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Abstract

Background

Previously, using microarrays and mRNA-Sequencing (mRNA-Seq) we found that occupa-

tional exposure to a range of benzene levels perturbed gene expression in peripheral blood

mononuclear cells.

Objectives

In the current study, we sought to identify gene expression biomarkers predictive of benzene

exposure below 1 part per million (ppm), the occupational standard in the U.S.

Methods

First, we used the nCounter platform to validate altered expression of 30 genes in 33 unex-

posed controls and 57 subjects exposed to benzene (<1 to�5 ppm). Second, we used

SuperLearner (SL) to identify a minimal number of genes for which altered expression

could predict <1 ppm benzene exposure, in 44 subjects with a mean air benzene level of

0.55±0.248 ppm (minimum 0.203ppm).

Results

nCounter and microarray expression levels were highly correlated (coefficients >0.7,

p<0.05) for 26 microarray-selected genes. nCounter and mRNA-Seq levels were poorly cor-

related for 4 mRNA-Seq-selected genes. Using negative binomial regression with adjust-

ment for covariates and multiple testing, we confirmed differential expression of 23

microarray-selected genes in the entire benzene-exposed group, and 27 genes in the

<1 ppm-exposed subgroup, compared with the control group. Using SL, we identified 3

pairs of genes that could predict <1 ppm benzene exposure with cross-validated AUC esti-

mates >0.9 (p<0.0001) and were not predictive of other exposures (nickel, arsenic, smoking,
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stress). The predictive gene pairs are PRG2/CLEC5A, NFKBI/CLEC5A, and ACSL1/

CLEC5A. They play roles in innate immunity and inflammatory responses.

Conclusions

Using nCounter and SL, we validated the altered expression of multiple mRNAs by benzene

and identified gene pairs predictive of exposure to benzene at levels below the US occupa-

tional standard of 1ppm.

Introduction

Benzene is a major industrial chemical and an extensive environmental contaminant present

in traffic exhaust and cigarette smoke [1, 2]. It induces myelodysplastic syndrome and acute

myeloid leukemia [3] and probably causes non-Hodgkin lymphoma [4] and other hematopoi-

etic neoplasms [5–8]. In the U.S., occupational exposure levels are typically below 1 part per

million (ppm) [9], the current permissible occupational exposure limit [10]. Development of

biomarkers of exposure to benzene, particularly in people exposed below 1 ppm, would be a

useful step towards improving risk assessment and minimizing adverse health effects.

We previously conducted a cross-sectional molecular epidemiological study of benzene

exposure in factory workers in China, in which we found decreased white blood cell (WBC)

counts in workers occupationally exposed to< 1 ppm benzene compared with non-occupa-

tionally exposed controls, and a highly significant dose-response relationship [11] with no

apparent threshold within the occupational exposure range (0.2 to 75 ppm benzene) [12].

Other groups have reported effects at low levels of benzene, including increased blood mito-

chondrial DNA copy number and altered global and gene-specific DNA methylation [13],

increased micronuclei [14], reduced expression of CD80 and CD86 in monocytes, and

increased levels of IL-8, suggestive of compromised adaptive immunity and immunosurveil-

lance [15].

Previously, we sought to identify transcriptomic biomarkers of benzene exposure in periph-

eral blood mononuclear cells (PBMC) [16, 17], as these cells are accessible and altered gene

expression reflects effects throughout the body [18, 19]. Through microarray analysis of 125

subjects, we reported that occupational exposure to benzene at a range of levels from <1 ppm

to>10 ppm (n = 59), perturbed the expression of many genes and pathways compared to

non-occupationally exposed controls [16]. We identified a 16-gene expression signature asso-

ciated with all levels of benzene exposure [16] and later showed that differential expression of

the majority of genes was not associated with PBMC cell composition [20]. Our large study

incorporated precise, individual measurements of exposure, and accounted for multiple

sources of biological and experimental variability. More recently, in a subset of 10 highly-

exposed (>5 ppm) subjects and 10 control subjects matched by age, sex, and smoking status,

we applied mRNA sequencing (mRNA-Seq) and confirmed some microarray genes and path-

ways and identified additional genes [17].

The goal of the current study was to identify a minimal number of genes for which altered

expression could predict exposure to<1 ppm benzene. First, we used the nCounter platform

from NanoString Technologies, which has advantages over microarrays and real-time PCR

[21], to validate our previous transcriptomic findings. Being a digital count-based method, it is

linear over a greater dynamic range than microarrays and has sensitivity similar to that of Taq-

Man real-time PCR. It has reduced technical variability and bias compared with RNA-Seq due
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to fewer processing steps such as mRNA enrichment. Finally, it can measure the expression of

up to 800 transcripts simultaneously from 100 nanograms (ng) RNA. Second, we used Super-

Learner [22], an innovative ensemble machine learning methodology, to identify gene expres-

sion biomarkers predictive of<1 ppm benzene exposure.

Materials and methods

Study subjects

The subjects were from a molecular epidemiology study of occupational exposure to benzene

that comprised benzene-exposed shoe manufacturing workers and non-occupationally

exposed age- and sex-matched clothes-manufacturing workers from factories in the same

region near Tianjin, China [11, 23]. This study complied with all applicable requirements of

the U.S.A. and Chinese regulations, including IRB approval. Participation was voluntary and

written informed consent was obtained. Exposure assessment to benzene was performed as

described previously [23].

Biologic sample collection was described previously [23, 24]. Field-stabilized samples were

transported on dry ice and RNA was isolated by the mirVana™ miRNA isolation kit (Applied

Biosystems, Austin, TX). All RNA samples analyzed had A260:A280 and A260:A230 ratios

between 1.7 and 2.1, and had distinct 28S and 18S rRNA bands with approximately 2:1 ratios

following denaturing agarose gel electrophoresis.

Previously, we analyzed gene expression by microarray in 42 control subjects and 83 sub-

jects exposed to benzene exposure levels ranging from <1 ppm to> 10 ppm [16]. We had suf-

ficient RNA material left from 90 subjects for analysis by nCounter. The 90 subjects include 33

controls, 44 subjects exposed to<1 ppm benzene, 9 subjects exposed to 5–10 ppm, and 4 sub-

jects exposed to> 10 ppm. Twenty subjects, including 10 controls and 10 subjects exposed

to� 5 ppm, were also previously analyzed by mRNA-Seq [17]. Demographic and exposure

details are provided in Table 1. The mean air benzene level in the 44 <1ppm subjects was

0.55±0.248 ppm and the minimum level was 0.203 ppm.

Selection of genes

The nCounter probeset comprised genes previously detected as differentially expressed by

microarray (26 genes in 125 subjects) [16] and by mRNA-Seq (4 genes in 20 subjects) [17],

and 3 reference genes. Details including RefSeq IDs, FDR-adjusted p-values and benzene-

induced fold changes in expression are provided in S1 Table. Differential expression of the

microarray data was previously analyzed using linear mixed effects models to estimate the log

fold change in expression for each gene between control subjects and categories of benzene

Table 1. Characteristics of study subjects.

Exposure

Category

Subject

(n)

Benzene

(ppm)

WBC count

(per μl blood)

Age

(Years)

Gender Current Smoking

Male Female Yes No

Control 33 0.035 6261 (1642) 29 ± 8.6 14 (36.8)� 19 (36.5) 7 (41.2) 26 (35.6)

< 1 ppm�� 44 0.55 ± 0.248# 5466 (1271) 28.9 ± 8.8 22 (58) 22 (42.3) 8 (47.0) 6 (49.3)

5–10 ppm 9 6.98 ± 1.1 5344 (1518) 27.9 ± 8.5 1 (2.6) 8 (15.4) 1 (5.9) 8 (11.0)

� 10 ppm 4 30.69 ± 25.64 4700 (455) 29.3 ± 15.3 1 (2.6) 3 (5.8) 1 (5.9) 3 (4.10)

�Subject number (%),

��Average level of benzene<1 ppm (in the 3 months prior to phlebotomy),
# mean air benzene level ± SD values. WBC, white blood cells

https://doi.org/10.1371/journal.pone.0205427.t001
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exposure, including <1 ppm, 5–10 ppm, and >10 ppm [16], with adjustment for multiple test-

ing by Benjamini-Hochberg [25]. Expression of most of the 26 microarray-selected genes was

significantly increased across multiple exposure categories relative to the controls, with average

ratios>1.5. Significant decreases in CEBPA expression occurred in 3 exposure categories

(0.7-fold average ratio) and of MPL at>10 ppm only (0.45).

For the RNA-Seq data, negative binomial models were previously used to estimate fold

changes in gene expression between exposed (>5 ppm) and control subjects, with adjustment

for multiple testing by Benjamini-Hochberg (n = 184) and a chi-squared goodness of fit t-test

(n = 146) [17]. Of the 4 genes selected from the RNA-Seq study, 3 were significantly upregu-

lated (CMYA5, TTC9B,PLCL1) and 1 (ZNF703) was downregulated,�1.5-fold.

We selected 3 reference genes that were reported in the literature to be stably expressed in

PBMCs: the widely-used beta-2 microglobulin (B2M), as well as ribosomal protein large, P0
(RPLP0) and phosphoglycerate kinase 1 (PGK1) [26].

nCounter assay

We used the nCounter platform from NanoString Technologies to analyze the expression of

the 33 selected mRNAs in 100 ng RNA from the 90 study subjects. The automated platform

uses two 50 base pair probes per mRNA that hybridize in solution: a Reporter Probe that car-

ries a fluorescent molecule barcode and a Capture Probe that enables the complex to be immo-

bilized for data collection [21, 27].

The specific mRNA regions targeted, NanoString probe IDs, and melting temperatures of

the probe pairs are detailed in S2 Table. Six technical replicates were included to assess replica-

tion and account for batch effects. Six positive control probes (POS A-F) and their correspond-

ing RNA targets at various concentrations from 128 fM to 0.5 fM were included in the assay to

account for systematic variation introduced by pipetting, sample purification, and imaging.

Negative control probes (with no corresponding targets, NEG A-H) were included to control

for non-specific background noise, i.e. non-specific carryover of reporter probes. The 96 sam-

ples were distributed across 8 batches for processing (S3 Table). Raw target counts were col-

lected using the NanoString data collection software, nSolver. The raw target counts were

background corrected, normalized to the mean of the positive control probes for each assay,

and then normalized to the geometric mean of the reference genes (B2M, PGK1, and RPLP0).

Thus-normalized target gene counts were analyzed by unsupervised clustering in Multiple

Experiment Viewer software [28], using default settings, after being log2-transformed and

mean centered by gene (row).

