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Abstract

Metabolite profiling, the systematic analysis of all metabolites, has been used successfully to identify new
biomarkers for several complex diseases. In this review we describe how metabolomics data are generated, review
the existing literature using metabolomics with asthma and related phenotypes, and discuss the need for more

comprehensive asthma metabolomics research.
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Introduction

Asthma is a widespread disease with over 23 million diagnosed
cases in the United States, and is the most common health-related
cause of lost school and work days [1], constituting a large public health
concern. Patient genetics is a major driver in asthma etiology [2,3] and
although multiple molecular determinants have been identified [4], the
biological mechanisms by which these determinants impact disease is
not known. Furthermore, it is likely that diverse genetic profiles among
patients confer different asthma treatment responses. The metabolome
constitutes the entire complement of low molecular weight molecules
in a biological sample from an individual, where the sample may
include diverse biospecimens such as plasma [5], serum [6-8], salivia
[9], exhaled breath condensate [10,11] and urine [12]. Metabolomics,
defined as the systematic analysis of all metabolites, provides an
opportunity to connect genetic and molecular mechanisms with disease
outcomes, as fluctuations in metabolite concentrations are likely to
directly contribute to asthma pathology. Therefore, metabolomics
offers a unique opportunity to link molecular determinants with
asthma diagnoses and related outcomes. To date, metabolomics studies
have been limited in size and scope for asthma [13,14], making the
metabolome an untapped resource with the potential to transform
the current understanding of asthma pathogenesis, and to more
effectively personalize treatment approaches. In this review, we review
key concepts in the generation and analysis of metabolomics data,
summarize the current state of asthma metabolomics, and explain the
potential for asthma pharmacometabolomics, and, finally, advocate for
the increasing need for asthma metabolomics studies.

Metabolomics: A Missing but Crucial ‘omic’ to Identify
Asthma Disease Pathways

Current technologies enable the assessment of a large number of
metabolites that result from environmental, genomic, transcriptomic,
and proteomic variability. As such, metabolomics data provides the
most integrated profile of biological status reflect the complex interplay
of genetic and environmental interactions [15,16]. Metabolomic data
therefore are amenable to study disease predisposition, diagnosis, and
progression. Endogenous metabolites span a variety of compound
classes, with significant differences in size and polarity, across
wide concentration ranges. Mass spectrometry (MS) coupled with
separation techniques including liquid chromatography (LC) is
currently the most advanced technology available [17,18]. It can be
used both in a non-targeted, pattern-recognition manner, or a targeted
manner, for confirmation. In most complex diseases, like asthma,
the perturbations involve activation of multiple pathways. By using

clinical, environmental, genetic, and genomic data in conjunction with
descriptive metabolic profiles obtained by MS, it is possible to describe
patterns of changes and biomarkers that discriminate between states of
asthma severity and asthmatic cases and controls [19,20]. Investigators
have already successfully identified biomarkers in type 2 diabetes,
Alzheimer’s disease, and cardiovascular disease [18,21-23] that have led
to the discovery of novel disease pathways. In contrast to those diseases,
there has been limited work in asthma metabolomics to date.

Rapid technological advances have enabled the generation of
vast ‘omics’ datasets comprising millions of biological measurements
on genomic, transcriptomic, proteomic, and metabolomic data. The
emerging field of systems biology uses these data to understand the
complex interactions that result in the development of a disease. For a
complex disease such as asthma, significant advances have been made
in identifying genetic determinants of the disease [24-26]. While earlier
linkage and candidate gene studies identified a small number of genetic
variants for asthma [27-37], genome-wide association studies (GWAS)
have confirmed a number of asthma loci including ORMDL3/GSDMB,
HLA-DQI, ILIRLI, and IL33, among others [4,38-42]. Despite the
identification of these genetic contributors, little is known regarding
how these variants impact asthma [43]. Furthermore, both genetic
heterogeneity and host environment affect the diversity of biological
pathways underlying diverse asthma phenotypes. Therefore, identifying
the mechanisms by which genomic variations interact with the
environment and lead to perturbations in biological pathways resulting
in a disease state is crucial for both understanding and treating asthma.

