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Oral squamous cell carcinoma (OSCC) is a major concern with high morbidity and
mortality worldwide, even with the current knowledge and the advancement in treatment.
OSCCs diagnosed at late-stage often require wide-excision with or without neck
dissection, radiotherapy, or chemotherapy. When deemed successful, treatment often
results in diminished quality of life, impaired function, and disfigurement. Strategies for
early detection are urgently needed for patients afflicted with this disease. Inflammatory
protein plasma biomarkers have shown to be potential tests for early detection and
disease monitoring in several cancers. There has been no study on inflammation-related
plasma biomarkers in OSCC. The objectives of the study were to use a multiplex
approach to screen plasma-derived biomarkers and to examine the association of
measurable proteins with OSCC. A total of 260 plasma samples (210 OSCC and 50
normal controls) were collected to measure for concentration of inflammatory related
biomarkers using electrochemiluminescence multiplex assay. After screening of 82
potential biomarkers of the first 160 OSCC, 16 cytokines, chemokines, and growth
factors were identified and verified in the second set of samples containing 50 OSCC
and 50 normal. After adjustment of age and batch effects, the adjusted differential
expression analysis showed that the OSCCs were markedly lower in 14 biomarkers
and significantly higher level of interleukin 1 receptor antagonist (IL1Ra). By performing
unsupervised clustering analysis, we observed distinctive groups of normal and two
subgroups of OSCC. Linear regression of IL2, IL1Ra, and macrophage inhibitory factor
(MIF) showed high accuracy in classifying OSCC with sensitivity of 0.96 and specificity
of 0.92. In conclusion, this is the first paper to identify potential inflammatory plasma
protein biomarkers of patients with OSCC. With further validation, the set of biomarkers
can potentially be used to assist in early detection of OSCC when the disease is localized
and in more treatable stage.
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INTRODUCTION

Oral squamous cell carcinoma (OSCC), the most common form
of oral cancer, remains a global health issue accounting for
274,000 new cases and 145,000 deaths each year (1, 2). Despite
advancement in treatment, the improvement of 5-year survival
rates (30-60%) is diminutive mainly due to the aggressive nature
of this disease and its high recurrence rates in lymph nodes
and distant organs (3, 4). Early detection of cancerous lesions
at more localized and treatable stages can potentially improve
this decimal outcome. However, OSCCs are often caught at late
stage which largely relies on regular screenings with invasive
diagnostic biopsies. In addition, post-treatment complications
include scarring and trauma which often cause tissue alterations
and can preclude identification of early recurrence. Moreover,
repeated biopsies for post-treatment monitoring is impractical
and can further traumatize the yet-to-heal mucosal surface.
Therefore, there is a need for a non-invasive tool for early
detection of OSCC to improve clinical treatment and patient’s
quality of life.

The advancement of genomic technologies has made it
possible for early detection of key biological events that
contribute to tumorigenesis of OSCC. It is largely accepted that
OSCC, like other cancers, is a genetic disease characterized
with loss of heterozygosity (5, 6), deregulation of cell cycle or
proliferation proteins expression (7-10), and dysregulation of
microRNA expression (11-14). Harnessing the immune response
directed against tumors is another promising event given the
well-established evidence of immune-related molecules reacting
toward tumor antigens in a variety of cancer types. Given
such, identification of biomarkers that are specific to the OSCC
environment would provide an effective strategy for cancer
screening.

The circulatory system has been known to constitute of
components that reflect diverse physiological and pathological
states. Therefore, the sampling of blood, as opposed to tissue
biopsies, is an attractive avenue for developing a relatively less-
invasive screening test, especially with the advent of proteomic
technologies such as mass spectrometry or microarray-based
assays. Previous studies comparing serum or plasma levels
between healthy controls, premalignant, and OSCC have revealed
significant differences in several proteins such as angiogenic
factor (15-17), cytokines, chemokines, and growth factors (18-
21). The objectives of this study were to use a multiplex
approach to screen plasma-derived biomarkers and to examine
the association of measurable proteins with OSCC.

MATERIALS AND METHODS
Study Population

The OSCC patients were identified from a pan-Canadian surgical
trial (NCT01039298) (22). Among the 443 patients enrolled
between 2010 and 2016, we identified 210 OSCCs from the
oral anatomical sites (ICD-10 site codes of C02.0—C06.9)
with at least 3 years of post-surgery follow-up. The blood
samples were collected at time of surgery, processed within
4h of collection, and had not gone through any freeze-thaw

cycle. Patient baseline demographic data included age, sex,
ethnicity, smoking history, exposure to second-hand smoke,
and alcohol consumption. Clinical-pathological data included
lesion anatomical site, clinical assessment of tumor size and neck
lymphadenopathy, tumor grade, depth of invasion. Outcome
data included overall survival, disease-specific survival, and
development of nodal disease during post-surgery follow-up.

In addition to the OSCC samples, there were 60 normal
samples used. Ten samples were from existing normal blood
samples collected for other studies and served as a baseline
normal for Cohort 1; 50 plasma samples from participants of the
British Columbia Generations Project (BCGP) were requested
based on one-to-one matching criteria for age (&5 years old),
sex, and smoking history. These participants, recruited between
2010 and 2016, had no known cancer history at the time of
blood collection up to the last data update in November 2017.
Pre-analytical conditions were the same as those of the OSCC
samples, including processing whole-blood samples within 4h
of collection and samples had not gone through any freeze-
thaw cycle. These BCGP samples served as baseline normal in
comparative analyses. Supplementary Tables 1, 2 summarize the
study population by Cohort. The study schema is illustrated in
Figure 1.

This study was carried out in accordance with the
recommendations of University of British Columbia Clinical
Research Ethics and the BC Cancer Research Ethics General
Guidance Notes (GNs), BC Cancer Agency Research Ethics
Board. This study utilized the clinical information and samples
collected from existing studies which were approved by the BC
Cancer Agency Research Ethics Board (REB#H09-03090 and
REB#HO08-01354, respectively). The present study was approved
under REB#17-02031.

Sample Preparation

Whole blood samples were collected in EDTA vacutainer tubes
(Becton Dickinson, Franklin Lakes, NJ, USA), either at time
of surgery for OSCC or at the time of enrollment to BCGP,
stored at 4°C, and processed within 4 h of collection. The OSCC
whole blood samples were centrifuged at 1,500 x g for 15min
at room temperature to separate blood plasma which were then
stored at —80°C until usage. The BCGP whole blood samples
were processed for plasma separation in accordance to BCGP’s
standard operating protocol, with centrifugation at 1,300 x g for
10 min at 4°C (23).

