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Abstract
Background: The existing US epidemiological data show that long-term cigarette smokers are at higher
risk of developing serious diseases relative to moist snuff consumers. To understand the effects of tobacco
consumption, global metabolomic profiles were generated. Here, we describe metabolomic changes in
oxidative stress and inflammation pathways.
Methods: Matching plasma, urine, and saliva samples from chronic/long-term smokers (SMK), moist snuff
consumers (MSC), and non-tobacco consumers (NTC), 40 subjects in each cohort, were collected in a crosssectional biomarker discovery study. Untargeted metabolomics and data analyses were performed using
Metabolon’s proprietary technology.
Results: Several biochemicals that significantly differed between study cohorts were identified in all three
matrices, with most metabolites found in urine. Random forest analyses of the metabolomes grouped study
subjects with a high accuracy and indicated that nicotine and its metabolites primarily drive separation
between the NTC and MSC; otherwise, metabolomic profiles of NTC and MSC are more similar to each
other, and SMK appear to manifest a distinct metabolomic profile. SMK exhibit lower levels of antioxidants,
changes in glutathione metabolism and purine degradation pathways, docosahexaenoate, arachidonate, and
12-hydroxyeicosatetraenoic acid, suggesting increased oxidative stress and inflammation relative to MSC
and NTC.
Conclusions: Metabolomic profiles show that while SMK and MSC cohorts exhibit higher levels of nicotine
and its metabolites, SMK manifest evidence of increased oxidative stress and inflammation relative to MSC
and NTC. These observed biochemical changes in the SMK could be likely due to the combustion-related
toxicants present in cigarette smoke.
Impact: Several differentiating metabolites identified herein could be utilized as potential biomarkers
of effect. Further, the metabolomic profiles improve our understanding of biological changes in tobacco
consumers.
Keywords: Metabolomic profiles, smoking, moist snuff, biomarkers

Introduction

Chronic smoking exposes smokers to many harmful and potentially harmful constituents and other chemicals in cigarette
smoke that are formed during the combustion process [1,2]. The
local and systemic pathophysiological consequences of smoking have been described at the organ, cellular, and molecular

levels [3]. A significant percentage of current smokers, relative to
non-smokers, are at higher risk for developing smoking-related
diseases such as lung cancer, chronic obstructive pulmonary
disease (COPD), cardiovascular disease (CVD), and oral cancer
[4]. While smoking cessation continues to be the best approach
to reduce harm, the success rates for smoking cessation are
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rather low [5]. US and European epidemiological studies show
that relative to smoking, the health risks associated with
the use of smokeless tobacco products (STP) are relatively
lower [6]. Therefore, migration from combustible tobacco
products to STPs could lower the risk of serious disease
for smokers and reduce harm for those who cannot or do
not quit smoking [7,8].
A significant body of information exists on the health effects
of smoking, but relatively less is known about the effects of
the consumption of non-combustible tobacco. Moist snuff is
a major category among STPs marketed in USA [9]. Existing
epidemiological studies show that the relative risk of several
diseases is significantly reduced with moist snuff consumption compared to smoking, although the disease risks are
somewhat higher than non-smokers. A number of biomarkers that indicate exposure (termed biomarkers of exposure,
BioExp) to nicotine, as well as the toxicants present in smoke
and tobacco, have been described [10,11]. In contrast, there is
limited information on the biomarkers of effect (BioEff ) that
indicates the effect (s) of exposure to different categories of
tobacco products. This gap is particularly notable in understanding the biological effects of STPs and the relevant BioEff.
To gain a better understanding of the chronic health effects of moist snuff (used as a representative category for
STPs) consumption relative to smoking, we evaluated a fairly
large number of previously described potential BioExp and
BioEff in two cross-sectional studies. In the first study, the
investigation of several CVD biomarkers were evaluated,
and differences in some BioExp and BioEff between smoking and non-smoking cohorts were found [12]. In a second
study, which was a biomarker discovery study, the biomarker
levels in chronic/long-term smokers (SMK) and moist snuff
consumers (MSC) were assessed [53]. Some key findings of that
study were: 1) MSC are exposed to higher levels of nicotine
and tobacco specific nitrosamines relative to SMK; 2) MSC
and non-tobacco consumers (NTC) experienced minimal
exposure to combustion-related toxicants; 3) MSC and NTC
experienced lower levels of oxidative stress, inflammation,
platelet activation, and altered lipid metabolism compared
to SMK. Collectively, these findings suggest that MSC and
NTC cohorts shared similar biomarker profiles, whereas SMK
exhibited distinct biomarker patterns. To further understand
the underlying molecular changes due to tobacco consumption, we have also utilized a global approach in our efforts to
identify novel BioEff.
Metabolomics is a systematic study of metabolites present
in biological samples. The analytical approaches usually
employ either nuclear magnetic resonance (NMR) or mass
spectrometric methods. Although a relatively newer approach
compared to other “omic” technologies, metabolomics is a
powerful analytical tool. It has been utilized to evaluate the
effect of exposure to smoke constituents [13] and to assess
the effect of smoking and smoking cessation [14-18]. In an
effort to elucidate biochemical changes in healthy consumers
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of moist snuff and cigarettes, and to identify potential candidate biomarkers of tobacco effect, we conducted a global
metabolomic profiling of plasma, urine, and saliva from the same
study cohorts described in the candidate biomarker investigation [53]. The results indicated that the biochemical profile
of SMK is distinct from that of MSC and NTC. Between MSC
and NTC, the cohorts had fewer metabolic differences in both
number and magnitude of biochemicals.

