify differences that
are not apparent at baseline (29), we infected PBMCs and macro-
phages with WNV ex vivo for 24 h (MOI = 1). The viral burden
was quantified by gPCR of the WNV envelope gene and was not
different between subjects with a history of asymptomatic disease
and those with severe disease (P > 0.1), making the two groups
comparable. We identified many changes to global gene expres-
sion following WNV infection (1,564 genes at an FDR of <0.05)
(Fig. 1B), including both cell type-specific and shared anti-WNV
gene expression, and the majority of genes differentially expressed
were upregulated (see Fig. S1 in the supplemental material). No-
tably, only one gene (TMEM138) was differentially regulated after
WNV infection in PBMCs (upregulated with an average log,-fold
change of 0.60 for subjects with a history of asymptomatic infec-
tion and downregulated with an average log,-fold change of 0.24
for subjects with a history of severe infection); no genes in mac-
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FIG 1 Schematic plan for systems profiling of PBMCs and macrophages from the asymptomatic (n = 21) and severe disease (n = 18) groups assessed by Illumina
HumanHT-12 v4 Beadchip analysis. (A) Groups were not different with respect to age. (B) Heat map showing z-normalized data for differentially expressed
transcripts in PBMCs and macrophages infected with WNV for 24 h in vitro. (C) To identify genes critical for resistance to WNV infection, microarray data were
assessed for differential expression between subject cohorts as well as pathway analysis. (D to F) A new cohort of stratified subjects (D) was recruited for parallel
immunophenotyping (E) and transcriptional analysis by Nanostring (F). (G) A susceptibility classifier was constructed by using the gene targets identified.

rophages were differentially associated with a history of asymp-
tomatic or severe WNV infection after correction for multiple
testing (FDR << 0.05) (see Table S1 in the supplemental material).
While our single-gene analysis did not detect many significant
genes, manual inspection of the data identified several biologically
interesting candidates among the most differentially expressed
genes (see Table S1 in the supplemental material).

To increase statistical power to detect biologically relevant pat-
terns, we conducted a transcriptional pathway analysis designed
to detect coordinated, but possibly small, changes in sets of related
genes. Using quantitative set analysis for gene expression
(QuSAGE [30]), we identified KEGG pathways that were signifi-
cantly differentially activated between subjects with a history of
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asymptomatic infection and those with severe infection, including
8 KEGG pathways in PBMCs (FDR < 0.05) (Fig. 2) but none in
macrophages (FDR < 0.05). The two pathways with the greatest
significance and difference between groups were chemokine sig-
naling and NOD-like receptor signaling pathways, which were
both significantly higher in subjects with a history of asymptom-
atic infection (pathway activity 0.12- and 0.21-fold higher in
asymptomatic individuals, respectively). We also saw a statisti-
cally significant although smaller change in the focal adhesion
pathway, which was lower in the group with severe infection.
Chemokines and adhesion molecules have both been recognized
as being relevant in severe infection with WNV for mediating the
entry of WNV into the brain (7). Thus, subjects with a history of
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FIG 2 WNV microarray pathway analysis. QuSAGE (30) was used to quantify the activity of KEGG pathways following ex vivo infection with WNV. Severely
infected and asymptomatic subjects showed differential activity in several pathways in PBMCs (FDR < 0.05). MAPK, mitogen-activated protein kinase; VEGF,

vascular endothelial growth factor.

asymptomatic infection and those with severe WNV infection
were associated with distinct transcriptional responses to WNV
infection in vitro.

Immunophenotypic and functional differences between
cells from stratified patient cohorts. In our transcriptional anal-
ysis, we found that a larger number of targets were identified from
PBMCs than from macrophages, most likely reflecting complex
interactions that occur in the mixed cell population and perhaps
suggesting that these cell types may account for more of the vari-
ation in clinical responses. To examine differences in cell subset
frequency that may contribute to susceptibility to WNV infection
between groups, we employed multiparameter flow cytometry of
PBMC:s to profile samples from both cohorts of subjects that had
sufficient cells (Fig. 1D), which included 30 subjects with a history
of severe infection and 21 asymptomatic subjects (Fig. 1E). Sam-
ples were quantified by using 8 panels of antibody markers, in-
cluding 5 designed by the HIPC (22), to cover a broad array of
immune cell types (T cells, B cells, NK cells, Th17 cells, mono-
cytes/dendritic cells [DCs], and Tregs). Importantly, repeated
samples were highly consistent across time for 7 donors whose
PBMCs were drawn twice at a 6-month interval (average R 0£0.94)
(Fig. 3A), suggesting that these measurements are a stable indica-
tion of the state of an individual’s immune system (at least over
several months), and we thus used them as a proxy for the im-
mune state at the time of WNV exposure. We also found broad
overall consistency in subset frequencies across subjects (Fig. 3B),
consistent with data from previous studies of cell subsets (5),
which might be expected, as all subjects were healthy at the time of
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recruitment. Nevertheless, 14 of the 88 cell subsets compared be-
tween the severely infected and asymptomatic disease groups were
identified as having significant differences reflecting both innate
and adaptive cell types (P < 0.05) (Fig. 3C). Of note, subjects with
a history of severe disease had lower levels of plasmacytoid DCs
(pDCs) (CD123™) (P < 0.05), which are critical for antiviral re-
sponses. In the profiling of T cells, severely infected subjects
showed elevated levels of regulatory T cells (P < 0.01), although
these cells were previously shown to have a protective role in acute
infection in murine models and in acute asymptomatic WNV pa-
tients and patients with mild WNV infection (possibly mediated
by Tim3™ Tregs [31, 32]). Although these individual subset dif-
ferences did not remain significant after correcting for multiple-
hypothesis testing (FDR > 0.05), these results raise the possibility
that susceptibility to severe disease correlates with an altered
PBMC composition.