Correlation of expression levels across platforms

For all 33 genes, we measured the strength of the association between the log2 transformed

microarray intensities and log2 transformed nCounter normalized counts in all 90 subjects,

and between the RNA-Seq and nCounter normalized counts for the 19 subjects in common

between the studies. Using the cor.test function in R and normalized data, we calculated Pear-

son and Spearman correlation coefficients and their corresponding p-values, the latter to test

whether the coefficients were significantly different from zero. A benefit of the less parametric

Spearman’s rank correlation coefficient is that it does not matter if the scales of the expression

measures of the two platforms are equivalent or if they are linearly related as one can simply

measure the monotonic association between them. However, both Pearson and Spearman

approaches to calculating p-values assume that gene expression across all subjects, as measured

on each platform, have independent, normal distributions.
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Differential expression analysis of nCounter data and comparison with

microarray and RNA-Seq

Differential expression analysis of the nCounter data (after excluding a randomly selected repli-

cate from each replicate pair) was done by negative binomial regression and an empirical Bayes

method to moderate the gene-wise quasi-likelihood dispersions, using the glmQLFit function in

the edgeR package (https://bioconductor.org/packages/release/bioc/html/edgeR.html). The

estimated coefficients from the gene-wise models are used as estimates of log fold changes in

expression due to three levels of benzene exposure (<1 ppm, 5–10 ppm, and>10 ppm). The

glmQLFTest function uses the estimated dispersions to compute moderated F-statistics to test

whether all the exposure level coefficients are equal to zero, versus having at least one coefficient

different from zero. It is a moderated F-statistic because the glmQLFTest function shrinks the

dispersions and then uses these to compute a slight variation on the typical F-statistic. The neg-

ative binomial regression analyses were done in two ways: (1) without adjusting for any vari-

ables other than the three binary benzene exposure level variables (<1 ppm, 5–10 ppm,

>10 ppm), and (2) adjusting for benzene exposure, smoking status, age, batch, and gender.

SuperLearner approach to identify mRNAs predictive of benzene exposure

Going beyond the usual differential expression analysis, we sought to build predictors of ben-

zene exposure. Specifically, the goal was to build a function that could take as input the expres-

sion levels of the 30 non-reference genes (or a subset of them) for any given subject, and

generate as output the estimated probability that the subject has been exposed to benzene. In

mathematical notation, the goal is to build a predictor function E[Y|X] = P(Y = 1|X), where Y

is the binary indicator of benzene exposure at the <1 ppm level and X is a vector of 30 or fewer

gene expressions. We focused on< 1 ppm benzene because 1 ppm is the current U.S. occupa-

tional standard [10] and we had a sufficient sample size for this exposure level. Thus, 33 con-

trol subjects and 44 subjects exposed to< 1 ppm were included in the analysis. The mean air

benzene level in the <1ppm group was 0.55 ± 0.248 ppm, and the minimum exposure level

was 0.203 ppm. Before building the prediction functions, differential expression analysis of the

nCounter data from this subset of 77 subjects was performed as described above, both with

and without adjustment for smoking status, age, batch, and gender.

The SuperLearner (SL) algorithm [29] uses a cross-validation procedure to test a combina-

tion of a user-specified set of candidate prediction algorithms. It is available as a statistical

package CVSuperLearner [30] in the programming language, R [31]. SL is based on the statisti-

cal theory, Oracle Inequality [22, 32], which posits that, under certain assumptions, using

cross-validation to select the best performing algorithm is equivalent to the so-called Oracle

Selector (choosing the algorithm by knowing the true model), even if a very large number of

selectors are used. The ability to use a library of statistical modeling techniques from simple to

more complex, offers gains over any specific candidate algorithm in terms of flexibility to accu-

rately fit the data, and potentially more precise prediction.

We built an exposure prediction function using the CVSuperLearner package in R, specify-

ing 10 folds for cross-validation and a library of the following 6 learners: logistic regression

"SL.glm", stepwise regression with Aikake Information Criterion "SL.stepAIC", Bayesian gen-

eralized linear model [33] "SL.bayesglm", Random Forest [34] SL.randomForest", generalized

additive models (with different levels of smoothing) [35] "SL.gam", and "SL.mean". ‘SL.mean’

takes the sample average of the outcomes in the training set as the predicted value of the out-

comes in the left out fold, for each iteration of the internal cross-validation in SuperLearner.

We included a variety of algorithms that relied on different models and assumptions (e.g. tree-

based algorithms, linear algorithms, etc.), and that were appropriate for the binary nature of
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the outcome variable (benzene exposure). A library with six algorithms has the advantage of

being computationally efficient.

The CVSuperLearner function split the 77 by 30 expression matrix into 10 folds, and for each

fold, each of the 6 learners in the library was trained on all folds but that one fold, and tested on

the fold left out. Thus, as a result each learner has a vector of cross-validated predicted probabil-

ities of exposure, (Z1, . . .,Z6). CVSuperLearner then chooses the best convex combination of the

proposed learners by running a logisitic regression of the exposure outcomes on the predicted

probabilities from each learner, P(Y = 1|Z) = expit(β1Z1 + � � � +β6Z6), thereby earning its name

as an ensemble method. The best convex combination is defined as the combination that mini-

mizes the expected squared error loss function for this regression problem. The final prediction

function is therefore expit(β1Z1 + � � � + β6Z6). Finally, the resulting prediction function was

externally cross-validated to assess the performance of the final prediction function.

First, using all 30 non-reference genes and using the cvAUC package in R, we built a ben-

zene exposure prediction function. An area under the receiver operating characteristic curve

(AUC) estimate is equivalent to the Wilcoxon-Mann-Whitney statistic, and can be thought of

as the probability that the fitted classification model will rank a randomly chosen benzene-

exposed sample higher than a randomly chosen control sample [36]. Therefore, the higher the

AUC statistic, the better the classifier is. Confidence intervals and P-values for the cross-vali-

dated AUC estimates were computed with the ci.cvAUC function which uses influence curves

to estimate standard errors.

Next, we then sought to determine the least number of genes needed to build a predictor

whose performance was within 5% of this original cross-validated AUC estimate, i.e. to iden-

tify a smaller subset of genes that would build a prediction function that is virtually just as

accurate as if all 30 genes were used. A predictor with fewer genes would be more practical to

measure as a biomarker. To this end, genes were added in a forward stepwise fashion to the SL

function, one at a time, and each time the performance of the resulting prediction function

was assessed using the same cvAUC function [36]. Thus, all 30 genes were used to build a pre-

diction function one at a time, and the gene with the highest cross-validated AUC was kept.

Then, the 29 remaining genes were added to it and a prediction function was built out of the

29 pairs, keeping the pair with the highest cross-validated AUC. This process was continued

until enough genes were added to get within 5% of the original cross-validated AUC estimate

when all of the 30 genes were used.

Expression of the benzene-predictive mRNAs at low-level benzene

exposure

We plotted the expression of the benzene-predictive mRNAs with continuous benzene expo-

sure in the 33 control and 44 subjects exposed to<1 ppm benzene. As air benzene levels are

below the level of detection in the control subjects, we estimated benzene exposure using

unmetabolized urinary benzene levels as described previously [37]. We previously reported

that urinary benzene and mean individual air levels of benzene were strongly correlated

(Spearman r = 0.88, P< 0.0001) in the epidemiologic study population [11] and in the sub-

group of subjects analyzed in our previous microarray gene expression study (Spearman

r = 0.76, P< 0.0001)[16]. We fitted a generalized additive model (gam) smoothing curve to

each plot, to show the general trend in gene expression with urinary benzene.

Assessment of predictive biomarker exclusivity

We assessed the exclusivity of our identified gene predictors in predicting benzene exposure as

opposed to other factors. First, we identified 6 human PBMC transcriptome studies with data
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available in the Gene Expression Omnibus (GEO) database [38] in which subjects were

exposed to various chemicals/lifestyles: nickel exposure (GSE40392)[39], arsenic exposure

(GSE57711)[40], smoking status (GSE12587)[41], psychosocial stress (GSE25837)[42]; or had

an immune or inflammatory-related disease: rheumatoid arthritis (RA, GSE15573)[43],

peripheral arterial disease (PAD, GSE27034)[44]. In each data set, the status of the factor of

interest was binary (i.e. smoker vs. non-smoker, diagnosed with PAD vs. healthy, exposed to

nickel occupationally vs. exposed to nickel environmentally, etc.). Second, for each data set,

the limma [45] package in R was used to fit unadjusted linear models, using all of the genes in

the study. No covariates were added to the regressions except for the binary exposure status.

As before, the eBayes function in R was used to create moderated t-statistics to test whether the

exposure coefficients were significantly different from zero, and p-values were adjusted for

multiple testing using the Benjamini-Hochberg method. Third, the gene predictors of benzene

exposure were tested on data from the six PBMC studies. Specifically, the CVSuperLearner

function was used to build exposure prediction functions for each of the 6 studies, training the

six prediction functions on the gene expression data from each of the six studies. The cvAUC

function was used to assess the performance of each of these prediction functions, i.e. their

ability to accurately predict their associated exposure/condition. Furthermore, as an alternative

or additional measure of biomarker exclusivity, we used the prediction function which was

trained on the benzene exposure data using CVSuperLearner to predict the six different expo-

sures/conditions from the PBMC studies, and assessed prediction performance using esti-

mated AUC values.

Results

Performance of nCounter data

Raw and normalized nCounter data for all control probes and genes are presented in S4 and

S5 Tables. These data are also available in the Gene Expression Omnibus database [38], acces-

sion number GSE119533. Hybridization performance for the 96 samples is illustrated in S1

Fig, in which the squares of the Pearson Correlations (R2) of positive control RNA target con-

centration vs. counts are plotted. Expected correlation is R2>0.95 and the observed correla-

tions are 0.98–1.0. In the inset, the 6 positive control probes (POS A-E) counts are plotted vs.

RNA target concentration for one representative assay. POS_E detects a target RNA at 0.5 fM,

equivalent to approximately 1 RNA copy per mammalian cell, when 100 ng RNA (10,000 cells)

is hybridized in the assay. POS_E count is greater than the average negative control counts

(background) in all assays.

nSolver computes a normalization factor based on the average of positive control counts for

the whole dataset. POS control normalization factors in our data were close to 1 (recom-

mended range 0.3–3.0), suggesting minimal variation in mRNA content between samples (S2

Fig). In the unsupervised clustering analysis, technical replicates clustered together regardless

of cartridge position and there was a broad separation of controls and exposed subjects based

on expression profile, rather than batch (S3 Fig). The 6 pairs of technical replicates each had a

Pearson correlation coefficient >0.999.

Correlation of expression levels between nCounter and microarray and

RNA-Seq platforms

In the 90 subjects analyzed by both nCounter and microarray, there was a good correlation in

expression levels for most genes (Table 2). Among the 26 microarray-selected genes, 24 genes

had Pearson and Spearman Rank correlation coefficients > 0.7 and associated p values< 0.05,
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and 20 and 19 genes had Pearson and Spearman Rank correlation coefficients greater than

0.85, respectively. Of the 4 RNA-Seq-selected genes, microarray expression levels of 3 genes

(CMYA5, ZNF703, TTC9B) were poorly correlated with the nCounter data, with coefficients

below 0.5, while PLCL1 was better correlated (Pearson, 0.547; Spearman, 0.634).

In the 19 subjects analyzed by both RNA-Seq and nCounter, there was a poor correlation in

expression levels for most genes (Table 3). Only 7 genes, all microarray-selected genes, had

correlation coefficients greater than 0.7, by Pearson’s (CEBPA), Spearman’s (TNFAIP6,

CLEC5A, SERPINB2) or both methods (IL1A, CCL20, AQP9).

