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ABSTRACT
Better biomarkers of cancer risk are needed for smokers to enhance early detection and
support the FDA as it considers cigarette performance standards and evaluate health claims for
modified tobacco products. Metabolomics is an ideal tool to assess the impact of cigarette
smoke on human exposure and health because of its lesser cost, higher sensitivity and highthroughput. However, little has been shown to validate the reproducibility of metabolomic
profiling using LC/MS on human blood samples. In order to assess reproducibility and feasibility
of this, a series of studies were designed for the assessment of smokers’ blood and a pilot study
was conducted to validate the use of metabolomics for the assessment of smoke exposure by
Ultra Performance Liquid Chromatography coupled to Quadrupole with Time-of-Flight Mass
Spectrometry (UPLC-QTOF-MS). Minimal measurement variation and sample preparation
variation in all experiments was found, and the identification of nicotine metabololites along
with a characteristic profile distinguishing smokers from non-smokers were identified. After
establishing the reproducibility of LC-MS-based metabolomics data on blood samples, a largescale study of 160 well-characterized smokers phlebotomized before and after smoking a
cigarette, and several determinants of smoke exposure were assessed for the relationships on
their metabolomic profiling. Using subset analysis, there was significant discrimination in the
metabolome between gender, race, smoking status, metabolic status, and type of cigarette
smoked. Paired analysis of menthol and non-menthol smokers showed not only a significant
iii

discrimination between metabolome of two cigarette types, but also identified cigarette brand
with the lowest nicotine yield from the highest. Putative metabolites were identified signifying
the importance of sex-specific differences, and revealing features related to carcinogenesis.
Further validation is needed to identify and characterize those metabolites. The UPLC-QTOFMS methodology for assessing metabolomics is a reliable laboratory method for the assessment
of human blood. It has the potential to identify metabolic phenotypes and new metabolites
relating to cigarette smoke exposure and toxicity. Several future studies can be conceived from
the data derived herein in cohort studies of cancer risk and early detection of lung cancer. They
also can be used in clinical studies by the FDA to support their decision making.
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INTRODUCTION

Tobacco smoking is the major cause of morbidity and mortality in developed countries. It
has more than 4,500 identified chemicals (Department of Health 1988) and over 60 potential or
probable human carcinogens (International Agency for Research on Cancer 2004). The Institute
of Medicine, on the request of the Food and Drug Administration (FDA) in 2000, considered
whether harm reduction approaches, including modified tobacco products could feasibly be one
approach to tobacco control for smokers who will not or could not quit (Institute of Medicine et
al. 2001). They concluded that such an approach was feasible, but needed to be done within a
regulatory environment and new products needed to be tested by human studies with biomarkers.
Recently, the FDA has been given legislative authority over tobacco products, including the
ability to establish performance standards and evaluating manufacturers’ health claims of
modified tobacco products (Institute of Medicine et al. 2011). In the last several years, there has
been a renewed interest by the tobacco companies to manufacture modified cigarettes purported
to reduce carcinogen exposure and cancer risk (U.S.Department of Health and Human Services.
2010). While tobacco product design changes developed by the manufacturers or mandated by
the FDA can be screened in the laboratory for changes in smoke chemical constituents and
toxicology, ultimately the impact of such changes must be evaluated in humans using
biomarkers. However, there are only a limited number of biomarkers that assess exposure, and
none that have been validated for lung cancer risk (Johnson et al. 2009a). Given the large number
of tobacco toxicants and a wide variety of toxicological in vitro assays, it has been recommended
by the Institute of Medicine and others to use a battery of assays that include several
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toxicological endpoints (Institute of Medicine et al. 2011). However, virtually all available
assays utilize immortalized cells, typically from rodents, and how these compare to the
toxicological effects in primary human cell strains has not been published, nor the effects of
smoke when puffed on a machine that mimics human smoking behavior (Institute of Medicine et
al. 2011). Thus, a broader range of biomarkers need to be developed and validated to assess the
impact of cigarette design changes on human exposure and health.
Another reason that biomarkers of cancer risk need to be developed is for former
smokers. Most persons with lung cancer are former smokers (Halpern et al. 1993), and although
screening studies using CAT scans are in progress and might be useful for early detection, it
would be optimal to have blood tests that would tailor screening strategies to individuals (e.g.,
age at start of screening or frequency). Of course, better risk analysis is needed for current
smokers, and while some models exist, these could be enhanced with validated risk markers.
Metabolomics is a new ‘omics technology that provides a simultaneous assessment of
numerous small molecules (i.e., the metabolome) allowing for the quantification of individual
metabolites and the identification of a phenotypic profile for clusters of metabolites (Chen et al.
2007; Idle and Gonzalez 2007b; Kaddurah-Daouk et al. 2008). It provides information about
metabolites from exogenous exposures and those that result from cellular endogenous pathways
(Chen et al. 2007). Metabolomics is becoming an important component of systems biology,
especially in determining the global metabolic profile by detecting thousands of small and large
molecules in various media ranging from cell cultures to human biological fluids such as urine,
saliva, and blood (Lewis et al. 2008b; Fernie et al. 2004b; Idle and Gonzalez 2007b; Nicholson
and Wilson 2003; Griffin 2006a). Metabolomics can be performed using various chemical
2

separation techniques (liquid or gas chromatography or electrochemical array) followed by
detection and quantitation using nuclear magnetic resonance (NMR) or mass spectrometry (MS)
(Claudino et al. 2007; Kaddurah-Daouk 2006; Pan and Raftery 2007; Schlotterbeck et al. 2006).
MS has become more common because of its lesser cost, higher sensitivity and high-throughput
(Want et al. 2005; Want et al. 2007). MS instruments with high-resolution mass measurement,
such as time-of-flight (TOF) or Fourier transform (FT) mass spectrometers provide accurate
masses of metabolites, which are prerequisites for peak identification and collection across
samples, and furnish empirical formulae and candidate chemical structures. Methods available
for resolving metabolites using MS include both liquid chromatography (high performance and
ultra-high performance) and gas chromatography. Metabolome detection techniques yield huge
data sets that can now be analyzed by user-friendly multivariate data analysis software package
(Chen et al. 2007). Procedures for data analysis include 1) data condensation and reduction 2)
chromatographic alignment to reduce the variation in retention time, 3) filtering to remove
background signals, and 4) peak detection. The MS data are normalized by either the parameters
of the complete dataset (such as total ion count, median ion count, etc.) or the intensities of
single or multiple internal standards, in order to reduce systematic and sample collection biases.
Then, a multivariate dataset containing information about sample identities, ion identities (RT
and m/z values) and relative ion intensities is generated and processed to identify latent
components or principal components. Typically, unsupervised methods are used, such as
principal component analysis, or supervised methods, such as soft-independent modeling of class
analogy (SIMCA), are used depending on the dataset and research question (Chen et al. 2007;
Trygg et al. 2007).
3

In this study, we intend to determine a metabolomic profile related to human cigarette
smoking as biomarkers of exposure, where the components can be chemically identified and
either the profile or specific constituents may be tested and demonstrated to be lung cancer risk
markers.
Rationale
This study will identify new biomarkers of exposure that can be useful for enhancing
tobacco-related cancer risk assessment and informing current tobacco regulatory processes.
Currently, smoke exposure is estimated via smoking machine studies and laboratory
experiments, but these are known to be flawed because they do not adequately characterize
actual smokers’ exposures (Marian et al. 2009). The FDA will need a broader range of
biomarkers of exposure and these will need to be validated as lung cancer risk markers. Given
that cigarette smoke is a complex mixture, it is possible that only a few biomarkers in a panel
will not be sufficiently predictive of lung cancer risk, and so additional markers are needed to
screen for unanticipated changes in smoke exposure as cigarette designs change. For example,
the technology used to decrease some constituents might increase those of others (e.g., for the
Eclipse cigarette (Hatsukami et al. 2006b), acrolein and CO increased (Strasser et al. 2007)).
Another reason for needing biomarkers of exposure and risk is to help tailor prevention and early
detection strategies for former and current smokers. While this study will not directly assess
biomarkers for lung cancer risk, the first step in developing these is the development of
biomarkers of smoke exposures. Biomarkers developed herein can later be applied to lung
cancer risk studies.

4

There is wide inter-individual variation for smoking behavior, which is affected by
gender and race. Metabolomic profiling by gender and race may identify differences in exposure
and response, reflecting inherent biological differences. This could also lead to better prevention
and early detection strategies. Metabolomics has the power to simultaneously detect carcinogen
metabolites and endogenous metabolites affected by smoke exposure. Thus, both exposure and
effect can be assessed. We hypothesize that the number of cigarettes, smoking topography and
nicotine metabolism ultimately exert their influence on phenotype through global metabolome.
Therefore, changes in metabolomic profiles could potentially serve as predictors for the impact
of smoking behavior and carcinogenesis, thereby establishing a mechanistic phenotype for these
metabolic traits in human.
In order to assess metabolites in smokers, we used a previously conducted cross-sectional
study of smokers intended to characterize smoke exposure, biomarkers and genetic
predispositions. A particular strength of this study is the unique study design that assesses
smokers before and after smoking. By using a fixed interval for all subjects, everyone can start
out the same way, and wait in a relaxed environment to standardize the deprivation level.
Numerous exogenous exposures and endogenous processes can affect metabolomics (e.g., diet,
air pollution, lifestyle) was tightly controlled during this interval and unlikely to be confounded.

5

Chapter I
Overview of tobacco smoke
Ever since the release of the first Surgeon General’s report in 1964 on Smoking and
Health (PUblic Health Service 1964), substantial progress has been made towards reducing
tobacco use in the United States. The prevalence of cigarette smoking among adults has dropped
from 42.4 percent in 1965 to 19.3 in 2010 (Centers for Disease Control and Prevention 2011b).
However, tobacco use continues to pose a serious public health threat. It is a major cause of
worldwide mortality and morbidity, and is a causative factor in the pathogenesis of many
diseases such as cancer, chronic obstructive pulmonary disease and heart disease
(U.S.Department of Health and Human Services. 2010). During the period 1995-1999, more than
440,000 people died annually from smoking attributable diseases, of which cancer was the
leading cause (Centers for Disease Control and Prevention 2002). Moreover, current smoking
prevalence among U.S. adults did not meet the nation’s year 2010 health goal of less than 12
percent (19.3 % in 2010) (Centers for Disease Control and Prevention 2011a). The recent
authority to the Food and Drug Administration (FDA) over tobacco products allows the FDA to
mandate product performance standards governing smoke exposure to toxic constituents and
requires the FDA to evaluate manufacturer’s health claims for modified-tobacco products of
purported reduced exposure (Institute of Medicine et al. 2011). The FDA decisions, however,
will need to be supported by scientific studies and a better understanding of cigarette smoke
toxicology. It also will require support through human studies and biomarkers that reflect the
complex exposure to tobacco smoke. Today, though, there are only a few biomarkers of
exposure and no validated biomarkers of cancer risk (Hatsukami et al. 2006a).
6

Cigarette smoke is a complex mixture of thousands of chemicals, many of which have
been implicated as toxins and carcinogens (Johnson et al. 2009b). It contains more than 4,000
chemicals, and at least 68 to 81 of them have been implicated as carcinogens in experimental
animals or humans (Smith et al. 2003). According to the Surgeon General’s Report in 2010:
“Any exposure to tobacco smoke, either direct or secondhand, causes immediate damage to cells
and tissue inflammation in the body and can lead to disease and death” (U.S.Department of
Health and Human Services. 2010). The compounds found in cigarette smoke may act in
additive, synergistic, and antagonistic manners (Brown et al. 2001). The interactions of these
chemicals with DNA and cellular processes are even more complex and the pathways affected by
tobacco smoke are numerous and interconnected. There remains much to be learned about the
pathogenesis of cigarette smoke-induced diseases and the molecular and cellular processes that
occur prior to onset of cigarette smoke-induced morphological changes at the cellular level
and/or the appearance of clinically detectable symptoms. Furthermore, genetic alterations
induced by cigarette smoke are not uniform across all smokers (Carolan et al. 2009; Hackett et
al. 2003). Only a subset of smokers (10%-15%) develop lung cancer (Wu et al. 2004b). Human
studies for genetic susceptibility to lung cancer from smoking, however, provide mixed results
(Chen J. and Shields.PG. 2005; Wu et al. 2004a). This research area has been limited in scope,
in humans as well as animal and cell culture studies, because most work has focused on only
single genes, metabolites or pathways.

Carcinogens in tobacco products

7

The complex mixture of cigarette smoke has been classified by IARC (The International
Agency for Research on Cancer) as a Group 1 carcinogen, which is a known human carcinogen
(International Agency for Research on Cancer. 1986). According to IARC (International Agency
for Research on Cancer. 2004) and reviews by Hoffmann from American Health Foundation
(Hoffmann et al. 2001) and Smith from R.J. Reynolds Tobacco Company (Smith et al. 2003), a
total of sixty seven compound from cigarette smoke are identified as carcinogens (summarized in
Table 1), in which there are eleven agents categorized as Group 1 (known human carcinogens),
eight agents as Group 2A (probable human carcinogens), and forty eight agents as Group 2B
(possible human carcinogens). The list includes ten polycyclic aromatic hydrocarbons (e.g.
benzo(a)pyrene), five heterocyclic hydrocarbons, ten nitrosamines (e.g. NNN, NNK), four
aromatic amines, eight heterocylic amines, two aldehydes, two phenolic compounds, four
volatile hydrocarbons (e.g. benzene), three nitrohydrocarbons, ten organic compounds (e.g.
acrylamide, DDT) and nine inorganic compounds (e.g. arsenic, nickel).
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benz(a)anthracene

4-22 ng

20-70 ng

Concentration in
cigarette smoke

2B

2B

2A

Group

C20H12

C20H12

C20H12

C18H12

Molecular
formula

252.31

252.3093

252.3093

252.3093

228.2879

Molar mass
(g mol−1)

50-32-8

207-08-09

205-82-3

205-99-2

56-55-3

CAS number

5954

PubChem

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

benzo(b)fluoranthene

6-21 ng

2B

C20H12

8799

C14321

C19196

C14320

C14317

KEGG

P

P

P

P

P

Smoke component found in vapor
(V), particulate (P), or both (B)
ChemSpider

8798

C07535

2246

dibenz(a,h)anthracene

1.7-3.2 ng

4 ng

2B

2B

2A

C22H12

C24H14

C24H14

C22H14

242.31

276.33

302.368

302.368

278.3466

3697-24-3

193-39-5

192-65-4

191-30-0

53-70-3

P

P

P

P

Molecular structure

benzo(j)fluoranthene

6-12 ng

2A

Compound

benzo(k)fluoranthene

20-40 ng

dibenzo(a,l)pyrene

present

2B

C19H14

Polycyclic aromatic
hydrocarbons (PAHs)

benzo(a)pyrene

dibenzo(a,e)pyrene

4-20 ng

2B

P

indeno(1,2,3-cd)pyrene

0.6 ng

5678

5-methylchrysene

Heterocyclic hydrocarbons
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dibenz(a,j)acridine

dibenz(a,h)acridine

furan

Agent

0.7 ng

3-10 ng

0.1 ng

18-37 mg

Concentration in
smoke of nonfilter
cigarette

2B

2B

2B

2B

2B

Group

C8H6O

C20H13N

C21H13N

C21H13N

C4H4O

Molecular
formula

118.13

267.32

279.33

279.33

68.07

Molar mass
(g mol−1)

271-89-6

194-59-2

224-42-0

226-36-8

110-00-9

CAS number

8029

PubChem

7738

ChemSpider

C14275

KEGG

P

P

P

P

V

Smoke component found in vapor
(V), particulate (P), or both (B)

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

dibenzo(c,g)carbazole

present

N-nitrosodiethylamine (DEN)

N-nitrosoethylmethylamine
(NEMA, MEN)

N-nitrosodimethylamine (DMN)