Having identified alterations in subset frequencies of mono-
cytes and pDCs of the innate immune system with potential roles
in resistance to infection with WNV (Fig. 3C), we sought to quan-
tify functional differences in initial viral recognition and innate
immune responses in these cells. We stimulated primary immune
cells of subjects from both disease groups with ligands of Toll-like
receptors that mimic viral ligands and bacterial LPS, a ligand for
TLR4. Compared to asymptomatic donors, we detected reduced
levels of TNF from monocytes (Fig. 3D) and of IFN-a from pDCs
(Fig. 3E) as well as elevated levels of TNF and IL-6 from myeloid
DCs (mDCs) (Fig. 3F and G) of donors with a history of severe
infection. Thus, a history of severe disease was also associated with
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FIG 3 Immunophenotyping of WNV cohorts. PBMCs from subjects with severe (n = 30) and asymptomatic (n = 21) WNV infection were profiled as one batch
by using a robotic platform. (A) Representative correlation of one of seven subjects assessed twice with samples collected at ~6-month intervals. Each point
represents one cell subset measurement. (B) Pearson correlation values across cell subsets for every pair of subjects. (C) For each of the gated populations shown,
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an altered capacity of innate cells to activate key immune pathways
in response to stimulation (15, 31).

Identification of WNV susceptibility genes using a focused
Nanostring panel. To further explore candidate susceptibility
genes identified in microarrays in the first cohort, we designed a
focused gene panel for Nanostring (33) and tested samples from
the independently enrolled second subject cohort (also used for
immunophenotyping) (Fig. 1F). As Nanostring has an improved
dynamic range compared with microarrays, we included probes
for the most promising candidates from our microarray single-
gene differential expression analysis of WNV disease groups.
Comparison of microarrays of untreated samples at baseline un-
der loose FDR conditions showed a total of 140 genes that were
altered between asymptomatic and severely infected subjects, and
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these were chosen for Nanostring analysis (131 genes in PBMCs
[FDR < 0.25] and 9 genes in macrophages [FDR < 0.45]) (see
Table S2 in the supplemental material). Of these, 85 genes were
part of our previously reported 105-gene signature that was based
on the same FDR cutoff but looser fold change criteria on the same
samples (15). Many genes were equivalent at baseline between
cohorts, with differential expression being evident only in re-
sponse to perturbations such as infection with WNV. One exam-
ple is ELF4, a positive regulator for IFN production that we re-
cently identified which plays a role in signaling through the
MAVS-TBK1 complex (34). The level of induction of ELF4 by
WNV was significantly higher in macrophages of subjects with
severe infection than in macrophages of asymptomatic subjects,
which may contribute to more severe infection through increases
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Each point represents a single subject (n = 19 severe; n = 16 asymptomatic).

in the expression levels of multiple cytokines (fold induction by
qPCR of 2.5 versus 1.7; P < 0.04; n = 15/group) (see Fig. S2 in the
supplemental material). Our Nanostring panel also includes genes
chosen from other sources, such as markers that have been shown
in the murine model to play a role in the dissemination of WNV in
vivo or in anti-WNV immune responses (MMP9 [35], SOCS2
[12], IFITM3 [36], and CXCL1 [37]). We included genes that we
identified through transcriptome sequencing (RNA-Seq) analysis
(18) as being critical for resistance to infection by WNV (e.g.,
CLEC5a and TNFAIP), IL-8 responses (15), and IL-4-induced
genes (e.g., CIORF122, ALOX5, CXCR7, DNAJB5, LILRAS,
MARCKSLI1, TPST1, UBE2Q1, and ZSWIM4), since we have
shown that the level of IL-4 is lower in serum of severely infected
WNV patients than in asymptomatic subjects (15). In addition,
we included 36 candidate genes in our focused gene panel based
on prior biological knowledge, such as those identified by
genomic studies in murine models and human genome-wide as-
sociation studies (GWAS) (e.g., SEMA7A, CASP12, RECI,
ANPEP, and SCN1A) (7) as well as those with known antiviral
involvement (e.g., IRF3, OAS1, and MX-1). In order to normalize
the gene expression levels across chips, 50 “housekeeping” genes
were also included based on their near-constant expression levels
across cell types and conditions in our microarray studies. Overall,
we selected 467 genes to generate a Nanostring panel for quanti-
tative monitoring of gene expression (see Table S2 in the supple-
mental material).

The genes selected for the focused Nanostring panel represent
both known and novel gene targets (Fig. 1C; see also Table S2 in
the supplemental material). The relevance of these genes to the
differential outcomes of WNV infection was investigated in the
independent second cohort of stratified WNV subjects (n = 19
severe; n = 16 asymptomatic), consisting of subjects assessed for
immunophenotyping but not included in the microarray experi-
ments used to design the gene panel (Fig. 1D). PBMC and macro-
phage samples were infected with WNV ex vivo as for the microar-
ray analysis, and results from the microarray and Nanostring
platforms showed excellent concordance (R* > 0.8) (Fig. 4A and
data not shown). As expected, the fold changes observed by Nano-
string analysis were often higher than those observed by microar-
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ray analysis (both upregulated and downregulated) due to the
increased dynamic range of the platform. Nanostring analysis
identified 7 genes that were significantly differentially expressed in
PBMCs between the disease groups after infection with WNV
(FDR < 0.05) (IL2RA, OLR1, ZC3H12A, KCTD12, TLRS, IENG,
and SLAMF7) (see Fig. S3A in the supplemental material). In ad-
dition, one gene, IL1B (P < 1.2e—5), was significantly differen-
tially expressed in macrophages between disease groups after in-
fection with WNV (FDR < 0.05) (see Fig. S3B in the supplemental
material).