Metabolomics, the systematic analysis of all metabolites (including
sugars, amino acids, organic acids, nucleotides, and lipids), offers
a snapshot of the integrated profile of a biological state. Compared
with proteomic or genomic profiling, comprehensive metabolite
profiling represents more proximate measures of underlying genetic
and environmental exposures contributing to disease. Because the
perturbations in biological pathways that occur with disease states
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produce fluctuations in metabolite levels, metabolomic profiles can
be more directly linked to a disease outcome, such as asthma [15,16].
Therefore, a hypothetical complete metabolomic profile would provide
the most informative assessment of biological status, reflecting the
net effect of genetic and environmental interactions [15,16], thereby
making this approach a promising strategy to examine asthma
pathogenesis [44].

The Generation and Analysis of Metabolomic Data

For metabolomic profiling, the metabolites are first extracted
from a biospecimen using separation and quantification techniques.
The analytical tools most commonly used in metabolomics include
nuclear magnetic resonance spectroscopy (NMR), liquid and
gas chromatography (LC, GC), and mass spectrometry (MS). A
comprehensive measurement of the metabolome continues to
be an analytical challenge because of the differences in physical
properties among compounds that constitute the metabolome. For
example, differences in polarity among metabolites require different
extraction procedures for the preparation of analytical samples. As
a result, multiple procedures must be combined in order to generate
comprehensive measures of the existing metabolites. For metabolite
quantitation, two main strategies exist: targeted and untargeted
approaches. Targeted metabolomics approaches are applicable for
hypothesis-driven studies, where a predefined set of select metabolites
is quantified. In contrast, untargeted metabolomics approaches
measure all endogenous metabolic signals in a biological sample, which
results in a larger range of metabolites, but has reduced sensitivity to
detect individual metabolites, or identify unknown metabolites. Here,
we summarize commonly sampled biofluids, and routine analytical
methods for analyzing metabolomics data.

Biofluids and sampling methods

Metabolomics data can be generated using a vast array of
biologic specimens. While blood plasma and serum [8,17] are most
common, metabolomics data is also being generated using urine [14],
stool [45], exhaled breath condensate [11], and bronchoalveolar lavage
(BAL) fluid [46].

Common analytic methods for metabolomics data

Several common metabolomics methods have been described in
the literature that can also be applied to asthma metabolomics data. As
with other ‘omics’ studies, in metabolomics, there are often many more
variables to measure than there are samples available. To circumvent
this issue, and to identify metabolites that are predictors of asthma or
related outcomes, multivariate and machine-learning techniques can
be applied. Standard parametric statistical methods such as regression
analysis are inapplicable when the number of samples is far less than
the number of parameters, making data-reducing methods such as
principal component analysis [47], discriminant analysis, Gaussian
graphical models, and Bayesian networks, attractive options. We review
these common approaches below.

Principal component analysis (PCA) is one of the most common
techniques used for analyzing metabolomics data [48]. The popularity
of PCA in metabolomics is due to the fact that it is a simple, non-
parametric method that can project the metabolites into lower
dimensional space, revealing inherent data structure, and greatly
reducing the number of variables in the original data. In this case,
each principal component is a summary of metabolite contributions
that are orthogonal from the other principal components and can be
used as independent variables; together these variables summarize the

overall metabolic state of the individual samples. This is an effective
way to summarize the contribution of many correlated metabolites to
a phenotype; however, the principal components themselves are often
difficult to interpret biologically.

Partial least square discriminant analysis (PLS-DA) is similar in
some respects to PCA in that both reduce the dimensions of the analysis
by collapsing correlated variables into fewer, uncorrelated variables.
PLS-DA first transforms the metabolites into uncorrelated variables.
These uncorrelated variables are then included in a regression analysis
with the case/control status as the dependent variable of interest, and
the set of metabolites that most accurately predicts the case/control
status is selected. This approach identifies a metabolic signature for the
condition in question. PLS-DA has been used to discriminate patients
with and without various diseases, including coronary heart disease
[49], cardiovascular disease [50], schizophrenia [7], inflammatory
bowel disease [51], diabetes [21,52], low birth weight [53], ovarian
cancer [54,55], and multiple sclerosis [56].

For broad-based, untargeted metabolomic profiling approaches,
reconstructing metabolic pathways from the observed data is an
attractive endeavor that also facilitates the identification of pathological
disruptions or phenotypic differences between cases and controls.
Gaussian graphical models (GGMs) use partial Pearson correlation
of residuals for each pair of metabolites and identifies significantly
associated pairs to identify molecules that are correlated after other
effects are conditioned away, ideally resulting in connections that are
representative of direct interactions [57]. In this manner, GGMs have
been used to identify networks of interacting metabolites [58].