ND-1.0 ng

ND-2.8 ng

3-13 ng

2-1000 ng

2B

2B

2A

2B

2A

C8H18N2O

C6H14N2O

C4H10N2O

C3H8N2O

C2H6N2O

158.24

130.19

102.14

88.11

74.08

924-16-3

621-64-7

55-18-5

10595-95-6

62-75-9

V

V

V

V

V

Molecular structure

benzo(b)furan

N-nitrosodi-n-propylamine
(NDPA)

ND-30 ng

N-nitrosamines

N-nitroso-di-n-butylamine
(NDBA)

10

Group

C4H8N2O

Molecular
formula

114.15

100.12

Molar mass
(g mol−1)

1116-54-7

100-75-4

930-55-2

V

B

V

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

Concentration in
smoke of nonfilter
cigarette

2B

C5H10N2O

134.13

16543-55-8

P

107.15

87-62-7

95-53-4

6790

C10998

C02227

P

P

P

P

C16452

C7H9N

121.18

91-59-8

6835

19957766

2B

C8H11N

143.19

92-67-1

P

30-337 ng

2B

C10H9N

169.22

27919

Smoke component found in vapor
(V), particulate (P), or both (B)

Agent

3-110 ng

2B

C4H10N2O3

177.203

64091-91-4

KEGG

N-nitrosopyrrolidine (NPYR,
NPY)

ND-9 ng

2B

C9H11N3O

207.23

ChemSpider

N-nitrosopiperidine (NPIP, NPP)

ND-68 ng

2B

C10H13N3O2

PubChem

N-nitrosodiethanolamine (NDELA)

120-3700 ng

2B

o-Toluidine (2-methylaniline)

4-50 ng

1

C12H11N

CAS number

N'-nitrosonornicotine (NNN)

80-770 ng

2,6-dimethylaniline

1-334 ng

1

26148-68-5

Molecular structure

4-(methylnitrosamino)-1-(3pyridyl)-1-butanone (NNK)

2-naphthylamine

2-5.6 ng

183.21

Aromatic amines

4-aminobiphenyl

C11H9N3

N-heterocylic amines

2B

p

25-260 ng

2-Amino-9H-pyrido[2,3-b]indole
(AaC)

11

Concentration in
smoke of nonfilter
cigarette

2B

Group

C11H10N4

C12H11N3

Molecular
formula

211.267

198.22

197.24

Molar mass
(g mol−1)

62450-07-1

62450-06-0

76180-96-6

68006-83-7

p

p

p

p

p

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

Agent

2-37 ng

2A

C13H13N3

197.24

67730-11-4

p

Smoke component found in vapor
(V), particulate (P), or both (B)

2-Amino-3-methyl-9H-pyrido[2,3b]indole (MeAαC)

0.3 ng

2B

C12H11N3

252.7

67730-10-3

1530

692

1476

C00084

D00017

V

V

KEGG

(2-Amino-3-methyl-3Himidazo[4,5-f]quinoline) (IQ)

0.3-0.5 ng

2B

C11H13ClN4O

220.66

105650-23-5

712

172

ChemSpider

3-Amino-1,4-dimethyl-5H-pyrido
[4,3-b]indole (Trp-P-1)

0.8-1.1 ng

2B

C10H9ClN4

224.26

50-00-0

177

PubChem

3-Amino-1-methyl-5H-pyrido [4,3b]indole (Trp-P-2)

0.37-0.89 ng

2B

C13H12N4

30.03

75-07-0

CAS number

2-Amino-6-methyldipyrido[1,2a:30,20-d]imidazole (Glu-P-1)

0.25-0.88 ng

2B

CH2O

44.05

Molecular structure

2-Aminodipyrido[1,2-a:30,20d]imidazole (Glu-P-2)

11-23 ng

2A

C2H4O

p

70-100 µg

2B

2A i 1
2-Amino-1-methyl-6h l6
phenylimidazo(4,5-b)pyridine
(PhIP)

formaldehyde

500-1400 µg

Aldehydes

acetaldehyde

Phenolic compounds
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3,4-Dihydroxycinnamic acid
(caffeic acid)

Catechol (1,2-benzenediol)

Agent

20-75 µg

<3 μg

90-2000 μg

Concentration in
smoke of nonfilter
cigarette

2B

2B

2B

2B

Group

C6H6

C5H8

C4H6

C9H8O4

C6H6O2

Molecular
formula

78.11

68.12

54.0916

180.16

110.1

Molar mass
(g mol−1)

71-43-2

78-79-5

106-99-0

331-39-5

120-80-9

CAS number

241

6557

7845

689043

289

PubChem

236

6309

7557

600426

283

ChemSpider

C01407

C16521

C16450

C01481

C00090

KEGG

V

V

V

P

P

Smoke component found in vapor
(V), particulate (P), or both (B)

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

1,3-butadiene

450-1000 μg

1

2B

CH3NO2

C8H8

89.09

61.04

104.15

79-46-9

75-52-5

100-42-5

6375

7501

6135

7220

C19275

C07083

V

V

Molecular structure

isoprene

20-70 µg

Volatile hydrocarbons

benzene

10 μg

2B

C3H7NO2

styrene

0.5-0.6 µg

2B

98-95-3

Nitrohydrocarbons

nitromethane

0.7-1.2 μg

123.11

P

V

2-nitropropane

C6H5NO2

C06813

2B

7138

25 µg

7416

nitrobenzene

13

38-56 μg

Concentration in
smoke of nonfilter
cigarette

2B

2B

Group

C3H3N

C3H5NO

C2H5NO

Molecular
formula

62.498

53.06

71.08

59.07

Molar mass
(g mol−1)

50-29-3

75-01-4

107-13-1

79-06-1

60-35-5

CAS number

3036

6338

7855

6579

178

PubChem

2928

6098

7567

6331

173

ChemSpider

D07367

C06793

C01998

C01659

C06244

KEGG

P

V

V

V

P

Smoke component found in vapor
(V), particulate (P), or both (B)

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

acetamide

present

2A

C2H3Cl

354.49

1,1-dimethylhydrazine

DDE

20-38 μg

present

200-370 µg

1

2B

2B

2B

C3H6O

C2H4O

C3H7NO2

C2H8N2

C10H14O3

58.08

44.05

89.09

60.1

182.22

75-56-9

75-21-8

51-79-6

57-14-7

94142-97-9

6354

5641

Molecular structure

acrylamide

3-15 µg

1

C14H9Cl5

Agent

acrylonitrile

11-15 ng

2B

ethyl carbamate

7 µg

2B

Misc. organic compounds

vinyl chloride

800-1200 μg

ethylene oxide

0-100 ng

6114

5439

C15508

D03474

C01537

V

V

P

C19233

DDT

propylene oxide

Inorganic compounds

?

?
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beryllium

arsenic

hydrazine

Agent

ND-600 ng

0.5 ng

40-120 μg

24-43 ng

Concentration in
smoke of nonfilter
cigarette

1

1

1

1

2B

Group

Cr

Ni

Be

AsH3

N2H4

Molecular
formula

52

58.69

9.012182

77.95

32.0452

Molar mass
(g mol−1)

7440-43-9

7440-47-3

7440-02-0

7440-41-7

7440-38-2

302-01-2

CAS number

9321

PubChem

8960

ChemSpider

C05361

KEGG

P

B

B

P

P

V

Smoke component found in vapor
(V), particulate (P), or both (B)

?

?

Table 1. Carcinogens and their IARC categories in Cigarette Smoke

nickel

4-70 ng

112.41

Pb

Co

207.2

58.93

10043-92-2

7439-92-1

7440-48-4

P

P

P

Polonium

222

Molecular structure

chromium (only hexavalent)

Cd

2B

1

0.13-0.2 ng

2B

210

7-350 ng

cobalt

34-85 ng

1

cadmium

lead

0.03-1.0 pCi

(210Polonium)

Radon-222 and its decay products
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Tobacco carcinogen and cancer
Tobacco smoke has been shown to directly or indirectly increase the risk of many cancers
including non-small cell lung cancer (NSCLC) (Pathak et al. 2004), small cell lung cancer
(SCLC) (Cook et al. 1993), lip (de Visscher et al. 2002) and oral cavity cancer (Petersen 2009),
sinus and nasal cavity cancer (Benninger 1999), head and neck cancer (Leemans et al. 2011),
cancers of larynx, pharynx (Pelucchi et al. 2008), esophagus (Kollarova et al. 2007), stomach
(Kuper et al. 2002), pancreas (Iodice et al. 2008), liver (Chuang et al. 2009), gallbladder (Biswas
2010), colon/rectum (Mizoue et al. 2006), breast (Cui et al. 2006), kidney (Lipworth et al. 2006),
bladder (Boffetta 2008), uterus and cervix (Mundhenke et al. 2007), acute myeloid leukemia
(Lichtman 2007) and various childhood cancers (Sasco and Vainio 1999). Based on
carcinogenicity studies, carcinogens in tobacco products from Table 1 are proved to be causative
agents for different cancer types. The best available cigarette smoke biomarkers are chemically
specific, reflecting only a narrow range of known toxicants. They include polycyclic aromatic
hydrocarbons (e.g. benzo(a)pyrene), tobacco-specific nitrosamines (e.g. NNN, NNK), aromatic
amines, and volatile hydrocarbons (e.g. benzene, 1,3-butadiene and acrolein) (Hoffmann et al.
2001; International Agency for Research on Cancer. 2004; Smith et al. 2003). Among these,
polycyclic aromatic hydrocarbons (PAHs) and tobacco-specific nitrosamines (TSNAs) are
considered the major causative agents in cigarette smoke contributing to lung cancer (Hecht
1999; Hecht 2003; Wright 1983), and for cancer risk overall (Fowles and Dybing 2003). 1,3Butadiene is also a potent lung carcinogen in experimental animals, and carries the highest level
of cancer risk in cigarette smoke (Wright 1983). Acrolein is a suspected human carcinogen and
carries the highest level of risk for respiratory effects in experimental animals (Wright 1983),
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while benzene is a known human leukemogen (International Agency for Research on Cancer
1982).

Determinants of tobacco carcinogen exposure
Exposure to cigarette smoke is influenced by various factors, including smoking
behavior: the number of cigarettes smoked per day, smoking topography (the way someone
smokes), CO boost and nicotine boost, and nicotine metabolism (Marian et al. 2009; Shields
2000).

Smoking behavior
Smoking behavior has a strong effect on an individual’s exposure to cigarette smoke.
Exposure to the constituents of cigarette smoke is determined by the number of cigarettes
smoked per day and the way someone smokes their cigarettes (puffing and inhalation) (Marian et
al. 2009). Currently, smoking behavior is assessed by smoking topography devices that record
puff profiles via the placement of a transducer between the cigarette and mouth (e.g., puff
duration, puff volume, total number of puffs, inter-puff interval, puff velocity and air flow).
Inhalation is more difficult to assess, and requires special apparatus such as chest bands to
measure movement. Several studies have validated the use of this type of smoking topography
device (Marian et al. 2009). The number of cigarettes smoked per day generally do not relate to
puffing topography, or sometimes is positively correlated with longer inter-puff intervals
(Bridges et al. 1990; Hammond et al. 2005; Hatsukami et al. 1987; Horn and Waingrow 1966;
Ossip-Klein et al. 1983). Published studies also are inconsistent for relating puff topography to
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various biomarkers such as CO and nicotine/cotinine levels, probably because these biomarkers
reflect not only puffing topography but inter-individual variation in cigarettes per day and
inhalation where different parameters affect these biomarkers differently (Bridges et al. 1986;
Bridges et al. 1990; Burling et al. 1985; Buzzi et al. 1985; Djordjevic et al. 2000; Marian et al.
2009; Rieben 1992; Scherer 1999; Strasser et al. 2005; Strasser et al. 2007; Weinhold and Stitzer
1989; Zacny et al. 1986; Zacny et al. 1987). However, a combined assessment of puff
topography and inhalation can be done by measuring changes in exhaled carbon monoxide (CO)
and of blood nicotine immediately before and after smoking a cigarette, referred to as
“boosts”(Marian et al. 2009).
Several factors have also been documented to influence smoking behavior, such as race
(Ahijevych et al. 1996), gender (Assaf et al. 2002), psychological factors (Lombardo and
Carreno 1987) and genetic background (Lerman and Berrettini 2003). In general, men smoke
more cigarettes per day than women and have higher serum cotinine levels (Assaf et al. 2002;
Etter et al. 2000; Kandel and Chen 2000; Mustonen et al. 2005; Thun and Heath, Jr. 1997).
Although the data is less consistent for smoking topography, men tend to have larger puffs of
longer duration, but women may smoke more puffs per cigarettes (Battig et al. 1982; Eissenberg
et al. 1999; Epstein et al. 1982; Melikian et al. 2007; Wood et al. 2004). Differences in smoking
topography have been observed between Whites and African Americans: the latter group
generally reflecting greater exposure to smoke toxicants (Ahijevych et al. 1996; Ahijevych and
Parsley 1999; Melikian et al. 2007; Mustonen et al. 2005).

Tobacco-related biomarkers
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Due to the chronic exposure of toxins and much adverse effects of cigarette smoke on the
health outcomes, biomarkers are needed in order to help us understanding the etiology of
diseases and to prevent the potential harm from cigarette smoking. Currently, there are some
well studied tobacco-related biomarkers (Hatsukami et al. 2003) summarized in Table 2:

Table 2. Representative tobacco-related biomarkers.
Category

Biomarkers

References

Nicotine and tobacco
alkaloids

Nicotine

(Benowitz et al.
1986b)
(Benowitz and
Jacob 1994)
(Schmeltz
1977)
(Hammond and
Leaderer 1987)
(U.S.Departme
nt of Health and
Human
Services 2006)

Cotinine
Anabasine, anatabine
Environmental
tobacco smoke

Nicotine and particulate matter
Solanesol, scopoletin, polonium-210, aromatic hydrocarbons,
3-ethenyl pyridine, myosmine, carbon monoxide,
nitrosamines, and tobacco-specific nitrosamines

Carcinogenesis

Biomarkers of fetal
outcomes

1-hydroxypyrene, trans, trans-muconic acid, NNAL and its
glucuronides in urine

(Hecht 2002)

4-aminobiphenyl-hemoglobin adducts

(Bryant et al.
1988)

CYP1A1 and GSTM1 genetic polymorphisms

(Olshan et al.
2000)

p53, K-ras

(Gealy et al.
1999; Shields
and Harris
2000)
(Walsh 1994)

Spontaneous abortion, placenta previa and abruption, low
birth weight, sudden infant death syndrome, childhood
learning problems
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In order to validate and develop biomarkers of tobacco exposure, laboratory testings need
to be established for currently used and unknown biomarkers (for example: urine mutagenicity,
chromosomal aberrations, carcinogen metabolites in the blood and urine, transgenomics,
proteomics and metabolomics analysis) that would predict risk reduction, if any, through a risk
assessment process.

Nicotine metabolism
Nicotine is a critical component of cigarette smoke, principally being responsible for
smoking addiction by binding to the classical nicotinic acetylcholine receptor (nAChR) and/or
nonclassical nicotine receptor pathways by chronic exposure (Garnier et al. 1994; Gotti and
Clementi 2004). It further stimulates brain reward mechanisms mostly related to dopaminergic
pathways to satisfy craving (Berridge and Robinson 1998; Rossing 1998; Schultz 1998; Shoaib
1998). Two important determinants of tobacco carcinogen exposure include the number of
cigarettes smoked per day and smoking topography (i.e., the way someone smokes measured by
puff volume, puff duration, and number of puffs per cigarette). Nicotine addiction drives these
different determinants of tobacco smoke exposure because people smoke to maintain blood
nicotine levels (Benowitz et al. 1983; Benowitz et al. 1986a; Benowitz et al. 1998; Ebert et al.
1983; Gritz et al. 1983; Hill and Marquardt 1980).
The majority of the nicotine is metabolized by the liver enzyme cytochrome P450
CYP2A6 to cotinine, and further metabolized by the same enzyme to trans-3’-hydroxycotinine
(3-HC) (Messina et al. 1997) (Figure 1). Since the half life of cotinine and 3-HC is stable (16
hours) compare to nicotine with a short half-life (2 hours) (Benowitz and Jacob, III 1994). The
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ratio of cotinine to 3-HC therefore reflects one’s nicotine metabolism. Persons with faster
metabolism smoke more cigarettes per day, although it is unknown if this affects smoking
topography (Benowitz et al. 2003).

