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A B S T R A C T

Early detection of the health lesions induced by chronic arsenic exposure (HLICAE) are crucial to prevent
permanent arsenic-induced damage. If HLICAE can be identified in time, appropriate preventive and therapeutic
measures may be provided without various avoidable lesions. The present study aims to assess the probability of
HLICAE early recognition with metabolomics. Applying a case-control study, 94 participants with HLICAE
(cases) and other 94 subjects without HLICAE (controls) were matched with gender and age (± 1 year), coming
from a previous chronic arsenic exposure cohort. Serum metabolomic profiles were assessed by ultra-high-
performance liquid chromatography-quadrupole time-of-flight mass spectrometry (UPLC-QTOF-MS) and ana-
lyzed with univariate and multivariate statistics. A total of 210 and 364 features were detected in positive and
negative ion modes (ESI+/ESI−), respectively. The altered metabolic pathways included lipid and amino acid
metabolisms. 28 metabolomics-based biomarkers were significantly associated with HLICAE and provided areas
under the curve (AUC, 95% confidence interval) of 0.898 (0.836, 0.960) and 0.908 (0.855, 0.960) in the dis-
covery phase, 78.6% and 86.4% of positive predictive values in the validation phase, in distinguishing HLICAE
from controls in ESI+/ESI−, respectively. This study provides novel insights on mechanisms of health effects
probably induced by chronic arsenic exposure, and these biomarkers may be applied in HLICAE early detection.

1. Introduction

Inorganic arsenic (iAs) exposure is a globally public concern due to
its health damage and wide distribution in the natural environment,
such as drinking water, food, soil, minerals, applying to agricultural and
industrial production (Hughes et al., 2011; Matschullat, 2000). In ac-
cordance with a previous study, chronic arsenic exposure has already
affected more than 200 million people in at least 70 countries world-
wide, including China (Minatel et al., 2018). Abundant epidemiologic
evidence indicates that iAs exposure is associated with increased risks
for multiple health lesions, comprising cancers of skin, lung and others,
as well as cardiovascular diseases and metabolic syndrome (Chen et al.,
2012a; Dodson and Zhang, 2016; Lin et al., 2002; Wu et al., 2004).

The deleterious effects induced by environmental arsenic exposure
have been extensively studied. Most of them are chronic diseases with a
quite long course between arsenic exposure and the occurrence of its
typical symptoms and signs. At present, most of HLICAE are diagnosed
by kinds of skin lesions. This can't accurately reflect the occurrence and
development of HLICAE in a timely manner because it is asymptomatic
in its early stage and can progress unnoticed by the patient. Once di-
agnosed, patients will lose the best treatment opportunity, making it
difficult for them to obtain better therapeutic effects. Therefore, making
early identification, diagnosis and providing timely appropriate treat-
ments are crucial to effectively prevent and delay the process of the
permanent health damage (Drenkard et al., 2013; Nickel et al., 2004).
However, the diagnoses of conventional diseases have always been
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dependent on typical symptoms, signs and some clinical examinations,
such as routine biochemical tests and X-ray examinations, having low
ability for early identification about diseases. In the past several dec-
ades, some specific molecular biomarkers were reported that they could
distinguish patients from general population and were widely applied
in clinical practices due to their convenient data measurement (Miyata
et al., 2015). Nevertheless, many of these individual biomarkers had
some limitations, such as low coverage rate, high false-positive rate or
high false-negative rate, which would largely reduce the accuracy of the
early detection efficiently and seriously restrict further clinical appli-
cation (Liu et al., 2014).

Fortunately, with the development of modern technologies, the
“OMIC” techniques including metabolomics are believed to assist with
early identification of many diseases based on abundant reliable and
specific biomarkers (Vlaanderen et al., 2010). A proteomic study re-
ported that the altered expression of desmoglein 1 (DSG1), keratin 6c
(KRT6C) and fatty acid binding protein 5 (FABP5) were significantly
associated with arsenic-induced skin keratosis, which might serve as
available biomarkers of early diagnosis in high-risk population (Guo
et al., 2016). Nowadays, genomics, transcriptomics and proteomics are
widely applied in a lot of biological studies and provide massive in-
formation on genotypes, while transmitting inadequate information on
phenotypes. As the final downstream products of gene expression,
metabolites are largely linked to biological functions and phenotypes,
and provide directly readable metabolic status of cells, tissues or or-
ganisms, amplifying changes of biological systems in response to pa-
thophysiological stimuli or genetic variation (Sreekumar et al., 2009).

Unlike other “OMIC” manners, metabolomics is mainly focused on
the assessment of small molecular metabolites, which reveal crucial
information relevant to the individual's health status (Wang et al.,
2015). Detecting these metabolic changes may offer important insights
into disease mechanisms (Nicholson and Wilson, 2003; Sreekumar
et al., 2009; Wang et al., 2011). Currently, multiple platforms, in-
cluding nuclear magnetic resonance spectroscopy (NMR), liquid chro-
matography-mass spectrometry (LC-MS) and gas chromatography-mass
spectrometry (GC-MS), are used in lots of metabolomics studies
(Psychogios et al., 2011). Among them, LC-MS has been widely utilized
in recent years, owing to its high sensitivity, specificity and simple
sample processing.

Although metabolomics has been widely used in screening some
specific diagnostic biomarkers (Chen et al., 2008), its application in
HLICAE early recognition in humans is limited. In this study, we aim to
further understand the mechanisms of HLICAE with metabolomics in a
community-based Chinese chronic arsenic exposure population via
drinking water. We also want to know that altered metabolites may be
served as useful biomarkers for the early detection and contribute to
further mechanistic studies of HLICAE.