Electrochemiluminescence Multiplex

Assays

Plasma protein expression was measured based on multiplex
electrochemiluminescence (ECL) detection assays using
commercially available kits from Meso Scale Diagnostics (MSD)
(Rockville, MD, USA). We first screened potential OSCC
biomarkers among the 82 biomarkers across Cohort 1 (150
OSCC and 10 normal; Figure 1). These 82 biomarkers were
included in the V-PLEX Angiogenesis Panel 1 Human Kit (n
= 3, K15190D), V-PLEX Vascular Injury Panel 2 Human Kit
(n = 5, K15198D), U-PLEX TGF-f Combo Human (n = 3,
K15241K), and U-PLEX Biomarker Group 1 Human (n = 71,
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Generations Project.

Cohort 1 Cohort 2 Comparative analyses
82 biomarkers Selection of 16 biomarkers 16 biomarkers
150 0SCC biomarkers 70* 0SCC 210 0SCC
10 Normal 50 BCGP Normal 50 BCGP Normal
Screening Verification

FIGURE 1 | Study scheme and samples. *Includes: 60 new OSCCs and 10 OSCCs from Cohort 1. OSCC, oral squamous cell carcinoma; BCGP, British Columbia

K15081K). The screening results from Cohort 1 are summarized
in Supplementary Table 3.

Based on the differential expression analysis from Cohort 1
and the current literatures (24-26), we identified 16 candidate
biomarkers and verified them by performing ECL assays (V-
PLEX Angiogenesis Panel 1 Human Kit, n = 3; V-PLEX Vascular
Injury Panel 2 Human Kit, n = 3; U-PLEX Biomarker Group
1 Human, n = 10) on Cohort 2 (60 OSCC and 50 BCGP
normal; Figure 1). The verification results of 16 biomarkers in
Cohort 2 are summarized in Supplementary Table 3. To assess
the assay’s reproducibility, we also randomly selected 10 OSCC
samples from Cohort 1 and repeated the measurement for the 16
candidate biomarkers as part of Cohort 2.

All ECL assays were conducted as per the manufacturer’s
protocols. Briefly, supplied 96-well plates were washed and
coated (for U-PLEX kits) with monoclonal antibodies followed
by addition of serially diluted calibrator standard in duplicates
and plasma samples (20 to 50 pL with dilution factor as
per assay protocol), incubation with shaking (1-2h, room
temperature), washing (three times each well), addition of 20-50
pwL SULFO-TAG conjugated secondary monoclonal antibodies,
and final incubation with shaking (1-2h, room temperature).
MSD Read Buffer was added to each well right before loading
the plates for signal detection on the QuickPlex SQ 120 (Meso
Scale Diagnostics, LLC, Rockville, MD, USA). Pre-analytical
data processing was performed on MSD Discovery Workbench
software version 4.0.12 to calculate the concentration of each
biomarker in each sample based on the standard curves generated
from calibration standards using the four-parameter logistic
fit.

Statistical Analysis

All data analysis was performed using R version 3.4.4. For
comparative analyses, we considered the BCGP samples as the
“normal” group as opposed to the “diseased” OSCC group.
Patient demographics and clinical-pathological characteristics
were compared by using Student’s ¢-test for continuous variables
or Fisher’s exact test for categorical variables. All statistical tests
at p < 0.05 were considered significant.

To screen for potential OSCC biomarkers, we performed
unpaired two-group Wilcoxon Mann-Whitney test to compare
the concentration level between OSCC and normal in Cohort 1.
Those with p < 0.05 after correction for multiple testing with
Benjamin-Hochberg (BH) procedure were considered significant

as candidate biomarkers for verification in Cohort 2. Finally,
differential expression analysis on the 16 candidate biomarkers
was performed on the 210 OSCC against 50 BCGP normal.

To examine the association between biomarker
concentrations and OSCC, we first used logistic regression
analyses to assess the potential impact of patient demographic
variables, selecting those with p < 0.05 as potential confounding
factors. Linear regression analyses for differential expression
between OSCC and normal were then performed for each
biomarker, adjusting for confounding variables and batch-effect
that may hinder with clustering analysis.

To investigate presence of subgroups of samples, we used
hierarchical clustering (pheatmap v1.0.10) (27) with input
as the concentration (pg/mL) data matrix for the candidate
biomarkers across the 210 OSCC and 50 normal samples
to identify subgroups within the study population. We used
Ward.D2 for the clustering method with Pearson correlation
and Euclidean as the distance measures for clustering the
columns and rows respectively. Further, the relationship among
candidate biomarkers in OSCC or in normal samples is
presented by network visualization (qgraph v1.5) (28) with
input of Pearson correlation coefficient matrix of logl0
transformed concentration. The output is a network composed
of circles of nodes, which each represents a candidate
biomarker, connected by lines that represent strength of
significant correlation with p < 0.05, i.e., the greater the
distance between two biomarkers, the lower the correlation
and absence of connecting lines denotes zero correlation.
The placement of the nodes represents how biomarkers
cluster.

To explore the potential of these biomarkers in detection
of OSCC, we first performed LASSO penalized regression
analysis (glmnet v2.0-16) (29) to identify biomarkers and
baseline covariates that best classify OSCC with highest
accuracy. The regression model input was logl0 transformed
biomarker concentration. We randomly partitioned the entire
study population (n = 260) into training set for model
development and test set for evaluation of the fitted model. The
biomarkers with highest discriminative performance were tested
for classification performance by computing their sensitive and
specificity in classifying normal and OSCC in the test set. A
receiver operating characteristic (ROC) curve was then generated
(pROC 1.12.1) (30) with area under the curve (AUC) estimation
of predictability for OSCC.
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RESULTS
Study Population

Patient demographics are summarized in Table 1 (OSCC and
BCGP normal) and tumor characteristics are summarized in
Supplementary Table 2. OSCC patients were mainly middle-
aged, ever-smoked, and White; compared to BCGP participants,
the OSCC patients were older (p < 0.001) (Table 1). Majority
of OSCC lesions were on the tongue (66.7%) and early-staged
(72.3%). In addition, 33.3% of the patients had loco-regional
recurrence, 18.1% died of disease, and 10.9% died of other
cause (Supplementary Table 2). We performed multivariate
logistic regression analysis to assess the potential association of
demographic variables with OSCC (Table 1). Age and ethnicity
were significantly associated with OSCC.

Differential Expression of Plasma
Biomarker Level Between OSCC and

Normal

We first screened for potential candidate biomarkers from
Cohort 1 (150 OSCC and 10 normal) by comparing the
concentration of 82 biomarkers using unpaired two-group
Wilcoxon Mann-Whitney Test (Supplementary Table 3). The
results showed 16 biomarkers with p < 0.05 after correction
for multiple testing. Among these, we selected bFGE, CRP, 1309,

ICAM]1, IL10, IL1a, IL1Ra, IL2, IL6, MCP3, MCSF, MIF, MIP1a,
SAA, Tie2, and VEGFD as candidate biomarkers for further
verification in Cohort 2 (Supplementary Table 3).