Table 2. Correlation of expression levels between microarray and nCounter in all 90 subjects.

Gene Symbol Pearson Spearman

Coefficient p-value Coefficient p-value

Microarray-selected
SERPINB2 0.994 0 0.994 3.94E-93

IL6 0.993 0 0.990 3.04E-81

IL1A 0.982 0 0.979 1.13E-66

AQP9 0.981 0 0.985 3.78E-73

CCL20 0.975 0 0.972 7.59E-61

TNFAIP6 0.968 0 0.959 4.76E-53

CLEC5A 0.964 0 0.962 1.04E-54

PTX3 0.956 0 0.947 3.17E-48

DRAM1 0.954 0 0.951 1.02E-49

IFNB1 0.951 0 0.946 8.07E-48

NFKB1 0.947 0 0.947 2.70E-48

F3 0.927 0 0.948 1.07E-48

KCNJ2 0.925 0 0.922 2.12E-40

PTGS2 0.921 0 0.903 2.88E-36

IL1RN 0.921 0 0.891 5.16E-34

GPR132 0.901 0 0.899 1.59E-35

CEBPA 0.889 0 0.903 3.02E-36

MPL 0.883 0 0.908 2.30E-37

CD44 0.873 0 0.842 5.58E-27

PRG2 0.850 0 0.899 1.70E-35

PLAUR 0.818 0 0.830 1.27E-25

UPB1 0.804 0 0.821 1.31E-24

ACSL1 0.788 0 0.808 2.72E-23

SOD2 0.757 0 0.749 1.66E-18

SLC2A6 0.551 6.00E-09 0.576 7.92E-10

DNAAF1 -0.112 2.77E-01 -0.077 4.58E-01

RNA-Seq-selected
PLCL1 0.547 8.11E-09 0.634 3.93E-12

TTC9B 0.125 2.26E-01 0.089 3.88E-01

ZNF703 0.084 4.15E-01 0.036 7.25E-01

CMYA5 0.031 7.64E-01 0.140 1.74E-01

Reference
RPLP0 0.557 3.76E-09 0.518 6.38E-08

B2M 0.434 9.89E-06 0.475 1.01E-06

PGK1 -0.110 0.28557324 -0.117 2.56E-01

https://doi.org/10.1371/journal.pone.0205427.t002
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Comparison of nCounter and microarray differential expression in all 90

subjects

nCounter data in all 90 subjects was analyzed by negative binomial regression in control and

benzene-exposed (<1 ppm, 5–10 ppm and>10 ppm) subjects, with adjustment for covariates.

Among the 26 microarray-selected genes, 23 were confirmed as differentially expressed (FDR

p-value<0.05) by nCounter, with 22 up-regulated and 1 (CEBPA) down-regulated (Table 4).

Among the 3 non-validated genes, DNAAF1 and SLC2A6 expression level were poorly corre-

lated between the two platforms (Table 2). Though MPL was highly correlated (Table 2),

Table 3. Correlation of expression levels between mRNA-Seq and nCounter in 19 subjects.

Gene Symbol Pearson Spearman

Coefficient p-value Coefficient p-value

Microarray-selected
IL1A 0.898 4.13E-07 0.869 2.80E-06

CCL20 0.893 6.33E-07 0.763 3.56E-04

AQP9 0.736 4.93E-04 0.746 5.66E-04

CEBPA 0.731 5.73E-04 0.647 4.61E-03

KCNJ2 0.683 1.77E-03 0.574 1.27E-02

DRAM1 0.659 2.96E-03 0.556 1.82E-02

PTX3 0.652 3.39E-03 0.653 4.13E-03

TNFAIP6 0.645 3.83E-03 0.713 8.85E-04

NFKB1 0.641 4.15E-03 0.467 5.22E-02

GPR132 0.621 5.96E-03 0.591 1.12E-02

CLEC5A 0.579 1.19E-02 0.933 1.58E-08

IFNB1 0.522 2.64E-02 0.503 3.54E-02

MPL 0.506 3.21E-02 0.642 4.07E-03

ACSL1 0.473 4.75E-02 0.587 1.19E-02

PRG2 0.461 5.41E-02 0.463 5.45E-02

IL6 0.407 9.38E-02 0.472 5.00E-02

PTGS2 0.363 1.39E-01 0.408 9.43E-02

UPB1 0.333 1.77E-01 0.389 1.11E-01

SERPINB2 0.325 1.89E-01 0.717 1.15E-03

SOD2 0.310 2.10E-01 0.393 1.07E-01

IL1RN 0.290 2.43E-01 0.329 1.82E-01

SLC2A6 0.158 5.31E-01 0.216 3.88E-01

PLAUR 0.096 7.04E-01 0.251 3.14E-01

F3 -0.007 9.77E-01 0.366 1.36E-01

CD44 -0.051 8.42E-01 -0.005 9.87E-01

DNAAF1 -0.073 7.74E-01 0.124 6.24E-01

RNA-Seq-selected
ZNF703 -0.002 9.92E-01 0.019 9.41E-01

PLCL1 0.322 1.92E-01 0.267 2.82E-01

TTC9B 0.100 6.93E-01 0.209 4.03E-01

CMYA5 -0.267 2.83E-01 -0.278 2.64E-01

Reference
RPLP0 0.544 1.95E-02 0.529 2.57E-02

PGK1 0.001 9.98E-01 -0.009 9.74E-01

B2M 0.160 5.27E-01 0.110 6.62E-01

https://doi.org/10.1371/journal.pone.0205427.t003
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differential expression was not significant by nCounter. This is probably because differential

expression in the microarray study was driven by the 13 subjects exposed to>10 ppm benzene,

whereas only 4 of those subjects were analyzed by nCounter.

Among the 4 RNA-Seq-selected genes, ZNF703, which was significantly down-regulated

by> 5 ppm benzene in the RNA-Seq data in 19 subjects (but not in the microarray data in 125

subjects), was significantly down-regulated in the nCounter data in 90 subjects. The remaining

3 RNA-Seq-selected genes were not differentially expressed in the 90 subjects by nCounter.

We did not do any analysis with the negative binomial model treating benzene exposure as

an ordinal variable in the nCounter data given the small sample sizes for the 5–10 ppm and

>10 ppm groups (9 and 4 respectively). For the same reasons, we feel we cannot draw any con-

clusions from Table 4 in terms of dose response. While the response seems to be consistently

Table 4. Differential expression analysis of nCounter mRNAs in all 90 subjects.

Gene Symbol Fold-change Exposed vs Controls p-value FDR

<1 ppm 5–10 ppm >10 ppm

Microarray-selected
AQP9 2.50 1.76 1.16 8.33E-13 2.75E-11

DRAM1 2.35 1.77 1.63 2.16E-11 3.56E-10

IL1A 2.79 2.41 2.13 6.40E-11 6.74E-10

PTX3 2.32 1.61 1.57 8.18E-11 6.74E-10

KCNJ2 2.30 1.84 1.61 5.77E-10 3.81E-09

PTGS2 1.91 1.63 1.11 1.32E-09 7.24E-09

TNFAIP6 2.69 1.71 1.56 2.79E-09 1.31E-08

ACSL1 1.91 1.50 1.10 3.40E-09 1.40E-08

SERPINB2 5.12 3.26 1.39 2.16E-08 7.90E-08

F3 3.58 2.41 1.12 3.87E-08 1.28E-07

CD44 1.85 1.62 1.33 5.09E-08 1.53E-07

IFNB1 3.41 2.37 1.38 2.65E-07 7.14E-07

CCL20 2.01 1.51 1.49 2.81E-07 7.14E-07

CLEC5A 2.48 1.88 1.14 7.89E-07 1.86E-06

IL1RN 1.72 1.56 1.07 5.42E-06 1.19E-05

CEBPA 0.55 0.63 0.67 7.79E-06 1.61E-05

IL6 3.21 2.73 1.49 9.61E-06 1.87E-05

SOD2 1.73 1.47 1.16 1.46E-05 2.67E-05

NFKB1 1.69 1.49 1.29 3.72E-05 6.13E-05

PRG2 1.90 1.50 1.35 1.06E-04 1.66E-04

UPB1 1.65 1.51 1.07 1.58E-04 2.36E-04

GPR132 1.59 1.41 1.43 3.95E-04 5.67E-04

PLAUR 1.40 1.39 0.82 5.55E-03 7.63E-03

MPL 0.77 0.65 0.72 6.81E-02 8.99E-02

DNAAF1 0.63 0.84 0.75 8.06E-02 1.02E-01

SLC2A6 1.20 1.03 1.04 4.60E-01 4.90E-01

RNA-Seq-selected
ZNF703 0.55 0.61 0.57 1.88E-05 3.26E-05

CMYA5 0.80 0.84 0.90 3.83E-01 4.36E-01

PLCL1 0.86 0.88 1.18 4.36E-01 4.80E-01

TTC9B 0.90 0.90 1.02 8.68E-01 8.95E-01

FDR, false discovery rate

https://doi.org/10.1371/journal.pone.0205427.t004
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in the same direction for all levels of benzene exposure, it is hard to say more given the sample

size.

Comparison of nCounter and RNA-Seq differential expression in 19

subjects

nCounter data in 19 of the 20 subjects previously analyzed by RNA-Seq, was analyzed by nega-

tive binomial regression in control and benzene-exposed (5–10 ppm and>10 ppm) subjects,

with and without adjustment for covariates. Differential expression of the 4 RNA-Seq-selected

genes was not confirmed by nCounter in either the unadjusted (S6 Table) or adjusted (data

not shown) models. Expression levels of these 4 genes were poorly correlated between the

RNA-Seq and nCounter data (Table 3). In the unadjusted but not the adjusted model, several

of the microarray-selected genes with good expression level correlation (Spearman coefficient

>0.7) between RNA-Seq and nCounter, were found to be differentially expressed in the 19

subjects in the nCounter study.

Identification of genes predictive of benzene exposure by SuperLearner

As most of our exposed subjects were exposed to<1 ppm benzene, we sought to identify gene

subsets predictive of benzene exposure in these subjects. Analysis of the nCounter data for the

33 controls and 44 subjects exposed to<1 ppm, using the adjusted negative binomial model

and controlling for multiple testing, revealed most genes as significantly differentially

expressed (S7 Table). Using all 30 non-reference genes, CVSuperLearner built a benzene expo-

sure (1 ppm) prediction function with a cross-validated AUC estimate of 0.96 (CI 0.89 − 1).

Using an iterative SL approach to determine the least number of genes that could predict ben-

zene exposure—run many times due to the randomness involved in choosing the folds for

cross-validation—we found that each time only two genes were required to get a cross-vali-

dated AUC estimate >0.9 whereas a single gene alone could never build a prediction function

with a cross-validated AUC estimate >0.9. Therefore, we determined that two genes were suf-

ficient for building an accurate exposure predictor. All 6 Superlearner algorithms contributed

to the prediction of benzene exposure across the gene pairs and no algorithms consistently

contributed more than others.