2. Materials and methods

2.1. Study participants

The current study was originally from a randomized, double-blind,
placebo-controlled clinical trial (RCT, NCT02235948). The study po-
pulation included 188 subjects (94 HLICAE cases and 94 matched
controls) chronically exposed to iAs via drinking water, participating in
a community-based chronic arsenic exposure cohort established in
2010 at Wuyuan County of Hetao Plain, Inner Mongolia, China (Fig. 1).
This county is one of the most serious chronic arsenic exposure areas
via drinking water in China. Detailed data collection and measurement
methods for clinical and sociodemographic variables have been pub-
lished previously (Guo et al., 2015). Briefly, the purpose and procedures
of the study were thoroughly explained to all participants and written
informed consent was obtained from each subject before he or she was
enrolled in the cohort and prior to commencing any study-related
procedures. Data on clinical and social variables were obtained via

physical examination and face-to-face investigation using a structured
questionnaire developed for the cohort. The study protocol was ap-
proved by institutional review boards at Wenzhou Medical University
and has been registered with ClinicalTrials.gov, number NCT02235948
(https://clinicaltrials.gov/ct2/show/NCT02235948).

A case-control study was performed to assess the early recognition
of the HLICAE based on the data of serum metabolomics combined with
clinical and social variables. A total of 94 HLICAE cases in the present
study were strictly determined according to “the standard of diagnosis
for endemic arsenism of China (WS/T211-2001 (2001), established by
the Ministry of Health of the People's Republic of China on Nov. 14,
2001, combined with hypercholesterolemia. The detailed criteria are as
follows: (1) people were diagnosed as arsenicalism; (2) participants
were chronically exposed to arsenic with unexplained skin palmo-
plantar hyperkeratosis over grade two; (3) participants were chroni-
cally exposed to arsenic with unexplained hyperpigmentation and de-
pigmentation over grade two; (4) participants were chronically exposed
to arsenic with unexplained peripheral nerve damage; (5) participants
were chronically exposed to arsenic as well as with hypercholester-
olemia (the serum total cholesterol > 5.72 micro mol/L and trigly-
ceride < 1.7 micro mol/L). In the above-mentioned criteria, “un-
explained” means that the skin lesions weren't induced by some other
specific diseases with clear causes rather than arsenic exposure.
Otherwise, they would be eliminated and not enrolled as cases in the
current study. Meanwhile, another 94 subjects without HLICAE in the
same cohort were matched for gender and age (± 1 year) with the ratio
one by one and defined as the controls. Among them, 50 pairs were
randomly chosen as the discovery phase and other 44 pairs as the va-
lidation phase. As the results of the present study were only based on
the baseline data of the above-mentioned RCT, which indicated that no
subjects received any intervention in the present study, the treatment
applied in the trial will have no effects on our results.

2.2. Reagents and instrumentation

LC-MS grade formic acid, water, methanol and acetonitrile were
purchased from Fisher Scientific (Waltham, MA, USA). High speed re-
frigerated centrifuge (MIKRO220R) (Hettich, Landkreis Tuttlingen,
Baden-Württemberg, Germany) and vacuum concentrator centrifuge
(SPD121P) (Thermo fisher Scientific, Waltham, MA, USA) were used to
centrifuge and concentrate blood samples. Metabolomics experiments
were performed in ultra-high-performance liquid chromatograph
(Waters Acquity system, Waters) and hybrid quadrupole-time-of-flight
mass spectrometer (Xevo G2 Q-TOF MS, Waters Corp., Milford, MA,
USA), equipped with an electro spray ion (ESI) source (UPLC-QTOF-
MS). All instruments were controlled through a single software package
(Waters MassLynx V4.1).

2.3. Sample collection

After 8–10 h of fasting, an 8mL venous blood sample was obtained
from each subject and placed in tubes without ethylenediaminete-
traacetic acid (EDTA) for serum preparation at the enrollment. The
serum was acquired at less than 0 °C in Wuyuan county, stored at
−86 °C in a freezer and waited for the further metabolomics study.
Detailed information on other covariates including urinary arsenic
species profile assessment could be found in our previous study (Guo
et al., 2015; Chen et al., 2017) and supplementary materials.

2.4. Sample preparation and UPLC-QTOF-MS assay

All serum samples were thawed at a temperature of 4 °C. An aliquot
of 200 μL serum was transferred into a labeled 2.0mL microcentrifuge
tube with 600 μL mixture (90% acetonitrile, 10% water), thoroughly
mixed in a vortex mixer for 20 s (mixed three times), all of which
pelleted the protein precipitate in a centrifuge operating at 4 °C
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(12000 rpm for 5min). Each sample of transferred 400 μL supernatant
was dried (lyophilized) in a vacuum concentrator centrifuge.
Furthermore, 130 μL water (including 15% acetonitrile) was added for
further dissolution. Later, the process of mixing and protein pre-
cipitating was repeated.

To monitor the UPLC-QTOF-MS system's stability and performance
along with the reproducibility of the sample treatment procedure,
quality control (QC) samples were prepared by mixing an equal volume
of every serum sample. The pretreatment of serum QC samples was in
accord with that of serum samples. Every QC sample was injected only
once, nine QC samples were continuously injected at the start of the run
and one QC sample was injected at every eighth sample injection
throughout the analytical run.

An aliquot of 2 μL of sample solution was injected into an ACQUITY
UPLC HSS T3 column (2.1mm×100mm, 1.7 μm) held at 50 °C. And
the autosampler was held at 4 °C. The total run time was 13min, in-
cluding equilibration time. Water and methanol were mobile phase A
and B, respectively (both A and B contained 0.1% formic acid). The
gradient elution program was described in Table S1 (Supplementary
material: Table S1).