We next asked whether the gene expression fold changes fol-
lowing WNV infection in macrophages could predict the clinical
phenotype of subjects (asymptomatic and with severe infection).
Using a cross-validation approach, we demonstrated that a sup-
port vector machine (SVM) model constructed by using genes
that meet a differential expression threshold P value of <0.05
could predict phenotypes of individual subjects with 67% accu-
racy. Although only a moderate value, the predictive ability was
highly significant (P < 2.2e—16), thus demonstrating that our
perturbation profiling approach can distinguish clinically relevant
responders in the absence of ongoing infection. A similar analysis
of PBMC responses had an average cross-validation accuracy of
67%. Overall, this analysis identified a susceptibility signature in-
cluding 59 genes in PBMCs (see Fig. S3A in the supplemental
material) and 21 genes in macrophages (see Fig. S3B in the sup-
plemental material) based on the in vitro response of blood sam-
ples to WNV stimulation. As expected, the genes in these suscep-
tibility signatures were able to separate the disease groups by
principal component analysis (PCA) (Fig. 4B and data not
shown).

While discovery of a susceptibility signature offers an impor-
tant screening tool, in vitro infection with WNV is not feasible in
most clinical settings. Thus, we examined whether differences in
susceptibility could be distinguished in our cohorts by stimulation
of macrophages with poly(I-C), the ligand for TLR3 and a model
ligand for viral infections (38). To accomplish this, samples from
our second cohort were stimulated in parallel with poly(I-C) for
testing by Nanostring analysis (# = 16 asymptomatic; n = 19
severe) (see Table S2 in the supplemental material). We found that
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the SVM model constructed by using the WNV infection response
could also predict individual-subject phenotypes from the
poly(I-C) response (61% accuracy; P = 2.2e—16). Furthermore,
when we examined the poly(I-C) response from samples in our
first cohort measured by microarray analysis, these same genes
could also be used to distinguish the disease groups (63% average
3-fold cross-validation accuracy; P = 2.2e—16), even though
none of these genes were found to be individually differentially
expressed.

Integration of cell subset frequencies and transcriptional
profiles. Since PBMC gene expression profiles represent a mixture
of cell types, standard differential expression analysis may miss
cell subset-specific differences. In our study, the same samples
from the second cohort were assessed by multiparameter flow and
Nanostring transcriptional profiling (Fig. 1D), allowing rare and
valuable integration of high-dimensional data for correlation with
the clinical outcomes of our stratified cohort. To search in depth
for such differences, we employed a deconvolution approach to
identify genes with different baseline expression levels between the
asymptomatic (n = 16) and severe (n = 19) infection groups in
the second cohort within specific cell types (27). Indeed, while
standard analysis did not detect any differences, deconvolution
analysis identified significant differences in baseline expression
levels for CXCL10 in mDCs (FDR < 0.05) (Fig. 5). CXCL10 was
also significantly upregulated in PBMCs and macrophages follow-
ing WNV infection (FDR < 0.001). Three other genes were also
identified as being moderately differentially expressed (FDR <
0.2) in a cell subset-specific manner: both TNFRSF9 and GBP1
were upregulated among asymptomatic subjects in mDCs, and the
RGS18 level was higher in CD8 T cells of severe subjects. Thus,
along with altered innate cell type frequencies, we identified genes
with significantly altered expression in mDCs when we compared
subjects with a history of asymptomatic WNV infection and those
with severe WNV infection.
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DISCUSSION

High-dimensional multisystem profiling approaches have been
successful in determining immunological outcomes such as vac-
cine responsiveness (1—4). Here, our multisystem study ex vivo of
primary cells from a stratified cohort has revealed determinants
that contribute to a susceptible profile. Our studies permit an
informed prediction of critical factors in antiviral responses, and
such translational studies are essential, as animal models may not
reflect pathophysiological responses (39). The methods employed
here, including validated multiparameter immunophenotyping
and genome-wide transcriptional profiling, provide data for dis-
criminating between susceptible and resistant WNV subjects. The
relevance of the genes identified here is heightened, as the critical
differences were identified in a healthy convalescent cohort based
on severity at the time of illness and were evident from the stable
characteristics of individual immune cell frequencies and gene
expression (5, 6). We identified a predictive gene signature of sus-
ceptibility (67% accuracy) with a high level of significance to dis-
tinguish anti-WNYV response patterns. The distinguishing suscep-
tibility elements were not apparent at baseline but were revealed
by responses to stimulation both in transcriptional profiles and in
functional cellular responses.

Of the genes identified in the susceptibility signature, while
some are well characterized, several were not previously known to
be involved in anti-WNV responses. Critical anti-WNV factors
identified here in primary human cells (7, 10, 11, 31) include fac-
tors such as the IFITM protein family, IFI27 from our signature,
that contribute broadly to cellular resistance to WNV and dengue
virus (36, 40). Chemokines and adhesion molecules play a critical
role in access to the brain in severe neurological infection by WNV
(7). Notably, our study also highlights the importance of produc-
tion of CXCL10, which leads to the control of WNV in the murine
model (41). CXCLI10 is decreased in dendritic cells from older
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donors in response to WNV infection ex vivo (14) and is lower in
macrophages of a cohort of subjects who fail to clear infection
with the related flavivirus hepatitis C virus (29).