Figure 1. Nicotine Metabolism.

Metabolomics
The response of organisms to environmental or other stimuli is enormously complex.
Therefore, it is now an emerging goal to comprehensively view biological system as a whole to
better understand an organism. In the past decade, efforts have been made using interdisciplinary
tools to study the building blocks of the system biology including genomics, transcriptomics,
proteomics, and metabolomics (Figure 2).
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Figure 2. Building blocks of Systems Biology.

Metabolomics is one of the newest technology in system biology that provides
information about low molecular weight metabolites in a living systems (Fernie et al. 2004b;
Griffin 2006a; Nicholson and Wilson 2003). Global metabolomic profile (metabolome) is the
complete set of all small molecule (<850 Da) metabolites of a specific cell, organ or organism
revealing phenotypes including endogenous, exogenous, primary and secondary metabolites of
the living system. Current available technologies allow for determining the global metabolomic
profile by detecting thousands of metabolites in various media from cell cultures to human
biological fluids such as urine, saliva and blood (Lewis et al. 2008b; Idle and Gonzalez 2007b;
Griffin 2006a; Lawton et al. 2008a). This metabolome consists of peptides, oligonucleotides,
sugars, organic acids, ketones, aldehydes, amino acids, lipids, steroids, alkaloids and foreign
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chemicals (e.g., medicines, toxins, carcinogens, etc.). Levels of these compounds are affected by
genetics, gender, age, hormones, metabolic rate, environment, life style, disease, drugs and other
xenobiotic exposures (Claudino et al. 2007). By analyzing the metabolomic profiles, true
phenotypes of the specified living system can be obtained, and metabolic status and mechanistic
pathways can be analyzed by assessing its global outcome. Metabolomics has therefore been
applied to many clinical diagnoses such as cardiovascular disease, cancer, neurological disease,
diabetes, and obstetrical disease (Claudino et al. 2007; Kaddurah-Daouk 2006; Lewis et al.
2008b; Nordstrom and Lewensohn 2010).
Two strategies are used for the metabolomics research, namely targeted metabolic
profiling and global metabolic fingerprinting (Dettmer and Hammock 2004):

Targeted metabolic profiling
Quantitative analysis of metabolites in a specific metabolic pathway or related
compounds. Metabolic profiling is usually a hypothesis-driven approach aiming to gain critical
information of the metabolite pool from the samples to resolve the chemical content in a sample
and ultimately to help building databases of metabolites.

Untargeted metabolic fingerprinting
An unbiased and comprehensive approach to study perturbations of all detectable
metabolites in response to a treatment or disease. Global metabolic fingerprinting is hypothesisgenerating and high-throughput, it generates huge amount of data and thus requires
computational and statistical bioinformatics tools to process and analyze.
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Analytical methods for metabolomics
More and more modern instrumentations and technologies are available for the
metabolomics research, such as GC-MS, LC-MS, LCECA, and NMR-based study (Weckwerth
2006). Each platform has its specific strengths and weaknesses. For example, GC-MS has great
separation efficiency and resolution, but analyzes only the volatile metabolic compounds
(Kanani et al. 2008); LCECA has great reproducibility and sensitivity, but is low-throughput and
without much chemical structure information (Kaddurah-Daouk et al. 2008; Kaddurah-Daouk et
al. 2011; O'Grady et al. 2012); NMR is a fast and reliable non-destructive detector, but has poor
resolving power and poor sensitivity requiring larger amount of analyte compare to mass
spectrometry (Kaddurah-Daouk et al. 2008; Reo 2002; O'Grady et al. 2012). LC-MS is an
important tool with great flexibility in metabolomics. It is often used to identify the lowabundance metabolites for a targeted study or to obtain the largest metabolomics profile for a
global approach. With the development of Ultra-high Pressure Liquid chromatography (UPLC),
better chromatographic resolution and peak capacity compared to HPLC is achieved, and
therefore has become the platform of choice in our study (Kaddurah-Daouk et al. 2008;
Psychogios et al. 2011). Therefore, it is very important to choose the appropriate separation and
detection techniques in order to capture the metabolites for the research goal. In our study, we
used Ultra Performance Liquid Chromatography coupled to Eelectrospray Ionization in both
positive and negative modes with Time-of-Flight Mass Spectrometry (UPLC-ESI-TOF-MS) in
order to obtain the most comprehensive profile for our samples, for it analyzes broader range of
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biological molecules than GC-MS, requires minimal pretreatment of the sample, and has better
sensitivity than NMR (Lenz and Wilson 2007).

Separation Technique: Ultra Performance Liquid Chromatography (UPLC)
Liquid chromatography (LC) is a method of separation that uses liquid as the mobile
phase and a column packed with particles as the stationary phase. Methods in which the mobile
phase is more polar (e.g. water-methanol mixture) than the stationary phase (e.g. C18 =
octadecylsilyl) is called reversed phase liquid chromatography (RPLC). LC using RP gradient
column determine the separation and retention by hydrophobic interaction and is the most
generally used method (Dettmer et al. 2007). Recent development on ultra performance liquid
chromatography (UPLC) using smaller particle size (less than 2.5 m) in columns with higher
flow rates, both chromatographic resolution and sample throughput have been improved largely
in separating the complex biological samples. The improved resolution can also reduce ion
suppression caused by co-eluting species from the separation on a conventional HPLC.

Detection Technique: Electrospray Ionization Time-of-Flight Mass Spectrometry (ESI-TOFMS)
Mass Spectrometry (MS) is an analytical technique used for determining the molecular
weight and provides quantitative (abundance) and qualitative (structure) information of the
analyte. Basic components of a standard mass spectrometer are: a sample inlet, an ionization
source, a mass filter (analyzer), an ion detector, and a data system (Figure 3).
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Figure 3. Basic components of a Mass Spectrometer (Ekman et al. 2008).

Basically, the sample is ionized in the source and separated in the mass analyzer
according to their mass-to-charge ratio (m/z). Then the signals and abundance of the ions are
detected and processed into mass spectrum showing the masses of the ionized molecule and its
fragments (Sparkman 2001). Because of its flexibility in the combination of a variety of different
separation techniques (GC-MS, LC-MS, capillary electrophoresis) with high sensitivity and
selectivity, and also the ability to use a parallel process whereby additional collision energy is
applied for metabolite identification, it presents advantages as a chosen instrument for the
metabolomics research (Kaddurah-Daouk et al. 2008).
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Chapter II
Overarching goal
The goal of our studies in the following projects are to assess the laboratory reliability
and reproducibility of the UPLC-QTOF-MS methodology, the feasibility of the method on a
series of pilot studies, and finally, the relationship of the global metabolome in blood to smoking
behavior.

Materials and Methods
Subjects
All subjects used for the metabolomics analysis were from three previously enrolled
studies:
Table 1. Studies involved in this dissertation.
Name of the study
A. Genetic Determinants
of tobacco smoke
exposure and harm
B. Therapeutic
Phlebotomy and
Biomarkers Study
C. Biomarker validation
in smokers, former
smokers, and
nonsmokers

Principal
Investigator
Peter G. Shields
Peter G. Shields
Peter G. Shields

IRB
IRB
protocol
99-214
IRB
protocol
07-030
IRB
protocol
2007-323

Subjects

Subjects used in the
experiment
Smokers
▪ Ch III, Experiment I
▪ Ch III, Experiment II
▪ Ch IV
Non-smokers ▪ Ch III, Experiment II
(as pooled
▪ Ch IV
QC)
Smokers &
▪ Ch III, Experiment III
Non-smokers

In Chapter III, three experiments were conducted:


Experiment I, eight smokers’ plasma was used (from study A) to test the variations of
UPLC-QTOF-MS assay.
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Experiment II took advantage of a quality control procedure used for ensuring assay
consistency during the course of a large sample set analysis. Here, a pooled sample from
7 nonsmoker subjects (from study B) as quality control among a sample set of 613
independent samples from 160 smokers (from study A) were used during the large
sample set analysis.



Experiment III was intended to determine if there was a metabolomic result difference
between smokers and non-smokers using subjects from study C.

In Chapter IV, all smokers’ samples were from study A and non-smokers as quality control were
from study B (same as Experiment II in Chapter III)
Study A.
A previously enrolled cross-sectional study “Genetic Determinants of Tobacco Smoke
Exposure and Harm” from 2000-2004 at Georgetown University and the National Institute of
Drug Abuse (NIDA) recruited through local media.
Inclusion criteria were: age at least 18 years old; current smoker with at least ten
cigarettes per day; a stable smoking pattern for at least one year, and; at least five years of
smoking history. Exclusion criteria were: active respiratory tract infection; current oral cavity or
respiratory disease; prior history of cancer, general anesthesia within six months; treatment with
nicotine replacement therapy within six months; treatment with antidepressants or drugs used for
smoking cessation within six months; use of other tobacco products in past year; psychiatric
disorder or any other reason that precludes understanding the informed consent, and; pregnancy.
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Accrual of human subjects for this study was approved by IRB protocol 99-214 (Genetic
Determinants of tobacco smoke exposure and harm). Protection and assurance of the rights and
welfare of the individual subjects is described in the Consent Form for Human Subjects for IRB
protocol 99-214 included in the Appendix A.

Study B.
Non-smokers were used from the study who were undergoing therapeutic phlebotomy for
hemachromatosis or myeloproliferative diseases from a previously conducted study “Therapeutic
Phlebotomy and Biomarkers Study” from 2007-2008 at Georgetown University. The former had
low iron levels and both groups had stable disease. The purpose of this project is to collect blood
and urine from a small sample of patients undergoing therapeutic phlebotomy for a variety of
conditions (i.e. hemochromatosis), and limited epidemiological information. This will provide a
large amount of blood and urine to be used for developing and validating new biomarkers of
cancer risk and risky behaviors, and will provide samples for long-term assessment of laboratory
variability. In our study, the non-smokers from this project were used for “quality control” (QC)
samples for assessing laboratory variation. Accrual of human subjects for this study was
approved by IRB protocol 07-030 (Therapeutic Phlebotomy and Biomarkers Study). Protection
and assurance of the rights and welfare of the individual subjects is described in the Consent
Form for Human Subjects for IRB protocol 07-030 included in the Appendix B.

Study C.
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Smokers and non-smokers were used to assess metabolomic differences between smokers
and non-smokers from the study of “Biomarker validation study for smokers, former smokers,
and nonsmokers” from the Tobacco Product Assessment Consortium (TobPRAC). The purpose
of this study is to develop and validate biomarkers of tobacco exposure. This study is undertaken
as part of a National Cancer Institute (NCI) funded program to develop new biomarkers of
smoke exposure and harm, and to assess new tobacco company products purported to reduce
exposure to tobacco toxicants. Accrual of human subjects for this study was approved by IRB
protocol 2007-323 (Biomarker validation in smokers, former smokers, and nonsmokers).
Protection and assurance of the rights and welfare of the individual subjects is described in the
Consent Form for Human Subjects for IRB protocol 2007-323 included in the Appendix C.

Reagents and chemicals
All reagents and solvents were of HPLC grade. 4-nitrobenzoic acid (4-NBA) and
debrisoquine (as debrisoquine sulfate) were purchased from Sigma-Aldrich (St. Louis, MO);
acetonitrile (ACN) and water were purchased from Fisher Optima grade (Fisher Scientific,
Waltham, MA).

Metabolomics work flow
Our UPLC/TOFMS metabolomics platform has been well-described previously
(Patterson et al. 2008; Tyburski et al. 2008) in the analysis of cell pellets, tissues, urine, and
serum. Plasma samples were diluted with aqueous acetonitrile (66%) containing internal
standards debrisoquine and 4-NBA and centrifuged at 16,000g for 10 min at 4 °C to remove
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particulates and precipitated proteins. Supernatant were then transferred to auto-sampler vials for
injection on a reverse-phase 50 H 2.1 mm ACQUITY®1.7 μm C18 column (Waters Corp,
Milford, MA) using an ACQUITY®UPLC system (Waters) with a gradient mobile phase
comprising 0.1% formic acid solution and acetonitrile containing 0.1% formic acid solution. The
column eluent is introduced directly into the mass spectrometer by electrospray. Mass
spectrometry is performed on a Q-TOF Premier® (Waters) operating in either negative-ion
(ESI−) or positive-ion (ESI+) electrospray ionization mode.

Data pre-processing
Data generated from LC/MS-based metabolomics experiments contains m/z, intensity,
and retention time from thousands of the metabolites in the sample. Our analysis begins with
preprocessing of the data from LC/MS runs, in which raw metabolomic data were converted into
Network Common Data Format (NetCDF) using the Databridge utility in the Markerlynx
package (Waters Corp, Millford, MA). This conversion is needed prior to peak detection,
retention time alignment, matched filtration, and peak matching using XCMS package (137) (the
Scripps Research Institute, La Jolla, CA) and annotated using CAMERA (also developed by the
Scripps Research Institute, La Jolla, CA). Only mono-isotopic peaks are considered (isotopes,
sodium/potassium adducts, neutral loss products are excluded, doubly-charged ions are excluded
from analysis). XCMS, an open source R-package, is a LC/MS-based data analysis tool for
global, untargeted metabolite profiling.. This package provides methods for feature detection,
preprocessing, non-linear retention time alignment/correction, visualization, feature matching
(group LC/MS features), relative quantification, and statistics. XCMS identifies features
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dynamically, and calculates a nonlinear retention time correction profile for each sample. For
normalization and performance validation, we use debrisoquine (176.1188 m/z) in the positive
mode and 4-nitrobenzoic acid (166.01403 m /z) in the negative. Figure 1 is the overlaid extracted
ion chromatograms of both internal standards in our plasma samples from our large scale study,
before and after retention time alignment.
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Figure 1. Extracted ion chromatogram of internal standards on the positive mode (debrisoquine:
176.1188 m/z), and negative mode (4-nitrobenzoic acid: 166.01403 m/z) before and after
alignment by XCMS.
During the retention time correction method, XCMS generates an estimated retention
time deviation output of all samples to help illustrate properties of each sample (Figure 2).
Ultimately, it creates a report showing the most significant differences between sets of samples
and for each analyte, it computes mean fold change, Welch's two sample t-statistic and p-value
of t-statistic.

Figure 2. XCMS output of Retention time deviation vs. Retention time. Here, a positive
deviation represents sample elution after the median retention time while a negative deviation
represents sample elution before the median retention time.
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Data Analysis
Preprocessed data sets were analyzed using Matlab (The Math Works, Natick, MA) and
MetaboAnalyst (www.metaboanalyst.ca), a web-based tool for statistical analysis designed to
perform a variety of statistical analysis for complex metabolomics data (Xia et al. 2009)
including univariate (fold changes, t-Tests, Volcano plots, SAM) and multivariate (PCA, PLSDA) analysis as well as clustering (Hierarchical cluster, SOM) and classification (Random
forests, SVM). Because we anticipate that a combination of metabolites (not just one) is
correlated with phenotype and that multiple metabolites may pertain to the same parent
compound, the majority of our analysis in this study was done by multivariate analysis.
Comparisons were conducted via unsupervised and supervised statistical and machine learning
methods. Various sample groups were created based on our predictive (dependent) variables
including the number of cigarettes per day, gender, race, metabolic status, etc. Continous
dependent variables (e.g. age) were converted into categorical variables using tertiles.
For unsupervised analysis, principal components analysis (PCA) (implemented in
SIMCA-P+ and MetaboAnalyst (Xia et al. 2009)) was used to obtain a 2-dimensional or 3dimensional visualization of the profiles. This type of analysis helped us to determine how
distinguishable the profiles were among the sample groups. Alternatively, we used hierarchical
clustering and self-organizing maps (SOM) (MetaboAnalyst.ca)(Xia et al. 2009) to cluster and
visualize globally.
In addition to the above unsupervised analyses, we used supervised methods to examine
if the metabolic profiles can be reasonably classified. Because the number of metabolites
measured (usually in the thousands) is much larger than the number of biological samples
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typically available, it is important to use model validation (e.g. permutations) or robust machine
learning methods to avoid overfitting such as random forests (RF) that typically avoid overfitting
(Breiman 2001).
Specifically, we used Partial Least Squares Discriminant Analysis (PLSDA), a frequently
used classification or discrimination approach based on PLS model (Barker 2003), to identify
the most important peaks (candidate biomarkers). In order to select a model of optimal
complexity (using a sufficient amount of metabolites to obtain high accuracies) and to avoid
overfitting of the PLS-DA model, cross validation and permutation test were performed
(Westerhuis et al. 2008; Szymanska et al. 2012). Another supervised method for multivariate
analysis used was Random forest (RF) algorithm implemented in R (RandomForest 4.0-7). A RF
is a collection of decision trees, for example CART, that are constructed using a subset of
samples and a subset of variables (e.g. metabolites). Once a set of features (candidate
biomarkers) were identified, a composite decision tree that involves the selected metabolites
were used for sample classification.