The full-scan data in both positive-ion (ESI+) mode and negative-
ion (ESI−) mode were acquired with MassLynx V4.1 software in MSE

data collection mode, scanning from 50 to 1200 Da with 0.2 s scan time,
with capillary voltage of 3.0 kV for ESI+ mode or 2.5 kV for ESI− mode,
desolvation temperature of 350 °C, sample cone voltage of 20 V, ex-
traction cone voltage of 4 V, source temperature of 120 °C, cone gas
flow of 50 L/h and desolvation gas flow of 800 L/h. The mass spec-
trometer was calibrated across the mass range of 50–1200 Da, using
solution of sodium formate. The collision energy was 6 eV of Function 1
(low energy) and 15–45 eV of Function 2 (high energy). Data were
centroided and mass was corrected during acquisition using an external
reference (Lock-Spray TM) consisting of 0.2 ng/mL solution of leucine
enkephalin infused at a flow rate of 5 μL/min via a lock spray interface,
generating a reference ion at 556.2771 Da ([M+H]+) or 554.2615 Da
([M-H]-). The lock spray scan time was set at 0.5 s with the interval of
15 s, and data were averaged over 3 scans.

2.5. Data preprocessing and statistical analysis

UPLC-QTOF-MS data preprocessing was conducted by Progenesis QI
2.0 (Waters Corp., Milford, MA, USA) software, performing background
noise elimination, peak alignment, data reduction, etc. Next, the in-
tensity of every ion was normalized to the total ion count and a data
matrix was generated, consisting of retention time, mass-to-charge ratio
(m/z) value and peak area for each feature. The coefficient of variation
(CV) of QCs was applied to assess the stability of the data and those
with CV > 30% were deleted from the final dataset in both positive
and negative ion modes. Later, data were normalized, Pareto scaled and
imported into the Umetrics Ezinfo 3.0 software for Waters (Umetrics,
Sweden) for pattern recognition analysis (multivariate statistical ana-
lysis). To increase the accuracy and reliability of the results, we per-
formed the following comprehensive analyses of the metabolomic
characteristics on HLICAE in the discovery and validation phases,

respectively. Firstly, principal components analysis (PCA) was adopted
for preliminary analysis. Outliers (T2 > T2 Crit (99%)) were checked
with the Hotelling T2 test and removed from the final dataset. Later,
orthogonal partial least squares discriminant analysis (OPLS-DA) was
further conducted. The differential metabolites were chosen according
to the variable importance in the project (VIP) value in OPLS-DA model
and fold change (FC) (VIP > 1 and FC > 1). R2 (goodness of fit) and
Q2 (predictability) values were used to assess the quality of the OPLS-
DA model. A 999-times permutation test was performed to further va-
lidate and avoid overfitting of the OPLS-DA model. Moreover, uni-
variate statistical analysis methods like paired t-test or Wilcoxon
signed-rank test was also conducted to ensure the significant difference
of each metabolite between the cases and the controls. To reduce the
probability of false positive results, the method of the false discovery
rate (FDR) adjustment was also performed in this study. The identifi-
cation of metabolites was achieved by comparing retention time and m/
z value of metabolites with the Human Metabolome Database (http://
www.hmdb.ca). The molecular weight tolerance between the measured
m/z values and the exact mass of metabolites was set to within 5 ppm.
Additionally, further identification of the metabolites was combined
with MS/MS data, using Progenesis QI 2.0 software. Heatmap and
pathway analysis were performed by MetaboAnalyst 3.0 online soft-
ware (http://www.metaboanalyst.ca).

Cubic smoothing spline regression models were firstly used to esti-
mate the “real” relationship between the level of differential metabolite
and the risk to develop HLICAE. Multivariable generalized linear re-
gression models (GLMs) were used to examine the association between
detected specific small molecular metabolites and the odds of HLICAE.
As inappropriate covariates enrolled in the model will greatly affect the
credibility of conclusion, what cofactors should be included in each
model has been well considered during the data analysis. For the
screening of differential metabolites, they were determined by PCA and
OPLS-DA models with no cofactors included, which were consistent
with many other metabolomics studies. Meanwhile, for the assessment
of the association of HLICAE risk with detected metabolites, covariates
such as body mass index, smoking habits and others were determined
by the stepwise regression model. In addition, receiver operating
characteristic (ROC) analysis was applied to assess the value of the
early detection on HLICAE with the combination of the detected me-
tabolomic-based biomarkers based on a multiple logistic regression
model with adjusting for the above-mentioned covariates in the two
phases. P≤ 0.05 was set as the significant level. R version 3.4.0
(Copyright (C) 2017 The R Foundation for Statistical Computing
Platform) software was performed to finish the data management, the
majority of analyses and figures drawing.

3. Results

3.1. Characteristics of the study participants

The discovery and validation phases had 50 pairs (50 HLICAE cases
and 50 matched controls) and 44 pairs (44 cases and 44 controls) of
participants chronically exposed to iAs via drinking water, respectively.

Fig. 1. Study Design of the metabolomics study. This study, involving 188 participants, included both discovery and validation phases. HLICAE: the health lesions
induced by chronic arsenic exposure.
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Of 188 participants, 110 were women (64 in the discovery phase and 46
in the validation phase). The demographic, clinical and biological
characteristics of the study participants were presented in Table 1. For
the discovery phase, the Han nationality was the largest subgroup
(100% for cases and 98% for controls). The duration of arsenic exposure
among the study population varied from 23.59 to 72.95 years. More
than half of them had no history of smoking (63%) or alcohol drinking
(68%), and 83% of the participants normally cooked with animal oil.
Moreover, the majority of the participants (83.94%) had inadequate
consumption of vegetables. In addition, high density lipoprotein (HDL),
blood urea nitrogen (BUN) and urinary pentavalent arsenic/creatinine
(Cr) were higher among the cases as compared to the controls (all
P < 0.05).