The most prominent alteration revealed in our studies of pri-
mary cells from a stratified cohort is a key role for decreased IL1B
induction following infection with WNV for subjects with severe
versus asymptomatic infection (P < 1.2e—5). Recent studies have
identified an essential role for IL1B signaling in the control of
WNV in the central nervous system (CNS) (42) and in the pro-
duction of CXCL10, mediated by polyubiquitinylation of the an-
tiviral transcription factor IRF1 (43), which may play a role in the
differential expression of CXCL10 in our cohorts. Furthermore, in
the murine model, IL-1 receptor signaling is critical for the acti-
vation of both dendritic cell and adaptive CD4" T cell responses
and the control of viral load in the CNS (44). Central to this acti-
vation is the bioactive sphingolipid mediator S1P, which is in-
duced upon immune cell activation (45) and which is in turn
inactivated by SGPP2 (sphingosine-1-phosphate phosphatase 2),
another of the genes in our susceptibility signature. S1P receptor
ligation has recently been shown to diminish the cytokine storm
produced after influenza virus infection and holds promise for
therapeutic intervention in acute infection (46).

In combination with results of GWAS studies, previously iden-
tified age-related susceptibility (12, 14), and experimental models
(7), the genes newly identified here illuminate elements of an al-
tered immune state that leads to susceptibility to WNV. Another
signature gene, SEMA4A, a class IV semaphorin expressed widely
in the body and mainly on DCs in immune cells which is known to
stimulate T cells and promote Th cell differentiation (47), was not
previously identified in anti-WNYV responses. WNV-infected sub-
jects with a history of severe infection have reduced numbers of
Th1/Th17 cells and Tregs (31), consistent with reduced SEMA4A
levels (31). The related class VII semaphorin family member
SEMA7A (CD108) was previously shown to diminish WNV infec-
tion through reduced viral loads and levels of TNF-a mediated by
transforming growth factor 1 (TGF-B1)/Smad6 signaling lead-
ing to diminished blood-brain barrier permeability and lower lev-
els of viral entry to the brain (21).

The ability to characterize a person’s immune state to predict
the response to infection is an attainable goal, and here, we dem-
onstrate such an approach by identifying a signature associated
with susceptibility to WNV. Our cohort of human subjects pro-
vides many essential elements for this in-depth investigation, in-
cluding significantly different clinical responses and sufficient
availability of experimental material from healthy subjects. While
many characteristic individual immune parameters are stable and
reflect a baseline immune status (5, 6), our subjects were not ex-
amined prior to infection, our studies do not address acute infec-
tion, and the ex vivo gene expression differences may not be casu-
ally related to clinical outcome. While we cannot exclude that
responses in severe subjects may result from WNYV infection or
effects of persistent antigen (17, 48), our findings of differential
innate cell function suggest that naive responses are being exam-
ined. Finally, it will be valuable to examine IL-1 responses across
different populations, as IL-1 is known to vary in genetic associa-
tion studies and, as a key regulator of the inflammatory process,
may be critical to resistance to viral infections (49).

Through systems analysis of primary cells and bioinformat-
ics analysis, we have identified global changes in virally induced
gene expression and identified novel determinants of suscepti-
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bility to WNV. Our development of a focused gene panel cre-
ates a resource for investigations of other pathogens, in partic-
ular for related viruses such as hepatitis C virus and dengue
virus. These “systems” investigations promote the identifica-
tion of predictors of disease course and complications that are
particularly notable for being detected in the absence of ongo-
ing infection. The availability of such multifaceted interroga-
tion of reliably curated patient cohorts with data-sharing and
data-mining techniques should accelerate the identification of
critical elements of immune resistance and mechanisms of
pathogenesis for targeted therapeutic decision-making.

ACKNOWLEDGMENTS

This work was supported in part by the National Institutes of Health
(HHS grants N272201100019C, U19A1089992, A1091816, and A1057229)
and the Gillson Longenbaugh Foundation.

S.5.5.-0. is a Taub fellow, R.G. is a Lady Davis fellow, and E.F. is an
investigator of the Howard Hughes Medical Institute.

We are grateful to Stephanie Argraves, Shu Chen, Barbara Siconolfi,
and Sui Tsang for expert research support and to the Yale HIPC team for
insightful discussions.

REFERENCES

1. Nakaya HI, Wrammert J, Lee EK, Racioppi L, Marie-Kunze S, Haining
WN, Means AR, Kasturi SP, Khan N, Li GM, McCausland M, Kanchan
V, Kokko KE, Li S, Elbein R, Mehta AK, Aderem A, Subbarao K,
Ahmed R, Pulendran B. 2011. Systems biology of vaccination for seasonal
influenza in humans. Nat Immunol 12:786-795. http://dx.doi.org/10
.1038/ni.2067.

2. Furman D, Jojic V, Kidd B, Shen-Orr S, Price J, Jarrell ], Tse T, Huang H,
Lund P, Maecker HT, Utz PJ, Dekker CL, Koller D, Davis MM. 2013.
Apoptosis and other immune biomarkers predict influenza vaccine respon-
siveness. Mol Syst Biol 9:659. http://dx.doi.org/10.1038/msb.2013.15.

3. Obermoser G, Presnell S, Domico K, Xu H, Wang Y, Anguiano E,
Thompson-Snipes L, Ranganathan R, Zeitner B, Bjork A, Anderson D,
Speake C, Ruchaud E, Skinner J, Alsina L, Sharma M, Dutartre H,
Cepika A, Israelsson E, Nguyen P, Nguyen QA, Harrod AC, Zurawski
SM, Pascual V, Ueno H, Nepom GT, Quinn C, Blankenship D, Palucka
K, Banchereau J, Chaussabel D. 2013. Systems scale interactive explora-
tion reveals quantitative and qualitative differences in response to influ-
enza and pneumococcal vaccines. Immunity 38:831-844. http://dx.doi
.org/10.1016/j.immuni.2012.12.008.