In some applications, it is desirable to obtain a metabolomic
signature that predicts case/control status or differentiates cases from
controls, for which a Bayesian network is appropriate [59]. A Bayesian
network (BN) is a data structure that encodes conditional probability
distributions among variables of interest by using a graph composed
of nodes and directed edges [60]. Bayesian networks are an attractive
modeling methodology since they can model complex interactions
between many variables of interest [61], and are particularly appropriate
in metabolomics where the number of predictors is relatively low
and the emphasis is more on identifying nonlinear and conditional
interactions that may have large effect sizes than on filtering through
many noisy variables. These attributes have led to successfully replicated
BN prediction from metabolomic profiling [62]. In combination with
metabolomics, BNs are ideal for incorporating integrative ‘omics’ data,
including gene, SNP, and methylation data [57]. Furthermore, as the
cost of metabolomic profiling decreases, it is possible that dynamic
Bayesian networks will be used in time-series metabolomic datasets
to reconstruct concentration changes over time, just as they have been
effective in the reconstruction of gene regulatory networks from time
series gene expression experiments [63].

The application of these analytic approaches to investigate a
comprehensive panel of metabolites in a large number of samples from
well-characterized asthma cohorts has the potential to greatly inform
asthma pathogenesis.

Review of Metabolomics Studies of Asthma

Asthma diagnosis and severity

As of early 2015, ten asthma metabolomics studies have been
published, all of which focused on asthma diagnosis, control, and/
or severity [11-14,64-69]. Recent studies focused on investigating
the potential of metabolomics profiling of urine, serum and EBC to
differentiate asthmatic from non-asthmatic subjects. Gahleitner et al.
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identified a panel of eight candidate asthma-specific, volatile organic
compounds from EBC that could differentiate asthmatic (N=11) vs.
healthy control (N=12) samples using 2D-PCA [64]. More recently,
Motta et al. applied PLS-DA to NMR-based metabolomics data from
35 asthmatic and 35 healthy EBC samples, conducted a subsequent
multivariate statistical data analysis using projection methods to
correctly differentiate asthmatics from healthy controls, and validated
their model in 20 additional asthmatics and 20 controls [10]. Similarly,
Jung et al. applied an NMR-based profiling approach of sera to
distinguish 39 asthmatics and 26 controls, and identified metabolites
related to hypermethylation, hypoxia response and immune responses
[13].

While these studies demonstrated the applicability of metabolomics
for noninvasive asthma diagnostics and therapeutic monitoring, others
have revealed its potential in differentiating asthmatic phenotypes,
and providing mechanistic insight. Furthermore, these studies have
also applied metabolomics profiles to distinguish individuals with
well-controlled asthma from those with poorly controlled asthma. An
NMR-based approach combined with multivariate modeling produced
a discriminatory model that not only successfully differentiated
asthmatics from healthy subjects but also could classify asthmatic
sub-phenotypes based on sputum eosinophilia, neutrophilia, asthma
control and inhaled corticosteroid use [70]. Using an untargeted
LC-MS approach to profile urine samples from 41 asthmatics and
12 healthy control subjects, Mattarucchi et al. applied multivariate
models to distinguish metabolic profiles that could characterize
asthma from non-asthmatics, and asthma control [14]. In particular,
the model differentiated poor vs. well controlled asthma in patients
taking SABA (N=14), and poor vs. well controlled asthma in patients
using a daily controller (N=11) [14]. In addition, the authors showed
that metabolites could have an underlying role in the inflammatory
mechanisms contributing to asthma severity. In general, these studies
had good predictive accuracy (>80%) in differentiating asthmatics
verses controls; however, due to the small sample sizes, statistical
power was limited in all studies. Furthermore, only one of these studies
included an independent replication cohort to validate their initial
findings.