In other ways, there were no statistically significant differences
across the two groups in the anthropometric and biochemical variables,
such as body mass index (BMI), education, high blood pressure, fasting
plasma glucose (FPG), low density lipoprotein (LDL), serum folic acid,
urinary trivalent arsenic/Creatinine, monomethylarsonous acid/
Creatinine (MMA/Cr) and dimethylarsenate/Creatinine (DMA/Cr) (all
P > 0.05).

3.2. Serum metabolome profiles

All the serum samples, collected in the present study, were sepa-
rately assayed by UPLC-QTOF-MS in positive and negative ion modes,
respectively. The original base peak chromatograms of all the QC
samples were superimposed (Supplementary material: Fig. S1). In both
ESI+ and ESI− modes, the peak time and shape of all quality control
samples were very similar, which indicated the good stability and re-
producibility of the UPLC-QTOF-MS platform.

The typical metabolome profiles of serum samples could be seen in
Fig. 2. Comparing the base peak chromatograms of the case and control

groups in ESI+ and ESI− modes, we could find that the ion peaks of the
two groups were roughly similar under the same retention time.
However, the height and peak area of some ions were different in the
two groups, indicating the contents of some metabolites in serum
samples differed in the cases and their counterparts.

3.3. Pattern recognition analysis

By applying the untargeted metabolomics method, we extracted 210
features in ESI+ mode and 364 features in ESI− mode (CV≤ 30%).
Based on the discovery phase, the differences of the peak area of 91
features in ESI+ mode and 87 features in ESI− mode between the two
groups reached significant level (P≤ 0.05). Searched in the Human
Metabolome Database (HMDB) and further analyzed the MS/MS frag-
mentation, 46 and 35 metabolites were obtained in ESI+ and ESI−

modes, respectively. To further explore metabolic changes between the
cases and controls, multivariate statistical analyses were carried out to
investigate the complex data. Firstly, PCA was performed to provide an
overview of the obtained datasets after Pareto-scaling. In ESI− (Fig. 3A)
and ESI+ modes (Fig. 3B), tightly clustering of QC samples was ob-
served, indicating the system's good stability and performance as well
as the good reproducibility of the sample treatment procedure. The PCA
score plots (Fig. 3A and B) showed preliminary separation of the two
groups in both ESI− (RX

2 (cum)=0.850, Q2 (cum)=0.455) and ESI+

modes (RX
2 (cum)= 0.874, Q2 (cum)= 0.634), with strong predictive

capabilities of the two models. Next, OPLS-DA was applied to discover
some metabolites potentially associated with HLICAE. The goodness of
fit and predictability of the OPLS-DA models could be observed in both
the cumulative of RY

2 (0.521) and Q2 (0.378) for negative ion mode and
RY

2 (0.372) and Q2 (0.273) for positive ion mode (Fig. 3C and D). To
further validate and avoid overfitting of the OPLS-DA model in either
positive or negative ion mode, 999-times permutation tests were

Table 1
Epidemiological and clinical characteristics of study subjects.a

Variables Discovery phase Validation phase

Control Case p-value Control Case p-value

Number of Subjects 50 50 44 44
Age, years 48.80 (44.70,57.60) 49.05 (44.90,57.50) 0.956 51.26 ± 9.89 51.31 ± 9.92 0.979
Body mass index, Kg/m2 24.59 ± 3.26 23.90 ± 2.77 0.260 24.38 ± 3.14 24.76 ± 3.57 0.600
Period of Arsenic Exposure, years 42.35 (38.25,54.34) 47.00 (40.53,54.16) 0.173 46.58 ± 9.63 47.89 ± 10.99 0.554
Fasting Plasma Glucose, mmol/L 5.13 (4.57,5.47) 4.80 (4.47,5.20) 0.134 5.08 (4.59,5.46) 4.97 (4.67,5.31) 0.599
Creatinine (Cr), mg/dl 1195.9 (818.74,1571.70) 1098.9 (667.69,1555.90) 0.430 1345.9 (747.69,1749.60) 1212.3 (968.25,1491.40) 0.946
High Density Lipoprotein, mmol/L 1.09 ± 0.27 1.28 ± 0.29 0.001 1.17 (0.93,1.37) 1.16 (0.96,1.38) 0.937
Low Density Lipoprotein, mmol/L 3.05 ± 0.82 3.21 ± 0.91 0.349 3.19 ± 0.85 3.23 ± 0.78 0.821
Blood Urea Nitrogen, mmol/L 6.16 ± 1.81 6.95 ± 2.11 0.047 6.56 (5.06,8.91) 6.66 (6.17,8.24) 0.438
Trivalent Arsenic/Cr, ‰ 1.26 (0.48,2.00) 1.20 (0.66,1.96) 0.771 1.22 (0.80,1.85) 0.93 (0.67,1.99) 0.973
Pentavalent Arsenic/Cr, ‰ 0.55 (0.24,1.77) 0.34 (0.16,0.71) 0.048 0.50 (0.18,1.77) 0.54 (0.18,1.31) 0.806
Monomethylarsonous acid/Cr (MMA/Cr), ‰ 3.27 (1.30,5.96) 3.57 (2.55,6.39) 0.527 4.06 (1.67,6.57) 3.66 (2.32,6.48) 0.734
Dimethylarsenate/Cr (DMA/Cr), ‰ 7.78 (4.02,10.59) 9.08 (5.96,14.02) 0.101 6.87 (4.68,11.68) 9.44 (7.34,14.80) 0.029
MMA/Cr/(DMA/Cr), % 41.81 (30.37,64.51) 41.81 (30.36,57.26) 0.909 41.79 (30.37,54.77) 38.64 (29.27,46.10) 0.564
Han, #(%) 50 (100.00) 49 (98.00) 1.000 43 (97.73) 44 (100.00) 1.000
Illiteracy, #(%) 15 (30.61) 38 (76.00) 0.460 9 (20.45) 12 (27.27) 0.453
Married, #(%) 47 (95.92) 49 (98.00) 0.986 42 (97.67) 43 (97.73) 1.000
Farmer, #(%) 48 (97.96) 47 (94.00) 0.624 40 (90.91) 43 (97.73) 0.357
Smokingb, #(%) 17 (34.00) 20 (40.00) 0.534 19 (43.18) 16 (36.36) 0.513
Alcohol Drinkingc, #(%) 12 (24.49) 18 (36.73) 0.188 18 (40.91) 15 (34.09) 0.509
Animal Oild, #(%) 41 (82.00) 42 (85.71) 0.616 37 (86.05) 34 (79.07) 0.394
High Vegetable Intakee, #(%) 8 (16.67) 9 (18.00) 0.862 13 (30.95) 9 (20.45) 0.265
High Blood Pressure, #(%) 28 (56.00) 28 (56.00) 1.000 22 (50.00) 21 (47.73) 0.831
Menopause, #(%) 14 (46.67) 14 (45.16) 0.906 11 (50.00) 10 (43.48) 0.661