4. Li S, Rouphael N, Duraisingham S, Romero-Steiner S, Presnell S, Davis
C, Schmidt DS, Johnson SE, Milton A, Rajam G, Kasturi S, Carlone
GM, Quinn C, Chaussabel D, Palucka AK, Mulligan MJ, Ahmed R,
Stephens DS, Nakaya HI, Pulendran B. 2014. Molecular signatures of
antibody responses derived from a systems biology study of five human
vaccines. Nat Immunol 15:195-204. http://dx.doi.org/10.1038/ni.2789.

5. Sekiguchi DR, Smith SB, Sutter JA, Goodman NG, Propert K, Louzoun
Y, Rogers W, Luning Prak ET. 2011. Circulating lymphocyte subsets in
normal adults are variable and can be clustered into subgroups. Cytom B
Clin Cytom 80:291-299. http://dx.doi.org/10.1002/cyto.b.20594.

6. Whitney AR, Diehn M, Popper SJ, Alizadeh AA, Boldrick JC, Relman
DA, Brown PO. 2003. Individuality and variation in gene expression
patterns in human blood. Proc Natl Acad Sci U S A 100:1896—-1901. http:
//dx.doi.org/10.1073/pnas.252784499.

7. Colpitts TM, Conway MJ, Montgomery RR, Fikrig E. 2012. West Nile
virus: biology, transmission and human infection. Clin Microbiol Rev
25:635—648. http://dx.doi.org/10.1128/CMR.00045-12.

8. Petersen LR, Carson PJ, Biggerstaff BJ, Custer B, Borchardt SM, Busch
MP. 2013. Estimated cumulative incidence of West Nile virus infection in
US adults, 1999-2010. Epidemiol Infect 141:591-595. http://dx.doi.org
/10.1017/50950268812001070.

9. Suthar MS, Brassil MM, Blahnik G, McMillan A, Ramos HJ, Proll SC,
Belisle SE, Katze MG, Gale M, Jr. 2013. A systems biology approach
reveals that tissue tropism to West Nile virus is regulated by antiviral genes
and innate immune cellular processes. PLoS Pathog 9:e1003168. http://dx
.doi.org/10.1371/journal.ppat.1003168.

10. Brien JD, Uhrlaub JL, Nikolich-Zugich J. 2008. West Nile virus-specific

January 2015 Volume 22 Number 1

Ausianiun sfeA Agq $T0Z ‘0€ Jaquiada uo /Bio wise 1Ad//:dny woly papeojumod


http://dx.doi.org/10.1038/ni.2067
http://dx.doi.org/10.1038/ni.2067
http://dx.doi.org/10.1038/msb.2013.15
http://dx.doi.org/10.1016/j.immuni.2012.12.008
http://dx.doi.org/10.1016/j.immuni.2012.12.008
http://dx.doi.org/10.1038/ni.2789
http://dx.doi.org/10.1002/cyto.b.20594
http://dx.doi.org/10.1073/pnas.252784499
http://dx.doi.org/10.1073/pnas.252784499
http://dx.doi.org/10.1128/CMR.00045-12
http://dx.doi.org/10.1017/S0950268812001070
http://dx.doi.org/10.1017/S0950268812001070
http://dx.doi.org/10.1371/journal.ppat.1003168
http://dx.doi.org/10.1371/journal.ppat.1003168
http://cvi.asm.org
http://cvi.asm.org/

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

January 2015 Volume 22 Number 1

CD4 T cells exhibit direct antiviral cytokine secretion and cytotoxicity and
are sufficient for antiviral protection. ] Immunol 181:8568—8575. http:
//dx.doi.org/10.4049/jimmunol.181.12.8568.

Diamond MS, Shrestha B, Marri A, Mahan D, Engle M. 2003. B cells and
antibody play critical roles in the immediate defense of disseminated in-
fection by West Nile encephalitis virus. J Virol 77:2578-2586. http://dx
.doi.org/10.1128/JV1.77.4.2578-2586.2003.

Kong K-F, Delroux K, Wang X, Qian F, Arjona A, Malawista SE, Fikrig
E, Montgomery RR. 2008. Dysregulation of TLR3 impairs the innate
immune response to West Nile virus in the elderly. ] Virol 82:7613-7623.
http://dx.doi.org/10.1128/JV1.00618-08.

Brien JD, Uhrlaub JL, Hirsch A, Wiley CA, Nikolich-Zugich J. 2009. Key
role of T cell defects in age-related vulnerability to West Nile virus. ] Exp
Med 206:2735-2745. http://dx.doi.org/10.1084/jem.20090222.

Qian F, Wang X, Zhang L, Lin A, Zhao H, Fikrig E, Montgomery RR.
2011. Impaired interferon signaling in dendritic cells from older donors
infected in vitro with West Nile virus. J Infect Dis 203:1415-1424. http:
//dx.doi.org/10.1093/infdis/jir048.

Qian F, Thakar J, Yuan X, Nolan M, Murray KO, Lee WT, Wong SJ, Meng
H, Fikrig E, Kleinstein SH, Montgomery RR. 2014. Immune markers asso-
ciated with host susceptibility to infection with West Nile virus. Viral Immu-
nol 27:39—-47. http://dx.doi.org/10.1089/vim.2013.0074.

Brusic V, Gottardo R, Kleinstein SH, Davis MM, HIPC Steering Com-
mittee. 2014. Computational resources for high-dimensional immune
analysis from the Human Immunology Project Consortium. Nat Biotech-
nol 32:146-148. http://dx.doi.org/10.1038/nbt.2777.