Details of the 6 pairs of genes that were most frequently identified as accurate predictors of

benzene exposure are listed in Table 5. All 6 genes in the biomarker pairs were significantly

differentially expressed at the<1 ppm exposure level. The 2 pairs with the highest AUCs

(0.94) were IFNB1/NFKB1 and PGR2/CLEC5A.ACSL1 and CLEC5A each featured in 3 pairs,

Table 5. Top 6 biomarker pairs predictive of benzene exposure identified by SuperLearner.

Biomarker Pair AUC CI P-Value�

AQP9, ACSL1 0.91 0.82, 1 0

NFKB1, IFNB1 0.94 0.87, 1 0

PRG2, ACSL1 0.91 0.84, 0.99 0

PRG2, CLEC5A 0.94 0.86, 1 0

NFKB1, CLEC5A 0.92 0.84, 1 0

ACSL1, CLEC5A 0.91 0.83, 0.99 0

AUC, area under the curve; CI, confidence interval.

�P-values estimated to ten decimal points (one-sided test with null hypothesis of AUC = 0.5).

https://doi.org/10.1371/journal.pone.0205427.t005
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NFKB1 and PRG2 in 2 pairs, and IFNB1 and AQP9 in 1 pair. The genes play roles in innate

immunity response and energy homeostasis.

Expression of the predictive mRNAs with continuous low-level benzene

exposure

As shown in S4 Fig, for each benzene-predictive mRNA, expression of the controls (red dots)

is distinct from that of the exposed group (blue dots) and the gam curves show an increase in

expression from control to exposed status, with little dose-response apparent across urinary

benzene levels in the< 1 ppm exposed subjects. We did not examine the expression of the pre-

dictor mRNAs at higher levels as they were selected based on data in the <1 ppm vs control

group analysis. However, as shown in Table 4, the direction of the change in expression was

the same for the benzene signature genes in the higher exposure groups as in the<1ppm

group though the magnitude of the change in expression was more marked in the<1ppm

group. Further, gene expression did not significantly differ between the 44 subjects exposed to

<1 ppm and the 13 subjects exposed to>5 ppm subjects for any of the 30 genes analyzed (S8

Table). This suggests that the gene expression biomarkers identified may be predictive at any

level of benzene exposure including < 1ppm but requires validation.

Exclusivity of the biomarker pairs in predicting benzene exposure

We examined the ability of the 6 prominent gene pair predictors to predict other factors,

including exposure/lifestyle (arsenic, smoking, nickel, psychosocial stress) and inflammatory

disease (PAD, RA) in studies with available PBMC transcriptome data. Differential expression

analysis of the respective datasets revealed that none of the 6 benzene predictor genes was

altered by arsenic, PAD, RA, smoking and stress, compared with their respective controls,

after adjusting for multiple testing. In the nickel study, only NFKB1 was differentially

expressed.

We assessed how well the benzene predictors could predict the selected non-benzene fac-

tors in two ways. First, we used the 6 gene pairs from our study to build new SL predictors for

each outcome individually. As shown in S9 Table none of the 6 benzene predictor pairs were

able to predict arsenic exposure or stress, based on low cvAUC estimates. The highest cross-

validated AUC estimates for predicting smoking, RA and PAD were 0.69, 0.71 and 0.73,

respectively. However, for nickel exposure, two biomarker pairs which include NFKB1
(NFKB1, IFNB1) and (NFKB1, CLEC5A) had AUCs of 0.88. Second, we took the AUC values

for each SL predictor pair fit onto the benzene data, i.e. the “benzene fit”, and used these to

predict the other outcomes. As shown in S9 Table, most gene pairs were poor predictors. How-

ever, two pairs (AQP9, ACSL1) and (NFKB1, IFNB1) were predictive of nickel exposure, with

AUCs >0.8 and p-values <0.05. Thus, considering the results of both methods of assessing

predictivity, three benzene biomarker pairs are largely exclusive to benzene, particularly

(PRG2, CLEC5A), and two biomarker pairs are also good biomarkers of nickel exposure.

Discussion

In the current study, we validated our previous microarray findings in occupationally exposed

subjects using the nCounter platform and used SuperLearner to refine pairs of genes whose

expression could predict benzene exposure at low occupational levels (<1 ppm). Finding a

small number of highly predictive genes could enable the development of sensitive gene

expression assays, e.g. droplet digital PCR, that could be deployed inexpensively in large popu-

lation studies in small quantities of blood.
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nCounter Validation was performed on genes selected based on differential expression in

our previous microarray and mRNA-Seq studies. The high correlation of nCounter and

microarray data is in agreement with previously published studies [21, 46–48]. It is unclear

why the nCounter data correlates poorly with the mRNA-Seq data in our study. Concordance

in between RNA-Seq and nCounter data was reported in previous studies [49, 50].

As we sought to identify genes predictive of low-level benzene exposure, we first validated

differential expression in the 44 subjects exposed to<1 ppm benzene in comparison with the

33 controls, using nCounter. We then used SL to find genes predictive of benzene exposure in

this dataset. We chose SL as we did not want to rely on an incorrectly specified parametric

model to build a predictor, as the resulting predictor would be biased, or to choose an arbitrary

parametric model based on what gave the best prediction results. The SL algorithm allows the

user to provide a variety of learners on a spectrum of data-adaptiveness or smoothness, and

results in a less biased predictor with better inference [32]. Further, SL performs at least as well

as the best single learner provided by the user, since cross validation is used to find the best

weighted combination of the learners to build the final predictor. We selected the learners to

avoid overfitting, especially given the small sample size, by including learners with different

levels of data adaptiveness and smoothness that could be used with the binary exposure

variable.

Previously, we used SL to estimate dose-related changes in the expression of pathway genes

in response to benzene [20]. It is relatively novel to use SL to identify gene expression-based

predictive biomarkers. SL was applied to identify gene expression predictors of metastasis in

breast cancer and predictors of the presence of a cancerous tumor in prostate cancer [30]

using publicly available microarray data sets [51, 52]. For breast cancer, SL attained a risk com-

parable to the best algorithm with a mean squared error of 0.194, and for prostate cancer, it

outperformed even the best algorithm in the library with a mean squared error of 0.067.

In the current study, we found 6 pairs of genes (with overlapping members) that could dis-

criminate the<1 ppm exposed and control groups. As differential expression analysis revealed

no difference in expression between the low-level and high-level (>5 ppm) exposure groups,

the gene pairs may be able to predict benzene exposure in levels ranging from <1 ppm

to> 5 ppm but may not be able discriminate between low and high exposure levels.

We found that 3 gene pairs were highly predictive of low-level benzene exposure and were

not strong predictors of smoking, RA, PAD, stress, arsenic, or nickel exposure. An additional

3 pairs were good predictors of both benzene and nickel exposure. A caveat to our approach is

that we were only able to determine exclusivity by analyzing performance of our biomarker

pairs in a limited number of available datasets with information on gene expression and

exposure to a factor or disease of interest in human PBMC in GEO. Thus, we cannot exclude

association of these biomarker pairs with other exposures. Based on currently available data,

therefore, we have identified 3 pairs of gene expression biomarkers that are exclusively predic-

tive of low-level occupational benzene exposure.

Strengths of our study are our cross-sectional study of occupational benzene exposure with

well-characterized exposures, use of a cutting-edge digital counting method nCounter to vali-

date benzene-induced differential gene expression, and the use of SL, an innovative data-adap-

tive approach to identify predictive biomarkers. Limitations of our study include the use of

relatively few studies to determine exclusivity of biomarker prediction—due to a limited num-

ber of comparable publicly available studies—and a lack of validation of our identified bio-

markers in an independent study population, something we hope to address in the future

when we identify and gain access to a suitable, similarly well-characterized study population.

As mentioned in the introduction, several cellular and molecular markers of low-dose ben-

zene exposure were identified previously [11–15]. Urinary benzene is a good biomarker for
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exposure to low levels of benzene [37, 53]. An advantage of gene expression markers is that

they may inform biology and risk assessment. The genes in the pairs predictive of benzene

exposure (ACSL1, CLEC5A, NFKB1, PRG2) play roles in innate immunity and inflammatory

responses. ACSL1 is induced in classically activated inflammatory macrophages and is causal

to the enhanced inflammation and atherosclerosis associated with diabetes in mouse models

[54, 55]. CLEC5A regulates inflammatory responses and activation of myeloid cells [56, 57].

It is expressed on human inflammatory macrophages in vivo [58] and is a critical receptor

for some viruses [59–62], and bacteria [63] and mediates innate immunity inflammatory

response. CLEC5A is also expressed on alveolar macrophages in mice exposed long-term to

cigarette smoke (CS), as well as in human smokers, and it mediates macrophage function and

chronic obstructive pulmonary disease pathology in mice [64]. NF-kappa-B is a pleiotropic

transcription factor present in most cell types and is activated by various stimuli such as cyto-

kines, oxidant-free radicals, ultraviolet irradiation, and bacterial or viral products. Activated

NFKB stimulates the expression of genes involved in a wide variety of biological functions.

Inappropriate activation of NFKB has been associated with a number of inflammatory diseases

[65–67]. Polymorphisms in the NFKB gene may play a role in chronic lymphocytic leukemia

development [68]. PRG2 encodes an eosinphil cytotoxic secretory granule protein involved in

innate immunity and immunopathology [69, 70].

It is not known why certain pairs of innate immunity / inflammatory response genes are

predictive of benzene exposure over other pairs. Benzene metabolites have been shown to

impact aspects of innate immunity [71–74]. Further, genetic polymorphisms in innate immu-

nity genes may modify the risk of hematotoxicity in benzene-exposed workers [75]. However,

future studies are needed to fully understand the effects of benzene exposure on innate immu-

nity and the role of the gene pairs identified in the current study.

Nickel exposure is associated with nasal and lung cancer in nickel refinery workers [28, 76–

78] and with contact hypersensitivity and dermatitis [79]. Alterations in innate and acquired

immunity have been observed in animals [80]. The gene pairs predictive of both benzene and

nickel exposure are AQP9 / ACSL1 and NFKB1 / IFNB1. Nickel was previously known to acti-

vate NFKB signaling [81, 82]. AQP9 is an aquaglyceroporin channel transporter. It transports

arsenic and mediates the cellular response to arsenic exposure [83–86]. AQP9 expression in

neutrophils may play a role in establishing contact hypersitivity [87] and is enhanced in sys-

temic inflammatory response syndrome [88]. It was reported to be one of a panel of five genes

whose expression in PBMC could discriminate between patients with chronic inflammation

and healthy controls [89]. IFNB1 is a cytokine member of the interferon family of signaling

proteins. It is important for defense against viral infections and is involved in cell differentia-

tion and anti-tumor defenses.