Metabolomics studies of asthma severity have focused on
differentiating severe from non-severe asthma, identifying biomarkers
that can predict asthma exacerbations, and profiling metabolites
associated with oxidative stress resulting from exacerbations. Carraro
et al. profiled EBC samples from 31 non-severe asthmatic children, 11
children with severe asthma, and 15 healthy control children and found
that metabolites related to retinoic acid, adenosine and vitamin D could
distinguish between severe vs. non-severe asthma, and severe asthma
vs. healthy controls [68]. Loureiro et al. profiled urinary metabolic
changes related to asthma exacerbation in a cohort of 10 adult
asthmatics, and conducted PCA-based analyses of metabolites obtained
by GC x GC-TOFMS and NMR based methods, finding that urinary
metabolomic profiles were markedly altered during exacerbations, with
increased levels of aldehyde and alkane metabolites in particular [65].
As alkanes and aldehydes are products of oxidative metabolism and
increased oxidative states, these results implicate greater oxidative stress
during exacerbation vs. stable asthma. Saude et al. also identified five
metabolites in the TCA cycle with a higher abundance in exacerbators
[12]. Thisis consistent with the histamine release that occurs during mast
cell activation in asthma exacerbations. Furthermore, Voraphani et al.
identified a novel metabolome driving nitrative stress in human airway
cells that was associated with severe refractory asthma [66]. Together,
these findings and others are promising, identifying metabolites related

to vitamin D, retinoic acid, TCA metabolism, hypoxic and nitrative
stress, immune reaction and inflammation, all of which are biologically
plausible metabolites for asthma.

Although encouraging, the studies to date are limited in size,
complexity of phenotype(s), number of metabolites, and, in general,
lack validation. Therefore, the use of large, well-characterized asthmatic
cohorts that can validate initial findings using an independent
population(s) is necessary. Additionally, leveraging longitudinal data
on asthma severity together with metabolic profiling can establish
temporality, thereby further informing prediction and enhancing
clinical relevance.

Pathway-based asthma metabolomics

The heterogeneity in the biological pathways that underlie asthma
development and progression has different implications for asthma
treatment. Asthma is increasingly recognized as an inflammatory
mediator-driven process. Leukotrienes and prostaglandins, two
families of pro-inflammatory mediators that arise via arachidonic
acid metabolism, have been implicated in the inflammatory cascade
occurring in asthmatic airways [71,72]. Therapeutic agents such
as the leukotriene pathway inhibitors montelukast, zafirlukast, and
zileuton have become established medications for reducing asthma
symptom severity, as they are known to modulate important cellular
and physiological activities related to asthma symptoms, including
neutrophil activation, chemotaxis, eosinophil migration and smooth
muscle contraction [73,74]. These medications exert their leukotriene
reducing effects through blocking leukotriene production (zileuton)
or by interfering with cellular leukotriene responses via inhibition of
leukotriene receptor binding (e.g. montelukast). However, the clinical
response to anti-leukotriene medications is highly variable, but
repeatable between individuals, suggesting that biological variation
plays an important role in individual response [75-77]. Variation in
multiple genes involved in the leukotriene pathway has been implicated
in heterogeneous responses to anti-leukotriene medications, and
increased leukotriene production is directly related to asthma symptom
severity. Therefore, identifying specific metabolites that reflect the
activity of the leukotriene pathway may be useful in guiding pathway-
specific treatment in asthma. In addition to the leukotriene pathway,
a wide body of literature exists to support the role of tryptophan
metabolism in the development and treatment of asthma. A partial
blockade in tryptophan metabolism has been identified in some
asthmatic individuals [78]. In addition, a recent study suggests that
tryptophan hydroxylase 1, an enzyme involved in the conversion of
tryptophan to serotonin [79], represents a novel therapeutic target
for asthma, as it markedly reduces allergic airway inflammation [80].
Serotonin has also been identified as a potent bronchoconstrictor
associated with asthma; blockade of serotonin reuptake results in
increased pulmonary function correlated with increased free serotonin
plasma levels [81,82]. These examples illustrate the advantage that
identifying pathway specific metabolites may help in more effectively
connecting underlying genetics to pathway specific markers, to more
effectively inform asthma treatment.

Limitations

Published studies on the metabolomics of asthma are limited in
number and scope. These studies report good predictive accuracy in
differentiating asthmatics from control individuals; however, they
are limited in size, complexity of phenotype(s), and the number of
metabolites investigated. In addition, all of these studies lack replication,
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which is essential when both the sample size and number of metabolites
evaluated are limited in the initial analysis. The use of large, well-
characterized asthmatic cohorts for both discovering and validating
asthma metabolomics studies is crucial, and is yet to be performed.