Nolan MS, Schuermann J, Murray KO. 2013. West Nile virus infection
among humans, Texas, USA, 2002-2011. Emerg Infect Dis 19:137-139.
http://dx.doi.org/10.3201/eid1901.121135.

Qian F, Chung L, Zheng W, Bruno VM, Alexander RP, Wang Z, Wang
X, Kurscheid S, Zhao H, Fikrig E, Gerstein M, Snyder M, Montgomery
RR. 2013. Identification of genes critical for resistance to infection by West
Nile virus using RNA-Seq analysis. Viruses 5:1664—1681. http://dx.doi
.org/10.3390/v5071664.

Anderson JF, Andreadis TG, Vossbrinck CR, Tirrell S, Wakem EM, French
RA, Garmendia AE, Van Kruiningen HJ. 1999. Isolation of West Nile virus
from mosquitoes, crows, and a Cooper’s hawk in Connecticut. Science 286:
2331-2333. http://dx.doi.org/10.1126/science.286.5448.2331.

Gould LH, Sui J, Foellmer H, Oliphant T, Wang T, Ledizet M, Mu-
rakami A, Noonan K, Lambeth C, Kar K, Anderson JF, de Silva AM,
Diamond MS, Koski RA, Marasco WA, Fikrig E. 2005. Protective and
therapeutic capacity of human single-chain Fv-Fc fusion proteins against
West Nile virus. J Virol 79:14606-14613. http://dx.doi.org/10.1128/JVI
.79.23.14606-14613.2005.

Sultana H, Neelakanta G, Foellmer HG, Montgomery RR, Anderson JF,
Koski RA, Medzhitov RM, Fikrig E. 2012. Semaphorin 7A contributes to
West Nile virus pathogenesis through TGF-B1/Smadé6 signaling. ] Immu-
nol 189:3150-3158. http://dx.doi.org/10.4049/jimmunol.1201140.
Maecker HT, McCoy JP, Nussenblatt R. 2012. Standardizing immuno-
phenotyping for the Human Immunology Project. Nat Rev Immunol 12:
191-200. http://dx.doi.org/10.1038/nri3158.

Du P, Kibbe WA, Lin SM. 2008. lumi: a pipeline for processing Illumina
microarray. Bioinformatics 24:1547—1548. http://dx.doi.org/10.1093/bio
informatics/btn224.

Smyth GK. 2005. Limma: linear models for microarray data, p 397—420.
In Gentleman R, Carey V, Dudoit S, Irizarry R, Huber W (ed), Bioinfor-
matics and computational biology solutions using R and Bioconductor.
Springer, New York, NY.

Karatzoglou A, Smola A, Hornik K, Zeileis A. 2004. kernlab—an S4
package for kernel methods in R. J Stat Softw 11:1-20.

Gaujoux R, Seoighe C. 2013. CellMix: a comprehensive toolbox for gene
expression deconvolution. Bioinformatics 29:2211-2212. http://dx.doi
.org/10.1093/bioinformatics/btt351.

Shen-Orr SS, Tibshirani R, Khatri P, Bodian DL, Staedtler F, Perry NM,
Hastie T, Sarwal MM, Davis MM, Butte A]J. 2010. Cell type-specific gene
expression differences in complex tissues. Nat Methods 7:287-289. http:
//dx.doi.org/10.1038/nmeth.1439.

Busch MP, Kleinman SH, Tobler LH, Kamel HT, Norris PJ, Walsh 1,
Matud JL, Prince HE, Lanciotti RS, Wright DJ, Linnen JM, Caglioti S.
2008. Virus and antibody dynamics in acute West Nile virus infection. J
Infect Dis 198:984-993. http://dx.doi.org/10.1086/591467.

Qian F, Bolen CR, Wang X, Jing C, Fikrig E, Bruce RD, Kleinstein SH,
Montgomery RR. 2013. Impaired Toll-like receptor 3-mediated inter-

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Clinical and Vaccine Immunology

Profiling Immune Responses to West Nile Virus

feron responses from macrophages of patients chronically infected with
hepatitis C virus. Clin Vaccine Immunol 20:146—155. http://dx.doi.org/10
.1128/CVI1.00530-12.

Yaari G, Bolen CR, Thakar J, Kleinstein SH. 2013. Quantitative set
analysis for gene expression: a method to quantify gene set differential
expression including gene-gene correlations. Nucleic Acids Res 41:e170.
http://dx.doi.org/10.1093/nar/gkt660.

Lanteri MC, O’Brien KM, Purtha WE, Cameron MJ, Lund JM, Owen
RE, Heitman JW, Custer B, Hirschkorn DF, Tobler LH, Kiely N, Prince
HE, Ndhlovu LC, Nixon DF, Kamel HT, Kelvin DJ, Busch MP, Ruden-
sky AY, Diamond MS, Norris PJ. 2009. Tregs control the development of
symptomatic West Nile virus infection in humans and mice. J Clin Invest
119:3266-3277. http://dx.doi.org/10.1172/JCI39387.

Lanteri MC, Diamond MS, Law JP, Chew GM, Wu S, Inglis HC, Wong
D, Busch MP, Norris PJ, Ndhlovu LC. 2014. Increased frequency of
Tim-3 expressing T cells is associated with symptomatic West Nile virus
infection. PLoS One 9:¢92134. http://dx.doi.org/10.1371/journal.pone
.0092134.

Geiss GK, Bumgarner RE, Birditt B, Dahl T, Dowidar N, Dunaway DL,
Fell HP, Ferree S, George RD, Grogan T, James JJ, Maysuria M, Mitton
JD, Oliveri P, Osborn JL, Peng T, Ratcliffe AL, Webster PJ, Davidson
EH, Hood L, Dimitrov K. 2008. Direct multiplexed measurement of gene
expression with color-coded probe pairs. Nat Biotechnol 26:317-325.
http://dx.doi.org/10.1038/nbt1385.