Materials and methods
Study conduct

The clinical conduct of the study was approved by the Independent Investigational Review Board (Plantation, FL). The description of the clinical conduct and sample collections of this
cross-sectional study has been described in a separate
manuscript [53] and is included in the supplementary section
(Supplementary Table S1). Briefly, upon obtaining written
informed consent, 40 male subjects (age 35-60 years were
enrolled into each consumer group: exclusive long-term
smokers (SMK), exclusive moist snuff consumers (MSC), and nontobacco consumers (NTC). Following overnight fasting
from tobacco and food, EDTA-plasma and unstimulated
saliva (with protease and phosphatase inhibitors) were
collected from each subject. Additionally, 24-hour urine
samples were collected under ambulatory conditions. Aliquots
of the plasma, urine, and saliva samples were used for global
metabolomic profiling at Metabolon, Inc. (Durham, NC).

Metabolomic profiling technology

Metabolomic profiling was performed as described previously for the analysis of saliva, plasma, and urine [19-21].
For all matrices, samples from the three consumer groups
were extracted and split into equal parts for analysis on gas
chromatography/mass spectrometry and liquid chromatography/mass spectrometry/mass spectrometry platforms [22].
After chromatographic separation, full-scan mass spectrometry
(MS) was conducted to record and quantify all detectable
ions formed after fragmenting the molecules in each of the
samples. Metabolites were identified by matching the ions’
chromatographic retention index, nominal mass, and spectral
fragmentation signatures to an in-house library of standards
for metabolite identification and for metabolite quantitation
by peak area integration [23]. For biochemicals that were not
covered by the purified standards utilized for the biochemical
entries into the library, additional library entries were created
based on their unique ion signatures (chromatographic and
mass spectral). After this, these unnamed biochemicals could
be routinely detected and quantified.
For quality control and run-day performance analysis,
labeled internal standards were spiked into all samples at
different stages of the data acquisition process. The median
relative standard deviations were 6% and 13% for plasma, 5%
and 8% for urine, and 6% and 10% for saliva for the internal
standards and endogenous biochemicals, respectively.
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Statistical analysis

Missing values (if any) were assumed to be below the level
of detection for that biochemical with the instrumentation
used and were imputed with the observed minimum for
that particular biochemical. For example, nicotine and its
metabolites were below the level of detection in NTC, so they
were imputed. After normalization and imputation, the data
were log-transformed. Analysis of variance and two-sample
t-tests (with Welch’s correction) were performed to compare
data obtained from the plasma, urine, and saliva samples
from the three consumer groups. Statistical significance was
defined at p≤0.05. Multiple comparisons were accounted for
with the false discovery rate (FDR) method, and each FDR
was estimated by q-values. Random forest analysis (RFA)
was performed using the R-package “RandomForest” [24,25]
and used 50,000 partition trees. The overall error rate for the
comparison is listed above the matrix table (Supplementary
Section). Binning error, or the out-of-bag (OOB) error rate, is
the overall percent error for that particular RFA. For example, if there were 42 subjects out of 120 that were binned
incorrectly, the binning error would be 35% [(42/120)×100].
A lower binning error means the subjects were binned into
the correct cohort designation. The greater the binning error, the more the subjects were put into the incorrect cohort
designation. In a 3×3 matrix, random guessing would result
in 67% error. An error rate lower than this would suggest an
accurate segregation of the groups by metabolic signature,
and the lower the error rate, the more accurate the segregation.