Metabolomics databases
Although it is still a challenge to deal with the diversity of instrumentation, compound
types and data sources, many databases with user friendly interfaces are available for the
metabolomics data interpretation. Comprehensive resources and description of databases
according to their function were reviewed by Go in 2010 (Go 2010), and the databases frequently
used in our study are summarized in Table 1. In the workflow of our metabolomics strategy,
selected peaks for the putative identification were identified using Metlin, MMCD and HMDB
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databases to obtain the KEGG IDs of peaks. Pooled KEGG IDs will be used for Ingenuity
Pathways Analysis in the future analysis.

Table 2. Selected databases for metabolomics
Database

Note

Web address

Drug metabolites, and endogenous metabolites
The METLIN Metabolite

from human and some model organisms.

Database (Smith et al. 2005)

Provides LC/MS & LC/MS/MS spectra data,

http://metlin.scripps.edu/

containing over 42,000 structures.
Madison-Qingdao

Based on NMR and MS, containing over

Metabolomics Consortium

20,000 metabolites and other small molecules

Database (MMCD) (Cui et al.

present in biological samples.

http://mmcd.nmrfam.wisc.edu/

2008)
The Human Metabolome
Database (HMDB) (Wishart
2007)

Metabolites from human data only, containing
over 7900 metabolite entries. Provides
chemical, clinical, molecular biological and

http://www.hmdb.ca/

biochemical data.
Provides information on more than 2.5 million

PubChem (Li et al. 2010)

chemical molecules and their biological

http://pubchem.ncbi.nlm.nih.gov/

activities.
ChemSpider (Little et al.
2012)

Provides fast text and structure search access to
over 26 million structures from hundreds of

http://www.chemspider.com/

data sources.

Kyoto Encyclopedia of

Metabolic pathway database integrating

Genes and Genomes (KEGG)

functional information from multiple omics

(Kanehisa 2002)

data.

http://www.genome.jp/kegg/

Pathway analysis
The markers obtained from our metabolomics profile were analyzed by the Ingenuity
Pathways Analysis (IPA, Ingenuity Systems) tool in order to identify the biological functions,
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mechanisms, and pathways that are most relevant to the putative metabolites of interest. With the
IPA, we were able to examine the interactions among the markers and other molecules and their
potential association to metabolic and signaling pathways. For example, Ingenuity Pathways
Analysis tool uses two criteria (ratio and significance) to evaluate the potential association of the
biomarkers to these pathways. The ratio is calculated by dividing the number of candidate
biomarkers in a given pathway by the total number of biomolecules that make up the pathway.
The significance of a given pathway (p-value) is a measure of the likelihood that the pathway is
associated with the list of candidate biomarkers by chance. The null hypothesis is that there is no
association. A very small p-value may be an indication that the pathway is more likely to explain
the observed phenotype. While the ratio gives a good idea of percentage of candidate biomarkers
in a pathway, the significance addresses the question if the observed association is merely by
chance.
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Chapter III
Feasibility of Identifying the Tobacco-Related Global Metabolome in Blood by UPLCQTOF-MS

Abstract
Metabolomics is likely an ideal tool to assess the impact of cigarette smoke on human
exposure and health. In order to assess reproducibility and feasibility of this by UPLC-QTOFMS, a series of studies were designed for the assessment of smokers’ blood. Three experiments
were conducted using smokers’ blood. Experiment I was an analysis of 8 smokers with replicates
up to 8 times. Experiment II was an analysis of 62 pooled quality control (QC) samples from 7
non-smokers’ plasma placed as every tenth sample among a study of 613 samples from 160
smokers. Finally, in order to examine the feasibility of a metabolomic study in assessing smoke
exposure, Experiment III consisted of nine smokers and ten non-smokers’ serum to evaluate
differences of their global metabolomic profiles. There was minimal measurement variation and
sample preparation variation in all experiments (1.9% and 1.05% coefficient of variation,
respectively), and the largest variation appears at the beginning (less than twenty five seconds) of
the chromatogram run. Those metabolites with CV more than 10% will be removed from the
analysis for biomarker discovery. When assessing the QC samples in the large scale study, QC
clustering indicated high stability, reproducibility and consistency. Finally, in addition to the
identification of nicotine metabololites as expected, there was a characteristic profile that
distinguished smokers from non-smokers, and some of the metabolites within this profile were
either precursor to the tobacco-specific carcinogen or found in children with peroxisomal
disorders. Further validation is still needed to identify these putative metabolites.
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The UPLC-QTOF-MS methodology for assessing metabolomics is a reliable laboratory
method for the assessment of human blood. It has the potential to identify metabolic phenotypes
and new metabolites relating to cigarette smoke exposure and toxicity.
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Experimental Design
Three experiments were conducted. In Experiment I, in order to test the variations of
UPLC-QTOF-MS assay, eight smokers’ plasma were split into two aliquots (5ul), and one
aliquot was sampled consecutively 5 times, immediately followed by the second aliquot sampled
three times (Figure 1). A water blank was sampled between each of the subjects. The eight
subjects were sampled consecutively, followed by a repeat of the experiment for the first two
subjects. Replicate comparison analysis is indicated below.
Experiment II takes advantage of a quality control procedure used for ensuring assay
consistency during the course of a large sample set analysis. Here, a pooled sample from 7
nonsmoker subjects undergoing therapeutic phlebotomy were placed as every tenth sample
among a sample set of 613 independent samples from 160 smokers; 62 injections of the pooled
control were analyzed. Replicate comparison analysis is indicated below.
Experiment III was intended to determine if there was a metabolomic result difference
between smokers and non-smokers. There were nine smokers and ten non-smokers; the latter
recruited from a three-arm study validating biomarkers in smokers, former smokers, and
nonsmokers.

40

Figure 1. Schematic diagram of the experimental design used to test the reproducibility of
UPLC-QTOF-MS in human plasma samples.
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Subjects
Smokers: Blood samples were obtained from 160 cross-sectional study of smokers
intended to characterize cigarette smoke exposure and the development and validation of
biomarkers. These individuals were healthy and had no history of cancer. As an eligibility
criterion, they had a stable smoking pattern for at least 6 months of 10 cigarettes per day or more.
There were 613 samples from these subjects that were analyzed in a single session. Interspersed
with these samples were replicates as indicated in Experiment I.
Non-Smokers: Two groups of non-smokers were utilized. The samples in the first
group, used for the laboratory validation studies for Experiment II, were nonsmokers who
undergoing therapeutic phlebotomy for hemachromatosis or myeloproliferative diseases. The
former had low iron levels and both groups had stable disease. Their plasma was pooled and
aliquots were interspersed with the smokers’ samples in every tenth aliquot. The second group,
used to assess metabolomic differences between smokers and non-smokers for Experiment III,
used non-smokers from the study of biomarker validation in smokers, former smokers, and
nonsmokers from the Tobacco Product Assessment Consortium (TobPRAC). These were
healthy persons who smoked less than 100 cigarettes in their lifetime and recruited by IRBapproved local media.
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Results and Discussion
For the metabolomic experiments to provide sound biological insights into pathobiology,
it is imperative to demonstrate that the variability of metabolomics measurements is within
acceptable limits. Previously, the reproducibility of the LC-MS platform for the metabolomic
analysis of urine samples has been examined from unspecified healthy subjects (Gika et al.
2007), which indicated that the within-day reproducibility of UPLC-QTOF-MS system is
sufficient to assure data quality in global metabolomic studies, after sufficient equilibration of
the system (Gika et al. 2007; Gika et al. 2008). In this study, the reproducibility of LC-MS-based
metabolomic experiments using blood samples of smokers and nonsmokers is examined. The
reproducibility analysis is performed in three parts: the first utilizes plasma from eight smokers
in Experiment I to analyze the reproducibility of the LC-MS-based metabolomics data over a
short period of time (Figure 1). The various factors that affect the quality of the data are
examined and their respective contributions to the data variability are analyzed. As part of
Experiment I, immediately following the multiple injections of the eight smokers, the samples
from the first two subjects were re-injected 5 times and 3 times. Thus, the replicates followed
the initial 64 chromatographic runs and 13 hours in time (Figure 1). Results of these latter two
subjects are compared against the first analyses to examine the effect of running time and
potential carry-over on the data. Next, the reproducibility of LC-MS platform over multiple days
is examined using Experiment II through a QC analysis similar to the approach by Gika, et.
al.(Gika et al. 2008). After establishing the reproducibility of LC-MS-based metabolomics data
on plasma samples, Experiment III was conducted to validate the use of metabolomics for the
assessment of smoke exposure, as recommended by Hatsukami, et. al (Hatsukami et al. 2002).
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1. Factors affecting data quality and their contributions to variability
Previously in LC-MS-based proteomics experiments, it is assumed that the variability of
the intensity of a peak can be attributed to either sample preparation variation, or machine
measurement (Oberg and Vitek 2009; Smilde et al. 2009). For the two aliquots of each Si, i=1,
2,…,8 in Experiment I, their difference is mainly due to the sample preparation variation. And
for the repeated injections of each aliquot, their difference is derived from the measurement
noise, which results from variability in the chromatography and the mass spectroscopic
measurements. We refer to the variability due to biological differences among subjects as “interindividual variation”. For the first eight biological subjects S1 to S8, it can be shown that there
is minimal sample preparation variability and measurement noise, but large differences due to
the inter-individual variation.
Here, the intensity of each peak from the peak-wise variation in the metabolomics data
was modeled by Dr. Habtom Ressom and his group at Georgetown University:

yijk     i   j ( i )   k ( ij ) (1)

where yijk is the log transformation of the observed intensity of the ith biological subject
(i=1, 2, …,8), the jth aliquot (j=1, 2), and the kth injection (k =1,2,…,5 if j=1, k=1,2,3 if j=2); µ
represents the average concentration of each peak; εi, εj(i) and εk(ij) follow the normal distribution
with mean zero and variances

,

, and

respectively, and εi, εj(i) and εk(ij) are mutually

independent. A random effects analysis of variance (ANOVA) model was used to estimate the
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variations

,

, and

, which characterize the contributions of the inter-individual difference,

sample preparation difference and measurement noise to the variability of the data, respectively.
The variability due to chromatography and machine measurement error (Gika et al. 2008)
was first assessed by visually inspecting the total ion chromatograms (TICs) of the repeated runs
from the same aliquot. The TIC is a direct representation of the raw LC-MS data without preprocessing. As a result, the assessment of the variability will not be affected by different choices
of preprocessing schemes. In Figure 2, the TICs of the five runs from the first aliquot of S1 are
compared with each other. It was found that there was perfect qualitative reproducibility for all
five runs from the same biological subject and aliquot.

Figure 2. Total ion chromatogram of the five injections of the 1st aliquot of S1.
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Then the peak list (list of peaks) from preprocessing was used to assess the variability
among the repeated injections from the aliquot. For the first aliquot of biological subject S1 to
S8, the logarithmic intensities of all the peaks from the first injection were compared against the
logarithmic intensities of all the peaks from the other injections using scatter plots in Figure 3.
The scatter plots of the peak intensities from two injections are largely on the diagonal line and
exhibits a high correlation (Pearson Correlation = 0.98; p < 0.001), indicating a high resemblance
between the repeated injections. Since the five repeated injections span a time of 57.5 minutes, it
is evident that the LC-MS system is stable over a short period of time.
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Figure 3. Evaluation of the variation due to the measurement noise. Scatter plots of logarithmic
intensities of the five injections of the 1st aliquot of S1 to S8 represents a) 1st injections vs. 2nd
injections; b) 1st injections vs. 3rd injections; c) 1st injections vs. 4th injections; and d) 1st
injections vs. 5th injections.

The variance calculated from the ANOVA model and the coefficient of variation were
compared along with m/z values and retention times to see if the measurement error of the LCMS system is more significant over a particular region of chromatogram and mass spectrum, as
sample preparation variation and inter-individual variation should not be affected by
chromatogram or mass measurement. Generally, the largest variation appears at the beginning
(less than twenty five seconds) of the chromatogram run (Figure 4). The reason for the large
variation at the beginning of the chromatogram may be attributed to the high aqueous gradient of
the reverse-phase chromatography which cannot retain the very polar compounds or hydrophilic
metabolites in the beginning of the elution (Dettmer et al. 2007). If this area is considered to be
important, it likely can be resolved by using HILIC (Hydrophilic Interaction LIquid
Chromatography) (Jameson et al. 2012). The variation towards the end of the chromatogram is
often observed partly due to baseline shift and can result in an over-estimate of the intensities of
the analytes (Zhou et al. 2012). Thus, we have discarded the last two minutes of the
chromatography during the preprocessing of the data. As shown in Figure 4, the retention time of
peaks only go up to 480 seconds, where the variability of data is moderate.
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Figure 4. The distribution of the estimated measurement error in CV (%) over m/z values and
retention times. Each dot represents a single peak. The dot size and color corresponds to the CV
value: the larger the dot, and the brighter the color of the dot, the larger the CV value of the
individual peak.

We also examined the variations along with peak intensities in Figure 5. The variation
caused by the measurement noise shows a significant negative correlation (Spearman correlation
= -0.66; p<0.001) with peak intensity. It is understandable as the noise effect is less severe on
high-intensity peaks and it is relatively easy to detect and quantify high-intensity peaks.
Coefficients of variation (CV) were determined. Overall, the mean CV for the measurement
noise was 0.02, which ranged from 0.003 to 0.297. Similar to the above, the greatest CVs were
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in the areas at the beginning of the chromatogram. The correlation coefficient for the CV in
relation to peak intensities was -0.785 (p <0.001). Those metabolites with CV more than 10%
will be removed from the analysis for biomarker discovery.

Figure 5. The scatter plot of the estimated measurement noise in coefficient of variation (%)
versus the mean intensities of peaks over S1 to S8. Metabolites with CV more than 10% in red
triangle will be removed from the analysis for biomarker discovery.

The scatter plot also was used to examine the variability due to sample preparation. The
repeated injections from each aliquot were averaged to obtain the mean intensity of each peak for
an aliquot. The logarithmic intensities of all peaks of the first aliquot of the eight biological
subjects were compared with the logarithmic intensities of peaks of the second aliquot of the
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biological subjects in Figure 6. The two aliquots show a high degree of resemblance as the
intensities are largely on the diagonal line and exhibits a high correlation (Pearson Correlation =
0.99; p <0.001). The results demonstrate that the sample preparation does not significantly affect
the quality of the LC-MS data.

Figure 6. Evaluation of the variation due to sample preparation. Scatter plot of the logarithmic
intensity of the 1st and 2nd aliquots of S1 to S8. The peak intensities of each aliquot are the
average of the repeated injections from the aliquot.

Hierarchical clustering of the 8 subjects each with eight injections (five plus three
injections) from Experiment I is shown in Figure 7a. The clustering clearly distinguishes
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biological subjects but not injections from different aliquots. The result confirms that the
variability due to sample preparation is generally equal to or smaller than the measurement error,
so it is sometimes masked by the measurement error.