Clinical pharmacometabolomics-the future promise for
asthma clinical care

The goal of pharmacogenomics is to reliably predict individual
variation in drug responses in order to improve therapeutic outcomes
for patients. However, due to the complexity of drug actions, which
are mediated by diverse metabolic and pharmacological pathways,
pharmacogenomic investigations have only reliably identified
genetic variants with large effect sizes, which represent a minority
of potential pharmacogenetic variants. To clarify this heterogeneity
in patient drug responses, investigating the perturbations in the
metabolic pathways of “good” and “poor” drug responders has been
an emerging focus of personalized medicine. Using metabolomics
to inform pharmacogenomic investigations, also known as
“pharmacometabolomics”, assists in efforts to predict individual
variation in drug response phenotypes, leading to the identification of
novel diagnostic markers for drug responses in addition to clarifying the
mechanisms underlying adverse drug events. Pharmacometabolomics
has been applied to investigate multiple complex diseases; however,
pharmacometabolomic studies are presently lacking for asthma.
Despite this, the performance of such studies has the potential inform
the current treatment of asthma. Below, we discuss the emerging
application of pharmacometabolomics in asthma.

In a recent study that represents one of the first, if not the foremost,
asthma pharmacometabolomics studies to date, we sought to identify
novel predictors of asthma control based on albuterol inhaler use [69].
First, we generated lipidomic data from plasma samples obtained from a
case-control cohort with poorly controlled and well-controlled asthma,
using liquid chromatography tandem mass spectrometry (LC-MS). The
outcome of interest was a binary indicator of asthma control defined by
the use of albuterol inhalers in the preceding week. We then integrated
metabolomic data with genotype, expression, and methylation data
from this cohort to identify genomic and molecular indicators of
asthma control. A Conditional Gaussian Bayesian Network (CGBN)
was generated using the strongest predictors from each of these
analyses. The CGBN model, based on four SNPs and two metabolites
(including sphingosine-1-phosphate (S1P) and mono-HETE), could
predict asthma control with an AUC of 95%. Integrative pathway
analysis (ORA) of the integrated data identified 17 pathways related to
cellular immune response, interferon signaling and cytokine-related
signaling, for which six genes and three metabolites (arachidonic acid,
prostaglandin E, and S1P), were enriched by asthma control phenotype.
Of these predictors, S1P was identified as a top metabolite by both
the CGBN model and ORA. Through an integrative approach that
applies predictive network modeling and biological pathway analysis,
we implicate altered metabolic pathways related to sphingolipid
metabolism in a cohort with poorly controlled asthma. These results
provide deeper insight into the pathophysiology of asthma control.

Through combining metabolomics and pharmacogenomics,
significant progress can be made toward understanding the mechanisms
of drug resistance and drug-associated adverse events, identifying
promising therapeutic biomarkers, and improving therapeutic
prediction and outcomes for patients. While pharmacometabolomics
has yielded substantial progress in the pursuit of therapeutic
interventions for several complex diseases, including cardiovascular
diseases, cancer, and schizophrenia, similar recent progress for

asthma is comparatively lacking. This sparseness of data reflects the
dearth of both metabolomic and pharmacogenomic studies of asthma
to date, and underscores an urgent need for robust, well-designed
pharmacometabolomic investigations in asthmatic cohorts.

Conclusion

In this commentary, we provide a brief summary of metabolomics
as a field of study, and discuss how this field has the potential to impact
our current understanding of asthma pathogenesis. Herein, we defined
metabolomics and summarized how metabolomics data are generated,
reviewed the basic analytical strategies for metabolomics data, defined
pharmacometabolomics, and discussed recent advances. Most
importantly, we emphasized the need for more comprehensive asthma
metabolomics studies, and the potential that these data may have on
improving our understanding and treatment of the disease.

Acknowledgements

We thank members of the IMPACT Consortium for their helpful comments
and suggestions for developing this manuscript. The authors declare no relevant
conflicts of interest. This manuscript is supported by the Integrative metabolomics
of asthma severity grant (1R01HL123915-01). AD is supported by K12 HL120004
(NHLBI). MJM is funded by a grant from the Parker B Francis foundation.

References

1. Barnett SB, Nurmagambetov TA (2011) Costs of asthma in the United States:
2002-2007. J Allergy Clin Immunol 127: 145-152.

2. Doi A, Park IH, Wen B, Murakami P, Aryee MJ (2009) Differential methylation
of tissue- and cancer-specific CpG island shores distinguishes human induced
pluripotent stem cells, embryonic stem cells and fibroblasts. Nature genetics.
Dec 41: 1350-1353.