a Continuous data obeying normal distribution were described as Mean ± standard deviation (SD) and the paired t-test was applied to compare the differences
between the case and control groups, otherwise, median (1st quartile, 3rd quartile) and the Wilcoxon signed-rank sum test were used. Categorical data were
described as number of cases (%) and χ2 test or Fisher's exact test was selected to compare the differences.

b Smoking was defined as continuous or cumulative smoking for 6 months or more in lifetime.
c Alcohol drinking was defined as more than one time per week or current drinker.
d Animal Oil was defined as the source of oil intake per week was mainly from animal oil.
e High Vegetable Intake was defined as vegetable intake was more than 1.5 km or above per week.
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performed separately (Supplementary material: Fig. S2). The two plots
both strongly indicated that the OPLS-DA models of the two modes
were valid because all Q2 and R2 values to the left were lower than
original points to the right. Furthermore, the intersections of the re-
gression line of Q2 and the vertical axis were all under the zero point. In
short, the cases and controls were well separated from each other in the
OPLS-DA model. As compared to the counterparts, negative ion mode
revealed better separation in the two groups.

3.4. Screening of differential metabolites

Differential metabolites, the important indicators of arsenic action,
were selected based on both univariate and multivariate statistical
analysis methods. Here we mainly presented the results of the discovery
phase. In accordance with the combination of the variable importance
in the project (VIP) > 1, fold change (FC) > 1, p-value≤ 0.05 and the
false discovery rate (FDR)-adjusted p-value≤ 0.05, 19 metabolites in
ESI+ mode and 9 metabolites in ESI− mode were screened in this study
(Table 2). Among them, 16 metabolites in the cases were significantly
higher than those of the controls. Meanwhile, the other 12 metabolites
in the cases were much lower than those of the counterparts. To test the
reproducibility of the metabolites screened in the discovery phase, we
repeated the above-mentioned analysis steps in the validation set and
obtained similar results (Supplementary material: Table S3).

3.5. Heatmap and pathway analysis

The distribution of the relative peak area of the screened metabo-
lites in the two groups were presented with a heatmap (Discovery
phase, Fig. 4). Compared to the counterparts, Lysopho-
sphatidylcholines, L-Tryptophan, L-Leucine and L-Phenylalanine were
down-regulated in the cases. However, oleic acid, linoleic acid, ara-
chidonic acid and phosphatidylcholines were up-regulated. Further-
more, pathway analysis was also conducted to further explore the
perturbed pathways based on discovery phase, which mainly covered
the changes of the metabolisms in linoleic acid, glycerolphospholipid,
phenylalanine, tryptophan and so on (Fig. 5).

3.6. Association between serum metabolite levels and the risk of HLICAE
occurrence

In the current study, cubic smoothing spline regression models were
applied to fit the curves between the levels of these 28 small molecule
metabolites and the risk to get HLICAE, respectively. As could be seen
in Fig. S3 (Supplementary material: Fig. S3), there existed obvious dose-
response relationships between the screened serum metabolites and the
risk of HLICAE development. We also observed that the probability of
HLICAE occurrence significantly associated with above-mentioned 28
serum metabolites based on multivariable conditional logistic regres-
sion models after adjusting for some potential confounding factors
(Supplementary material: Table S4).

Fig. 2. Base peak chromatogram (BPC) of serum obtained from UPLC-QTOF-MS analysis in negative (A, C) and positive (B, D) ion modes. The horizon axis
indicates retention time (minutes) and the vertical axis represents the relative abundance of metabolites (%).

C. Jia, et al. International Journal of Hygiene and Environmental Health 222 (2019) 434–445

438



3.7. The early detection value of the metabolomic-based biomarkers

The areas under the curve (AUC) and its related 95% confidence
interval (CI) of each metabolite in the discovery phase were presented
in Table 2 and AUC (95% CI) of metabolites in the validation phase can
be found in Table S3 (Supplementary material). Furthermore, to im-
prove the sensitivity and specificity, we used the multivariable condi-
tional logistic regression model to evaluate the ability of the combi-
nation of all metabolomic-based biomarkers for distinguishing HLICAE
from the normal participants in the discovery phase. The AUC (95% CI),
sensitivity and specificity were 0.908 (0.855, 0.960), 96.0% and 66.0%
in ESI− mode (Fig. 6A), and 0.898 (0.836, 0.960), 96.0% and 72.0% in
ESI+ mode (Fig. 6B). Meanwhile, for the validation set, the AUC (95%
CI), sensitivity and specificity were 0.934 (0.887, 0.982), 86.4% and
86.4% in ESI− mode (Supplementary material: Fig. S4A), and 0.821
(0.732, 0.909), 75.0% and 79.6% in ESI+ mode (Supplementary ma-
terial: Fig. S4B). The positive predictive value of distinguishing HLICAE
from the controls were 78.6% in ESI+ mode and 86.4% in ESI− mode in
the validation phase. These results suggested that the above-mentioned
metabolites could be utilized as potential sensitive and specific bio-
markers for HLICAE early recognition in a chronic arsenic exposure
population.