To assess the differential expression between 210 OSCC and
50 BCGP normal for the 16 candidates, we performed linear
regression analysis with adjustment for age, ethnicity, and batch
as confounding variables (Table 2). This revealed 15 candidate
biomarkers that were significantly differentially expressed (p <
0.05) with 14 significantly lower and IL1Ra significantly higher
in OSCC samples, comparing to BCGP normal (Table2 and
Figure 2A). Given the objective was to identify biomarkers
for early detection of OSCC, we also performed differential
expression analysis between normal (n = 50) and early-stage
OSCC (T1/T2 and DOI < 10 mm; n = 152) (31), and between
early-stage and late-stage OSCC (T3/T4 and/or DOI>10 mm,
n = 58) (Table 1). We observed similar results in differences
between normal and early-stage, but there was significantly
higher concentration of CRP and SAA in late-stage OSCC
(Supplementary Tables 5, 6).

Unsupervised Clustering of Biomarker

Expression Reveals Subgroups of Samples
To investigate the extent of heterogeneity of biomarker across the
260 samples, we performed unsupervised hierarchical clustering
which revealed 3 main clustered groups (CGs) of samples

TABLE 1 | Demographics of study population.

Multivariate logistic regression

Variables Total (n = 260) BCGP (n = 50) osccC Early-stage Late-stage OR (95% CI) p°

(n =210) oscc? oscc?

(n = 152) (n = 58)

Age, mean + SD 62.4 +13.5 56.8 + 8.27 63.8 + 14.2 63.9 + 14.4 63.3 +13.9 1.0 (1.0-1.0) <0.001
Age, median 62 60 63.7 63.5 64.2
(1-3 Qitile) (563.8-71.4) (49.0-62.0) (54.5-75.4) (54.5-75.5) (65.3-73.4)
AGE GROUP
<50 56 (21.5) 14 (28.0) 42 (20.0) 31 (20.4) 11 (19.0) 1
50-62 77 (29.6) 24 (48.0) 53 (25.2) 37 (24.3) 16 (27.6) 0.74 (0.3-2.1) 0.56
>62 127 (48.8) 12 (24.0) 115 (54.8) 84 (55.3) 31 (53.4) 3.1(1.0-9.3) 0.04
SEX
Male 139 (53.5) 29 (58.0) 110 (52.4) 75 (49.9) 35 (60.3) 1
Female 121 (46.5) 21 (42.0) 100 (47.6) 77 (50.7 23 (39.7) 1.3 0.58
ETHNICITY
White 194 (74.6) 42 (84.0) 152 (72.4) 107 (70.4) 45 (77.6) 1
OtherP 66 (25.4) 8(16.0) 58 (27.6) 45 (29.6) 13 (22.4 3.6 (1.3-10.7) 0.01
SMOKING HISTORY
Never 122 (46.9) 25 (50.0) 97 (46.2) 71 (46.7) 26 (44.8) 1
Current 63 (24.2) 14 (28.0) 49 (23.3) 32 (21.1) 17 (29.3) 0.9 (0.4-2.6) 0.90
Former 71 (27.3) 11(22.0) 60 (28.6) 45 (29.6) 15 (25.9) 1.3 (0.4-3.6) 0.66
Unknown 4(1.5) 4(1.9) 4(3.0)

a20SCC patients were categorized based on the AJCC 8th Edition Cancer Staging System for head and neck cancers (31). Early-stage OSCC consists of T1 or T2 with depth of invasion
(DOI) < 10 mm; late-stage OSCC consists of T3 or any tumor >10mm DOI, or T4, or lymph node positive.
bQther ethnicity includes Aboriginal (n = 2, early-stage OSCC) and Asian (n = 8, BCGP; n = 43, early-stage OSCC; n = 13, late-stage OSCC).

CStatistical analysis was performed excluding unknown data (n = 4, Smoking History)

BCGR, British Columbia Generations Project; OSCC, oral squamous cell carcinoma; OR, odds ratio; ClI, confidence interval.
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TABLE 2 | Differential expression analysis between OSCC and BCGP samples.

Biomarker? Total (n = 260) BCGP (n = 50) OSCC (n = 210)
Mean + SD Median Mean + SD Median Mean + SD Median Fold pb
(1Q-3 Qtile) (1Q-3 Qtile) (1Q-3 Qtile) changeP

bFGF 1.2+05 1.2 1.7+£16 1.6 1.1+£05 1.0 0.61 <0.0001
(0.8-1.6) (1.4-1.7) 0.7-1.4)

CRP 6.5+ 0.7 6.4 71+£72 6.7 6.4 +0.7 6.4 0.82 0.2
(6.0-6.9) 6.4-7.2) (6.0-6.9)

1309 1.7+02 1.7 19+14 1.9 1.6+02 1.6 0.77 <0.0001
(1.5-1.8) (1.8-2.0) (1.5-1.7)

ICAM1 6.1 +49 6.1 6.3 £ 6.1 6.3 6.1+ 0.5 6.0 0.67 <0.0001
(5.8-6.5) (6.2-6.4) (5.8-6.5)

IL10 03+0.2 0.2 0.5+0.3 0.5 02+0.2 0.1 0.79 <0.0001
(0.1-0.4) (0.3-0.7) (0.09-0.3)

IL1a 0.4+0.3 0.4 0.6 £0.3 0.6 0.3+0.2 0.3 0.64 <0.0001
(0.2-0.7) (0.4-0.7) (0.2-0.5)

IL1Ra 2.31£0.3 2.2 22+17 2.5 23+0.3 2.3 1.15 0.006
(2.1-2.4) (2.1-2.2) (2.1-2.4)

L2 04+04 0.2 1406 0.9 0.2+0.3 0.1 0.61 <0.0001
(0.06-0.7) (0.8-1.1) (0.03-0.3)

L6 0.7 +£0.3 0.7 1+£07 1.0 0.7+0.2 0.6 0.77 <0.0001
(0.6-0.9) (0.9-1.1) (0.5-0.8)

MCP3 1.2+03 1.3 1.6+£13 1.6 1.2+03 1.1 0.64 <0.0001
(1.0-1.5) (1.4-1.7) (1.0-1.4)

MCSF 1.1+£02 1.1 11+06 1.1 1.14+02 1.1 0.83 <0.0001
0.9-1.2) (1.0-1.2) 0.9-1.2)

MIF 44402 4.4 46+38 4.6 43+0.2 4.3 0.76 <0.0001
(4.2-4.6) (4.6-4.7) (4.2-4.5)

MiP1a 1.9+04 1.8 2117 2.1 1.8+04 1.7 0.71 <0.0001
(1.6-2.1) (1.9-2.2) (1.5-2.1)

SAA 6.7 +£0.7 6.7 74+78 71 6.6 + 0.8 6.6 0.74 0.03
(6.4-7.1) (6.8-7.3) (6.3-7.0)

Tie2 35+0.2 3.5 3.6+3 3.6 35+0.2 3.5 0.92 0.009
(3.4-3.6) (3.5-3.6) (3.4-3.6)

VEGFD 28+0.2 2.8 29+28 2.8 28+0.2 2.8 0.87 0.002
(2.7-29) (2.7-2.9) (2.7-2s.9)

aBiomarker mean and median was calculated from log10 (pg/mi+1) transformed measurements.

bpifferential expression analysis was adjusted for age, ethnicity, and batch-effect.