3. lIrizarry RA, Ladd-Acosta C, Wen B, Wu Z, Montano C, et al. (2009) The
human colon cancer methylome shows similar hypo- and hypermethylation at
conserved tissue-specific CpG island shores. Nat Genet 41: 178-186.

4. Moffatt MF, Gut IG, Demenais F, Strachan DP, Bouzigon E, et al. (2010) A large-
scale, consortium-based genomewide association study of asthma. N Engl J
Med 363: 1211-1221.

5. Vuckovic D, Pawliszyn J (2011) Systematic evaluation of solid-phase
microextraction coatings for untargeted metabolomic profiling of biological
fluids by liquid chromatography-mass spectrometry. Analytical chemistry 83:
1944-1954.

6. OuYang D, Xu J, Huang H, Chen Z (2011) Metabolomic profiling of serum from
human pancreatic cancer patients using 1H NMR spectroscopy and principal
component analysis. Appl Biochem Biotechnol 165: 148-154.

7. Xuan J, Pan G, Qiu Y, Yang L, Su M, et al. (2011) Metabolomic profiling to
identify potential serum biomarkers for schizophrenia and risperidone action. J
Proteome Res 10: 5433-5443.

8. Hasokawa M, Shinohara M, Tsugawa H (2012) Identification of biomarkers of
stent restenosis with serum metabolomic profiling using gas chromatography/
mass spectrometry. Circulation journal: official journal of the Japanese
Circulation Society 76: 1864-1873.

9. Alvarez-Sanchez B, Priego-Capote F, Luque de Castro MD (2012) Study
of sample preparation for metabolomic profiling of human saliva by liquid
chromatography-time of flight/mass spectrometry. J Chromatogr A 1248: 178-
181.

10. Montuschi P, Paris D, Melck D, Lucidi V, Ciabattoni G, et al. (2012) NMR
spectroscopy metabolomic profiling of exhaled breath condensate in patients
with stable and unstable cystic fibrosis. Thorax 67: 222-228.

11. Carraro S, Rezzi S, Reniero F, Héberger K, Giordano G, et al. (2007)
Metabolomics applied to exhaled breath condensate in childhood asthma. Am
J Respir Crit Care Med 175: 986-990.

12. Saude EJ, Skappak CD, Regush S, Cook K, Ben-Zvi A, et al. (2011)
Metabolomic profiling of asthma: diagnostic utility of urine nuclear magnetic
resonance spectroscopy. The Journal of allergy and clinical immunology 127:
757-764 e751-756.

13.Jung J, Kim SH, Lee HS (2013) Serum metabolomics reveals pathways and

J Pulm Respir Med
ISSN: 2161-105X JPRM, an open access journal

Volume 5 -« Issue 3 *1000267


http://www.ncbi.nlm.nih.gov/pubmed/21211649
http://www.ncbi.nlm.nih.gov/pubmed/21211649
http://www.ncbi.nlm.nih.gov/pubmed/19881528
http://www.ncbi.nlm.nih.gov/pubmed/19881528
http://www.ncbi.nlm.nih.gov/pubmed/19881528
http://www.ncbi.nlm.nih.gov/pubmed/19881528
http://www.ncbi.nlm.nih.gov/pubmed/19151715
http://www.ncbi.nlm.nih.gov/pubmed/19151715
http://www.ncbi.nlm.nih.gov/pubmed/19151715
http://www.ncbi.nlm.nih.gov/pubmed/20860503
http://www.ncbi.nlm.nih.gov/pubmed/20860503
http://www.ncbi.nlm.nih.gov/pubmed/20860503
http://pubs.acs.org/doi/abs/10.1021/ac102614v
http://pubs.acs.org/doi/abs/10.1021/ac102614v
http://pubs.acs.org/doi/abs/10.1021/ac102614v
http://pubs.acs.org/doi/abs/10.1021/ac102614v
http://www.ncbi.nlm.nih.gov/pubmed/21505807
http://www.ncbi.nlm.nih.gov/pubmed/21505807
http://www.ncbi.nlm.nih.gov/pubmed/21505807
http://www.ncbi.nlm.nih.gov/pubmed/22007635
http://www.ncbi.nlm.nih.gov/pubmed/22007635
http://www.ncbi.nlm.nih.gov/pubmed/22007635
http://www.ncbi.nlm.nih.gov/pubmed/22727327
http://www.ncbi.nlm.nih.gov/pubmed/22727327
http://www.ncbi.nlm.nih.gov/pubmed/22727327
http://www.ncbi.nlm.nih.gov/pubmed/22727327
http://www.ncbi.nlm.nih.gov/pubmed/22106016
http://www.ncbi.nlm.nih.gov/pubmed/22106016
http://www.ncbi.nlm.nih.gov/pubmed/22106016
http://www.ncbi.nlm.nih.gov/pubmed/17303796
http://www.ncbi.nlm.nih.gov/pubmed/17303796
http://www.ncbi.nlm.nih.gov/pubmed/17303796
http://www.unboundmedicine.com/medline/citation/23517038/Serum_metabolomics_reveals_pathways_and_biomarkers_associated_with_asthma_pathogenesis_