You F, Wang P, Yang L, Yang G, Zhao YO, Qian F, Walker W, Sutton
RE, Montgomery RR, Lin R, Iwasaki A, Fikrig E. 2013. ELF4 is critical
for induction of type I interferon and the host antiviral response. Nat
Immunol 14:1237-1246. http://dx.doi.org/10.1038/ni.2756.

Wang P, Dai ], Bai F, Kong KF, Wong SJ, Montgomery RR, Madri JA,
Fikrig E. 2008. Matrix metalloproteinase 9 facilitates West Nile virus entry
into the brain. J Virol 82:8978—8985. http://dx.doi.org/10.1128/JV1.00314
-08.

Brass AL, Benita Y, John SP, Krishnan MN, Feeley EM, Ryan BJ, Weyer
JL, van der Weyden L, Fikrig E, Adams DJ, Xavier RJ, Farzan M,
Elledge SJ. 2009. The IFITM proteins mediate cellular resistance to influ-
enza A HINI virus, West Nile virus, and dengue virus. Cell 139:1243—
1254. http://dx.doi.org/10.1016/j.cell.2009.12.017.

Bai F, Kong K-F, Dai J, Qian F, Zhang L, Brown CR, Fikrig E,
Montgomery RR. 2010. A paradoxical role for neutrophils in the patho-
genesis of West Nile virus. J Infect Dis 202:1804-1812. http://dx.doi.org
/10.1086/657416.

Alexopoulou L, Holt AC, Medzhitov R, Flavell RA. 2001. Recognition of
double-stranded RNA and activation of NE-kB by Toll-like receptor 3.
Nature 413:732-738. http://dx.doi.org/10.1038/35099560.

Seok J, Warren HS, Cuenca AG, Mindrinos MN, Baker HV, Xu W,
Richards DR, McDonald-Smith GP, Gao H, Hennessy L, Finnerty CC,
Lopez CM, Honari S, Moore EE, Minei JP, Cuschieri J, Bankey PE,
Johnson JL, Sperry J, Nathens AB, Billiar TR, West MA, Jeschke MG,
Klein MB, Gamelli RL, Gibran NS, Brownstein BH, Miller-Graziano C,
Calvano SE, Mason PH, Cobb JP, Rahme LG, Lowry SF, Maier RV,
Moldawer LL, Herndon DN, Davis RW, Xiao W, Tompkins RG. 2013.
Genomic responses in mouse models poorly mimic human inflammatory
diseases. Proc Natl Acad Sci U S A 110:3507-3512. http://dx.doi.org/10
.1073/pnas.1222878110.

Cho H, Shrestha B, Sen GC, Diamond MS. 2013. A role for Ifit2 in
restricting West Nile virus infection in the brain. J Virol 87:8363—8371.
http://dx.doi.org/10.1128/JV1.01097-13.

Klein RS, Lin E, Zhang B, Luster AD, Tollett J, Samuel MA, Engle M,
Diamond MS. 2005. Neuronal CXCL10 directs CD8+ T-cell recruitment
and control of West Nile virus encephalitis. ] Virol 79:11457-11466. http:
//dx.doi.org/10.1128/JV1.79.17.11457-11466.2005.

Ramos HJ, Lanteri MC, Blahnik G, Negash A, Suthar MS, Brassil MM,
Sodhi K, Treuting PM, Busch MP, Norris PJ, Gale M, Jr. 2012. IL-1beta
signaling promotes CNS-intrinsic immune control of West Nile virus in-
fection. PLoS Pathog 8:¢1003039. http://dx.doi.org/10.1371/journal.ppat
.1003039.

Harikumar KB, Yester JW, Surace MJ, Oyeniran C, Price MM, Huang
WG, Hait NC, Allegood JC, Yamada A, Kong X, Lazear HM, Bhardwaj
R, Takabe K, Diamond MS, Luo C, Milstien S, Spiegel S, Kordula T.
2014. K63-linked polyubiquitination of transcription factor IRF1 is essen-
tial for IL-1-induced production of chemokines CXCL10 and CCL5. Nat
Immunol 15:231-238. http://dx.doi.org/10.1038/ni.2810.