A limitation of PBMC gene expression markers is that they may reflect a short-term effect

in currently-exposed individuals due to the short-lived nature of lymphocytes. However,

changes in gene expression persisted in whole blood samples from former cigarette smokers

up to 30 years after cessation compared with non-smokers, as reported in a recent meta-analy-

sis [90], possibly through hypomethylation in the gene promoter regions [91]. Persistent

effects on DNA methylation of multiple additional genes in former smokers has been reported

[92–95], suggesting that it may be a more stable marker. We are exploring this cross-section-

ally as we have blood samples from people currently and previously exposed to benzene

enabling us to explore biomarkers of cumulative or persistent or long-term exposure cross-sec-

tionally without the need for a prospective cohort study. Ultimately, a comprehensive exposure

signature highly specific to benzene incorporating gene expression, DNA methylation, as well

as other types of markers may be useful tool for risk assessment in the future.
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Conclusion

Using the nCounter platform, we validated the altered expression of 27 mRNAs in individu-

als occupationally exposed to <1 ppm benzene and identified 3 gene pairs that exclusively

predict current benzene exposure. Our approach of using the cutting-edge digital counting

method, nCounter, to validate differential gene expression, and of SL to identify predictive

genes, has broad applicability in the field of environmental health. Future studies could

explore whether the biomarkers are predictive of past benzene exposure, what roles (if any)

they play in the toxicity and disease, and whether they can be modulated by factors such as

diet to minimize risk.

Supporting information

S1 Fig. Linearity of the nCounter platform vs. RNA concentration. This graph demonstrates

the linearity of the nCounter platform. The square of the Pearson Correlations (R2) of Positive

control RNA target concentration vs. counts is plotted for all 96 samples. Inset: 6 POS control

probes counts (y-axis) are plotted vs. RNA target concentration (x-axis) for one representative

assay.

(PDF)

S2 Fig. Positive control normalization factors. nSolver computes a normalization factor for

each assay based on the average of positive control counts for the whole data set. NanoString

recommends that for optimal results positive control normalization factors range between 0.3

and 3.0 for all assays. POS control normalization factors indicate minimal inter-assay technical

variation.

(PDF)

S3 Fig. Hierarchical clustering of nCounter gene expression. Normalized counts were ana-

lyzed by unsupervised clustering in MeV (Multiple Experiment Viewer) software, using default

settings. Data were log2-transformed and mean centered by gene (row) prior to clustering.

Replicates cluster together and there is a broad separation of control and exposed samples.

(JPG)

S4 Fig. Expression of benzene predictor genes vs. continuous benzene exposure. For the

control and <1ppm subjects and for each of the 6 genes, each subject’s urinary benzene level

is plotted against their gene expression level. A GAM smoothing curve is fit using all sub-

jects.

(JPG)

S1 Table. Genes selected for inclusion in nCounter ProbeSet.

(XLSX)

S2 Table. Details of the nCounter ProbeSet.

(XLSX)

S3 Table. Randomization of samples across study variables.

(XLSX)

S4 Table. Raw nCounter data.

(XLSX)

S5 Table. Normalized nCounter data.

(XLSX)
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S6 Table. Differential expression analysis of nCounter mRNAs for 30 genes in subjects pre-

viously analyzed by mRNA-Seq.

(XLSX)

S7 Table. Differential expression analysis of nCounter mRNAs in control and low-exposed

subjects previously analyzed by mRNA-Seq.

(XLSX)

S8 Table. Differential expression analysis of nCounter mRNAs in low-exposed vs high-

exposed subjects previously analyzed by microarray.

(XLSX)

S9 Table. Predictivity of gene pairs for benzene and other outcomes.

(XLSX)

Acknowledgments

We thank the participants for taking part in this study. This research was supported by NIH

grants RO1ES06721 and P42ES04705 (to M.T.S.), and NIEHS grants P42ES05948 and

P30ES10126 (to S.M.R.) and the intramural research program of the US National Institutes

of Health, National Cancer Institute.

Author Contributions

Conceptualization: Cliona M. McHale, Alan E. Hubbard, Luoping Zhang, Songnian Yin,

Qing Lan, Martyn T. Smith, Nathaniel Rothman.

Data curation: Cliona M. McHale, Luoping Zhang, Reuben Thomas, Roel Vermeulen, Guilan

Li, Min Shen, Stephen M. Rappaport, Songnian Yin, Qing Lan, Martyn T. Smith, Nathaniel

Rothman.

Formal analysis: Courtney Schiffman, Cliona M. McHale, Alan E. Hubbard, Reuben Thomas,

Martyn T. Smith, Nathaniel Rothman.

Investigation: Alan E. Hubbard, Luoping Zhang, Roel Vermeulen, Guilan Li, Min Shen, Ste-

phen M. Rappaport, Qing Lan, Martyn T. Smith, Nathaniel Rothman.

Methodology: Courtney Schiffman, Cliona M. McHale, Alan E. Hubbard, Reuben Thomas,

Songnian Yin, Qing Lan, Martyn T. Smith, Nathaniel Rothman.

Project administration: Cliona M. McHale.

Resources: Luoping Zhang, Roel Vermeulen, Guilan Li, Min Shen, Stephen M. Rappaport,

Songnian Yin, Martyn T. Smith, Nathaniel Rothman.

Software: Courtney Schiffman, Reuben Thomas.

Supervision: Alan E. Hubbard.

Visualization: Reuben Thomas.

Writing – original draft: Courtney Schiffman, Cliona M. McHale.

Writing – review & editing: Courtney Schiffman, Cliona M. McHale, Luoping Zhang, Qing

Lan, Martyn T. Smith, Nathaniel Rothman.

Gene expression biomarkers of benzene exposure

PLOS ONE | https://doi.org/10.1371/journal.pone.0205427 October 9, 2018 16 / 21

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0205427.s010
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0205427.s011
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0205427.s012
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0205427.s013
https://doi.org/10.1371/journal.pone.0205427


References
1. ATSDR. Toxicological Profile for Benzene. Atlanta, GA: Agency for Toxic Substances and Disease

Registry, 2007.

2. Eastmond DA, Keshava N, Sonawane B. Lymphohematopoietic cancers induced by chemicals and

other agents and their implications for risk evaluation: An overview. Mutat Res Rev Mutat Res. 2014.

Epub 2014/04/16. https://doi.org/10.1016/j.mrrev.2014.04.001 PMID: 24731989.

3. Hayes RB, Songnian Y, Dosemeci M, Linet M. Benzene and lymphohematopoietic malignancies in

humans. Am J Ind Med. 2001; 40(2):117–26. nlmui0011494338. PMID: 11494338

4. Steinmaus C, Smith AH, Jones RM, Smith MT. Meta-analysis of benzene exposure and non-Hodgkin

lymphoma: biases could mask an important association. Occupational and environmental medicine.

2008; 65(6):371–8. https://doi.org/10.1136/oem.2007.036913 PMID: 18417556.

5. Filippini T, Heck JE, Malagoli C, Del Giovane C, Vinceti M. A review and meta-analysis of outdoor air

pollution and risk of childhood leukemia. Journal of environmental science and health Part C, Environ-

mental carcinogenesis & ecotoxicology reviews. 2015; 33(1):36–66. https://doi.org/10.1080/10590501.

2015.1002999 PMID: 25803195

6. Heck JE, Park AS, Qiu J, Cockburn M, Ritz B. Risk of leukemia in relation to exposure to ambient air tox-

ics in pregnancy and early childhood. Int J Hyg Environ Health. 2014; 217(6):662–8. Epub 2014/01/30.

https://doi.org/10.1016/j.ijheh.2013.12.003 PMID: 24472648

7. IARC. A review of human carcinogens—Part F: Chemical agents and related occupations, IARC Mono-

graphs on the Evaluation of Carcinogenic Risks to Humans. Lyons: International Agency for Research

on Cancer, 2012.

8. Zhou Y, Zhang S, Li Z, Zhu J, Bi Y, Bai Y, et al. Maternal benzene exposure during pregnancy and risk

of childhood acute lymphoblastic leukemia: a meta-analysis of epidemiologic studies. PloS one. 2014;

9(10):e110466. Epub 2014/10/22. https://doi.org/10.1371/journal.pone.0110466 PMID: 25333868

9. Weisel CP. Benzene exposure: an overview of monitoring methods and their findings. Chem Biol Inter-

act. 2010; 184(1–2):58–66. https://doi.org/10.1016/j.cbi.2009.12.030 PMID: 20056112.

10. Occupational Safety and Health Administration. Occupational exposure to benzene. Federal

Regulation1987.

11. Lan Q, Zhang L, Li G, Vermeulen R, Weinberg RS, Dosemeci M, et al. Hematotoxicity in workers

exposed to low levels of benzene. Science. 2004; 306(5702):1774–6. https://doi.org/10.1126/science.

1102443 PMID: 15576619

12. Lan Q, Vermeulen R, Zhang L, Li G, Rosenberg PS, Alter BP, et al. Benzene Exposure and Hematotoxi-

city: Response. Science. 2006; 312(5776):998-. https://doi.org/10.1126/science.312.5776.998b PMID:

16709767.

13. Carugno M, Pesatori AC, Dioni L, Hoxha M, Bollati V, Albetti B, et al. Increased mitochondrial DNA copy

number in occupations associated with low-dose benzene exposure. Environ Health Perspect. 2012;

120(2):210–5. Epub 2011/10/19. https://doi.org/10.1289/ehp.1103979 PMID: 22005026

14. Lovreglio P, Maffei F, Carrieri M, D’Errico MN, Drago I, Hrelia P, et al. Evaluation of chromosome aber-

ration and micronucleus frequencies in blood lymphocytes of workers exposed to low concentrations of

benzene. Mutat Res Genet Toxicol Environ Mutagen. 2014; 770:55–60. Epub 2014/10/26. https://doi.

org/10.1016/j.mrgentox.2014.04.022 PMID: 25344164.

15. Moro AM, Brucker N, Charao MF, Sauer E, Freitas F, Durgante J, et al. Early hematological and immu-

nological alterations in gasoline station attendants exposed to benzene. Environ Res. 2015; 137:349–

56. Epub 2015/01/21. https://doi.org/10.1016/j.envres.2014.11.003 PMID: 25601738.

16. McHale CM, Zhang L, Lan Q, Vermeulen R, Li G, Hubbard AE, et al. Global gene expression profiling of

a population exposed to a range of benzene levels. Environ Health Perspect. 2011; 119(5):628–34.

Epub 2010/12/15. https://doi.org/10.1289/ehp.1002546 PMID: 21147609

17. Thomas R, McHale CM, Lan Q, Hubbard AE, Zhang L, Vermeulen R, et al. Global gene expression

response of a population exposed to benzene: a pilot study exploring the use of RNA-sequencing tech-

nology. Environ Mol Mutagen. 2013; 54(7):566–73. Epub 2013/08/03. https://doi.org/10.1002/em.

21801 PMID: 23907980

18. Liew CC, Ma J, Tang HC, Zheng R, Dempsey AA. The peripheral blood transcriptome dynamically

reflects system wide biology: a potential diagnostic tool. The Journal of laboratory and clinical medicine.

2006; 147(3):126–32. https://doi.org/10.1016/j.lab.2005.10.005 PMID: 16503242.

19. Mohr S, Liew CC. The peripheral-blood transcriptome: new insights into disease and risk assessment.

Trends in molecular medicine. 2007; 13(10):422–32. https://doi.org/10.1016/j.molmed.2007.08.003

PMID: 17919976.