Results

Global metabolomic profiles of smokers and moist
snuff consumers

Metabolomic profiling of plasma, urine, and saliva from
SMK, MSC and NTC resulted in detection of named and
unnamed compounds (Table 1; Supplementary Table S2-S4).
Comparison by t-tests identified many significantly altered
biochemicals between the consumer groups. Among the three
matrices tested, the highest number of named biochemicals
was detected in urine, followed by saliva and plasma. “Unnamed compounds,” which did not match any of the chemical
identities in Metabolon’s biochemical database, were also
detected. Relative to NTC and MSC, SMK exhibited the highest
Table 1. Summary of statistical analysis of global metabolomic
profiling in tobacco and non-tobacco consumers.
Metabolites detected
(n)
Matrix
Total Named/
Unnamed
Plasma 508
307/201
Urine 967
423/544
Saliva 406
312/94

Statistically significant analytes
(cohort comparison up/down)
SMK vs. SMK vs. MSC vs.
NTC
MSC
NTC
27/41
22/57
23/15
78/197 80/249
49/15
28/66
34/57
23/23

SMK: Cigarette smokers; NTC: Non-tobacco consumers;
MSC: Moist snuff consumers
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number of statistically significant differences (p<0.05) in the
levels of named and unnamed biochemicals.

Random forest analyses of the global metabolomic profiles

RFA was conducted to determine whether specific metabolites could be identified that predicted the consumer
groups. The RFA was performed twice using two datasets
(both of which excluded unnamed biochemicals). In the
first analysis, nicotine metabolites were identified as strong
markers of tobacco exposure when the RFA was performed
using all detected metabolites (Supplementary Table S2A).
In the second RFA, nicotine metabolites were excluded from
the RFA in order to survey the dataset for potential BioEff
(Supplementary Table S2B).
For example, analysis of urine metabolomic profiles
(Supplementary Table S2A, middle panel) with all metabolites
reveals the OOB was at 6.6% with low class error rates (≤0.1),
indicating a high accuracy in the separation of study groups.
However, with the exclusion of nicotine and its metabolites,
the OOB increased to 42.5%, and the class error rates were
0.1, 0.25, and 0.4 for SMK, NTC, and MSC cohorts, respectively
(Supplementary Table S2B, middle panel). This suggests that
separation of SMK from the non-smoking cohorts is achieved
with or without nicotine and its metabolites, whereas inclusion
of nicotine and its metabolites in the RFA determined the
accurate binning of MSC. This is illustrated by plotting the
prediction percent for urine metabolomic profiles in Figure 1
(using data derived from Supplementary Table S2). Based
on the metabolomic profiles, SMK could be predicted with
high (90%) accuracy as SMK with the inclusion or exclusion
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70%
60%
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40%
30%
20%
10%
0%

Predicted SMK
98%

90%

Predicted NTC Predicted NTC
93%

90%
75%
60%
38%
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SMK

0%

3% 3% 5%

Actual
NTC
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10%

Actual Actual
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SMK
Including nicotine metabolites
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Actual
NTC

3%

Actual
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Excluding nicotine metabolites

Figure 1. Prediction (percent) of SMK, MSC and NTC by
random forest analysis (RFA) based on urine metabolomic
profiles. RFA of urine metabolomic data was performed with
nicotine metabolites and without nicotine metabolites; the
data set contained only known (named) metabolites. The
prediction from the RFA model was expressed as percent,
and 100% indicated that all 40 subjects in a given cohort were
correctly classified. The RFA data for plasma, saliva and urine
are presented in the Supplementary Table S1.
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of nicotine metabolites. The prediction accuracy for NTC and
MSC cohorts decreased from 98% and 93% with nicotine
metabolites to 75% and 60%, respectively, with the exclusion of
nicotine metabolites. Also, more NTC and MSC are incorrectly
binned in the absence of nicotine metabolites, as evidenced
by higher percentages of predicted MSC (23%) and NTC (38%)
in the actual NTC and MSC groups, respectively.
Analyses of matching plasma and saliva metabolomes
by RFA supported this result (Supplementary Table S2, top
and bottom panels, respectively). Collectively, these results
suggest that the metabolome of the SMK cohort is distinct
from that of the two non-smoking cohorts, and the overall
biochemical profiles of NTC and MSC cohorts more closely
resemble each other relative to the SMK. Further, nicotine and
its metabolites appear to be key determinants of separation
between MSC and NTC cohorts, while multiple biochemicals
contribute to the distinctiveness of the SMK metabolome.

doi: 10.7243/2059-0008-1-2
metabolomic profiling of plasma, urine, and saliva identified
differential levels of several metabolites that are associated
with oxidative stress and inflammation pathways, and other
physiological pathways in tobacco consumers, particularly
in smokers. Here we present data on select metabolomic
changes observed in the study.