Durrant DM, Robinette ML, Klein RS. 2013. IL-1R1 is required for

cviasm.org 15

Ausianiun sfeA Agq $T0Z ‘0€ Jaquiada uo /Bio wise 1Ad//:dny woly papeojumod


http://dx.doi.org/10.4049/jimmunol.181.12.8568
http://dx.doi.org/10.4049/jimmunol.181.12.8568
http://dx.doi.org/10.1128/JVI.77.4.2578-2586.2003
http://dx.doi.org/10.1128/JVI.77.4.2578-2586.2003
http://dx.doi.org/10.1128/JVI.00618-08
http://dx.doi.org/10.1084/jem.20090222
http://dx.doi.org/10.1093/infdis/jir048
http://dx.doi.org/10.1093/infdis/jir048
http://dx.doi.org/10.1089/vim.2013.0074
http://dx.doi.org/10.1038/nbt.2777
http://dx.doi.org/10.3201/eid1901.121135
http://dx.doi.org/10.3390/v5071664
http://dx.doi.org/10.3390/v5071664
http://dx.doi.org/10.1126/science.286.5448.2331
http://dx.doi.org/10.1128/JVI.79.23.14606-14613.2005
http://dx.doi.org/10.1128/JVI.79.23.14606-14613.2005
http://dx.doi.org/10.4049/jimmunol.1201140
http://dx.doi.org/10.1038/nri3158
http://dx.doi.org/10.1093/bioinformatics/btn224
http://dx.doi.org/10.1093/bioinformatics/btn224
http://dx.doi.org/10.1093/bioinformatics/btt351
http://dx.doi.org/10.1093/bioinformatics/btt351
http://dx.doi.org/10.1038/nmeth.1439
http://dx.doi.org/10.1038/nmeth.1439
http://dx.doi.org/10.1086/591467
http://dx.doi.org/10.1128/CVI.00530-12
http://dx.doi.org/10.1128/CVI.00530-12
http://dx.doi.org/10.1093/nar/gkt660
http://dx.doi.org/10.1172/JCI39387
http://dx.doi.org/10.1371/journal.pone.0092134
http://dx.doi.org/10.1371/journal.pone.0092134
http://dx.doi.org/10.1038/nbt1385
http://dx.doi.org/10.1038/ni.2756
http://dx.doi.org/10.1128/JVI.00314-08
http://dx.doi.org/10.1128/JVI.00314-08
http://dx.doi.org/10.1016/j.cell.2009.12.017
http://dx.doi.org/10.1086/657416
http://dx.doi.org/10.1086/657416
http://dx.doi.org/10.1038/35099560
http://dx.doi.org/10.1073/pnas.1222878110
http://dx.doi.org/10.1073/pnas.1222878110
http://dx.doi.org/10.1128/JVI.01097-13
http://dx.doi.org/10.1128/JVI.79.17.11457-11466.2005
http://dx.doi.org/10.1128/JVI.79.17.11457-11466.2005
http://dx.doi.org/10.1371/journal.ppat.1003039
http://dx.doi.org/10.1371/journal.ppat.1003039
http://dx.doi.org/10.1038/ni.2810
http://cvi.asm.org
http://cvi.asm.org/

Qian et al.

45.

46.

47.

16

dendritic cell-mediated T cell reactivation within the CNS during West
Nile virus encephalitis. ] Exp Med 210:503-516. http://dx.doi.org/10.1084
/jem.20121897.

Mechtcheriakova D, Wlachos A, Sobanov J, Kopp T, Reuschel R,
Bornancin F, Cai R, Zemann B, Urtz N, Stingl G, Zlabinger G, Woiset-
schlager M, Baumruker T, Billich A. 2007. Sphingosine 1-phosphate
phosphatase 2 is induced during inflammatory responses. Cell Signal 19:
748-760. http://dx.doi.org/10.1016/j.cellsig.2006.09.004.

Teijaro JR, Walsh KB, Rice S, Rosen H, Oldstone MB. 2014. Mapping
the innate signaling cascade essential for cytokine storm during influenza
virus infection. Proc Natl Acad Sci U S A 111:3799-3804. http://dx.doi.org
/10.1073/pnas.1400593111.

Kumanogoh A, Shikina T, Suzuki K, Uematsu S, Yukawa K, Kashiwa-

cvi.asm.org

48.

49.

Clinical and Vaccine Immunology

mura S, Tsutsui H, Yamamoto M, Takamatsu H, Ko-Mitamura EP,
Takegahara N, Marukawa S, Ishida I, Morishita H, Prasad DV, Tamura
M, Mizui M, Toyofuku T, Akira S, Takeda K, Okabe M, Kikutani H.
2005. Nonredundant roles of Sema4A in the immune system: defective T
cell priming and Th1/Th2 regulation in Sema4A-deficient mice. Immu-
nity 22:305-316. http://dx.doi.org/10.1016/j.immuni.2005.01.014.
Murray K, Walker C, Herrington E, Lewis JA, McCormick J, Beasley
DW, Tesh RB, Fisher-Hoch S. 2010. Persistent infection with West Nile
virus years after initial infection. J Infect Dis 201:2—4. http://dx.doi.org/10
.1086/648731.

Tuncbilek S. 2014. Relationship between cytokine gene polymorphisms
and chronic hepatitis B virus infection. World J Gastroenterol 20:6226—
6235. http://dx.doi.org/10.3748/wjg.v20.120.6226.

January 2015 Volume 22 Number 1

Ausianiun sfeA Agq $T0Z ‘0€ Jaquiada uo /Bio wise 1Ad//:dny woly papeojumod


http://dx.doi.org/10.1084/jem.20121897
http://dx.doi.org/10.1084/jem.20121897
http://dx.doi.org/10.1016/j.cellsig.2006.09.004
http://dx.doi.org/10.1073/pnas.1400593111
http://dx.doi.org/10.1073/pnas.1400593111
http://dx.doi.org/10.1016/j.immuni.2005.01.014
http://dx.doi.org/10.1086/648731
http://dx.doi.org/10.1086/648731
http://dx.doi.org/10.3748/wjg.v20.i20.6226
http://cvi.asm.org
http://cvi.asm.org/

	Systems Immunology Reveals Markers of Susceptibility to West Nile Virus Infection
	MATERIALS AND METHODS
	Human subjects.
	Preparation of blood cells.
	WNV strains and infections.
	Flow cytometry.
	RNA preparation, qPCR, microarrays, and Nanostring analysis.
	Microarray analysis.
	Normalization of Nanostring panels.
	Development of a susceptibility classifier.
	Deconvolution analysis.
	Microarray data accession number.

	RESULTS
	Differences in gene expression and pathway activity between stratified patient cohorts.
	Immunophenotypic and functional differences between cells from stratified patient cohorts.
	Identification of WNV susceptibility genes using a focused Nanostring panel.
	Integration of cell subset frequencies and transcriptional profiles.

	DISCUSSION
	ACKNOWLEDGMENTS
	REFERENCES