Gene expression biomarkers of benzene exposure

PLOS ONE | https://doi.org/10.1371/journal.pone.0205427 October 9, 2018 17 / 21

https://doi.org/10.1016/j.mrrev.2014.04.001
http://www.ncbi.nlm.nih.gov/pubmed/24731989
http://www.ncbi.nlm.nih.gov/pubmed/11494338
https://doi.org/10.1136/oem.2007.036913
http://www.ncbi.nlm.nih.gov/pubmed/18417556
https://doi.org/10.1080/10590501.2015.1002999
https://doi.org/10.1080/10590501.2015.1002999
http://www.ncbi.nlm.nih.gov/pubmed/25803195
https://doi.org/10.1016/j.ijheh.2013.12.003
http://www.ncbi.nlm.nih.gov/pubmed/24472648
https://doi.org/10.1371/journal.pone.0110466
http://www.ncbi.nlm.nih.gov/pubmed/25333868
https://doi.org/10.1016/j.cbi.2009.12.030
http://www.ncbi.nlm.nih.gov/pubmed/20056112
https://doi.org/10.1126/science.1102443
https://doi.org/10.1126/science.1102443
http://www.ncbi.nlm.nih.gov/pubmed/15576619
https://doi.org/10.1126/science.312.5776.998b
http://www.ncbi.nlm.nih.gov/pubmed/16709767
https://doi.org/10.1289/ehp.1103979
http://www.ncbi.nlm.nih.gov/pubmed/22005026
https://doi.org/10.1016/j.mrgentox.2014.04.022
https://doi.org/10.1016/j.mrgentox.2014.04.022
http://www.ncbi.nlm.nih.gov/pubmed/25344164
https://doi.org/10.1016/j.envres.2014.11.003
http://www.ncbi.nlm.nih.gov/pubmed/25601738
https://doi.org/10.1289/ehp.1002546
http://www.ncbi.nlm.nih.gov/pubmed/21147609
https://doi.org/10.1002/em.21801
https://doi.org/10.1002/em.21801
http://www.ncbi.nlm.nih.gov/pubmed/23907980
https://doi.org/10.1016/j.lab.2005.10.005
http://www.ncbi.nlm.nih.gov/pubmed/16503242
https://doi.org/10.1016/j.molmed.2007.08.003
http://www.ncbi.nlm.nih.gov/pubmed/17919976
https://doi.org/10.1371/journal.pone.0205427


20. Thomas R, Hubbard AE, McHale CM, Zhang L, Rappaport SM, Lan Q, et al. Characterization of

changes in gene expression and biochemical pathways at low levels of benzene exposure. PloS one.

2014; 9(5):e91828. Epub 2014/05/03. https://doi.org/10.1371/journal.pone.0091828 PMID: 24786086

21. Geiss GK, Bumgarner RE, Birditt B, Dahl T, Dowidar N, Dunaway DL, et al. Direct multiplexed measure-

ment of gene expression with color-coded probe pairs. Nature biotechnology. 2008; 26(3):317–25.

https://doi.org/10.1038/nbt1385 PMID: 18278033.

22. van der Laan MJ, Polley EC, Hubbard AE. Super learner. Stat Appl Genet Mol Biol. 2007; 6:Article25.

https://doi.org/10.2202/1544-6115.1309 PMID: 17910531.

23. Vermeulen R, Li G, Lan Q, Dosemeci M, Rappaport SM, Bohong X, et al. Detailed exposure assess-

ment for a molecular epidemiology study of benzene in two shoe factories in China. Annals of Occupa-

tional Hygiene. 2004; 48(2):105. PMID: 14990432.

24. Forrest MS, Lan Q, Hubbard AE, Zhang L, Vermeulen R, Zhao X, et al. Discovery of novel biomarkers

by microarray analysis of peripheral blood mononuclear cell gene expression in benzene-exposed

workers. Environ Health Perspect. 2005; 113(6):801–7. https://doi.org/10.1289/ehp.7635 PMID:

15929907.

25. Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to

Multiple Testing. Journal of the Royal Statistical Society Series B (Methodological). 1995; 57(1):289–

300.

26. Falkenberg VR, Whistler T, Murray JR, Unger ER, Rajeevan MS. Identification of Phosphoglycerate

Kinase 1 (PGK1) as a reference gene for quantitative gene expression measurements in human blood

RNA. BMC research notes. 2011; 4:324 PMID: 21896205

27. Reis PP, Waldron L, Goswami RS, Xu W, Xuan Y, Perez-Ordonez B, et al. mRNA transcript quantifica-

tion in archival samples using multiplexed, color-coded probes. BMC biotechnology. 2011; 11:46.

https://doi.org/10.1186/1472-6750-11-46 PMID: 21549012

28. Howe EA, Sinha R, Schlauch D, Quackenbush J. RNA-Seq analysis in MeV. Bioinformatics. 2011;

27(22):3209–10. https://doi.org/10.1093/bioinformatics/btr490 PMID: 21976420

29. van der Laan MJ, Polley EC, Hubbard AE. Super Learner. UC Berkeley Division of Biostatistics Working

Paper Series. 2007;222(http://biostats.bepress.com/ucbbiostat/paper222).

30. Polley EC, van der Laan MJ. SuperLearner: Super Learner Prediction. R package version 2.0–6. 2012.

31. Ihaka R, G R. R: A language for data analysis and graphics. J Comp Graphical Stat. 1996.

32. van der Laan MJ, Rose S. Targeted learning: causal inference for observational and experimental data.

New York: Springer; 2011.

33. Gelman A, Jakulin A, Pittau MG, Su YS. A weakly informative default prior distribution for logistic and

other regression models. Ann Appl Stat. 2008; 2:1360–83.

34. Breiman L. Random forests—random features1999.

35. Hastie T, Tibshirani R. Generalized additive models: An introduction with R. New York: Chapman and

Hall; 1990.

36. LeDell E, Petersen M, van der Laan MJ. cvAUC: Cross-Validated Area Under the ROC Curve Confi-

dence Intervals. R. 1.1.0 ed2014.

37. Kim S, Vermeulen R, Waidyanatha S, Johnson BA, Lan Q, Rothman N, et al. Using urinary biomarkers

to elucidate dose-related patterns of human benzene metabolism. Carcinogenesis. 2006; 27(4):772–

81. https://doi.org/10.1093/carcin/bgi297 PMID: 16339183.

38. Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene expression and hybridization

array data repository. Nucleic acids research. 2002; 30(1):207–10. PMID: 11752295

39. Arita A, Munoz A, Chervona Y, Niu J, Qu Q, Zhao N, et al. Gene expression profiles in peripheral blood

mononuclear cells of Chinese nickel refinery workers with high exposures to nickel and control subjects.

Cancer epidemiology, biomarkers & prevention: a publication of the American Association for Cancer

Research, cosponsored by the American Society of Preventive Oncology. 2013; 22(2):261–9. https://

doi.org/10.1158/1055-9965.EPI-12-1011 PMID: 23195993

40. Munoz A, Chervona Y, Hall M, Kluz T, Gamble MV, Costa M. Sex-specific patterns and deregulation of

endocrine pathways in the gene expression profiles of Bangladeshi adults exposed to arsenic contami-

nated drinking water. Toxicology and applied pharmacology. 2015; 284(3):330–8. https://doi.org/10.

1016/j.taap.2015.02.025 PMID: 25759245

41. Weng DY, Chen J, Taslim C, Hsu PC, Marian C, David SP, et al. Persistent alterations of gene expres-

sion profiling of human peripheral blood mononuclear cells from smokers. Molecular carcinogenesis.

2015. https://doi.org/10.1002/mc.22385 PMID: 26294040

42. Cole SW, Hawkley LC, Arevalo JM, Cacioppo JT. Transcript origin analysis identifies antigen-present-

ing cells as primary targets of socially regulated gene expression in leukocytes. Proceedings of the

Gene expression biomarkers of benzene exposure

PLOS ONE | https://doi.org/10.1371/journal.pone.0205427 October 9, 2018 18 / 21

https://doi.org/10.1371/journal.pone.0091828
http://www.ncbi.nlm.nih.gov/pubmed/24786086
https://doi.org/10.1038/nbt1385
http://www.ncbi.nlm.nih.gov/pubmed/18278033
https://doi.org/10.2202/1544-6115.1309
http://www.ncbi.nlm.nih.gov/pubmed/17910531
http://www.ncbi.nlm.nih.gov/pubmed/14990432
https://doi.org/10.1289/ehp.7635
http://www.ncbi.nlm.nih.gov/pubmed/15929907
http://www.ncbi.nlm.nih.gov/pubmed/21896205
https://doi.org/10.1186/1472-6750-11-46
http://www.ncbi.nlm.nih.gov/pubmed/21549012
https://doi.org/10.1093/bioinformatics/btr490
http://www.ncbi.nlm.nih.gov/pubmed/21976420
http://biostats.bepress.com/ucbbiostat/paper222
https://doi.org/10.1093/carcin/bgi297
http://www.ncbi.nlm.nih.gov/pubmed/16339183
http://www.ncbi.nlm.nih.gov/pubmed/11752295
https://doi.org/10.1158/1055-9965.EPI-12-1011
https://doi.org/10.1158/1055-9965.EPI-12-1011
http://www.ncbi.nlm.nih.gov/pubmed/23195993
https://doi.org/10.1016/j.taap.2015.02.025
https://doi.org/10.1016/j.taap.2015.02.025
http://www.ncbi.nlm.nih.gov/pubmed/25759245
https://doi.org/10.1002/mc.22385
http://www.ncbi.nlm.nih.gov/pubmed/26294040
https://doi.org/10.1371/journal.pone.0205427


National Academy of Sciences of the United States of America. 2011; 108(7):3080–5. https://doi.org/

10.1073/pnas.1014218108 PMID: 21300872

43. Teixeira VH, Olaso R, Martin-Magniette ML, Lasbleiz S, Jacq L, Oliveira CR, et al. Transcriptome analy-

sis describing new immunity and defense genes in peripheral blood mononuclear cells of rheumatoid

arthritis patients. PloS one. 2009; 4(8):e6803. https://doi.org/10.1371/journal.pone.0006803 PMID:

19710928

44. Masud R, Shameer K, Dhar A, Ding K, Kullo IJ. Gene expression profiling of peripheral blood mononu-

clear cells in the setting of peripheral arterial disease. Journal of clinical bioinformatics. 2012; 2:6.

https://doi.org/10.1186/2043-9113-2-6 PMID: 22409835

45. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analy-

ses for RNA-sequencing and microarray studies. Nucleic acids research. 2015; 43(7):e47. https://doi.

org/10.1093/nar/gkv007 PMID: 25605792

46. Northcott PA, Shih DJ, Remke M, Cho YJ, Kool M, Hawkins C, et al. Rapid, reliable, and reproducible

molecular sub-grouping of clinical medulloblastoma samples. Acta neuropathologica. 2012; 123

(4):615–26. https://doi.org/10.1007/s00401-011-0899-7 PMID: 22057785

47. Richard AC, Lyons PA, Peters JE, Biasci D, Flint SM, Lee JC, et al. Comparison of gene expression

microarray data with count-based RNA measurements informs microarray interpretation. BMC geno-

mics. 2014; 15:649. https://doi.org/10.1186/1471-2164-15-649 PMID: 25091430

48. Veldman-Jones MH, Lai Z, Wappett M, Harbron CG, Barrett JC, Harrington EA, et al. Reproducible,

Quantitative, and Flexible Molecular Subtyping of Clinical DLBCL Samples Using the NanoString

nCounter System. Clinical cancer research: an official journal of the American Association for Cancer

Research. 2015; 21(10):2367–78. https://doi.org/10.1158/1078-0432.CCR-14-0357 PMID: 25301847.