4. Discussion

Accumulating evidence showed that chronic arsenic exposure was

significantly associated with metabolic syndrome (Chen et al., 2012a;
Dodson and Zhang, 2016). However, the exact effects of chronic arsenic
exposure on the metabolome in humans were not well understood. In
this study, our findings clearly showed that HLICAE risk was sig-
nificantly associated with some specific metabolites including lipids
and amino acids, which strongly indicated that metabolomics might be
a good option in the early identification of HLICAE in a population
chronically exposed to arsenic. Our findings were highly in line with the
results of some recent published studies (Wu et al., 2018; Zhou et al.,
2017; Wang et al., 2015).

In the present study, both cases and controls came from a single
chronic arsenic exposure area and had comparable life-style.
Furthermore, participants in either the discovery or validation phase
were randomly selected by pairs from the 188 subjects. This perhaps
was the reason why few significant differences of arsenic level were
observed in either the discovery or validation phase (Table 1). More-
over, there exists a long-term duration, covering normal, pre-disease
and disease states, between the exposures or causes and clinical man-
ifestations in most complex diseases. From the pre-disease to disease
state, many internal bio-signals including small molecular metabolites
will altered dramatically and remain unchanged in the future (Chen
et al., 2012b; Liu et al., 2014). Obvious alteration of some bio-signals
will be observed in both the patients and undiagnosed participants in its
early-disease state. So, comprehensively investigation of these bio-sig-
nals can be helpful on disease early detection. It is also believed that
most non-communicable chronic diseases (NCDs) including HLICAE are

Fig. 3. Multivariate statistical analyses of serum samples in the discovery phase analyzed by fingerprinting method in positive and negative ion modes. A and B
indicate the PCA models built for serum samples which were analyzed in ESI− mode and ESI+ mode with prediction of quality control (QC) samples. C and D mean
the classification of serum samples of the OPLS-DA models built for filtered data generated in ESI− mode and ESI+ mode. ▲ - case, ❉ - control, ●- QC.
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Fig. 4. Heatmap visualization analysis of differential metabolites (Discovery phase). This figure presents relative peak areas of the final differential metabolites
between the cases of health lesions induced by chronic arsenic exposure (HLICAE) and subjects without HLICAE in the discovery phase. With colors changing from
orange to blue, orange means up-regulated metabolite in the serum sample, and blue means down-regulated metabolite in the serum sample. (For interpretation of
the references to color in this figure legend, the reader is referred to the Web version of this article.)

Fig. 5. Disturbed Metabolic Pathways in
Chronic Arsenic Exposure Population
(Discovery Phase). The disturbed metabolic
pathways show various changed metabolism
between cases and controls. Circles represent
major metabolisms related with health lesions
induced by chronic arsenic exposure (HLCAE),
according to p-value and pathway impact score
from pathway analysis. Color gradient signifies
the significance of the pathway ranked by p-
value (yellow means higher p-value and red
means lower p-value). Circle size signifies the
pathway impact score (larger means higher im-
pact score). (For interpretation of the references
to color in this figure legend, the reader is re-
ferred to the Web version of this article.)
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treated unsatisfactorily, and the associated health damages can't be
fully recovered in their late stages but are preventable. Therefore, early
detection has been accepted to be crucial to prevent the permanent
damages due to NCDs as early as possible. The results of ROC analysis
are believed to be a sound evidence in the early detection of disease of
interest though the cases are diagnosed patients.

Recent rapid advance of high-throughput technologies including
metabolomics provides unprecedented rich information to the early
detection of diseases. Nowadays, metabolomics is accepted as an at-
tractive biomarker discovery tool, and several related studies were
performed in the past several decades. Nagato and co-authors reported
that 48 h exposure to sub-lethal concentration of arsenic (49 μg/L) re-
sulted in a metabolic shift in comparison to the controls (Nagato et al.,
2013). Some metabolomics studies suggested that arsenic exposure
could affect the seleno-proteins level (Garcia-Sevillano et al., 2014c),
altered the gut microbiome community and substantially disturbed its
metabolic profiles (Lu et al., 2014). Zhang et al. observed obvious dose-
dependent urinary metabolome changes with arsenic exposure in a
Chinese adult male cohort (Zhang et al., 2014). A recent study reported
that 18 differential serum metabolites were identified between male
Sprague Dawley rats exposed to arsenic and the controls (Wang et al.,
2015). Furthermore, the altered metabolites might induce the changed
metabolism in rats exposed to arsenic, such as cyclic phosphatidic acid
(CPA), lysophosphatidylcholine (LysoPC), L-palmitoylcarnitine and
deoxygcholylglycine (Wang et al., 2014). Consistent with our findings,
all of these studies revealed that the altered metabolites might serve as
available biomarkers on HLICAE early recognition in high-risk popu-
lation. As most of the current evidence was obtained from animal ex-
periments, this report might be the first serum metabolomics research
on the early identification of HLICAE in a population-based study.

4.1. Lipids metabolism

Lysophosphatidylcholine (LPC, LysoPC) is a class of phospholipids,
existing in the cell membrane (≤3%) and blood plasma (8–12%)
(Munder et al., 1979). LPC is mainly formed through hydrolyzing
phospholipids by secretory phospholipase A2-II (sPLA2-II) and hydro-
lyzing phosphatidylcholine (PC) by phospholipases A1 and A2 (PLA1
and PLA2) (Klingler et al., 2016; Kougias et al., 2006). Metabolomics
studies of human plasma revealed the association between plasma LPC
and type 2 diabetes, obesity and insulin resistance (Barber et al., 2012;
Drogan et al., 2015; Wallace et al., 2014; Wang-Sattler et al., 2012).
Moreover, the level of LPC was negatively correlated with the in-
flammatory markers, such as C-reactive protein (CRP), tumor necrosis
factor-α (TNF-α), resistin and monocyte chemotactic protein 1 (MCP-
1), suggesting a potential anti-inflammatory effect of LPC (Wallace
et al., 2014).