Oxidative stress

Several metabolites, implicated in oxidative stress pathways,
were observed to be statistically different between the study
cohorts (Table 3), with the largest number found in plasma,
followed by urine and saliva. The changes reflect the greatest
oxidative stress to be present in the SMK group and to a lesser
extent in the MSC group. Metabolites that are associated
with vitamin metabolism [threonate, γ-carboxyethyl-hydroxy
chroman (CEHC) and α-CEHC glucuronide] and the heme
degradation pathway [biliverdin, bilirubin (E,E) and bilirubin
(Z,Z)] were statistically significantly decreased in plasma from
Biomarkers of exposure: nicotine metabolism
SMK relative to NTC. SMK, relative to MSC, also exhibited sigNicotine and several of its metabolites were detected in all nificantly lower levels of threonate across all three matrices,
three matrices of SMK and MSC, reflecting the cohorts’ exposure and plasma biliverdin and bilirubin (Z,Z) were also lower in
to tobacco (Table 2). Most of these metabolites were detected SMK. A similar trend was observed for other metabolites in
in urine. Cotinine, the primary metabolite of nicotine, was the MSC cohort, although those changes were not statistically
detected in all the three matrices from SMK and MSC; whereas, significant. The levels of γ‑tocopherol were, however, higher
nicotine, cotinine-N-oxide, 3-hydroxycotinine, 3-hydroxycoti- in SMK and MSC, but reached statistical significance only in
nine N-glucuronide along with two other putative metabolites SMK. Plasma urate levels in SMK, although not statistically
of nicotine (X-17711 and X-17301) were found only in urine significant, were lower relative to NTC. Urine urate levels were
and saliva. Cotinine, 3-hydroxycotinine, and X-17301 were higher in MSC compared to SMK. Interestingly, changes in the
detected in saliva. Between the tobacco consumer cohorts, levels of these metabolites in MSC and NTC cohorts were not
MSC exhibited statistically significantly higher levels of several statistically significant in any of the three matrices.
metabolites compared to SMK, while the NTC had baseline
In terms of vitamin metabolism, the levels of threonate, a
levels of cotinine in all three matrices.
metabolite of vitamin C (ascorbate), were consistently lower
in SMK relative to the other two non-smoking cohorts in all
Potential biomarkers of effect
three matrices. Ascorbate was significantly lower in the urine
Elevated oxidative stress and chronic inflammation are among of SMK. Although the statistical cut-off (p≤0.05) was missed,
the well-described effects of exposure to cigarette smoke. Global urinary ascorbate levels in MSC trended higher than in SMK
Table 2. Biomarkers of exposure: nicotine and its metabolites in tobacco consumers.
Matrix

Biochemical name

Plasma
Urine

Cotinine
Nicotine
Cotinine
3-Hydroxycotinine
3-Hydroxycotinine glucuronide
Cotinine N-oxide
X-17301
X-17711
Cotinine
3-Hydroxycotinine
X-17301

Saliva

Fold change
SMK/NTC
5.4
6.03
2.71
3.49
4.05
14.43
3.73
11.1
3.39
18.31
1.11

P-value Fold change
MSC/NTC
<0.001 7.1
<0.001 5.78
<0.001 3.69
<0.001 6.74
<0.001 7.19
<0.001 19.55
<0.001 5.51
<0.001 14.03
<0.001 3.9
<0.001 22.81
0.910 12.38

P-value Fold change P-value
SMK/MSC
<0.001 0.76
0.069
<0.001 1.04
0.343
<0.001 0.73
0.015
<0.001 0.52
<0.001
<0.001 0.56
0.003
<0.001 0.74
0.053
<0.001 0.68
0.004
<0.001 0.79
0.468
<0.001 0.87
0.218
<0.001 0.8
0.182
<0.001 0.09
<0.001

NOTE: Statistically significant differences are highlighted by shading (P≤0.05). The levels of nicotine and its
metabolites are below the levels of detection in NTC. The fold changes for nicotine and its metabolites for NTC are
calculated based on the imputed values.
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Table 3. Potential biomarkers of oxidative stress in tobacco consumers.
Matrix Biochemical name

Fold change P-value Fold change
SMK/NTC
MSC/NTC
Plasma Threonate
0.67
0.006 0.96
Heme
1.2
0.034 1.05
Bilirubin (Z,Z)
0.72
<0.001 0.93
Bilirubin (E,E)
0.65
0.001 1.05
Biliverdin
0.76
0.008 1
γ-Tocopherol
1.3
0.043 1.33
γ-CEHC
0.83
0.028 0.88
Urate
0.9
0.064 1.01
Urine Ascorbate
0.38
0.004 0.5
Threonate
0.74
0.001 1.03
α-CEHC glucuronide 0.55
0.004 0.81
Urate
0.93
0.158 1.05
Saliva Threonate
0.58
0.002 0.77
5-Oxoproline
0.71
0.274 1.01
Glutathione (oxidized) 1.1
0.075 0.86