49. Sun Z, Asmann YW, Kalari KR, Bot B, Eckel-Passow JE, Baker TR, et al. Integrated analysis of gene

expression, CpG island methylation, and gene copy number in breast cancer cells by deep sequencing.

PloS one. 2011; 6(2):e17490. Epub 2011/03/03. https://doi.org/10.1371/journal.pone.0017490 PMID:

21364760

50. Vukmirovic M, Herazo-Maya JD, Blackmon J, Skodric-Trifunovic V, Jovanovic D, Pavlovic S, et al. Iden-

tification and validation of differentially expressed transcripts by RNA-sequencing of formalin-fixed, par-

affin-embedded (FFPE) lung tissue from patients with Idiopathic Pulmonary Fibrosis. BMC Pulm Med.

2017; 17(1):15. Epub 2017/01/14. PMID: 28081703

51. Singh D, Febbo PG, Ross K, Jackson DG, Manola J, Ladd C, et al. Gene expression correlates of clini-

cal prostate cancer behavior. Cancer cell. 2002; 1(2):203–9. PMID: 12086878.

52. van’t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AA, Mao M, et al. Gene expression profiling predicts

clinical outcome of breast cancer. Nature. 2002; 415(6871):530–6. https://doi.org/10.1038/415530a

PMID: 11823860.

53. Waidyanatha S, Rothman N, Fustinoni S, Smith MT, Hayes RB, Bechtold W, et al. Urinary benzene as

a biomarker of exposure among occupationally exposed and unexposed subjects. Carcinogenesis.

2001; 22(2):279–86. PMID: 11181449.

54. Kanter JE, Bornfeldt KE. Inflammation and diabetes-accelerated atherosclerosis: myeloid cell media-

tors. Trends in endocrinology and metabolism: TEM. 2013; 24(3):137–44. https://doi.org/10.1016/j.tem.

2012.10.002 PMID: 23153419

55. Kanter JE, Kramer F, Barnhart S, Averill MM, Vivekanandan-Giri A, Vickery T, et al. Diabetes promotes

an inflammatory macrophage phenotype and atherosclerosis through acyl-CoA synthetase 1. Proceed-

ings of the National Academy of Sciences of the United States of America. 2012; 109(12):E715–24.

https://doi.org/10.1073/pnas.1111600109 PMID: 22308341

56. Aoki N, Kimura Y, Kimura S, Nagato T, Azumi M, Kobayashi H, et al. Expression and functional role of

MDL-1 (CLEC5A) in mouse myeloid lineage cells. Journal of leukocyte biology. 2009; 85(3):508–17.

https://doi.org/10.1189/jlb.0508329 PMID: 19074552.

57. Cheung R, Shen F, Phillips JH, McGeachy MJ, Cua DJ, Heyworth PG, et al. Activation of MDL-1

(CLEC5A) on immature myeloid cells triggers lethal shock in mice. The Journal of clinical investigation.

2011; 121(11):4446–61. https://doi.org/10.1172/JCI57682 PMID: 22005300

58. Gonzalez-Dominguez E, Samaniego R, Flores-Sevilla JL, Campos-Campos SF, Gomez-Campos G,

Salas A, et al. CD163L1 and CLEC5A discriminate subsets of human resident and inflammatory macro-

phages in vivo. Journal of leukocyte biology. 2015; 98(4):453–66. https://doi.org/10.1189/jlb.3HI1114-

531R PMID: 25877931.

59. Chen ST, Lin YL, Huang MT, Wu MF, Cheng SC, Lei HY, et al. CLEC5A is critical for dengue-virus-

induced lethal disease. Nature. 2008; 453(7195):672–6. https://doi.org/10.1038/nature07013 PMID:

18496526.

Gene expression biomarkers of benzene exposure

PLOS ONE | https://doi.org/10.1371/journal.pone.0205427 October 9, 2018 19 / 21

https://doi.org/10.1073/pnas.1014218108
https://doi.org/10.1073/pnas.1014218108
http://www.ncbi.nlm.nih.gov/pubmed/21300872
https://doi.org/10.1371/journal.pone.0006803
http://www.ncbi.nlm.nih.gov/pubmed/19710928
https://doi.org/10.1186/2043-9113-2-6
http://www.ncbi.nlm.nih.gov/pubmed/22409835
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
http://www.ncbi.nlm.nih.gov/pubmed/25605792
https://doi.org/10.1007/s00401-011-0899-7
http://www.ncbi.nlm.nih.gov/pubmed/22057785
https://doi.org/10.1186/1471-2164-15-649
http://www.ncbi.nlm.nih.gov/pubmed/25091430
https://doi.org/10.1158/1078-0432.CCR-14-0357
http://www.ncbi.nlm.nih.gov/pubmed/25301847
https://doi.org/10.1371/journal.pone.0017490
http://www.ncbi.nlm.nih.gov/pubmed/21364760
http://www.ncbi.nlm.nih.gov/pubmed/28081703
http://www.ncbi.nlm.nih.gov/pubmed/12086878
https://doi.org/10.1038/415530a
http://www.ncbi.nlm.nih.gov/pubmed/11823860
http://www.ncbi.nlm.nih.gov/pubmed/11181449
https://doi.org/10.1016/j.tem.2012.10.002
https://doi.org/10.1016/j.tem.2012.10.002
http://www.ncbi.nlm.nih.gov/pubmed/23153419
https://doi.org/10.1073/pnas.1111600109
http://www.ncbi.nlm.nih.gov/pubmed/22308341
https://doi.org/10.1189/jlb.0508329
http://www.ncbi.nlm.nih.gov/pubmed/19074552
https://doi.org/10.1172/JCI57682
http://www.ncbi.nlm.nih.gov/pubmed/22005300
https://doi.org/10.1189/jlb.3HI1114-531R
https://doi.org/10.1189/jlb.3HI1114-531R
http://www.ncbi.nlm.nih.gov/pubmed/25877931
https://doi.org/10.1038/nature07013
http://www.ncbi.nlm.nih.gov/pubmed/18496526
https://doi.org/10.1371/journal.pone.0205427


60. Cheng YL, Lin YS, Chen CL, Tsai TT, Tsai CC, Wu YW, et al. Activation of Nrf2 by the dengue virus

causes an increase in CLEC5A, which enhances TNF-alpha production by mononuclear phagocytes.

Scientific reports. 2016; 6:32000 PMID: 27561946

61. Teng O, Chen ST, Hsu TL, Sia SF, Cole S, Valkenburg SA, et al. CLEC5A-Mediated Enhancement of

the Inflammatory Response in Myeloid Cells Contributes to Influenza Virus Pathogenicity In Vivo. Jour-

nal of virology. 2017;91(1). https://doi.org/10.1128/JVI.01813-16 PMID: 27795434

62. Wu MF, Chen ST, Yang AH, Lin WW, Lin YL, Chen NJ, et al. CLEC5A is critical for dengue virus-

induced inflammasome activation in human macrophages. Blood. 2013; 121(1):95–106. https://doi.org/

10.1182/blood-2012-05-430090 PMID: 23152543.

63. Chen ST, Li FJ, Hsu TY, Liang SM, Yeh YC, Liao WY, et al. CLEC5A is a critical receptor in innate

immunity against Listeria infection. Nature communications. 2017; 8(1):299. https://doi.org/10.1038/

s41467-017-00356-3 PMID: 28824166

64. Wortham BW, Eppert BL, Flury JL, Garcia SM, Donica WR, Osterburg A, et al. Cutting Edge: CLEC5A

Mediates Macrophage Function and Chronic Obstructive Pulmonary Disease Pathologies. Journal of

immunology. 2016; 196(8):3227–31. https://doi.org/10.4049/jimmunol.1500978 PMID: 26927798

65. Laveti D, Kumar M, Hemalatha R, Sistla R, Naidu VG, Talla V, et al. Anti-inflammatory treatments for

chronic diseases: a review. Inflammation & allergy drug targets. 2013; 12(5):349–61. PMID: 23876224.

66. Schuliga M. NF-kappaB Signaling in Chronic Inflammatory Airway Disease. Biomolecules. 2015; 5

(3):1266–83. https://doi.org/10.3390/biom5031266 PMID: 26131974

67. Srinivasan M, Lahiri DK. Significance of NF-kappaB as a pivotal therapeutic target in the neurodegener-

ative pathologies of Alzheimer’s disease and multiple sclerosis. Expert opinion on therapeutic targets.

2015; 19(4):471–87. https://doi.org/10.1517/14728222.2014.989834 PMID: 25652642

68. Ovsepyan VA, Shubenkina AA, Zotova EN. Possible Role of Polymorphisms in TNFA, NFKB1, and

CASP8 Gene Promoter Areas in the Development of Chronic Lymphocytic Leukemia. Bulletin of experi-

mental biology and medicine. 2017; 162(5):650–3. https://doi.org/10.1007/s10517-017-3679-0 PMID:

28361429.

69. Acharya KR, Ackerman SJ. Eosinophil granule proteins: form and function. The Journal of biological

chemistry. 2014; 289(25):17406–15. https://doi.org/10.1074/jbc.R113.546218 PMID: 24802755

70. Soragni A, Yousefi S, Stoeckle C, Soriaga AB, Sawaya MR, Kozlowski E, et al. Toxicity of eosinophil

MBP is repressed by intracellular crystallization and promoted by extracellular aggregation. Molecular

cell. 2015; 57(6):1011–21. https://doi.org/10.1016/j.molcel.2015.01.026 PMID: 25728769

71. Hebeda CB, Pinedo FJ, Bolonheis SM, Ferreira ZF, Muscara MN, Teixeira SA, et al. Intracellular mech-

anisms of hydroquinone toxicity on endotoxin-activated neutrophils. Arch Toxicol. 2012; 86(11):1773–

81. Epub 2012/06/22. https://doi.org/10.1007/s00204-012-0886-3 PMID: 22717997.

72. Ibuki Y, Goto R. Dysregulation of apoptosis by benzene metabolites and their relationships with carcino-

genesis. Biochim Biophys Acta. 2004; 1690(1):11–21. Epub 2004/09/01. https://doi.org/10.1016/j.

bbadis.2004.04.005 PMID: 15337166.

73. Kim E, Kang BY, Kim TS. Inhibition of interleukin-12 production in mouse macrophages by hydroqui-

none, a reactive metabolite of benzene, via suppression of nuclear factor-kappaB binding activity.

Immunol Lett. 2005; 99(1):24–9. Epub 2005/05/17. https://doi.org/10.1016/j.imlet.2004.11.025 PMID:

15894107.

74. Lee JY, Kim JY, Lee YG, Shin WC, Chun T, Rhee MH, et al. Hydroquinone, a reactive metabolite of

benzene, reduces macrophage-mediated immune responses. Mol Cells. 2007; 23(2):198–206. Epub

2007/04/28. PMID: 17464197.