(Figure 2B). The CG1 comprised mainly normal (65.7%) while
most of the OSCC were clustered into CG2 and CG3, with
CG2 showing distinctively lower levels of ICAM]I, 1309, MCP3,
MIP1la, and ILla. Comparing between CG2 and CG3, similar
baseline demographics and clinical-pathological characteristics
were observed (Supplementary Table 4), suggesting that there
are other clinical or biological factors associated with the
clustering. Interestingly, compared to CG3, there were more
CG2 OSCC with greater tumor size of T3/T4 (9.9 vs. 5.3%)
and lymph node positive at time of surgery (21.7 vs. 13%),
and that significantly more late-stage OSCC were in CG2
(p = 0.005). This suggests that the plasma level of these
biomarkers may infer the staging of tumor at time of initial
diagnosis.

Given that the biomarkers were also clustered into three
groups by hierarchical clustering, we investigated the relationship
among them by computing Pearson correlation coefficients

with correlation network visualization (Figure 3). The network
of BCGP normal (Figure 3A) consisted of strong and tight
correlations (thick red lines) for most of the biomarkers,
except MIH and bFGF showing negative correlation (thin faded
black line). In contrast, OSCC (Figure 3B) showed 2 tight
clusters (MCP3, 1309, ICAM1, MIPla, and MCSF; IL2, IL6,
and IL10) with less number of biomarkers, a separate but close
relationship between MIF and bFGE and negative correlations
of ICAM to IL2/IL10, 1309 to Tie2, and MCSF to IL2/IL10,
and MIPla to IL10 (faded black lines). This suggests that
there are subgroups of OSCC which may differ in biological
processes introducing the noise to the relationship between these
biomarkers. In addition, there was an inverse relationship for
several markers where the correlation is positive in BCGP normal
but negative in OSCC. This may also reflect the consequences
of response mechanism of certain cytokines in presence of a
tumor.
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(log10(pg/mi+1)) is summarized with boxplots displayed in alphabetical order of biomarker. (B) Heatmap of unsupervised hierarchical clustering of biomarkers across
the comparative sample set (n = 260). Column labels represent the disease group of samples: Blue: BCGP; Red: OSCC; and 3-group (k = 3) clustering by Pearson
correlation and Euclidean distance measurement: Green, Clustering Group (CG1) (n = 70), Orange: Clustering Group (CG2) (n = 115); Brown, Clustering Group (CG3)
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Discriminative Performance of Plasma

Biomarkers

As a preliminary step to investigate the diagnostic performance
of these circulating biomarkers, we randomly partitioned the 260
samples into training (n = 195, 158 OSCC and 37 normal) and
test (n = 65, 52 OSCC and 13 normal) sets. LASSO penalized

regression was performed on the training set which selected
MIF, IL2, and IL1Ra as variables that best classified OSCC and
normal. These selected variables were then applied to the test
set. Although the test set was small, the model achieved high
performance with AUC of 0.96, sensitivity of 0.96, specificity of
0.92, PPV 0f 0.98 and NPV of 0.86 (Table 3 and Figure 4).

Frontiers in Oncology | www.frontiersin.org 6

December 2018 | Volume 8 | Article 585


https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Liu et al.

Blood-Derived Biomarkers for Oral Cancer

FIGURE 3 | Network visualization of correlation between biomarkers. For both BCGP (A) and OSCC (B) networks, each biomarker is a circle with lines representing
significant correlation (Student’s t-test, alpha = 0.05) between biomarkers, with red and black for positive and negative correlation, respectively. The line thickness
represents the strength of the correlation, the thicker the lines, the stronger the correlation and vice versa.

TABLE 3 | Discriminative performance of biomarkers.

Biomarker(s) AUC (95% CI) Se. Sp. PPV NPV

L2 0.9077 (0.8098-0.9654) 0.9038 0.9231 0.9792 0.7059
IL2+MIF 0.9538 (0.871-0.9904) 0.9615 0.9231 0.9804 0.8571
IL2+MIF+IL1Ra  0.9538 (0.871-0.9904) 0.9615 0.9231 0.9804 0.8571

AUC, area under the ROC curve; Cl, confidence interval; Se., sensitivity; Sp., Specificifiy;
PPV, positive predictive value; NPV, negative predictive value.
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FIGURE 4 | Receiver Operator Characteristic (ROC) curves illustrating
classification performance of modeled biomarkers on OSCC vs. BCGP normal
among the test set. The curves illustrate performance range for each of the
biomarkers (IL2, blue line; MIF, red line; IL1Ra, purple line) The combination of
the 3 biomakers (black line) achieved AUC of 0.95 (95% Cl, 0.87-0.99).

DISCUSSION

OSCC, with poor survival and significant impact on quality of
life, has been an under-studied disease. As an immune inhibitory
disease, it is known to be associated with increased expression
of cytokines and chemokines at the tumor microenvironment
with mounting evidence associating these inflammatory changes
with stages of diseases and recurrence (32, 33). Therefore,
circulating biomarkers may also reflect the pathological disease
states and blood samples which constitute detectable proteins
can potentially be used to screen for OSCC. By comparing to
normal samples, this is the first study to identify a set of potential
plasma inflammatory protein biomarkers to distinguish OSCC
from normal.

Sampling of blood is a more convenient and a relatively less
invasive means of sample collection compared to invasive tissue
biopsies. In addition, examining blood protein components
provides an indication of a systemic analysis of the changes in
the presence of cancer. Comprehensive proteomics approach
is suitable for biomarker discovery; however, it can be costly
in conducting the assay and executing proteomic analysis
while integrating sources of variables contributing to aberrantly
expressed proteins. The MSD, an ECL-based platform, is
commercially available and can be customized to screen or
measure a set of targeted protein expressions, and has shown
promising robust results for screening of diseases (34, 35).
Moreover, compared to the enzyme-linked immunosorbent assay
(ELISA), ECL has been found to have higher sensitivity with
capability of multiplex up to ten biomarkers per sample. As
the first step of biomarker screening, we used MSD as our
approach to screen for potential targets and verify them in an
independent set of test samples. In our study, we have assessed
the potential confounding impact on age. Comparing to the
normal controls after adjustment for age and batch effects, all
differentially expressed biomarkers remained significant.
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Our study samples were subjected to only 1 to 2 freeze-
thaw cycles. The process of freeze-thawing or storage time has
been investigated for its effect on detectable concentration of
blood proteins. Studies have found that freeze-thaw, up to a
maximum of five cycles, and long-term storage of samples at
—80°C had minimum changes to the concentrations of blood
plasma proteins (36-38). A recent study investigated the effects
of freeze-thaw by comparing concentrations of inflammatory
proteins, of which 9 overlap with our panel (39). No significant
differences were found between never-frozen and at least one
freeze-thaw cycle. For a blood-based diagnostic test in clinical
settings, immediate processing of fresh samples is convenient.
However, to be cost-effective in clinical settings, MSD assay
should analyze 80 collected samples. Thus, subjecting samples to
at least one freeze-thaw cycle may be unavoidable. Nevertheless,
if the plasma biomarkers in this study are validated as OSCC
specific, more economical clinical platforms, such as ELISA, can
be designed to test on fresh-blood samples in clinical settings.