Figure 7. Hierarchical clustering of all metabolites (a) from subject 1 (S1) to subject 8 (S8). (b)
from S1 to S8 plus the analytical replicates S1’ and S2’. Heat map colors represent relative
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values, in which red represents values above the mean, black represents the mean, and green
represents values below the mean of a row (metabolite) across all columns (samples).
2. The effects of running time and carry-overs on data variability
In Experiment I, the first two biological subjects S1 and S2 were repeated at the end of
the experiment as S1’ and S2’, with separate sample preparations and injections. Between S1
(S2) and S1’ (S2’), there were 56 other sample runs, and they were more than 10 hours separated
in time. The effects of run time and carry-overs on data variability can be evaluated by
comparing S1 vs. S1’ and S2 vs. S2’. In scatter plot of Figure 8, the logarithmic intensities of the
four aliquots from S1 and S2 were compared with those of the four aliquots from S1’ and S2’. A
high degree of resemblance is evident between S1, S2 and S1’, S2’, which showcases that the
LC-MS platform is stable after a moderate time period (more than 10 hours).
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Figure 8. Evaluation of the effects of running time and carry-overs. Scatter plots of logarithmic
intensities of the four aliquots of S1 and S2 versus the four aliquots of S1’ and S2’. The intensity
of each aliquot is the average intensity of the repeated injections of that aliquot.

We then analyzed a new hierarchical clustering adding experimental replicates (S1’ and
S2’) which were run at the end of the experiment, and the result showed that the same sample’s
analytical replicates were clustered together (S1 to S1’, and S2 to S2’. See Figure 7b). Thus, the
increased running time and carry-overs of the sample analyzed between them does not
significantly affect the data reproducibility. The estimated variations are shown as the boxplot in
Figure 9 and the measured variance and coefficient variation are summarized in Table 1. The
results confirm that the variations between measurement error and sample preparation variation
are comparable, while they are smaller than the inter-individual variations, even if these
replicates were analyzed 13 hours apart.
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Figure 9. Box-plot of the estimated variations due to inter-individual variation, sample
preparation and measurement noise.

Table 1. Summary of the measured variance and coefficient variation in human plasma samples
Variance

CV

Mean (Medium)

Mean (Medium)

Inter-individual variation

0.068 (0.021)

0.0324 (0.025)

Sample preparation variation

0.016 (0.002)

0.0105 (0.0069)

Measurement noise

0.021 (0.005)

0.0188 (0.0128)

From the model equation (1), we can deduce that the variance of the mean intensity of all
the biological subjects is
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where I is number of biological subjects; J is the number of aliquots per subject and K is the
number of injections per aliquot. This means that the variability of the mean of the observed
peak intensity is dominated by the variation because of inter-individual difference. Thus, the
most effective way to reduce the variability in LC-MS data is to increase the number of
biological subjects under investigation, given the total number of sample runs. Because of this
understanding, in Experiment II, only one aliquot per subject and one injection per aliquot are
used for the LC-MS-based metabolomics analysis of 613 biological subjects.

3. The reproducibility of LC-MS platform over multiple days
Experiment II provides the quality control data from a large metabolomics study of
smokers (n=160) with up to four separate blood draws before and after two cigarettes each (613
samples). For the quality control, 62 pooled healthy control samples were prepared by mixing
equal volumes (400 μL) of plasma from seven non-smokers and were inserted as every 10th
sample of the run. Non-smokers were used in order to assess background low level peaks. The
pooled aliquot is assumed to be homogeneous and repeatedly injected across the entire LC-MS
analysis with real biological samples analyzed between them. In Experiment II, 62 pooled
quality control samples were injected during the analysis of 675 samples, including the 62
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pooled samples. The analyses were conducted uninterrupted over 138 hours. The peak list is
acquired after peak detection and alignment using XCMS. It allows more in-depth analysis of
LC-MS data. The preprocessing may help to reduce the variation in data due to instrument noise
as only peak regions are considered in the analysis. This assesses both the reproducibility of the
chromatography and the quantitation of the spectroscopy, as well as carryover and crosscontamination while running as a batch in a chromatographic system.
The reproducibility of the quality control replicates was analyzed through unsupervised
principal component analysis (PCA) by MetaboAnalyst. PCA has been shown to be an effective
approach to visualize high-dimensional data by projecting the data point into a low-dimension
space. If a certain degree of platform stability has been attained, the QC samples should cluster
tightly together in the PCA score plot. PCA of the experimental samples and QC samples has
revealed a pattern as shown in Figure 10, which gives an indication about the reproducibility of
the data. Although there are some variations among the QC samples, they occupy a relatively
constrained space in the PCA score plot. When we compare our study (675 injections with 62
QCs, total run time 138 hours) with the validation guideline for urine samples from Gika et, al.
(Gika et al. 2008) and the same experiment presented by Want et, al. (Want et al. 2010) (130
injections with 16 QCs, total run time 29 hours), the performance of our QC samples showed
little variation in tight clustering until samples run later in time. The deviation from the QC
cluster might be due to the time-related drift in instrumental performance over a long time span
in the large scale study (Lange et al. 2008; Zelena et al. 2009), or the matrix effect due to the
largely peptide/protein-based plasma samples compare to urine (Denery et al. 2011).
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Figure 10: Scores plot between the selected principle components (PCs) showed difference
between samples and QCs in their metabolomic profiles. The explained variances captured by
each PC were shown in brackets.

Figure 11 is the hierarchical clustering analysis of samples and QCs shown as a heatmap
using Pearson's correlation for the similarity measure (distance), and clustering algorithms using
Ward's linkage (clustering to minimize the sum of squares of any two clusters). The result
demonstrated that our platform is capable of discriminating the metabolome from clusters of QC
samples and experimental samples, which again provides confidence in the quality of our pooled
healthy controls throughout the run.
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Figure 11. Clustering result shown as heatmap (distance measure using pearson, and clustering
algorithm using ward) of the pooled QC samples and experimental samples.

4. Biomarkers indicative of smoking behavior
There is wide inter-individual variation for smoking behavior, which is affected by several
factors such as race (Ahijevych et al. 1996), gender (Assaf et al. 2002), psychological factors
(Lombardo and Carreno 1987) and genetic background (Lerman and Berrettini 2003).
Metabolomic profiling may identify differences in exposure and response, reflecting inherent
biological differences. This could also lead to better prevention and early detection strategies.
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Metabolomics has the power to simultaneously detect carcinogen metabolites and endogenous
metabolites affected by smoke exposure. Thus, both exposure and effect can be assessed. To
examine the feasibility of a metabolomic study in assessing smoke exposure, Experiment III of
nine smokers and ten non-smokers was done using serum to evaluate differences of their global
metabolomic profiles. Random Forests analysis was used to perform supervised classification
and feature selection, and top 50 important features were selected with 100% accuracy by multidimensional scaling plot (Figure 12a), and can be visualized according to their rank importance
(Figure 12b).

Figure 12. Top 50 metabolites selected from Random Forests. (a) The forest accuracies were
calculated and the sample classifications are presented by Multi-dimensional scaling (MDS) plot.
In this plot, non-smokers (red) and smokers (blue) were well separated in serum samples. (b) A
visualization of the top metabolites across all samples identifies the rank importance of the ions.
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After searching against the Madison-Qingdao Metabolomic Consortium Database and the
Human Metabolome Database with top 50 features to identify the putative metabolites in
Experiment III, fifteen putative features from the positive mode and four from the negative mode
were identified and listed in Table 2. Most of the features were nicotine or cotinine related
metabolites: cotinine, 5'-hydroxycotinine and nicotine-1'-N-oxide were the top three possible
corresponded features and were significantly higher in intensity among smokers compare to
virtually zero among non-smokers (Figure 13). There are also metabolites that could be
biomarkers of tobacco exposure or harm shown in Table 2: pseudooxynicotine, an amino ketone
product of nicotine from bacteria (Wada 1954), was reported to be the direct precursor to the
tobacco-specific lung carcinogen NNK (Caldwell et al. 1993); undecanedicarboxylic acid, an
unusual dicarboxylic acid found in those children with peroxisomal disorders (Rocchiccioli et al.
1986). This shows the feasibility and potential of the metabolomics profiling to identify new
biomarkers of cigarette smoke exposure and lung cancer risk. Further validation is still needed to
identify these putative metabolites. Given that cigarette smoke is a complex mixture, it is
possible that only a few chemically-specific biomarkers in a panel, such as those reported by
Hecht, et al (Hecht 2003), will not be sufficiently predictive of lung cancer risk, and so
additional markers may be needed to screen for unanticipated changes in smoke exposure as
cigarette designs change. For example, the technology used to decrease some constituents might
increase those of others (e.g., for the Eclipse cigarette (Hatsukami et al. 2006b), acrolein and CO
increased (Strasser et al. 2007)). Another reason for needing a broad biomarker such as a
metabolomics profile of exposure and risk is to help tailor prevention and early detection
strategies for former and current smokers. While this study will not directly assess biomarkers
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for lung cancer risk, the first step in developing these is the development of biomarkers of smoke
exposures (Hatsukami et al. 2002).

Table 2. Putative metabolites identified by HMDB from the analysis of metabolomic profiles
comparing smokers versus non-smokers.
Mode

NAME

Positive

Cotinine
Serotonin
5'-Hydroxycotinine
N'-Hydroxymethylnorcotinine
Hydroxycotinine
Cotinine N-oxide
Oxoamide
Nicotine-1'-N-oxide
Pseudooxynicotine
2'-Hydroxynicotine
Nicotine
S-Sulfo-L-cysteine
7a,12a-Dihydroxy-3-oxo-4cholenoic acid
trans-3-Hydroxycotinine glucuronide
Curcumin;Kacha haldi

Negative Aminoparathion

Description
The most important metabolite of
nicotine
Biochemical messenger and regulator
A hydroxylated derivative of cotinine
A cotinine metabolite derived from liver
Nicotine metabolite
A minor metabolite of nicotine
A metabolite of Cotinine
A primary metabolite of nicotine
Direct precursor to the tobacco-specific
lung carcinogen NNK
A metabolite of the degradation of
Nicotine
An alkaloid found predominantly in
tobacco
Microbial Metabolite
An unusual bile acids that have been
detected in urine early in life
Xenobiotic glucuronides
Food Additive; enzyme cofactor
Organothiophosphates
An unusual odd-numbered dicarboxylic
acid
A metabolite of coumarin
A major water-soluble metabolite of
vitamin E

1,11-Undecanedicarboxylic acid
3 hydroxycoumarin
alpha-CEHC
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Figure 13. Box plots of the top three putative nicotine-related biomarkers between smokers and
non-smokers. The points outside the quartiles are outliers.
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CONCLUSIONS
Metabolomics provides information about the metabolic status of living systems and can
provide phenotypic information about the cell’s environment and mechanistic pathways, as well
as having clinical utility including as a risk biomarker (Ceglarek et al. 2009; Serkova and Glunde
2009; Spratlin et al. 2009). It is inexpensive and high-throughput, and has the potential to
identify new biomarkers of cigarette smoke exposure and the consequent disease risk. Such
biomarkers will assist in the evaluation of tobacco products and performance standards, and for
identifying smokers at risk for lung cancer. Based upon our study using UPLC-QTOF-MS, low
variability is observed in measurement variation and sample preparation variation. When
applying QC samples to the large scale study, QC clustering presents high stability of the
platform but not the ones run later in time.
Various factors including the stability and maintenance of individual instrument, sample
preparation techniques, and the choice of column could affect the performance of the
chromatography result. Therefore, we recommend that for future metabolomics studies,
especially large scale epidemiological studies, a separate experiment to assess the variability of
the platform before applying precious human samples is needed. After determining the required
sample size, the number of aliquots and injections needed according to the variability of the
specific platform, a pooled QC sample set to be run in between the experimental samples
throughout the run is crucial in order to further assess the repeatability of the experiment. After
preprocessing and analyzing the data, metabolites with CV no more than 10% to 15% were to be
considered for the biomarker discovery.
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Metabolomics can potentially be used to better characterize smoking-related disease risks
and by the FDA in the regulation of tobacco products. The recent authority to the FDA over
tobacco products allows the FDA to mandate product performance standards governing smoke
exposure to toxic constituents and also requires the FDA to evaluate manufacturer’s health
claims for modified-tobacco products of purported reduced exposure (Institute of Medicine et al.
2011). The FDA decisions, however, will need to be supported by scientific studies and a better
understanding of cigarette smoke toxicology. It also will require support through human studies
and biomarkers that reflect the complex exposure to tobacco smoke. Today, though, there are
only a few biomarkers of exposure and no validated biomarkers of cancer risk (Hatsukami et al.
2006c). Metabolomics has the potential to develop a metabolic phenotype in healthy smokers of
smoke exposure and disease risk.
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Chapter IV
Metabolomic Study Reveals Smokers' Characteristic Profile
Abstract:
Given recent FDA legislation to mandate cigarette performance standards and evaluate
health claims for modified tobacco products, and separately the fact that most persons with lung
cancer are former smokers, biomarkers of lung cancer risk are needed. Yet, today there are only
a few biomarkers of exposure and none that are validated for lung cancer risk. This study
identified putative biomarkers of exposure and harm through metabolomics, a powerful method
to identify numerous metabolites and profiles. It utilized a previously conducted epidemiology
study of well-characterized smokers. Using UPLC-QTOF-MS, we analyzed global metabolomic
profiles of 160 smokers’ plasma totaling 613 samples and evaluated whether gender, race,
number of cigarettes per day, nicotine metabolism and type of cigarette is associated with
smokers’ global metabolome. These subjects completed an extensive interview and smoked two
cigarettes in a smoking laboratory. Blood and CO measurements were collected before and after
each cigarette. Using subset analysis for the effect of gender on smokers’ metabolome, we were
able to identify putative metabolites that are mostly steroid hormones or cholesterol derivatives,
signifying the importance of sex-specific differences among one’s cellular metabolism. There
was also significant discrimination in the metabolome of heavy and light smokers, of AfricanAmerican and Caucasian smokers, and of menthol and non-menthol cigarette smokers. As a final
proof of the effect by menthol cigarette smoking, a paired analysis was done on menthol versus
non-menthol smokers matched with race, gender, metabolizer status, and smoking status. Our
result showed not only a significant discrimination between metabolome of two cigarette types,
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but also identified cigarette brand with the lowest nicotine yield from the one with the highest
yield. Putative metabolites were identified including features related to carcinogenesis or the
inhibition of actin cytoskeleton activation. Further validation is needed to identify and
characterize those metabolites.
Metabolomic profiling and the identification of new metabolites have the potential to
identify new biomarkers of cigarette smoke exposure and lung cancer risk. The biomarkers
identified from this study can be validated and applied to other studies confirming the
relationship to smoke exposure and then in cohort studies of lung cancer risk.
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Experimental Design
Smokers described in Chapter II were used for the large scale study. Following review of
the eligibility criteria and informed consent, the subjects completed an extensive interview about
smoking history, diet, medical history, medications, etc. Then, they smoked two cigarettes of
their own, one hour apart, to standardize deprivation levels (Figure 1). Blood samples and
exhaled carbon monoxide measurements were collected before and after each cigarette. For the
second cigarette, smoking topography also was measured. The data indicated that the use of the
topography device did not appreciably affect the smoking behavior because the CO and nicotine
boosts were statistically similar for both cigarettes. Subjects did not leave the smoking laboratory
during the entire process and so did not experience differences in exposure other than smoking
(e.g., by eating).