In the present study, we found that six kinds of LPC, including

LysoPC (P-18:0), LysoPC (16:0), LysoPC (18:0), LysoPC (18:1) LysoPC
(18:2) and LysoPC (20:4), decreased in the HLICAE population com-
pared to their counterparts. The decreased levels of the above long
chain LysoPCs indicated that the transformation process of LPC might
be disrupted by arsenic exposure. Due to the potential anti-in-
flammatory effect of LPC, the decreased level of LPC might trigger or
amplify arsenic-induced inflammatory responses, like conjunctivitis,
gingivitis, stomatitis and colitis (Wallace et al., 2014). However, other
reports found that LysoPC (m/z=450–600) increased in the plasma of
mice (Mus musculus) exposed to iAs (Garcia-Sevillano et al., 2014a;
Garcia-Sevillano et al., 2014b).

It is well believed that phosphatidylcholine (PC) is the major
phospholipid in cellular membrane of mammals and play important
roles in crucial cellular functions in the body, such as signal transduc-
tion, apoptosis, necrosis, and protein sorting (Kawai et al., 1974). In
this study, as compared to the controls, the levels of PCs, including PC
(22:5/16:0), PC (o-18:0/20:4), PC (20:4/18:0), PC (18:3/18:1), PC
(18:3/P-18:0) and PC (14:0/18:0), largely increased in the HLICAE
population. The ascending levels of PCs might affect cellular functions
by arsenic exposure. Unlike our findings, other research revealed that
PC (m/z=700–850) came down in the plasma of arsenic-exposed mice
(Mus musculus) (Garcia-Sevillano et al., 2014a; Garcia-Sevillano et al.,
2014b).

You et al. reported that the endogenous PC could generate arachi-
donic acid (AA) and LPC, deacylated by cytosolic phospholipase A2
(cPLA2) (You et al., 2015). AA is a kind of ω-6 polyunsaturated fatty
acid (20:4), participating in the construction of cell membrane and
maintaining the stability and function of cell membrane (Fukaya et al.,
2007). Oleic acid, a kind of monounsaturated ω-9 fatty acid (18:1), is
responsible for the regulation of cholesterol level and interferes directly
with the inflammatory response that characterizes early atherogenesis
(Bowen et al., 2017; Massaro et al., 1999). In contrast with the controls,
the elevated levels of oleic acid and AA in the case group were con-
sistent with another study (Garcia-Sevillano et al., 2014a). Since AA
could inhibit platelet aggregation (Wong et al., 2016), the increased
level of AA might raise the risk of bleeding upon arsenic exposure. And
the ascendant level of oleic acid might affect cholesterol level and
atherogenesis-induced inflammatory response in the body owing to
chronic arsenic exposure. Unlike our findings, a rodent model and
human serum research showed AA and oleic acid were negatively
correlated in total lipids of rat/human serum (Hostmark and Haug,
2013a; b). This inconsistency between our study and others might be in
virtue of the responses to arsenic of different species between humans
and rodents. Compared with rodents, humans might have better abil-
ities to respond effectively to confront the arsenic attack. However, this
hypothesis still needs to be further validated.

5,8,11-Eicosatrienoic acid (20:3n-9), also named Mead acid, was
synthesized from oleic acid in essential fatty acid deficiency. It can be

Fig. 6. The early identification value of the metabolomic-based biomarkers via the receiver-operating characteristic (ROC) curves for distinguishing the health
lesions induced by chronic arsenic exposure (HLICAE) from normal participants in the discovery phase in negative (A) and positive (B) ion modes.
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converted into 3-series leukotrienes, which was a group of important
inflammatory mediators and has biphasic effect on platelet aggregation
(Hamazaki et al., 2009; Rachelefsky, 1997; Sakuradani et al., 2002). In
this study, Mead acid increased in the cases in comparison with the
controls. The increased level of 20:3n-9 might cause or increase arsenic
induced inflammatory response and bleeding. Perhaps this is one of the
novel potential biomarkers, which can be used in the early recognition
of the health lesions induced by chronic arsenic exposure.

4.2. Amino acid metabolism

Alteration of amino acid metabolism, a common response to many
toxins in animal research, indicated a general response to toxicant ex-
posure rather than a specific biological response to a particular toxicant
(Connor et al., 2004). In our study, we observed that L-Tryptophan, L-
Leucine, L-Phenylalanine and their derivatives, such as indoleacrylic
acid and phenylalanylphenylalanine, decreased in the cases in com-
parison with the controls. The altered level of L-Tryptophan was con-
sistent with another study (Garcia-Sevillano et al., 2014a). Mellor et al.
reported a close association between tryptophan and immune system
activation and inflammation (Mellor et al., 2001), which suggested that
the levels of inflammation and immune activity might be down-regu-
lated after long-term arsenic exposure. Furthermore, phenylalanine, the
precursor of tyrosine, was mainly observed in the human brain and
plasma and was believed to be associated with cerebral serotonin and
catecholamine metabolism (Mckean, 1972). In addition, phenylalanyl-
phenylalanine (Phe-Phe), a peptide composed of two phenylalanine
molecules, was found in multiple myeloma (MM) and chronic lym-
phocytic leukaemia (CLL) (Piszcz et al., 2013). Owning to the anti-
oxidant effects of these amino acids, the decreased levels of L-Trypto-
phan and L-Phenylalanine indicated that arsenic exposure population
might have lower antioxidant capacity and further trigger or amplify
oxidative stress. Meanwhile, L-Leucine, a kind of branched chain amino
acids (BCAA), is thought to be critical to human life, especially in stress,
energy and muscle metabolism. Zanchi et al. suggested that L-Leucine
could modify plasma insulin concentration and directly affect the
brain's resting state functional networks such as the food-reward system
and appetite regulation (Zanchi et al., 2016).