The most intriguing observation from this study is the
significant low level of these biomarkers in OSCC, compared to
normal samples. Although this was unexpected, OSCC is known
to be an immune inhibiting disease; therefore, the observed low-
level expression may reflect this. Another possible explanation
is that tumor-tissue associated inflammatory-related proteins are
present at higher concentration at the tumor tissues than in the
blood. Further investigation of the expression of these targets
at the tumor tissue, unaffected tissues, and correlated to the
circulating levels may shed light of its underlying mechanism.
However, given the multifaceted nature of these biomarkers, in
which expression is affected by a variety of signaling pathways,
the underlying biological explanation of the observed expression
requires further experiments which are beyond the scope of this
study. Nevertheless, with the observed blood level we were able
to estimate the performance in classifying OSCC which achieved
high sensitivity and specificity.

The present study found strong association between OSCC
and decreased level of proteins involved in immune response,
including IL2, MIF, and IL1Ra. IL2 is one of the key cytokines
with regulatory role in T-cell expansion and activation through
main signaling pathways (STAT, PI3K-AKT, and MAPK) that
mediates the survival, proliferation, differentiation, activation,
and cytokine production in different types of immune cells
(40, 41). IL2 is predominantly produced by antigen-stimulated T
cells, NK cells, and activated dendritic cells. The absence of IL2,
thus, infers the characteristic of immune deficient head and neck
cancer, including OSCC (42). We observed almost undetectable
trace of circulating IL2 in OSCC.

MIF is a pro-inflammatory cytokine constitutively expressed
and readily to be secreted by activated immune cells promoting
cell proliferation and angiogenic activities, facilitating detection
of antigens, and production of other inflammatory cytokines
(43). In regard to carcinogenesis, high expression of MIF has been
found to inhibit regulatory effects of p53 mediated apoptosis in
tumor-cell lines, and cytotoxic CD8+ T cells (44, 45). In addition,
MIF was also demonstrated to activate T cell through production
of pro-inflammatory molecules, including IL2 and IL6 (44). The
low expression of MIF may explain the observed low level of IL2.

IL1Ra is structural variant of IL1 ligand with anti-
inflammatory effects by competitively binding to IL1 receptors.
Therefore, the elevated level of IL1Ra in circulation may indicate
the presence of inflammatory effects of IL1 in tumor tissues
which trigger the IL1Ra to counterbalance the signaling pathways
activated by IL1. This suggests expression of IL1Ra plays a role
in demoting the progression of tumor (46). Several studies have
demonstrated the expression of IL1Ra to be positively correlated
with progression and lymph node metastasis (47-49), inhibit IL-
1 mediated prostate cancer regression (50), and increased growth
rate of glioblastoma cells (51). In our study, the expression of
IL1Ra is markedly higher in patients with OSCC compared to
normal controls. In addition, we observed significantly higher
level of IL1Ra in OSCCs that developed lymph node disease (fold
change 1.1, p = 0.03). These results may be suggesting that an
increase in IL1Ra was to reduce the tumor-mediated production
of IL1 (52) and could propose value in assessing disease severity.

To explore the correlation among the candidate biomarkers
using network visualization, we have observed interesting reverse
relationships between biomarkers between OSCC and normal
BCGP samples. For example, bFGF was negatively correlated
with MIF among normal BCGP samples but showed significant
positive correlation between MIF and several other biomarkers.
This reflects previous reports demonstrating the production
of MIF in presence of growth factors and inducing tumor
growth (53, 54). We also observed significant negative correlation
between ICAM1 and IL10 among the OSCC samples suggesting
the inhibitory role of IL10 on ICAMI1 and T-cell activation
(55). In addition, the biomarkers among OSCC clustered to
more subgroups suggesting biological difference within OSCC;
although we did not have significant differences between
clustered groups in regards to demographics, tumor clinical-
pathological characteristics, or outcome.

The limitations of the study should be considered. First, this
is not a large-scale mass spectrometry or a microarray study
to comprehensively interrogate the complex plasma proteome.
Therefore, biological sources of variability in observed expression
such as protein isoforms, or pre- or post-transcriptional
modifications could not be identified. Instead, we wanted
to apply a clinically translational platform to investigate the
clinical value of immune-related biomarkers derived from easily
accessible biosamples. Second, the retrospective nature of this
study limits our full control over pre-analytical processing
parameters, such as centrifugation time and speed, between
laboratories, However, to our knowledge, there have been few
reports of how centrifugation speed would significantly affect the
detectable concentration of these proteins. A few studies may
even suggest that plasma-derived proteins are relatively robust
to various sample processing methods (56, 57). In regards to
study population, the normal matched samples from the BCGP
are the best available samples that are most representative of
the general non-OSCC population with comprehensive data
collections on demographics, smoking and no known any cancer
history with follow-up. However, we do not have detailed medical
information on whether there is presence of oral premalignant
diseases, autoimmune diseases, and use of immunomodulators
or other related conditions which could put this population
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at an increased risk of developing malignancies, which in
turn may contribute to observed biomarker alterations. Third,
50% of the OSCC in this study was non-smokers, which
is different from other geographic regions where tobacco-
related OSCC remains high. Therefore, it is worth to note
that our OSCC population may not be generalized. Lastly, the
observed aberrantly expressed protein may be due to changes
in metabolic states or other physiological states that could
not be captured in this study. This limitation applies to all
blood biomarker studies due to the varying genetic and non-
genetic explanations, e.g., medical comorbidities and diets, in the
population (58).

Future work is warranted to determine mechanisms by which
most of these identified biomarkers are under-expressed in OSCC
compared to normal. Other future directions may include a
validation study with samples collected from different institutes
with the determination of the best methods (e.g., ELISA vs.
ECL) and cut-offs for various targets identified from this study.
In addition, studies to investigate the temporal levels of these
markers by repeating measurements before, post-treatment, and
at time of local-regional recurrences or years into disease-free
follow-up are of importance and can help to determine the value
of these biomarkers in early identification of local and regional
recurrence during the follow up.