Figure 1. Flow of study procedures.
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Most of the interview was conducted between the two cigarettes and the smoking-related
questions were administered after the second cigarette. The first part of the interview covered
the following topics: personal information such as marital status, ancestral heritage, religion,
place of birth; family history and smoking-related diseases; occupational history; recent dietary
intake; alcohol and recreational drug history; exercise history; recent emotional health;
reproductive health (women); level of tobacco craving; personality traits that maybe related to
genetics and smoking behavior; and diet related to cooking methods. After the second cigarette,
the interview continued and the following topics were covered: subject’s smoking history
(including quitting attempts, cigarette type, FTND, and second-hand smoke exposure during
adult life), and some personal questions about income and housing. The biological samples were
analyzed for nicotine, carcinogen-DNA adducts and genetic polymorphisms in genes related to
dopaminergic reward pathways.
After exclusion criteria, 270 subjects completed the protocol and 160 subjects remained
to have plasma samples and demographic data available since the year 2004. Among the
smokers, 118 subjects have all four of their pre-1, post-1, pre-2, post-2 plasma samples. The age
range was 18-75; the number of cigarettes per day ranged from 10 to 68. Extensive data is
available on these subjects. Measurements of cotinine and 3-OH-cotinine in the plasma have
been conducted by Dr. Neal Benowitz at UCSF. The measurements of smoking behavior (CO
boost, nicotine boost and topography) were all well-correlated, and the data indicated that the use
of the topography device did not appreciably affect the smoking behavior because the CO and
nicotine boosts were statistically similar for both cigarettes.
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A total of 558 plasma samples from 160 subjects were analyzed by UPLC-TOF MS. All
samples were injected once with 55 duplicate samples (10% of all samples) running at the end of
the experiment. In order to assure assay consistency, a pooled sample from 7 nonsmoker subjects
undergoing therapeutic phlebotomy were placed as every tenth sample among a sample set of
613 independent samples from 160 smokers.

69

Results and Discussion
Cigarette smoke has more than 4,500 identified chemicals (Department of Health 1988)
and over 60 potential or probable human carcinogens (International Agency for Research on
Cancer 2004). It has an impact on almost every organ of the body, and is the risk factor of many
diseases including cardiovascular disease(Institute of Medicine 2009; U.S.Department of Health
and Human Services 2004), respiratory disease(Centers for Disease Control and Prevention
2008; U.S.Department of Health and Human Services 2004), cancer(U.S.Department of Health
and Human Services 2004), adverse reproductive and early childhood effects (U.S.Department of
Health and Human Services 2001; U.S.Department of Health and Human Services 2004).
Currently, there are no validated biomarkers of lung cancer risk for current and former
smokers(Hatsukami et al. 2006b). Although there are some validated markers of tobacco smoke
exposure, these are mostly limited to the identification of specific carcinogen
metabolites(Hatsukami et al. 2003). Therefore, new biomarkers are needed in order to enhance
early detection, to enhance chemoprevention and other prevention strategies, and to assist the
FDA decision making in order to develop product performance standards and to evaluate health
claims from the tobacco company for their modified products.
Metabolomics provides information about the metabolic status and the phenotypic
information about the cell’s environment and mechanistic pathways, as well as having clinical
utility including as a risk biomarker (Ceglarek et al. 2009; Serkova and Glunde 2009; Spratlin et
al. 2009). Cigarette smoke carcinogens are well known to be metabolized by lung cells, induce
cellular enzymes and affect cellular metabolic pathways. Available technologies identify
metabolomic profiles in various media ranging from cell cultures to human biological fluids
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comprising thousands of small and large molecules (Idle and Gonzalez 2007a; Griffin 2006b;
Lewis et al. 2008a; Lawton et al. 2008a; Fernie et al. 2004a). Several proof-of-principal
examples also exist for metabolomic profiling for disease risk. To date, though, there are no
published human studies of metabolomics and cigarette smoking. In this study, a sample set of
613 independent samples from 160 smokers from our cross-sectional study intended to
characterize cigarette smoke exposure and validation of biomarkers were used in order to
determine metabolomic profiles and new biomarkers related to human cigarette smoking as
biomarkers of exposure, where the components can be chemically identified and either the
profile or specific constituents may be tested and demonstrated for informing current regulatory
processes.
The demographic characteristics in this study are shown in Table 1, where the percentage
of male smokers is 62.42% compare to female smokers of 37.58%. The African-American
smokers are 59.24% compare to 40.76% of Caucasian smokers. We have categorized
characteristics with continuous variables including total years smoked, smoking status, 3'HC/COT ratio, Fagerström Test for Nicotine Dependence (FTND) scoring, and tar level of
current cigarette brand into tertiles.
Table 1. Demographic characteristics of the smokers in the study.
Characteristics (Median)
Age (43)
≤ 43 yrs old
> 43 yrs old
Sex
Male
71

Smokers (N)

Percentage (%)

82
75

52.23
47.77

98

62.42

Female
Race
Caucasian
African American
Total years smoked (27)
< 23 years
23-30 years
> 30 years
Smoking status (20)
Light smokers (<13 cig/day)
Moderate smokers (13-20 cig/day)
Heavy smokers (> 20 cig/day)
3'-HC/COT ratio (0.35)
Slower metabolizers (< 0.28)
Medium metabolizers (0.28-0.43)
Faster metabolizers ( > 0.43)
FTND scoring (5)
< 5 points: Lower addiction level
5-6 points: Medium addiction level
> 6 points: Higher addiction level
Tar Level of current cigarette brand (mg) (17)
< 16
16-17
> 17

59

37.58

64
93

40.76
59.24

54
53
50

34.39
33.76
31.85

49
81
27

31.21
51.59
17.20

51
56
49

32.69
35.90
31.41

67
53
36

42.95
33.97
23.08

41
48
45

30.60
35.82
33.58

Cigarette smoking is the major cause of lung cancer in both men and women (Landis et
al. 1999). In the U.S., more men were diagnosed with lung cancer than women each year
(U.S.National Institutes of Health 2008), and male smokers are at higher risks of lung cancer
compared to female smokers (Doll et al. 1980; Doll and Peto 1981; HAENSZEL and TAEUBER
1964; Hammond 1966). In contrast, women are more susceptible to cigarette-related
carcinogenesis than men, when adjusted to BMI, body weight and height (Stabile and Siegfried
2003; Brownson et al. 1992). These disparities in susceptibility may be resulted from differences
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in behavior, genetics, or endocrine factors between sexes. Lawton, et al. have assessed the
metabolomics differences by gender, age and race on plasma of 269 healthy adults and found the
metabolome of these people were statistically different according to these characteristics
(Lawton et al. 2008b). Therefore, we started with checking the metabolomic differences by
gender. The analysis was done by Partial Least Squares-Discriminant Analysis (PLS-DA), a
supervised statistical regression method used for multivariate analysis of metabolomics studies
implemented in the MetaboAnalyst website (Xia et al. 2009). In order to avoid overfitting of the
data and to assess the significance of class discrimination, permutation tests were performed for
each PLS-DA model. When building a PLS-DA model, a sum of squares between to the sum of
squares within ratio (B/W) was calculated and plotted for the class assignment predictions. In the
permutation test, the class assignment was permuted at least 100 times for “the distribution of
random class assignments” and compare to the real class assignment for the differences (Bijlsma
et al. 2006). Figure 2 a) is the analysis of all male & female smokers for both positive and
negative mode by PLS-DA analysis, and Figure 2 b) is the permutation test for the model
validation. According to the visualization of the separation and the permutation test results, the
metabolomics profiles are significantly different between all male and female smokers.
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Figure 2. PLS-DA analysis of all male & female smokers for both positive and negative mode. a)
3D score plot between the selected principle components (PCs) showed difference between Male
(green triangle) and Female (red triangle) smokers in their metabolomic profiles. b) Model
validation by permutation tests based on separation distance. The p value based on permutation
is p < 0.01.
When we stratified male and female smokers by the pre- and post cigarettes, their
metabolomic profiles on the baseline when smokers were not allowed to smoke (pre-1 cigarette),
the profiles after their first cigarette (post-1 cigarette), the profile one hour after their first
cigarette (pre-2 cigarette), and the profile after their second cigarette (post-2 cigarette) were all
significantly different (Figure 3).
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Figure 3. 3D score plots and the model validation of male versus female smokers on their pre- &
post- cigarette by PLS-DA. * The p value based on permutation is p < 0.01.
Important features discriminating metabolome of male and female in all four groups (pre1, post-1, pre-2, post-2 cigarette) were identified by PLS-DA. Out of the top 15 important
features from each analysis, 14 of them are overlapping and presented in all four groups (Table
2). After searching through the Madison Metabolomics Consortium Database (MMCD), most of
the features are steroid hormones or cholesterol derivatives (Table 2) signifying the importance
of sex-specific differences among one’s cellular metabolism. Since bile acid metabolism has
been reported in female rats to be similar to that of male rats and not a gender specific metabolite
(Rodrigues et al. 1996), glycerophosphocholine represents important gender-specific phenotype
in our study. Similar studies were done on serum/plasma (Mittelstrass et al. 2011; Reuter et al.
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2008) or urine (Slupsky et al. 2007) metabolome and found that sphingomyelins, acylcarnitines,
carnitine, acetylcarnitine, and phosphatidylcholines are the gender-specific phenotypes. These
findings suggest the importance of gender differences while analyzing metabolomic profiles or
during a study design.
It has been shown that there are diurnal variation of many hormones including sex
hormone (Bao et al. 2003), growth hormone and epinephrine (Engstrom et al. 1999), and
hormone binding protein (Yie et al. 1990) in both men and women. Since most of our subjects
came to the smoking facility in the late morning or early afternoon, there might be time-related
differences among subjects. Therefore, the protocol of the study was designed to use a fixed
interval for all subjects so that everyone can start out the same way, and wait in a relaxed
environment. Smokers’ CO levels were tested and they were phlebotomized before and after
smoking each cigarette. By this not only could standardize the level of nicotine deprivation, but
also could help us dealing with the diurnal effects by comparing differences on the boost data
during the metabolomic analysis.

Table 2. Common top 14 features differentiating metabolome of male and female smokers in all
four points by PLS-DA analysis.
Mode
Positive

NAME
Cucurbitacin P
1-Linoleoylglycerophosphocholine
26-Hydroxy-24-epi-brassinolide
25-Hydroxy-24-epi-brassinolide
1-16:0-lysoPC
1-Palmitoylglycerophosphocholine
1-O-octadecyl-2-acetyl-sn-glycerol-3-

Formula
C30H48O7
C26H51NO7P+
C28H48O7
C28H48O7
C24H51NO7P+
C24H51NO7P+
C26H54NO7P
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Note

Negative

phosphocholine
1-Oleoylglycerophosphocholine
Oleoyl lysophosphatidylcholine

C26H53NO7P+
C26H53NO7P+

Testosterone sulfate

C19H28O5S

Dehydroepiandrosterone sulfate

C19H28O5S

4'-O-methylxanthohumol
4,4-Bis(4-hydroxyphenyl)-3-hexanone
diacetate
Urate;Uric acid

C22H24O5
C22H24O5
C5H4N4O3

Membrane component
Hormones, Membrane
component
Steroid hormone
biosynthesis; Bile secretion

Purines and Purine
Derivatives

Next, in order to determine the dose-response effect of cigarette smoking, PLS-DA was
used to analyze metabolomic profiles of all heavy (27 subjects) and light (49 subjects) smokers.
In this study, light smokers are those who smoked less than 13 cigarettes per day, while heavy
smokers are those who smoked more than 20 cigarettes per day. Figure 4 a) is the analysis of all
heavy and light smokers for both positive and negative mode by PLS-DA analysis, and 4 b) is
the permutation test for the model validation. According to the visualization of the separation
and the permutation test results, the metabolomics profiles are significantly different between
heavy and light smokers. Other than the differences in consuming potential toxic or carcinogenic
chemicals, it has been shown that heavy smokers experience stronger nicotine dependence and
withdrawal symptoms (Killen et al. 1988; West and Russell 1985), and they have higher BWI
and body weight compare to light smokers (Killen et al. 1988).
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Figure 4. PLS-DA analysis of all heavy & light smokers for both positive and negative mode. a)
3D score plot between the selected principle components (PCs) showed difference between
heavy (H) and light (L) smokers in their metabolomic profiles. b) Model validation by
permutation tests based on separation distance. The p value based on permutation is p < 0.01.

When stratified heavy and light smokers by their pre- and post cigarettes, the
metabolomic profiles were significantly different in pre-1, post-1, pre-2 cigarettes, but not the
post-2 cigarette (Figure 5). The results suggest that, the metabolome of heavy and light smokers
are different on the baseline and the first cigarette. After standardizing the one hour deprivation
levels of all smokers, by the second cigarette, the metabolomic profiles between heavy and light
smokers are not significantly different.
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Figure 5. 3D score plots and the model validation of heavy smokers versus light smokers on their
pre- & post- cigarette by PLS-DA. * The p value based on permutation is p < 0.01.

In fact, when taking closer look to the demographic characteristics according to the
smoking status in Table 3, 85.7% of the light smokers are African-Americans and only 14.3% of
the smokers are Caucasian in this study. On the other hand, the majority of the heavy smokers
are Caucasians.
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Table 3. Demographic characteristics according to smoking status.
Heavy (27)

Moderate (81)

Light (49)

No. subjects (%)

p-value (χ²)

Gender
Male

21 (77.8)

48 (59.3)

29 (59.2)

Female

6 (22.2)

33 (40.7)

20 (40.8)

African-American

8 (29.6)

43 (53.1)

42 (85.7)

Caucasian

19 (70.4)

38 (46.9)

7 (14.3)

< 23 yrs

12 (44.4)

23 (28.4)

19 (38.7)

23-30 yrs

5 (18.5)

32 (39.5)

16 (32.7)

> 30 yrs

10 (37.1)

26 (32.1)

14 (28.6)

Slower

7 (25.9)

32 (39.5)

14 (28.6)

Medium

7 (25.9)

28 (34.6)

15 (30.6)

Faster

13 (48.2)

21 (25.9)

19 (38.8)

< 5 points

3 (11.1)

30 (37.0)

34 (69.4)

5-6 points

7 (25.9)

32 (39.5)

14 (28.6)

> 6 points

17 (63.0)

18 (22.2)

1 (0.02)

0.1941

Race
3.21E-06*

Yrs smoked
0.2897

Metabolizer status
0.255

FTND scoring1
4.56E-09*

1

Fagerstrӧm Test for Nicotine Dependence (FTND)
* p < 0.05, chi-square test
African-Americans, especially males, have a far higher age-adjusted lung cancer
incidence rate and mortality rate compare to Caucasians males for many years (Centers for
Disease Control and Prevention 2012; Gadgeel and Kalemkerian 2003). Although black women
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have similar incidence and mortality rates compare to white women (Centers for Disease Control
and Prevention 2012), on average, white men and women both have higher smoking rates
compare to the blacks (U.S.National Institutes of Health 2006). It has been shown that the blacks
ingested higher amount of nicotine per cigarette due to a slower cotinine clearance rate compare
to the whites (Perez-Stable et al. 1998). The reason for the differences is still unknown, but
genetics, metabolism, smoking behavior, and socioeconomic factors could all play a role on this
health disparity.
Analysis of all African-American & Caucasian smokers was done to see if there are racial
differences on smokers’ metabolome. According to the visualization of the separation and the
permutation test results, the metabolomics profiles are significantly different between all
African-American & Caucasian smokers (Figure. 6). When stratified African-American &
Caucasian smokers by their pre- and post cigarettes, the metabolomic profiles were significantly
different in all four points (Figure 7).
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Figure 6. PLS-DA analysis of all African-American & Caucasian smokers for both positive and
negative mode. a) 3D score plot between the selected principle components (PCs) showed
difference between Caucasian (green triangle) and African-American (red triangle) smokers in
their metabolomic profiles. b) Model validation by permutation tests based on separation
distance. The p value based on permutation is p < 0.01.

Figure 7. 3D score plots and the model validation of African-American versus Caucasian on their
pre- & post- cigarette by PLS-DA. * The p value based on permutation is p < 0.01.
Further analysis according to the smoking status between the metabolome of AfricanAmerican versus Caucasian was done. A trend of dose response effect was seen with
metabolome of heavy (p=0.01) and moderate (p<0.01) smokers among two ethnic groups are
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more different, but not the light smokers (p=0.35) (Figure. 8). On the other hand, the
metabolome between heavy and light smokers among African-Americans is not significantly
different, but the same analysis is significantly different among Caucasians (Figure 9).