P-value Fold change P-value
SMK/MSC
0.777
0.70
0.009
0.304
1.14
0.202
0.214
0.77
0.057
0.733
0.62
<0.001
0.867
0.76
0.019
0.051
0.97
0.986
0.075
0.95
0.721
0.951
0.89
0.107
0.158
0.76
0.093
0.876
0.72
0.001
0.191
0.68
0.134
0.211
0.89
0.002
0.238
0.75
0.022
0.5517 0.7
0.071
0.9783 1.28
0.064

NOTE: Statistically significant differences are highlighted by shading (P≤0.05).

Inflammation

Several pathways and metabolites which mediate the inflammatory response were found to be significantly altered in SMK
relative to the other cohorts. For example, the relative salivary
levels of 12-hydroxyeicosatetraenoic acid (12-HETE) (Figure 2A)
and plasma levels of docosahexaenoate (DHA) (Figure 2B) were
significantly lower in tobacco consumers, and plasma arachidonate was significantly higher in SMK compared to MSC
(Figure 2B). Although differences in the levels of these metabolites were statistically significant, the percent changes
were modest (below 20%).
Acceleration in purine degradation and increased oxidative
stress is a known indication of chronic inflammation [26,27].
Similarly, several purine degradation metabolites were significantly altered between the study cohorts (Figures 3A and 3B).
Plasma levels of hypoxanthine were significantly higher in SMK
relative to MSC, and urine xanthine levels were higher in MSC

A

Scaled intensity

and lower than in NTC.
Another antioxidant vitamin, γ-tocopherol (a form of vitamin E) was significantly higher in the plasma of SMK, relative
to NTC; while MSC also exhibited comparably higher levels
of the vitamin, it nearly reached the statistical significance
cut-off. Further, the levels of its metabolite, γ-CEHC in plasma
and α-CEHC glucuronide (a metabolite of α-tocopherol) in
urine, were significantly lower in SMK, relative to NTC, which
suggests increased retention/need for the antioxidants in
SMK. The levels of these two metabolites were not statistically
significant between SMK and MSC, or MSC and NTC. Overall,
the MSC and NTC cohorts did not reveal any statistical differences in the levels of the metabolites indicative of oxidative
stress. Taken together, the changes in the antioxidants indicate
marked changes in the antioxidant capacity in the SMK cohort.

10
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5
4

Saliva 12-HETE

3
2
1
0

NTC

MSC

SMK

B
Lipid
Biochemical
metabolism name

Fold of change
MSC/NTC SMK/NTC SMK/MSC

Plasma
Long chain
fatty acid
Essential
fatty acid
Saliva
Long chain
fatty acid
Essential
fatty acid

Arachidonate
0.9§
(20:4n6)
Docosahexaenoate 0.81
(DHA; 22:6n3)

1.04

1.16

0.79

0.97

Arachidonate
(20:4n6)
12-HETE

0.49

0.98

1.98 §

0.63

0.66

1.06

Figure 2. Changes in inflammatory lipid metabolites in
tobacco consumers. (A) Salivary 12-HETE significantly
decreased in MSC and SMK; (B) Differences in several plasma
and salivary lipids were statistically significant. Shaded values
indicate P≤0.05; § indicates 0.05<P≤0.1.
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Biochemical name

Fold of change
MSC/NTC SMK/NTC SMK/MSC

Plasma

A

(Hypo)Xanthine/lnosine

Hypoxanthine

0.88

1.08

1.22

Guanine

7-Methylguanine

1.05

1.27

1.21§

Urate metabolism

Urate

1.01

0.9§

0.89

Uracil

Uridine

0.94

1.03

1.10

5-Methyluridine (Ribothymidine)

0.93§

0.97

1.04

Urine
(Hypo)Xanthine

Adenine

Guanine

Urate

Xanthine

0.78

0.59

0.75

Xanthosine

0.94

0.83

0.88§

Hypoxanthine

1.00

0.8§

0.80

Inosine

0.94

0.84§

0.90

Adenine

1.01

0.88§

0.87§

Adenosine

1.03

0.94

0.92

N1-Methyladenosine

0.96

0.87§

0.91

Adenosine 3’,5’-Cyclic
monophosphate (cAMP)