In conclusion, this is the first paper to identify potential
inflammatory plasma protein biomarkers of patients with OSCC.
With further validation in larger sized cohort including paired
blood samples collected over the course of disease management,

REFERENCES

1. Funk GE Karnell LH, Robinson RA, Zhen WK, Trask DK, Hoffman HT.
Presentation, treatment, and outcome of oral cavity cancer: a National Cancer
Data Base report. Head Neck (2002) 24:165-80. doi: 10.1002/hed.10004

2. Ferlay J, Soerjomataram I, Dikshit R, Eser S, Mathers C, Rebelo M,
et al. Cancer incidence and mortality worldwide: sources, methods and
major patterns in GLOBOCAN 2012. Int J Cancer (2015) 136:E359-86.
doi: 10.1002/ijc.29210

3. Noguti J, De Moura CFE, De Jesus GP, Da Silva VH, Hossaka TA, Oshima CT,
et al. Metastasis from oral cancer: an overview. Cancer Genomics Proteomics
(2012) 9:329-35.

4. Patel RS, Dirven R, Clark JR, Swinson BD, Gao K, O’Brien CJ.
The prognostic impact of extent of bone invasion and extent of
bone resection in oral carcinoma. Laryngoscope (2008) 118:780-5.
doi: 10.1097/MLG.0b013e31816422bb

5. Elnaggar AK, Hurr K, Batsakis JG, Luna MA, Goepfert H, Huff V. Sequential
loss of heterozygosity at microsatellite motifs in preinvasive and invasive head
and neck squamous carcinoma. Cancer Res. (1995) 55:2656-9.

6. Zhang LW, Poh CE Williams M, Laronde DM, Berean K, Gardner
PJ, et al. Loss of heterozygosity (LOH) profiles-validated risk predictors
for progression to oral cancer. Cancer Prev Res. (2012) 5:1081-9.
doi: 10.1158/1940-6207.CAPR-12-0173

7. Costa ADL, de Araujo NS, Pinto DD, de Araujo VC. PCNA/AgNOR
and Ki-67/AgNOR double staining in oral squamous cell carcinoma.
J Oral Pathol Med. (1999) 28:438-41. doi: 10.1111/j.1600-0714.1999.
tb02103.x

8. Brandt B, Meyer-Staeckling S, Schmidt H, Agelopoulos JK, Buerger
H. Mechanisms of egfr gene transcription modulation: relationship to
cancer risk and therapy response. Clin Cancer Res. (2006) 12:7252-60.
doi: 10.1158/1078-0432.CCR-06-0626

the set of biomarkers has potential to assist in early detection of
OsCC.

AUTHOR CONTRIBUTIONS

HK and CP contributed to the conception and design of the
study. KL, XL, and YZ executed assay experiments and data
acquisition. KL and NL performed the statistical analysis. KL
wrote first draft of the manuscript. All authors interpreted and
critically revised the manuscript to its final form. All authors gave
final approval and agree to be accountable for all aspects of the
work.

FUNDING

This work was supported by the Faculty of Dentistry, the
University of British Columbia (Pilot Project Award, 2016-2017).

ACKNOWLEDGMENTS

The authors would like to thank the contribution of the BC
Generations Project (Project Manager, Ms. Treena MacDonald).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fonc.
2018.00585/full#supplementary-material

9. Zhou X]J, Zhang ZY, Yang X, Chen WT, Zhang P. Inhibition of cyclin D1
expression by cyclin D1 shRNAs in human oral squamous cell carcinoma cells
is associated with increased cisplatin chemosensitivity. Int ] Cancer (2009)
124:483-9. doi: 10.1002/ijc.23964

10. Teresa DB, Neves KA, Neto CB, Fregonezi PAG, de Oliveira MRB, Zuanon
JAS, et al. Computer-assisted analysis of cell proliferation markers in
oral lesions. Acta Histochem. (2007) 109:377-87. doi: 10.1016/j.acthis.2007.
03.007

11. Kozaki K, Imoto I, Mogi S, Omura K, Inazawa J. Exploration of
tumor-suppressive microRNAs silenced by DNA hypermethylation in oral
cancer. Cancer Res. (2008) 68:2094-105. doi: 10.1158/0008-5472.CAN-07-
5194

12. Scapoli L, Palmieri A, Lo Muzio L, Pezzetti F Rubini C, Girardi
A, et al. MicroRNA expression profiling of oral
identifies new markers of tumor progression. Int ] Immunopathol

(2010) 23:1229-34. doi: 10.1177/0394632010023

carcinoma

Pharmacol.
00427

13. Ries J, Vairaktaris E, Agaimy A, Kintopp R, Baran C, Neukam FW, et al.
miR-186, miR-3651 and miR-494: potential biomarkers for oral squamous
cell carcinoma extracted from whole blood. Oncol Rep. (2014) 31:1429-36.
doi: 10.3892/0r.2014.2983

14. Gorenchtein M, Poh CE Saini R, Garnis C. MicroRNAs in an oral cancer
context - from basic biology to clinical utility. ] Dent Res. (2012) 91:440-6.
doi: 10.1177/0022034511431261

15. Bijian K, Mlynarek AM, Balys RL, Jie S, Xu Y, Hier MP, et al. Serum proteomic
approach for the identification of serum biomarkers contributed by oral
squamous cell carcinoma and host tissue microenvironment. ] Proteome Res.
(2009) 8:2173-85. doi: 10.1021/pr800979¢

16. Shang ZJ, LiJR, Li ZB. Circulating levels of vascular endothelial growth factor
in patients with oral squamous cell carcinoma. Int ] Oral Maxillofac Surg.
(2002) 31:495-8. doi: 10.1054/ijom.2002.0284

Frontiers in Oncology | www.frontiersin.org

December 2018 | Volume 8 | Article 585


https://www.frontiersin.org/articles/10.3389/fonc.2018.00585/full#supplementary-material
https://doi.org/10.1002/hed.10004
https://doi.org/10.1002/ijc.29210
https://doi.org/10.1097/MLG.0b013e31816422bb
https://doi.org/10.1158/1940-6207.CAPR-12-0173
https://doi.org/10.1111/j.1600-0714.1999.tb02103.x
https://doi.org/10.1158/1078-0432.CCR-06-0626
https://doi.org/10.1002/ijc.23964
https://doi.org/10.1016/j.acthis.2007.03.007
https://doi.org/10.1158/0008-5472.CAN-07-5194
https://doi.org/10.1177/039463201002300427
https://doi.org/10.3892/or.2014.2983
https://doi.org/10.1177/0022034511431261
https://doi.org/10.1021/pr800979e
https://doi.org/10.1054/ijom.2002.0284
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Liu et al.

Blood-Derived Biomarkers for Oral Cancer

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

31.

32.

33.

34.

35.