Figure 8. 3D score plots and the model validation of African-American versus Caucasian
according to their smoking status by PLS-DA. * The p value based on permutation is p < 0.01.
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Figure 9. 3D score plots and the model validation of heavy versus light smokers according to
their race by PLS-DA. * The p value based on permutation is p < 0.01.

An interesting fact about African-American smokers is that, they have a high tendency
(84%) using mentholated cigarettes compare to Caucasians (24%) and Hispanics (32%) (The
NSDUH Report 2009; Gardiner 2004). This unique phenomenon was due to the strategically
marketing by the tobacco industry targeting African-American population in the 1960s
(Okuyemi et al. 2004; Anderson 2010). It has been shown that the black menthol smokers are
having more difficult time with smoking cessation (Okuyemi et al. 2004). The combustion of
menthol was shown to produce potent carcinogen benzo[a]pyrenes (Sidney et al. 1995), and the
use of mentholated cigarettes was also shown to be at a higher risk of lung cancer in men, but not
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in women (Sidney et al. 1995). Table 4 is the demographic characteristics according to race in
our study. 94.6% of the African-Americans smoked menthol cigarettes compare to the
Caucasians with only 26.6% of menthol smokers.
Table 4. Demographic characteristics according to race.
African-American (93)

Caucasian (64)

No. subjects (%)

p-value (χ²)

Smoking status
Heavy

8 (8.6)

19 (29.7)

Moderate

43 (46.2)

38 (59.4)

Light

42 (45.2)

7 (10.9)

Male

58 (62.4)

40 (62.5)

Female

35 (37.6)

24 (37.5)

Menthol

88 (94.6)

17 (26.6)

Non-menthol

5 (5.4)

47 (73.4)

Slower

37 (39.8)

16 (25.0)

Medium

29 (31.2)

23 (35.9)

Faster

27 (29.0)

24 (37.5)

< 5 points

47 (50.5)

20 (31.3)

5-6 points

30 (32.3)

23 (35.9)

> 6 points

15 (16.1)

21 (32.8)

< 23 yrs

33 (35.5)

21 (32.8)

23-30 yrs

32 (34.4)

21 (32.8)

> 30 yrs

28 (30.1)

22 (34.4)

3.21E-06*

Gender
0.8803

Cigarette types
2.20E-16*

Metabolizer status
0.1693

FTND
0.01797

Yrs smoked

1

Fagerstrӧm Test for Nicotine Dependence (FTND)
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0.8504

* p < 0.05, chi-square test
PLS-DA analysis of all menthol and non-menthol smokers showed significant differences
on smokers’ metabolome among two cigarette types (Figure 10). When stratified smokers
according to their smoking status, the differences were seen among heavy and moderate
smokers, but not light smokers (Figure 11). Menthol cigarettes has been shown to slow down the
oxidative metabolism of cotinine and further inhibiting nicotine metabolism (Benowitz et al.
2004). This effect on the metabolism might not be so clear when fewer cigarettes were
consumed.

Figure 10. PLS-DA analysis of all menthol and non-menthol cigarette smokers for both positive
and negative mode. a) 3D score plot between the selected principle components (PCs) showed
difference between menthol (red triangle) and non-menthol (green triangle) smokers in their
metabolomic profiles. b) Model validation by permutation tests based on separation distance.
The p value based on permutation is p < 0.01.

86

Figure 11. 3D score plots and the model validation of menthol smokers versus nonmentholsmokers according to their smoking status by PLS-DA. * The p value based on
permutation is p < 0.01.

Nicotine is the major addictive component in cigarette smoke (Benowitz 1999). In
humans, it is primarily metabolized to cotinine by cytocrome P450 2A6 (CYP2A6) enzyme and
further metabolized by the same enzyme to trans-3’-hydroxycotinine (Figure 1 in Chapter I)
(Messina et al. 1997; Nakajima et al. 1996). There is wide inter-individual variation in nicotine
metabolism (Nakajima and Yokoi 2005) associated with race (Perez-Stable et al. 1998), gender
(Berlin et al. 2007), and genetic polymorphisms of the CYP2A6 gene (Tyndale and Sellers
2002). About 80% of the nicotine is inactivated to nicotine or cotinine related metabolites
(Benowitz and Jacob, III 1994), but people who has faster nicotine metabolism would need to
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smoke more in order to maintain the nicotine level in body while those with slower metabolism
require less. Nicotine has a short half-life of 2 hours, while the half-life of cotinine and trans-3’hydroxycotinine (metabolized product of cotinine) are 16 hours (Benowitz and Jacob, III 1994).
Thus, the ratio of cotinine and trans-3’-hydroxycotinine (3-HC) reflect a stable CYP2A6
metabolic activity for nicotine metabolism (Dempsey et al. 2004).
In order to better understand the relationship of nicotine metabolism to smokers’
metabolome, measurements of cotinine and 3-HC in smokers’ plasma samples have been
conducted by Dr. Neal Benowitz at UCSF. In Table 5 and Figure 12, the mean and median of
the metabolic ratio falls on 0.4 and 0.35, which is slightly higher compare to the twins study of
0.25 (Swan et al. 2009) and another study of 0.32 (Benowitz and Jacob, III 2001) from Benowitz
et. al. That might be due to our subjects were having higher cigarettes per day (average 18.03
cigarettes) compare to theirs (13.1 cigarettes).

Table 5. Plasma concentration of cotinine, trans 3-OH cotinine among 160 subjects in our study.
MEAN

STDEV

Range

Cigarettes per day

18.03

9.01

4-68

Plasma cotinine

91.58

241.56

1.31-436.98

Plasma 3-OH cotinine

62.99

115.21

1.42-621.92

Ratio 3-OH COT/COT

0.41

0.28

0.0-1.77

88

Figure 12. Distribution of the metabolic ratio among subjects.

We further categorized smokers according to their nicotine metabolic ratio (3'-HC/COT)
into tertiles and defined persons with ratio less than 0.28 as slower metabolizers, ratio between
0.28 to 0.43 as medium metabolizers, and ratio higher than 0.43 as faster metabolizers. The
metabolomic profiles were analyzed between heavy and light smokers according to their
metabolizer status. In our results, there are significant differences between the metabolome of
heavy and light smokers in all metabolizer groups (Figure 13). The results suggest that, although
with similar nicotine metabolic rate, heavy smokers metabolize differently compare to light
smokers.
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Figure 13. 3D score plots and the model validation of heavy versus light smokers according to
their metabolic status by PLS-DA. * The p value based on permutation is p < 0.01.

It has been shown that the nicotine metabolism could be inhibited by menthol cigarette
smoke, and the effect was due to the decreased cotinine oxidative metabolism and glucuronide
conjugation (Benowitz et al. 2004). In order to understand the effects of mentholated cigarette
smoking to smokers’ metabolome, PLS-DA was done analyzing metabolome of menthol
smokers versus non-menthol smokers according to their metabolic status. In our results, menthol
users have significant different metabolome in faster and medium metabolizers, but not in slower
metabolizers (Figure.14).
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Figure 14. 3D score plots and the model validation of menthol smokers versus non-menthol
smokers according to their metabolic status by PLS-DA. * The p value based on permutation is p
< 0.01.
As a final proof of the effect by menthol cigarette smoking, we wonder whether menthol
could discriminate the metabolome in a paired group matched by race, gender, metabolizer
status, and smoking status. Since we have only five African-American non-menthol smokers in
our study, five male moderate (20 cig/day) menthol smokers with medium nicotine metabolizer
status (0.28-0.43) were choose for the paired analysis. Although there was significant
discrimination between metabolome of menthol and non-menthol smokers, one subject (LCC
16412) was found among five menthol smokers as an outlier by PLS-DA (Figure 15) and
Random forest analysis (data not shown). After going through the demographic characteristics of
91

the subject and compare with other smokers, the subject was found to be the only menthol
smoker using Doral cigarette from R. J. Reynolds while the other four smokers were using
Newport (Lorillard Tobacco Company). Newport is the most popular cigarette brand among
young African-Americans (Centers for Disease Control and Prevention 2009). Massachusetts
Department of Public Health has reported Newport and Camel Regulars to provide the highest
nicotine delivery (2.9 mg) in 1998 and Newport continues to increase its nicotine yield to 3.2 mg
as highest in the market in 2004 (Keithly et al. 2004). On the other hand, Doral Ultra-Light was
reported to have the lowest nicotine yield (0.9 mg) both in 1998 (0.9 mg) and 2004 (1.1 mg)
(Keithly et al. 2004). The finding not only presents the metabolic differences when smoking
different type of cigarettes, but also shows the sensitivity of the metabolomic methodology.
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Figure 15. 3D score plots and the model validation of paired menthol smokers versus nonmenthol smokers by PLS-DA. One subject was found to be an outlier after the analysis. * The p
value based on permutation is p < 0.01.
After removing the outlier and replacing with a Newport user in the menthol group, the
demographic characteristics of ten matched smokers were listed in Table 6.
Table 6. Features of matched smokers based on mentholated cigarette use.
LCC#
14698
13643
17105
15156
14195

Cigarette
type
Nonmenthol
Nonmenthol
Nonmenthol
Nonmenthol
Nonmenthol

Race

Usual
brand

Cig/day

Smoking
status

Sex

Age

Metabolizer
status

Addiction
level (FTND)

Yrs
smoked

AA

Basic

15

Moderate

Male

≤ 43

< 0.28

>6

23-30

AA

Camel

15

Moderate

Male

≤ 43

< 0.28

<5

< 23

AA

Marlboro
Lights

20

Moderate

Female

≤ 43

0.28-0.43

<5

< 23

AA

Basic

20

Moderate

Male

> 43

0.28-0.43

5-6

> 30

AA

Camel

12

Light

Male

≤ 43

0.28-0.43

<5

23-30

14196

Menthol

AA

Newport

20

Moderate

Male

≤ 43

0.28-0.43

>6

23-30

10975

Menthol

AA

Newport

20

Moderate

Male

≤ 43

0.28-0.43

<5

< 23

12151

Menthol

AA

Newport

20

Moderate

Male

≤ 43

0.28-0.43

<5

23-30

15028

Menthol

AA

Newport

20

Moderate

Male

> 43

0.28-0.43

<5

> 30

15031

Menthol

AA

Newport

10

Light

Male

≤ 43

0.28-0.43

5-6

< 23

PLS-DA result shows a significant discrimination between metabolome of menthol and
non-menthol smokers (Figure 16). Top 15 important features identified by PLS-DA along with
results from other statistic methods: 10 features selected by fold-change analysis, top 50 features
identified by t-tests, and 10 features selected by volcano plot, were pooled together and searched
for putative metabolites. After removing overlapping features among different methods, there are
total of 39 features from the positive mode and 32 features from the negative mode as our
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metabolites of interests. Madison Metabolomics Consortium Database (MMCD) was used for the
database search for it links many bioinformatics and cheminformatics databases including
KEGG, Pubchem, ChEBI, PDB, and HMDB.

Figure 16. PLS-DA analysis of ten paired menthol smokers & non-menthol smokers for both
positive and negative mode. a) 3D score plot between the selected principle components (PCs)
showed difference between menthol (red triangle) and non-menthol (green triangle) smokers in
their metabolomic profiles. b) Model validation by permutation tests based on separation
distance. The p value based on permutation is p < 0.01.

Table 7 is the list of putative metabolites discriminating metabolome of menthol and nonmenthol smokers among African-American men. There are metabolites related to purine
metabolism or sodium ion channel opener; some of the metabolites are phospholipids which is
part of the membrane component. N-Hydroxy-2-acetamidofluorene has been shown to be a
carcinogen participating in ester-forming in the mechanism of carcinogenesis (Miller and Miller
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1969). 25-Hydroxy-24-epi-brassinolide and 26-Hydroxy-24-epi-brassinolide are plant hormones,
and cucurbitacins are plant natural products that has been reported to inhibit the activation of
actin cytoskeleton (Knecht et al. 2010). Further validation is needed to identify and characterize
those metabolites by comparing the MS/MS fragmentation spectra of commercially available
standards to that from our plasma sample.
Table 7. Putative metabolites from MMCD
Mode

NAME

Positive

Hypoxanthine

Threonate
Erythronic acid

Formula

Description

C5H4N4O

Component of Purine metabolism

C4H8O5

Substrate of L-threonate 3dehydrogenase in ascorbate and
aldarate metabolism pathway

C4H8O5

Sugar component of aqueous
humour

Stachydrine

C7H13NO2

1-Aminocyclohexanecarboxylic acid

C7H13NO2

Triparanol

C7H13NO2

1-Oleoylglycerophosphocholine
Oleoyl lysophosphatidylcholine

C26H53NO7P+
C26H53NO7P+

Cucurbitacin P
1-Linoleoylglycerophosphocholine

C30H48O7
C26H51NO7P+

N-Hydroxy-2-acetamidofluorene

C15H13NO2

Batrachotoxin

C31H42N2O6

26-Hydroxy-24-epi-brassinolide

C28H48O7

25-Hydroxy-24-epi-brassinolide

C28H48O7

1-Palmitoylglycerophosphocholine
Cucurbitacin P
Negative Difluprednate
Leucomycin A6

Phospholipids; Membrane
component

Sodium ion channel opener
Plant hormones
Plant hormones

C24H51NO7P+
C30H48O7
C27H34F2O7
C40H65NO15
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Plant natural products that has
been reported to inhibit the
activation of actin cytoskeleton

CONCLUSIONS
Currently, there are no validated biomarkers of lung cancer or other disease risk for
current and former smokers, but biomarkers are needed to enhance early detection strategies,
target persons for chemo- and other prevention strategies, and to provide a science base for FDA
decision making as they proclaim performance standards and evaluate health claims for new
tobacco products.
This study used metabolomics in a novel study design where there is a laboratory in vivo
assessment of human smoke exposure. Using subset analysis for changes in the metabolomic
profiles, we were able to identify putative metabolites affected by gender, race, type of cigarette,
metabolizer status, and cigarette smoke exposure. Specific biomarkers and profiles were
identified by MMCD and can then be validated and characterized by mass and retention times.
Some of the ions could be unidentifiable with the available spectral databases due to several
reasons including confounding factors, mixture of metabolites, etc. Fortunately, aggressive
innovations in this field are resulting in much improved databases, e.g., ‘Chemspider’
(http://www.chemspider.com/) which integrate many databases into one.
The goal of this study is to identify biomarkers in smokers that can be used for future
studies of smokers and former smokers. Particular strength of this study is the unique study
design that assesses smokers before and after smoking, and a tightly controlled environment for
the exposure that was unlikely to be confounded. A series of questions including personal
information, family history, occupational history and exposures, recent dietary intake, medical
history, alcohol and recreational drug history, exercise history, recent emotional health; level of
tobacco craving; personality traits that may be related to genetics and smoking behavior;
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smoking history, and diet related to cooking methods were in our questionnaire. This
comprehensive questionnaire was originally developed and used in previous lung cancer studies,
but was modified for our current lung cancer study to ensure that our results will be comparable
to ongoing lung cancer case-control studies at MD Anderson Cancer Center, and the Lung
Cancer Spore studies. It could also provide us detailed information in order for the subset
analysis. Another strength of the study is that the reproducibility of the platform was examined,
and the various factors that affect the quality of the data were determined to ensure the stability
of LC-MS measurement during the large scale study. Limitations in this study include the small
size constrained mostly by financial considerations. Thus, subset analyses for subject
characteristics such as race and gender cannot be explored with confidence. Another limitation
is only the acute cigarette smoke exposure was assessed. While this is important for clinical trials
assessing exposures from new tobacco products, the changes of metabolomic profile due to
chronic exposures might be more important for lung cancer risk, although these latter types of
study are more difficult to address as they can easily confounded by other exposures.
Nonetheless, UPLC-QTOF-MS system is sufficient to assure data quality in metabolomic
profiling for the assessment of human blood. It has the potential to identify metabolic phenotypes
and new metabolites relating to cigarette smoke exposure and toxicity. Several future studies can
be conceived from the data derived herein in cohort studies of cancer risk and early detection of
lung cancer. They also can be used in clinical studies by the FDA to support their decision
making.
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Appendix A
Attached on the subsequent pages is the Informed Consent for IRB protocol 99-214 (Genetic
Determinants of tobacco smoke exposure and harm).
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IRB 99-214 # “GENETIC DETERMINANTS OF TOBACCO SMOKE EXPOSURE AND HARM”

Informed Consent for Clinical Research
MedStar Research Institute/Georgetown University Medical Center
INSTITUTION:

Georgetown University Medical Center

INTRODUCTION
You are invited to consider participating in this study. The study is called “Genetic Determinants of Tobacco Smoke Exposure
and Harm”. Please take your time to make your decision. Discuss it with your family and friends. It is important that you read
and understand several general principles that apply to all who take part in our studies:
(a)

Taking part in the study is entirely voluntary;

(b) Personal benefit to you may or may not result from taking part in the study, but knowledge may be gained from your
participation that will benefit others;
(c)

You may withdraw from the study at any time without any of the benefits you would have received normally being limited
or taken away.