75. Shen M, Zhang L, Lee KM, Vermeulen R, Hosgood HD, Li G, et al. Polymorphisms in genes involved in

innate immunity and susceptibility to benzene-induced hematotoxicity. Exp Mol Med. 2011; 43(6):374–

8. Epub 2011/05/05. https://doi.org/10.3858/emm.2011.43.6.041 PMID: 21540635

76. Doll R, Mathews JD, Morgan LG. Cancers of the lung and nasal sinuses in nickel workers: a reassess-

ment of the period of risk. British journal of industrial medicine. 1977; 34(2):102–5. PMID: 871439

77. Doll R, Morgan LG, Speizer FE. Cancers of the lung and nasal sinuses in nickel workers. British journal

of cancer. 1970; 24(4):623–32. PMID: 5503591

78. Grimsrud TK, Berge SR, Haldorsen T, Andersen A. Exposure to different forms of nickel and risk of lung

cancer. American journal of epidemiology. 2002; 156(12):1123–32. PMID: 12480657.

79. Schmidt M, Goebeler M. Nickel allergies: paying the Toll for innate immunity. Journal of molecular medi-

cine. 2011; 89(10):961–70. https://doi.org/10.1007/s00109-011-0780-0 PMID: 21698426.

80. ATSDR. Toxicological profile for nickel. In: U.S. Department of Health and Human Services PHS, editor.

Atlanta, Georgia: ATSDR; 2005.

81. Chen F, Ding M, Castranova V, Shi X. Carcinogenic metals and NF-kappaB activation. Molecular and

cellular biochemistry. 2001; 222(1–2):159–71. PMID: 11678598.

Gene expression biomarkers of benzene exposure

PLOS ONE | https://doi.org/10.1371/journal.pone.0205427 October 9, 2018 20 / 21

http://www.ncbi.nlm.nih.gov/pubmed/27561946
https://doi.org/10.1128/JVI.01813-16
http://www.ncbi.nlm.nih.gov/pubmed/27795434
https://doi.org/10.1182/blood-2012-05-430090
https://doi.org/10.1182/blood-2012-05-430090
http://www.ncbi.nlm.nih.gov/pubmed/23152543
https://doi.org/10.1038/s41467-017-00356-3
https://doi.org/10.1038/s41467-017-00356-3
http://www.ncbi.nlm.nih.gov/pubmed/28824166
https://doi.org/10.4049/jimmunol.1500978
http://www.ncbi.nlm.nih.gov/pubmed/26927798
http://www.ncbi.nlm.nih.gov/pubmed/23876224
https://doi.org/10.3390/biom5031266
http://www.ncbi.nlm.nih.gov/pubmed/26131974
https://doi.org/10.1517/14728222.2014.989834
http://www.ncbi.nlm.nih.gov/pubmed/25652642
https://doi.org/10.1007/s10517-017-3679-0
http://www.ncbi.nlm.nih.gov/pubmed/28361429
https://doi.org/10.1074/jbc.R113.546218
http://www.ncbi.nlm.nih.gov/pubmed/24802755
https://doi.org/10.1016/j.molcel.2015.01.026
http://www.ncbi.nlm.nih.gov/pubmed/25728769
https://doi.org/10.1007/s00204-012-0886-3
http://www.ncbi.nlm.nih.gov/pubmed/22717997
https://doi.org/10.1016/j.bbadis.2004.04.005
https://doi.org/10.1016/j.bbadis.2004.04.005
http://www.ncbi.nlm.nih.gov/pubmed/15337166
https://doi.org/10.1016/j.imlet.2004.11.025
http://www.ncbi.nlm.nih.gov/pubmed/15894107
http://www.ncbi.nlm.nih.gov/pubmed/17464197
https://doi.org/10.3858/emm.2011.43.6.041
http://www.ncbi.nlm.nih.gov/pubmed/21540635
http://www.ncbi.nlm.nih.gov/pubmed/871439
http://www.ncbi.nlm.nih.gov/pubmed/5503591
http://www.ncbi.nlm.nih.gov/pubmed/12480657
https://doi.org/10.1007/s00109-011-0780-0
http://www.ncbi.nlm.nih.gov/pubmed/21698426
http://www.ncbi.nlm.nih.gov/pubmed/11678598
https://doi.org/10.1371/journal.pone.0205427


82. Lu H, Shi X, Costa M, Huang C. Carcinogenic effect of nickel compounds. Molecular and cellular bio-

chemistry. 2005; 279(1–2):45–67. https://doi.org/10.1007/s11010-005-8215-2 PMID: 16283514.

83. Carbrey JM, Song L, Zhou Y, Yoshinaga M, Rojek A, Wang Y, et al. Reduced arsenic clearance and

increased toxicity in aquaglyceroporin-9-null mice. Proceedings of the National Academy of Sciences of

the United States of America. 2009; 106(37):15956–60. https://doi.org/10.1073/pnas.0908108106

PMID: 19805235

84. Fei DL, Koestler DC, Li Z, Giambelli C, Sanchez-Mejias A, Gosse JA, et al. Association between In

Utero arsenic exposure, placental gene expression, and infant birth weight: a US birth cohort study.

Environmental health: a global access science source. 2013; 12:58. https://doi.org/10.1186/1476-

069X-12-58 PMID: 23866971

85. Shinkai Y, Sumi D, Toyama T, Kaji T, Kumagai Y. Role of aquaporin 9 in cellular accumulation of

arsenic and its cytotoxicity in primary mouse hepatocytes. Toxicology and applied pharmacology. 2009;

237(2):232–6. https://doi.org/10.1016/j.taap.2009.03.014 PMID: 19341753.

86. Yoshino Y, Yuan B, Kaise T, Takeichi M, Tanaka S, Hirano T, et al. Contribution of aquaporin 9 and mul-

tidrug resistance-associated protein 2 to differential sensitivity to arsenite between primary cultured

chorion and amnion cells prepared from human fetal membranes. Toxicology and applied pharmacol-

ogy. 2011; 257(2):198–208. https://doi.org/10.1016/j.taap.2011.09.006 PMID: 21945491

87. Moniaga CS, Watanabe S, Honda T, Nielsen S, Hara-Chikuma M. Aquaporin-9-expressing neutrophils

are required for the establishment of contact hypersensitivity. Scientific reports. 2015; 5:15319. https://

doi.org/10.1038/srep15319 PMID: 26489517

88. Matsushima A, Ogura H, Koh T, Shimazu T, Sugimoto H. Enhanced expression of aquaporin 9 in acti-

vated polymorphonuclear leukocytes in patients with systemic inflammatory response syndrome.

Shock. 2014; 42(4):322–6. https://doi.org/10.1097/SHK.0000000000000218 PMID: 24978896.

89. Mesko B, Poliska S, Szegedi A, Szekanecz Z, Palatka K, Papp M, et al. Peripheral blood gene expres-

sion patterns discriminate among chronic inflammatory diseases and healthy controls and identify novel

targets. BMC medical genomics. 2010; 3:15. https://doi.org/10.1186/1755-8794-3-15 PMID: 20444268

90. Huan T, Joehanes R, Schurmann C, Schramm K, Pilling LC, Peters MJ, et al. A whole-blood transcrip-

tome meta-analysis identifies gene expression signatures of cigarette smoking. Human molecular

genetics. 2016; 25(21):4611–23. https://doi.org/10.1093/hmg/ddw288 PMID: 28158590.

91. Gao X, Jia M, Zhang Y, Breitling LP, Brenner H. DNA methylation changes of whole blood cells in

response to active smoking exposure in adults: a systematic review of DNA methylation studies. Clinical

epigenetics. 2015; 7:113. https://doi.org/10.1186/s13148-015-0148-3 PMID: 26478754

92. Baglietto L, Ponzi E, Haycock P, Hodge A, Bianca Assumma M, Jung CH, et al. DNA methylation

changes measured in pre-diagnostic peripheral blood samples are associated with smoking and lung

cancer risk. International journal of cancer. 2017; 140(1):50–61. https://doi.org/10.1002/ijc.30431

PMID: 27632354

93. Joehanes R, Just AC, Marioni RE, Pilling LC, Reynolds LM, Mandaviya PR, et al. Epigenetic Signatures

of Cigarette Smoking. Circulation Cardiovascular genetics. 2016; 9(5):436–47. https://doi.org/10.1161/

CIRCGENETICS.116.001506 PMID: 27651444

94. Shenker NS, Ueland PM, Polidoro S, van Veldhoven K, Ricceri F, Brown R, et al. DNA methylation as a

long-term biomarker of exposure to tobacco smoke. Epidemiology. 2013; 24(5):712–6. https://doi.org/

10.1097/EDE.0b013e31829d5cb3 PMID: 23867811.

95. Wan ES, Qiu W, Baccarelli A, Carey VJ, Bacherman H, Rennard SI, et al. Cigarette smoking behaviors

and time since quitting are associated with differential DNA methylation across the human genome.

Human molecular genetics. 2012; 21(13):3073–82. https://doi.org/10.1093/hmg/dds135 PMID:

22492999

Gene expression biomarkers of benzene exposure

PLOS ONE | https://doi.org/10.1371/journal.pone.0205427 October 9, 2018 21 / 21

https://doi.org/10.1007/s11010-005-8215-2
http://www.ncbi.nlm.nih.gov/pubmed/16283514
https://doi.org/10.1073/pnas.0908108106
http://www.ncbi.nlm.nih.gov/pubmed/19805235
https://doi.org/10.1186/1476-069X-12-58
https://doi.org/10.1186/1476-069X-12-58
http://www.ncbi.nlm.nih.gov/pubmed/23866971
https://doi.org/10.1016/j.taap.2009.03.014
http://www.ncbi.nlm.nih.gov/pubmed/19341753
https://doi.org/10.1016/j.taap.2011.09.006
http://www.ncbi.nlm.nih.gov/pubmed/21945491
https://doi.org/10.1038/srep15319
https://doi.org/10.1038/srep15319
http://www.ncbi.nlm.nih.gov/pubmed/26489517
https://doi.org/10.1097/SHK.0000000000000218
http://www.ncbi.nlm.nih.gov/pubmed/24978896
https://doi.org/10.1186/1755-8794-3-15
http://www.ncbi.nlm.nih.gov/pubmed/20444268
https://doi.org/10.1093/hmg/ddw288
http://www.ncbi.nlm.nih.gov/pubmed/28158590
https://doi.org/10.1186/s13148-015-0148-3
http://www.ncbi.nlm.nih.gov/pubmed/26478754
https://doi.org/10.1002/ijc.30431
http://www.ncbi.nlm.nih.gov/pubmed/27632354
https://doi.org/10.1161/CIRCGENETICS.116.001506
https://doi.org/10.1161/CIRCGENETICS.116.001506
http://www.ncbi.nlm.nih.gov/pubmed/27651444
https://doi.org/10.1097/EDE.0b013e31829d5cb3
https://doi.org/10.1097/EDE.0b013e31829d5cb3
http://www.ncbi.nlm.nih.gov/pubmed/23867811
https://doi.org/10.1093/hmg/dds135
http://www.ncbi.nlm.nih.gov/pubmed/22492999
https://doi.org/10.1371/journal.pone.0205427