Liu CJ, Chang KW, Lin SC, Cheng HW. Presurgical serum levels of
matrix metalloproteinase-9 and vascular endothelial growth factor
in oral squamous cell carcinoma. Oral Oncol. (2009) 45:920-5.
doi: 10.1016/j.oraloncology.2009.04.007

Liu JL, Shi Q, Yang S, Wang QX, Xu ], Guo B. The relationship between
levels of salivary and serum interleukin-6 and oral lichen planus: a
systematic review and meta-analysis. ] Am Dent Assoc. (2017) 148:743-9.€9.
doi: 10.1016/j.adaj.2017.05.007

Lee LT, Wong YK, Hsiao HY, Wang YW, Chan MY, Chang KW.
Evaluation of saliva and plasma cytokine biomarkers in patients with
oral squamous cell carcinoma. Int J Oral Max Surg (2018) 47:699-707.
doi: 10.1016/j.1jom.2017.09.016

Chang KP, Kao HK, Wu CC, Fang KH, Chang YL, Huang YC, et al.
Pretreatment interleukin-6 serum levels are associated with patient survival
for oral cavity squamous cell carcinoma. Otolaryngol Head Neck Surg. (2013)
148:786-91. doi: 10.1177/0194599813478573

Brailo V, Vucicevic-Boras V, Lukac J, Biocina-Lukenda D, Zilic-Alajbeg I,
Milenovic A, et al. Salivary and serum interleukin 1 beta, interleukin 6 and
tumor necrosis factor alpha in patients with leukoplakia and oral cancer.
Med Oral Patol Oral Cir Bucal (2012) 17:€10-5. doi: 10.4317/medoral.
17323

Poh CE, Durham JS, Brasher PM, Anderson DW, Berean KW, MacAulay CE,
et al. Canadian optically-guided approach for oral lesions surgical (COOLS)
trial: study protocol for a randomized controlled trial. BMC Cancer (2011)
11:462. doi: 10.1186/1471-2407-11-462

BC Generations Project SST Processing Protocol (2018) Available online
at: https://www.bcgenerationsproject.ca/researchers/bc- generations- project-
open-access-biosample-information/ [Accessed December 6, 2017].

Wang YFE, Chang SY, Tai SK, Li WY, Wang LS. Clinical significance
of interleukin-6 and interleukin-6 receptor expressions in oral
squamous cell carcinoma. Head Neck (2002) 24:850-8. doi: 10.1002/hed.
10145

Shkeir O, Athanassiou-Papaefthymiou M, Lapadatescu M, Papagerakis
P, Czerwinski MJ, Bradford CR, et al. In vitro cytokine release profile:
predictive value for metastatic potential in head and neck squamous
cell carcinomas. Head Neck (2013) 35:1542-50. doi: 10.1002/hed.
23191

Sano Y, Kogashiwa Y, Araki R, Enoki Y, Tkeda T, Yoda T, et al. Correlation
of inflammatory markers, survival, and COX2 expression in oral cancer and
implications for prognosis. Otolaryngol Head Neck Surg. (2018) 158:667-76.
doi: 10.1177/0194599817745284

Kolde R. pheatmap: Pretty Heatmaps. Version 1.0.10. Boston, MA (2018).
Epskamp S, Cramer AO]J, Waldorp L], Schmittmann VD, Borsboom D.
qgraph: network visualizations of relationships in psychometric data. J Stat
Softw. (2012) 48:1-18. doi: 10.18637/js5.v048.104

Friedman ], Hastie T, Tibshirani R. Regularization paths for generalized
linear models via coordinate descent. ] Stat Softw. (2010) 33:1-22.
doi: 10.18637/jss.v033.i01

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pROC:
an open-source package for R and S plus to analyze and compare ROC curves.
BMC Bioinformatics (2011) 12:77. doi: 10.1186/1471-2105-12-77

Amin MB, Edge S, Greene F, Byrd DR, Brookland RK, Washington MK, et al.
AJCC Cancer Staging Manual. 8 ed. New York, NY: Springer International
Publishing (2017).

Nakano Y, Kobayashi W, Sugai S, Kimura H, Yagihashi S. Expression
of tumor necrosis factor-alpha and interleukin-6 in oral squamous cell
carcinoma. Jpn ] Cancer Res. (1999) 90:858-66. doi: 10.1111/j.1349-7006.1999.
tb00827.x

Curry JM, Sprandio J, Cognetti D, Luginbuhl A, Bar-ad V, Pribitkin E, et al.
Tumor microenvironment in head and neck squamous cell carcinoma. Semin
Oncol. (2014) 41:217-34. doi: 10.1053/j.seminoncol.2014.03.003

Eastman PS, Manning WC, Qureshi E Haney D, Cavet G, Alexander C,
et al. Characterization of a multiplex, 12-biomarker test for rheumatoid
arthritis. J Pharm Biomed Anal. (2012) 70:415-24. doi: 10.1016/j.jpba.2012.
06.003

Shimizu Y, Furuya H, Bryant Greenwood P, Chan O, Dai Y, Thornquist MD,
et al. A multiplex immunoassay for the non-invasive detection of bladder
cancer. ] Transl Med. (2016) 14:31. doi: 10.1186/s12967-016-0783-2

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Lee JE, Kim SY, Shin SY. Effect of repeated freezing and thawing on biomarker
stability in plasma and serum samples. Osong Public Health Res Perspect.
(2015) 6:357-62. doi: 10.1016/j.phrp.2015.11.005

Mitchell BL, Yasui Y, Li CI, Fitzpatrick AL, Lampe PD. Impact of freeze-
thaw cycles and storage time on plasma samples used in mass spectrometry
based biomarker discovery projects. Cancer Inform. (2005) 1:98-104.
doi: 10.1177/117693510500100110

Lewis MR, Callas PW, Jenny NS, Tracy RP. Longitudinal stability
of coagulation, fibrinolysis, and inflammation factors in stored plasma
samples. Thromb Haemost. (2001) 86:1495-500. doi: 10.1055/s-0037-
1616754

Graham C, Chooniedass R, Stefura WP, Lotoski L, Lopez P, Befus AD,
et al. Stability of pro- and anti-inflammatory immune biomarkers for human
cohort studies. ] Transl Med. (2017) 15:53. doi: 10.1186/s12967-017-1154-3
Zeiser R, Negrin RS. Interleukin-2 receptor downstream events in regulatory
T cells: implications for the choice of immunosuppressive drug therapy. Cell
Cycle (2008) 7:458-62. doi: 10.4161/cc.7.4.5454

Malek TR. The biology of interleukin-2. Annu Rev Immunol. (2008) 26:453-
79. doi: 10.1146/annurev.immunol.26.021607.090357

Dutta A, Banerjee A, Saikia N, Phookan ], Baruah MN, Baruah S.
Negative regulation of natural killer cell in tumor tissue and peripheral
blood of oral squamous cell carcinoma. Cytokine (2015) 76:123-30.
doi: 10.1016/j.cyt0.2015.09.006

Calandra T, Roger T. Macrophage migration inhibitory factor: a regulator of
innate immunity. Nat Rev Immunol. (2003) 3:791-800. doi: 10.1038/nri1200
Hudson JD, Shoaibi MA, Maestro R, Carnero A, Hannon GJ, Beach DH. A
proinflammatory cytokine inhibits p53 tumor suppressor activity. ] Exp Med.
(1999) 190:1375-82. doi: 10.1084/jem.190.10.1375

Abe R, Peng T, Sailors ], Bucala R, Metz CN. Regulation of the CTL response
by macrophage migration inhibitory factor. J Immunol. (2001) 166:747-53.
doi: 10.4049/jimmunol.166.2.747

Lewis AM, Varghese S, Xu H, Alexander HR. Interleukin-1 and cancer
progression: the emerging role of interleukin-1 receptor antagonist as a
novel therapeutic agent in cancer treatment. J Transl Med. (2006) 4:48.
doi: 10.1186/1479-5876-4-48

Fuksiewicz M, Kaminska J, Kotowicz B, Kowalska M, Rubach M, Pienkowski
T. Serum cytokine levels and the expression of estrogen and progesterone
receptors in breast cancer patients. Clin Chem Lab Med. (2006) 44:1092-7.
doi: 10.1515/CCLM.2006.192

Ito H, Miki C. Profile of circulating levels of interleukin-1 receptor antagonist
and interleukin-6 in colorectal cancer patients. Scand ] Gastroenterol. (1999)
34:1139-43.