The purpose and nature of the study, possible benefits, risks, and discomforts, other options, your rights as a participant, and
other information about the study are discussed below. Any new information discovered, at any time during the research, which
might affect your decision to participate or remain in the study will be provided to you. You are urged to ask any questions you
have about this study with the staff members who explain it to you. You are urged to take whatever time you need to discuss
the study with your physician, hospital personnel and your family and friends. The decision to participate or not is yours. If you
decide to participate, please sign and date where indicated at the end of this form. The investigator (person in charge of this
research study) is Dr. Peter Shields. Georgetown University Medical Center (GUMC) is the sponsor of the research. GUMC is
called the sponsor and the Georgetown University (GU), is being paid by GUMC, to conduct this study with Dr. Peter Shields as
the primary investigator.
WHY IS THE STUDY BEING DONE?
The purpose of this research is to see if your genes affect the way you smoke cigarettes. We will determine the amount
of damage that cigarette-smoking causes to your genes, which is called a carcinogen-DNA adduct, and if the amount of
damage is caused by the way you smoke or your type of cigarette. We also will see if your genes affect the amount of
genetic damage or effects on other parts of your blood. This research will help us figure out how smoking might lead to
cancer. Another purpose of the study is to see if different racial groups, such as Caucasians and African Americans smoke
differently and if this difference can lead to different amounts of smoking-related genetic damage or other smoking-related
measurements in your blood. Because the tests that we will do are experimental, and we do not yet understand the
results of these tests in the context of smoking behavior, genetic damage, or cancer risk, you will not receive the results
or feedback from this study.
You may not participate in this study if any of the following apply to you:
-If you are under the age of 18 or over the age of 75.
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This research is being done because currently, we don’t know enough about lung cancer and why some people are more
prone to getting lung cancer from smoking than others.
HOW MANY PEOPLE WILL TAKE PART IN THE STUDY?
Participants in the study are referred to as subjects. About 400 subjects will take part in this study worldwide; 300 subjects will
be recruited at GUMC.
WHAT IS INVOLVED IN THE STUDY?
If you take part in this study, you will have the following tests and procedures:
Upon reviewing and signing this informed consent, you will begin the study. The study will center on you smoking two of
your own cigarettes. We will perform various procedures, namely having you breathe into a tube 4 times to measure the
carbon monoxide level in your breath and 4 blood draws through a needle in your arm. A total of 84cc of blood will be
drawn from your arm; this is about 6 tablespoons. The two cigarettes will be smoked one hour apart, and this cannot be
changed. You will smoke the second cigarette while attached to a machine through a mouthpiece that will record how
you smoke your cigarette (puff volume, puff duration, maximal puff velocity and inter-puff interval, the time to smoke the
cigarette and the number of puffs per cigarette.) During the hour between the cigarettes, you will be asked a series of
questions including personal information such as marital status, ancestral heritage, your religion, where you were born;
family history and smoking-related diseases; occupational history; recent dietary intake; alcohol and recreational drug
history; exercise history; recent emotional health; female reproductive health; your level of tobacco craving; personality
traits related to your genes and your smoking behavior; and diet related to cooking methods. After the second cigarette,
you will be asked additional questions regarding your smoking history (including quitting attempts, cigarette type, measure
of nicotine dependency, and second-hand smoke exposure during your adult life), and some personal questions about
your income and housing. You will also be asked to provide a urine and or a buccal/cheek cell sample. Upon completion
of the interview, you will receive $75.00 plus a previously agreed upon price for transportation and parking.
Your blood will be tested for various components from cigarettes such as nicotine and nicotine metabolites. We also will
perform genetic tests related to your reaction to nicotine, behavior and how your body reacts to constituents of
cigarette smoke.
Additional experimental genetic studies may be conducted with the blood sample you provide. These studies will
examine genetic factors related to smoking, smoking related diseases and how your body reacts to cigarette smoke
constituents. This research will be conducted on an experimental basis only, and you will not be provided with any
additional information about these test results. Because we want to protect your confidentiality, we will identify your
samples with an identification number only (not your name). Only authorized study personnel will be able to link your
identification number with your name. We will use your sample for different tests, as described above for as long as it
lasts and is useful for our testing. If the sample is no longer useful, it will be destroyed. However, you can request that
your blood sample be destroyed at any time. The blood samples will be analyzed at GU; its current policy is not to
release to subjects the results of their experimental genetic tests.
Those who participate in this research will be asked to do the following things:
1. Upon reviewing and signing this informed consent you will begin the study.
2. donate a sample of blood (5cc) through a needle in your arm.
3. breathe into a tube to measure the amount of carbon monoxide in your exhaled breath.
4. provide and smoke your 1st cigarette.
5. breathe into a tube to measure the amount of carbon monoxide in your exhaled breath.
6. donate a sample of blood (5cc) through a needle in your arm.
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7. We will conduct the first part of the interview. Below is a brief description of what type of questions you will be
asked. This part of the interview will last 60 minutes.
Part One: 105 multiple choice and open-ended questions covering the following topics: personal information such as
marital status, ancestral heritage, your religion, where you were born; family history and smoking-related diseases;
occupational history; recent dietary intake; alcohol and recreational drug history; exercise history; recent emotional
health; and female reproductive health.
Diet Questionnaire: 59 multiple-choice questions. Studies have indicated that diet is related to many types of cancers
and it has been suggested that the cooking method used to prepare foods may be important.
Temperament and Character Inventory (TCI): 55 True/False questions, self-administered. Previous studies have
shown that certain personality traits contribute to both smoking initiation and cessation and account for some of the
genetic influences of smoking behavior and we would like to see how your personality relates to your smoking behaviors
and your genes.
Questionnaire on Smoking Urges (QSU): Asks you respond to 32 statements using a scale of 1-7 (strongly
disagree-strongly agree). This is also a self-administered questionnaire to determine your level of tobacco craving.
8. We will ask you to donate a sample of blood (24cc) through a needle in your arm.
9. We will ask you to breathe into a tube to measure the amount of carbon monoxide in your exhaled breath.
10. We will ask you to provide and smoke your 2nd cigarette. You will be asked to smoke this cigarette through a
mouthpiece that will be connected to a machine. This machine will record how you smoke your cigarette (puff volume,
puff duration, maximal puff velocity and inter-puff interval, the time to smoke the cigarette and the number of puffs per
cigarette.)
11. We will ask you to donate a sample of blood (50cc) through a needle in your arm.
12. We will ask you to breathe into a tube to measure the amount of carbon monoxide in your exhaled breath.
13. We will conduct the second part of the interview. Below is a brief description of what type of questions you will be
asked.
Part two: 47 multiple choice and open-ended questions regarding your smoking history (including quitting attempts, cigarette
type, measure of nicotine dependency, and second-hand smoke exposure during adult life), and some personal questions about
your income and housing.
14. You will be asked to donate a urine sample. This can be completed at anytime during the study.
15. You will be asked to hold and swish mouthwash in your mouth for approximately one minute so that we can collect
a sample of you check cells.
In the future, it might be necessary to contact you for further information or an additional blood sample (or other type
of biological sample). If this is okay, please indicate below. You can refuse to do so now or later.
Please check and initial below:
I ____may ____may not be contacted in the future for further information or biological samples.
_______ Sign your initials here.
Please advise the researchers of any medications you are taking. In addition, if you are taking any over-the-counter drugs or
herbal supplements which you have obtained from the drug store, grocery store, etc., you should advise the researchers.
HOW LONG WILL I BE IN THE STUDY?
We think you will be in the study for one day. You can stop participating at any time. However, if you decide to stop
participating in the study, we encourage you to talk to the researcher and your regular doctor first.
WHAT ARE THE RISKS OF THE STUDY?
For trials of drugs or devices/procedures, there may be risks. You should discuss these with the research doctor and/or
your regular doctor.
Participation in this research may involve the following risks:

CONSENT T0
PARTICIPATE IN A
CLINICAL
RESEARCH STUDY

Page 3 of 6
Georgetown University
Version September 2004

Int. ______
101

IRB Approval Stamp

IRB 99-214 # “GENETIC DETERMINANTS OF TOBACCO SMOKE EXPOSURE AND HARM”

Blood drawing may result in bruising and/or slight bleeding at the needle site. This is rare and happens infrequently.
Occasionally, blood drawing results in a feeling of faintness. However, this too is rare. A trained professional will draw
your blood, so the chances of these discomforts are minimal.
There is a potential risk of contamination on the mouthpiece on the machine that is used to measure how you smoke
your cigarette. However covering the mouthpiece with a fresh piece of Parafilm for each participant should minimize this
risk. Another possible risk is that other persons will learn information about your genetic make-up and that insurance
companies or employers could discriminate against you. However, this risk is very small, since all information obtained
from this study will be kept strictly confidential (see below).
ARE THERE ANY BENEFITS TO TAKING PART IN THE STUDY?
If you agree to take part in this study, there will not be any direct medical benefit to you. We hope the information learned
from this study will benefit others in the future.
WHAT ABOUT CONFIDENTIALITY?
Efforts will be made to protect your medical records and other personal information to the extent allowed by law. However,
we cannot guarantee absolute confidentiality. Medical records of research study participants are stored and kept according to
legal requirements. You will not be identified in any reports or publications resulting from this study. Organizations that may
request to inspect and/or copy your research and medical records for quality assurance and data analysis include groups such
as: GUMC, Food and Drug Administration, MedStar Research Institute (MRI), GU, Georgetown University Hospital (GUH),
Institutional Review Board (IRB), and federal research oversight agencies.
We will store your blood and or genetic material prepared from your blood in a secure room with restricted access.
Only people working on this research project can work on your sample. Your samples will have only a number on the
tube and will not have your name or other identifier information.
Furthermore, we will control access to the computer files that hold this information. Access to the computer files can
only be obtained through multiple passwords. Only authorized study personnel can link your sample to you. This
information will not be released to anyone. “Anyone” includes you, your family, your doctor, your insurance company,
or your employer. This is because the research is at a very early stage. We would not be able to tell you what your
results mean. This information will not be included in any medical records. When data is published, no names will be
used. Certain people may look at anonymous records from this study (records without names attached) to see if the
research was performed correctly. These people include regulatory authorities.
CERTIFICATE OF CONFIDENTIALITY
This research is covered by a Certificate of Confidentiality issued by the National Cancer Institute (NCI) on behalf of
the Secretary of the Department of Health and Human Services. The Certificate protects against the involuntary release
of information about you collected during the course of this study, although such information can be released if you or
your guardian requests it in writing. The researchers involved in this project cannot be forced to disclose your identity
or any information about you collected in this study in any legal proceedings at the Federal, State, or local level,
regardless of whether they are criminal, administrative,
or legislative proceedings. However, the Certificate does not prevent the review of your research records under some
circumstances (for example, under the Federal Food, Drug and Cosmetic Act or during the course of an internal
program audit or evaluation).
WHAT ARE THE COSTS?
Study subjects will not have to pay for study participation.
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You or your insurance company will be charged for continuing medical care and/or hospitalization that are not a part of the
study. You may find a NCI guide: "Clinical Trials and Insurance Coverage - a Resource Guide" helpful. You may ask your
doctor for a copy, or it is available on the World Wide Web at http://cancer.gov/clinicaltrials/insurance (and click on printable
version).
Call the GU Clinical Trials Office at 202-687-0381 with any questions or concerns about expected costs, bills you have received
from the hospital or your study physician that you feel may be related to your participation in this research study.
POLICY/PROCEDURES FOR RESEARCH RELATED INJURY
We will make every effort to prevent study-related injuries and illnesses. If you are injured or become ill while you are in the
study and the illness or injury is due to your participation in this study, you will receive necessary medical care at the usual
charge. The costs of this care will be charged to you or to your health insurer. No funds are available from GU, GUH, MRI, or
their affiliates, the District of Columbia government or the federal government to repay you or compensate you for a study
related injury or illness.
PAYMENT FOR PARTICIPATION
You will be paid $75 for participating in this study.

COMMERCIAL INTEREST
Materials obtained from you in this research may be used for commercial purposes. It is the policy of GUMC, MedStar Health,
Inc., and their affiliates not to provide financial compensation to you should this occur.
WHAT ARE MY RIGHTS AS A PARTICIPANT?
Taking part in this study is voluntary. You may choose not to take part in or leave the study at any time. If you choose to not
take part in or to leave the study, your regular care will not be affected nor will your relations with your physicians, other
personnel and the hospital or university. In addition, you will not lose any of the benefits to which you are entitled. We will
tell you about new information that may affect your health, welfare, or participation in this study.
WHOM DO I CALL IF I HAVE QUESTIONS OR PROBLEMS?
For questions about the study or a research-related injury, any problems, unexpected physical or psychological discomforts, or
if you think that something unusual or unexpected is happening, call Dr. Peter Shields at 202-687-0003. For medical
emergencies after normal business hours, you can call the hematology fellow on-call at 202-.444-7243 (24-hours). Be sure to
inform the physician of your participation in this study. For true medical emergencies, you should call 911, and go to the
nearest hospital with emergency services.
For questions about your rights as a research participant, contact the MRI-GU Oncology Institutional Review
Board at:
Address: GUMC IRB
Telephone: (202) 687-1506
3900 Reservoir Road, N.W.
SW104 Med-Dent Bldg.
Washington, D.C. 20057
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WITHDRAWAL BY INVESTIGATOR, PHYSICIAN, OR SPONSOR
The investigators, physicians or sponsors may stop the study or take you out of the study at any time should they judge
that it is in your best interest to do so, if you experience a study-related injury, if you need additional or different
medication, or if you do not comply with the study plan. They may remove you from the study for various other
administrative and medical reasons. They can do this without your consent.
RESEARCHER’S STATEMENT
I have fully explained this study to the subject. As a representative of this study, I have explained the purpose, the procedures,
the benefits and risks that are involved in this research study. Any questions that have been raised have been answered to the
individual’s satisfaction.

Signature of person obtaining the consent Print Name of person obtaining the consent

Date

I, the undersigned, have been informed about this study’s purpose, procedures, possible benefits and risks, and I have received a
copy of this consent. I have been given the opportunity to ask questions before I sign, and I have been told that I can ask other
questions at any time. I voluntarily agree to participate in this study. I am free to withdraw from the study at any time without
need to justify my decision. This withdrawal will not in any way effect my future treatment or medical management and I will
not lose any benefits to which I am otherwise entitled. I agree to cooperate with Dr. Peter Shields and the research staff and to
inform them immediately if I experience any unexpected or unusual symptoms.

Signature of Subject

Print Name of Subject

Date

Signature of Witness

Print Name of Witness

Date

Investigator

Peter Shields, M.D.
Print Name of Investigator
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Appendix B
Attached on the subsequent pages is the Informed Consent for IRB protocol 07-030 (Therapeutic
Phlebotomy and Biomarkers Study).

105

106

107

108

109

110

111

Appendix C
Attached on the subsequent pages is the Informed Consent for IRB protocol 2007-323
(Biomarker Validation Study for Smokers, Former Smokers, and Nonsmokers).
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