1.01

0.90

0.89

Guanine

0.99

1.06

1.07

7-Methylguanine

0.99

1.06

1.07

Guanidine

0.99

0.76

0.77

N1-Methylguanosine

1.02

0.93

0.91

N2-Methylguanosine

0.98

0.91

0.93

N2, N2-Dimethylguanosine

1.01

0.88

0.88§

N6-Carbamoylthreonyladenosine

1.00

0.88

0.88§

Neopterin

1.04

0.88

0.85§

7,8-Dihydroneopterin

0.94

0.77

0.82

Urate

1.05

0.93

0.89

Allantoin

1.46

0.89

0.61

Saliva
(Hypo)Xanthine/lnosine

Adenine

Guanine

Urate

Xanthine

0.93

0.84

0.91

Xanthosine

0.75

0.68§

0.9

Hypoxanthine

0.68§

0.71

1.04

Inosine

0.76

1.14

1.51

2’-Deoxyinosine

0.74

0.97

1.32

Adenine

0.96

1.14

1.19

Adenosine

0.93

1.73

1.86

1-Methyladenine

0.86

0.63

0.72

N1-Methyladenosine

0.66

1.07

1.63

Adenosine 2’-Monohosphate (2’-AMP) 0.7

0.9

1.29

Adenosine 5’-Monophosphate (AMP)

0.44

0.79

0.56

Guanine

0.6

0.57

0.95

Guanosine

0.79§

1.23§

1.57

2’-Deoxyguanosine

0.81

0.99

1.22

N6-Carbamoylthreonyladenosine

1.01

1.09

1.08

Urate

1.03

0.92

0.9

Allantoin

0.95

0.86

0.91

Figure 3. Changes in purine metabolites associated with oxidative stress and inflammation in tobacco consumers.
(A) Pathway diagram of purine degradation and generation of oxidative stress.
(B) Statistical results showing differences in purine metabolism between cohort groups in plasma, urine, and saliva. Shaded values
indicate P≤0.05; § indicates 0.05<P≤0.1.
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and NTC relative to SMK. Further, saliva levels of adenosine were
elevated in SMK, while guanine levels were lower. Collectively,
these findings suggest that chronic smoking-induced inflammatory responses are detectable in healthy smokers, while such
responses are less pronounced, if detectable, in MSC relative to NTC.