Tizuka N, Hazama S, Hirose K, Abe T, Tokuda N, Fukumoto T,
et al. Interleukin-1 receptor antagonist mRNA expression and the
progression of gastric carcinoma. Cancer Lett. (1999) 142:179-84.
doi: 10.1016/S0304-3835(99)00162-7

Hsieh TC, Chiao JW. Growth modulation of human prostatic cancer cells
by interleukin-1 and interleukin-1 receptor antagonist. Cancer Lett. (1995)
95:119-23.

Oelmann E, Serve H, Kraemer A, Reufi B, Oberbero D, Patt S, et al.
Autocrine interleukin-1 receptor antagonist can support malignant growth of
glioblastoma by blocking growth-inhibiting autocrine loop of interleukin-1.
Int ] Cancer (1997) 71:1066-76.

Dinarello CA. Biologic basis for interleukin-1 in disease. Blood (1996)
87:2095-147.

Takahashi N, Nishihira J, Sato Y, Kondo M, Ogawa H, Ohshima T,
et al. Involvement of macrophage migration inhibitory factor (MIF)
in the mechanism of tumor cell growth. Mol Med. (1998) 4:707-14.
doi: 10.1007/BF03401765

Nobre CC, de Araujo JM, Fernandes TA, Cobucci RN, Lanza DC, Andrade
VS, et al. Macrophage Migration Inhibitory Factor (MIF): biological
activities and relation with cancer. Pathol Oncol Res. (2017) 23:235-44.
doi: 10.1007/s12253-016-0138-6

Krakauer T. IL-10 inhibits the adhesion of leukocytic cells to IL-
1-activated human endothelial cells. Immunol Lett. (1995) 45:61-5.
doi: 10.1016/0165-2478(94)00226-H

Skogstrand K, Ekelund CK, Thorsen P, Vogel I, Jacobsson B, Norgaard-
Pedersen B, et al. Effects of blood sample handling procedures on measurable

Frontiers in Oncology | www.frontiersin.org

December 2018 | Volume 8 | Article 585


https://doi.org/10.1016/j.oraloncology.2009.04.007
https://doi.org/10.1016/j.adaj.2017.05.007
https://doi.org/10.1016/j.ijom.2017.09.016
https://doi.org/10.1177/0194599813478573
https://doi.org/10.4317/medoral.17323
https://doi.org/10.1186/1471-2407-11-462
https://www.bcgenerationsproject.ca/researchers/bc-generations-project-open-access-biosample-information/
https://www.bcgenerationsproject.ca/researchers/bc-generations-project-open-access-biosample-information/
https://doi.org/10.1002/hed.10145
https://doi.org/10.1002/hed.23191
https://doi.org/10.1177/0194599817745284
https://doi.org/10.18637/jss.v048.i04
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1111/j.1349-7006.1999.tb00827.x
https://doi.org/10.1053/j.seminoncol.2014.03.003
https://doi.org/10.1016/j.jpba.2012.06.003
https://doi.org/10.1186/s12967-016-0783-2
https://doi.org/10.1016/j.phrp.2015.11.005
https://doi.org/10.1177/117693510500100110
https://doi.org/10.1055/s-0037-1616754
https://doi.org/10.1186/s12967-017-1154-3
https://doi.org/10.4161/cc.7.4.5454
https://doi.org/10.1146/annurev.immunol.26.021607.090357
https://doi.org/10.1016/j.cyto.2015.09.006
https://doi.org/10.1038/nri1200
https://doi.org/10.1084/jem.190.10.1375
https://doi.org/10.4049/jimmunol.166.2.747
https://doi.org/10.1186/1479-5876-4-48
https://doi.org/10.1515/CCLM.2006.192
https://doi.org/10.1016/S0304-3835(99)00162-7
https://doi.org/10.1007/BF03401765
https://doi.org/10.1007/s12253-016-0138-6
https://doi.org/10.1016/0165-2478(94)00226-H
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Liu et al. Blood-Derived Biomarkers for Oral Cancer

inflammatory markers in plasma, serum and dried blood spot samples. | Conflict of Interest Statement: The authors declare that the research was

Immunol Methods (2008) 336:78-84. doi: 10.1016/}.jim.2008.04.006 conducted in the absence of any commercial or financial relationships that could
57. Henno LT, Storjord M, Christiansen D, Bergseth G, Ludviksen be construed as a potential conflict of interest.

JK, Fure H, et al. Effect of of the anticoagulant, storage time and

temperature of blood samples on the concentrations of 27 multiplex Copyright © 2018 Liu, Lu, Zhu, Le, Kim and Poh. This is an open-access article

assayed cytokines - consequences for defining reference values in distributed under the terms of the Creative Commons Attribution License (CC BY).
healthy humans. Cytokine (2017) 97:86-95. doi: 10.1016/j.cyto.2017. The use, distribution or reproduction in other forums is permitted, provided the
05.014 original author(s) and the copyright owner(s) are credited and that the original

58. Anderson NL, Anderson NG. The human plasma proteome: history, publication in this journal is cited, in accordance with accepted academic practice.
character, and diagnostic prospects. Mol Cell Proteomics (2002) 1:845-67. No use, distribution or reproduction is permitted which does not comply with these
doi: 10.1074/mcp.R200007-MCP200 terms.

Frontiers in Oncology | www.frontiersin.org 1 December 2018 | Volume 8 | Article 585


https://doi.org/10.1016/j.jim.2008.04.006
https://doi.org/10.1016/j.cyto.2017.05.014
https://doi.org/10.1074/mcp.R200007-MCP200
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/
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

	Plasma-Derived Inflammatory Proteins Predict Oral Squamous Cell Carcinoma
	Introduction
	Materials and Methods
	Study Population
	Sample Preparation
	Electrochemiluminescence Multiplex Assays
	Statistical Analysis

	Results
	Study Population
	Differential Expression of Plasma Biomarker Level Between OSCC and Normal
	Unsupervised Clustering of Biomarker Expression Reveals Subgroups of Samples
	Discriminative Performance of Plasma Biomarkers

	Discussion
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