4.3. Strengths and limitations

Compared to previous studies, the cases enrolled in the present
study were screened from a community-based chronic arsenic exposure
cohort, which would largely reduce the impact induced by selection
bias. The controls were strictly matched with gender and very similar
ages (± 1 year) from the same arsenic exposure cohort and would
avoid, to some extent, the influences of arsenic exposure, gender, age
and other potential confounding factors in distinguishing HLICAE cases
from their counterparts. In general, the relationships between the out-
comes and indicators are usually estimated with traditional linear re-
gression model, which usually assumes that the outcome linearly re-
lated to those indicators. Unfortunately, it is not always the truth. It will
greatly, at least partly, affect the “real” relationship and decrease the
credible of the estimation. To overcome this problem, spline regression
model is developed to improve the robustness of inferences and be-
lieved to be much better than traditional linear regression model.
(Harring, 2014) In the present study, cubic smoothing spline regression
models were applied to examine the real association of 28 detected
metabolites with the odds of HLICAE. It is suggested that traditional
single biomarker can't identify early disease samples due to its static
nature. It may also suffer from low coverage and high false-positive rate
or high false-negative rate, which seriously limit its further applica-
tions. To overcome these difficulties, network biomarkers from dif-
ferent pathways or phases of the disease attract much attention and
achieve better performance because they are considered to be able to
distinguish pre-disease state from normal and disease states by even a

small number of samples, and therefore has great potential to achieve
“real” early diagnosis of complex diseases(Chen et al., 2012b; Liu et al.,
2014). In the present study, the 28 detected metabolites were combined
as a network biomarker with multiple regression model and could be
used in the early detection or screening of HLICAE in population at high
risk. Additionally, the metabolites associated with HLICAE develop-
ment were comprehensively analyzed based on the discovery phase and
verified in the validation phase, which would largely increase the
credibility of our findings. Finally, to estimate the impacts due to po-
tential insufficient power on our conclusion, the power calculation for
paired design study, with type I error as 0.05 and number of pairs as 50,
was conducted with 28 detected metabolites separately. The result
showed that the minimum sample size was 36 pairs, which met the
statistical needs for all 28 differential metabolites in the discovery
phase. Based on 50 pairs of participants in the discovery phase, the
lowest power among all 28 detected metabolites is 0.921 (Supple-
mentary material: Fig. S5). The sample size of this study, 50 pairs for
discovery phase and 44 pairs for validation phase, would well balance
the power of tests about the two-stage study. These perhaps are the
major strengths of this study.

However, this study may also have some limitations. First, to the
best of knowledge, no golden standard for HLICAE diagnosis can be
obtained. Some studies revealed that chronic arsenic exposure was
significantly related with total cholesterol and could lead to obvious
dyslipidemia (Mendez et al., 2016; Waghe et al., 2017). So, we defined
HLICAE mainly by “the standard of diagnosis for endemic arsenism of
China (WS/T211-2001, 2001, combined with hypercholesterolemia.
Second, the controls were selected from the same arsenic-exposed po-
pulation as the cases, rather than randomly enrolled from a non-arsenic
exposure population. This might lead to misclassification bias, to some
extent, as the controls might include a few HLICAE in their very early
stage. This might not be considered as the best option. However, this
research was a case-control study and the outcome were HLICAE. If the
controls were non-exposed to arsenic, the probability to develop
HLICAE would be zero and the odds ratio (95% CI) of HLICAE occur-
rence could not be assessed. So, non-arsenic exposure population
couldn't be the ideal controls in this study. Furthermore, the present
study mainly explored the relationships between the small molecular
metabolites and the risk to develop HLICAE. From the perspective of
scientific research, the exposure or main research factors should be
small molecule metabolites. Arsenic exposure is an important con-
founding factor rather than a research factor. And the cases and con-
trols were enrolled from the same cohort, having the similar history of
arsenic exposure, same eating habits, lifestyle and others. This could
largely balance the influences of these important confounding factors
on results. Fortunately, we found no significant differences between
cases and controls in the above-mentioned potential confounding fac-
tors (Table 1). Third, the cases of this study only covered diagnosed
HLICAE patients, which might be another limitation. As the majority of
HLICAE were chronic diseases, the duration between the onsets and
diagnosis were quite long. No typical symptoms and signs in their early
stages could be observed. So, it was very difficult to find several ap-
propriate time-points in the process of HLICAE development. This is
also an important reason why some metabolomics studies including this
research only involve one time-point (Aggio et al., 2016; Drogan et al.,
2015; Zhang et al., 2016). Finally, all participants in the present study
were chronically exposed to arsenic via drinking water. This might
affect, to some extent, our conclusion being extrapolated to other ways
of arsenic exposure, such as coal burning, etc.

5. Conclusion

In the present study, based on the non-targeted metabolomics ap-
proach with UPLC-QTOF-MS technology platform, 28 serum small
molecular metabolites related to arsenic-induced health lesions were
picked out in a chronic arsenic-exposed population. Metabolic changes
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mainly manifested the disruption of lipid and amino acid metabolisms.
Our findings provide new insights on mechanism of health effects
probably induced by chronic arsenic exposure, and these potential
biomarkers, which mainly involved in lipids and amino acids, could be
applied in the early detection for HLICAE. Additional studies are still
indispensable for further validation and assessment of the biomarkers
identified in our study.
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