Discussion

We performed this study with a goal to understand the underlying biochemical changes in long-term tobacco consumers
and to discover novel biomarkers of tobacco effect. The results
of untargeted metabolomic profiling of matching plasma,
urine, and saliva, carried out for the first time, reveal detailed
metabolomic changes in a cohort of tobacco consumers and
non-consumers. The key findings of this study were: a) overall,
SMK exhibited distinct biochemical profiles relative to MSC
and NTC, with the latter two groups showing more similar
profiles; b) SMK exhibited more perturbations in oxidative
stress, inflammation, and other pathways relative to MSC.
Vitamin and purine metabolism were some of the prominent
changes associated with chronic smoking that were observed.
In addition, many biochemical changes in plasma, urine, and
saliva, which mapped into well-defined physiological pathways,
were concordantly and markedly altered due to smoking, and
to a lesser degree with consumption of moist snuff.
Untargeted metabolomic profiling is a powerful tool employed in biomarker research [28] and to gain a better understanding of the effects of nutritional and environmental
exposure [29,30], critical path [31], and for other purposes.
Several researchers have utilized metabolomic profiling to
evaluate the effects of smoking through NMR-based [14] and
MS-based technologies [15,32]. In pilot experiments, the MSbased metabolomics yielded higher numbers of metabolites
(this study) than NMR-based methods (unpublished data).
Several researchers have shown that smokers and nonsmokers could be readily distinguished based on their
metabolomic profiles [14,15], and those analyses included
nicotine and its metabolites. We were able to replicate
those results in our study as well. Here, we report a greater
coverage of the metabolome in tobacco consumers and
present data on BioExp and BioEff. Given the large number
of metabolites detected in the three metabolomes and the
diverse physiological pathways into which they map, this
manuscript is focused on BioExp and BioEff in pathways of
oxidative stress and inflammation.
Nicotine metabolites, including cotinine N-oxide, 3-hydroxy
cotinine, and cotinine, were the top metabolites contributing to
the separation of the groups. Further, RFA of the global profiles
clearly distinguished SMK from NTC and MSC, independent of
the inclusion of known nicotine metabolites in the analyses.
Exclusion of nicotine metabolites from the analyses, however,
increased the error in distinguishing MSC and NTC cohorts,
suggesting the overall resemblance of metabolic profiles of
MSC and NTC. Inclusion of unknown metabolites also yielded
similar results (data not shown).
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Matching plasma, urine, and saliva samples were collected
in a biomarker discovery study [53] and many established
BioExp, including nicotine and its metabolites, were
evaluated. The metabolomic profiling detected several
nicotine metabolites, with the largest number found in SMK
and MSC urine. The relative levels of the BioExp and BioEff
(described in the literature) detected in the targeted assays
and metabolomic profiling are directionally concordant. For
example, both methods showed that the levels of cotinine, a
major metabolite of nicotine, were higher in MSC, compared
to SMK. Further, X-17301, a compound with a likely structure
of 6-hydroxycotinine, based on retention time and mass
spectra (Supplementary Figure S1), is highly enriched in saliva
of MSC. Overall, the results from both methods indicate a
potentially higher exposure to nicotine in the MSC group, a
finding consistent with published data [33].
Our data also showed that several metabolites reflecting
antioxidant capacity were significantly altered in SMK, but
not MSC, when compared to NTC. In one antioxidant system,
an increase in heme degradation by hemeoxygenase (HO-1)
to biliverdin and bilirubin is a protective anti-inflammatory
response to increased oxidative stress. Exposure to cigarette
smoke (or its constituents) is known to increase the expression
of HO-1 [34-37]. Plasma metabolomic profiles showed increased
levels of heme, and decreased levels of bilirubin and biliverdin
in SMK, relative to NTC, indicating a possible impairment of
the heme degradation pathway. Consistent with our findings,
serum bilirubin levels have been reported be lower in active
smokers [38].
Other changes in vitamin metabolism included consistently
decreased levels of threonate in plasma, urine, and saliva of
SMK compared to NTC, and lower urine levels of vitamin C,
which are in agreement with published literature [39]. Taken
together with a decrease in urine α-CEHC glucourinide and
urate (although not statistically significant), these changes
underscore an altered antioxidant metabolism in smokers [40].
Urine ascorbate levels were relatively lower in MSC compared
to SMK, but did not reach statistical significance. Further, it
has been reported that plasma and gingival crevicular fluids
contain lower levels of vitamin C and vitamin E in smokers
[41]. These data are in agreement with published findings
that smokers exhibit lower levels of plasma antioxidants
(but elevated γ-tocopherol) independent of dietary intake of
antioxidants [42]. Some in vitro studies indicated that exposure
to moist snuff extracts causes oxidative stress [43], and antioxidants protect cells from the effects of moist snuff [44].
Glutathione oxidation has been reported to be elevated in
cigarette smokers [45]. Our metabolomic profiling found that
oxidized glutathione in saliva was slightly elevated but the
difference did not meet the statistical cutoff (p≤0.05) (Table 3),
while 5-oxoproline levels were lower in SMK relative to MSC.
In MSC, however, these metabolites were mostly similar to
those found in NTC. The plasma and urine levels of these
metabolites in the metabolomic analyses, or measurement
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of oxidized and reduced glutathione in targeted assays [53]
did not reveal any differences among the study cohorts.
Collectively, data on several antioxidant levels in the study
groups and the metabolite data presented herein indicated that
subjects who chronically smoked (SMK) had increased oxidative
stress. MSC demonstrated detectable changes in the oxidative
stress-related metabolites, but the changes were muted
and not significantly different from the levels found in NTC.
Several lipid changes in plasma and saliva could be related
to mediators of the inflammatory response. The decreased
plasma DHA in SMK and MSC suggest impaired antioxidant and
anti-inflammatory ability [46]. Arachidonic acid metabolism is
a key pathway in regulation of inflammatory responses, and
several studies, including our data [53] have shown elevated
levels of isoprostanes, lipoxygenase metabolites such as 12HETE, and leukotrienes in smokers [10,47-49]. Metabolomic
profiles presented herein show changes in the levels of
arachidonic acid in plasma and saliva and salivary 12-HETE
(Figure 2) among the study groups. Decreased levels of 12HETE in saliva of tobacco consumers (SMK and MSC) relative
to NTC was noted in this study. Although a previous study
did not find differences in the levels of 12-HETE between
smokers and non-smokers, several other eicosanoids were
found to be lower in smokers [50]. While elevated levels of
serum 12-HETE were found to be associated with several types
of cancer, increased salivary levels of 12-HETE were detected
in oral cancer patients. Together with elevated arachidonic
acid, higher levels of 12-HETE were suggested to be markers
of inflammation associated with oral cancer [51]. Although,
elevated plasma levels of arachidonic acid were found in SMK,
relative to MSC, salivary arachidonate levels were lower in
MSC (p≤0.05) relative to NTC, and trended in that direction
compared to SMK (p 0.05≤p<0.1).
Oxidative stress is implicated in purine degradation, which
in turn plays a role in the inflammatory process (Figure 3A).
Several studies have shown adenosine and other purines to
be elevated in COPD. Further, purine degradation products
such as adenosine, hypoxanthine, and inosine were present
at higher levels in gingival crevicular fluid from patients with
periodontal disease [19,26] and in saliva of smokers [15]. Data
presented herein showed elevated levels of hypoxanthine
(plasma) and a corresponding lower urinary hypoxanthine, as
well as elevated levels of adenosine and inosine in saliva of SMK
relative to the MSC (Figure 3B). Further, the levels of urinary
urate, which is known to possess free-radical scavenging
properties, was lower in SMK (vs NTC) and achieved a statistical
significance when compared to MSC. Thus, subjects in the SMK
group exhibited altered hypoxanthine oxidation and a lower
excretion of urate, both of which could potentiate inflammation.
The global metabolomic profiling also detected a diverse
array of metabolites, which included tobacco/smoke constituents, metabolites of nicotine, those altered in response
to tobacco exposure (potential biomarkers of tobacco effect),
microbial metabolites, and those derived from dietary
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sources (to be communicated in a separate publication).
The potential sources of some of the likely tobacco-related
metabolites were discussed [15]. While the dietary status of
the study participants could influence the levels of some of
the biomarkers, particularly those related to nutritional status
(e.g., vitamin metabolism), all the subjects appeared to be well
nourished in terms of their caloric intake and other nutrients.
Significant differences were noted in SMK intake of alcohol,
caffeine, fatty acid, and energy derived from fat, as determined
by the National Cancer Institute’s Diet History Questionnaire
(http://riskfactor.cancer.gov/DHQ/) (Supplementary Table S6).
There are several strengths to the global profiling data
that are presented herein. Some of the candidate biomarkers
identified were also evaluated using targeted assays [53].
Comparison of the results between global metabolomic
profiling and the targeted assays from the same tobacco
consumers revealed very similar data. For example, exposure
to nicotine and nicotine metabolites was increased in MSC
relative to SMK, however, elevated oxidative stress and
inflammation were seen in SMK. Further, data from plasma,
urine, and saliva revealed concordant changes in metabolites/
pathways implicated in oxidative stress and inflammation.
Our data are consistent with the established and generally
accepted findings that smokers experience elevated oxidative
stress and a chronic inflammatory state. The MSC generally
appear to resemble the NTC in their metabolomic profiles,
although more moderate perturbations in the oxidative
stress and inflammation pathways are seen in these data.
Similar changes in other physiological pathways in tobacco
consumers were noted, and those data will be presented in
a separate follow-up communication.
Independent qualification and validation is a critical
element in translating the differentiating metabolites
detected in metabolomic profiling into potential biomarkers [52]. Many of the BioExp (nicotine and its metabolites
and the combustion biomarkers) have been validated
in smokers and non-tobacco consumers [10,11], and in
moist snuff consumers as well [53]. Qualification of other
differentiating metabolites reported herein is in progress.
Longitudinal and case-control studies will provide additional information on the mechanistic aspects of time dependent changes leading to diseases associated with tobacco
consumption. The scope of this cross-sectional study is to
achieve a fundamental understanding of the molecular and
physiological perturbations in healthy long-term tobacco
consumers. Such perturbations, in susceptible individuals,
could potentially lead to a disease state. Thus, the metabolomic changes reported herein provide useful insights into
underlying physiological changes relating to oxidative stress
and inflammation in smokers and moist snuff consumers and
may serve as potential BioEff.

Conclusions

Untargeted global metabolomic profiles of biofluids, for the
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first time, revealed marked differences between healthy
tobacco consumers, suggesting the differences in the
physiological impact of different tobacco products. While the
BioExp (nicotine and some of its metabolites) demonstrated
exposure to tobacco, significant and consistent differences
were observed in metabolites associated with oxidative
stress, inflammation, and lipid metabolism in plasma, urine,
and saliva of SMK, MSC and NTC, with the latter two groups
generally being more similar to each other than to the SMK
cohort. Several of the changes in the significant metabolites
were reproducible in targeted assays and uncovered new potential biomarker candidates. The metabolite changes in SMK
reported herein were consistent with those reported by other
investigators who utilized different metabolomic platforms or
samples from different cohorts [14,15,54]. Thus, metabolomics
is a useful technique to elucidate the pathophysiological
changes in smokers and consumers of other tobacco products.
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