Citation: Dahlin A, McGeachie MJ, Lasky-Su JA (2015) Asthma Metabolomics: The Missing Step for Translating Bench Work into the Clinic. J Pulm

Respir Med 5: 267. doi:10.4172/2161-105X.1000267

Page 5 of 6

2

o

2

=

22.

23.

24,

25.

26.

27.

28.

2

[(e]

30.

3

=

32.

33.

34.

35.

36.

biomarkers associated with asthma pathogenesis. Clinical and experimental
allergy: journal of the British Society for Allergy and Clinical Immunology 43:
425-433.

. Mattarucchi E, Baraldi E, Guillou C (2012) Metabolomics applied to urine

samples in childhood asthma; differentiation between asthma phenotypes and
identification of relevant metabolites. Biomedical chromatography: BMC 26:
89-94.

. Nicholson JK, Wilson ID (2003) Opinion: understanding ‘global’ systems

biology: metabonomics and the continuum of metabolism. Nat Rev Drug Discov
2: 668-676.

.Raamsdonk LM, Teusink B, Broadhurst D, Zhang N, Hayes A, et al. (2001)

A functional genomics strategy that uses metabolome data to reveal the
phenotype of silent mutations. Nat Biotechnol 19: 45-50.

. Psychogios N, Hau DD, Peng J, Guo AC, Mandal R, et al. (2011) The human

serum metabolome. PLoS One 6: e16957.

.Rhee EP, Gerszten RE (2012) Metabolomics and cardiovascular biomarker

discovery. Clin Chem 58: 139-147.

. Priori R, Scrivo R, Brandt J, Valerio M, Casadei L, et al. (2013) Metabolomics

in rheumatic diseases: The potential of an emerging methodology for improved
patient diagnosis, prognosis, and treatment efficacy. Autoimmun rev 12: 1022-
1030.

. Nicholson JK, Holmes E, Kinross JM, Darzi AW, Takats Z, et al. (2012) Metabolic

phenotyping in clinical and surgical environments. Nature 491: 384-392.

.Wang TJ, Larson MG, Vasan RS, Cheng S, Rhee EP, et al. (2011) Metabolite

profiles and the risk of developing diabetes. Nat Med 17: 448-453.

Rhee EP, Thadhani R (2011) New insights into uremia-induced alterations in
metabolic pathways. Curr Opin Nephrol Hypertens 20: 593-598.

Mapstone M, Cheema AK, Fiandaca MS, Zhong X, Mhyre TR, et al. (2014)
Plasma phospholipids identify antecedent memory impairment in older adults.
Nat Med 20: 415-418.

Greally M, Jagoe WS, Greally J (1982) The genetics of asthma. Ir Med J 75:
403-405.

Dold S, Wjst M, von Mutius E, Reitmeir P, Stiepel E (1992) Genetic risk for
asthma, allergic rhinitis, and atopic dermatitis. Arch Dis Child 67: 1018-1022.

Jenkins MA, Hopper JL, Giles GG (1997) Regressive logistic modeling of
familial aggregation for asthma in 7,394 population-based nuclear families.
Genet Epidemiol 14: 317-332.

Allen M, Heinzmann A, Noguchi E, Abecasis G, Broxholme J, et al. (2003)
Positional cloning of a novel gene influencing asthma from chromosome 2q14.
Nat Genet 35: 258-263.

Dizier MH, Besse-Schmittler C, Guilloud-Bataille M, Annesi-Maesano |,
Boussaha M, et al. (2000) Genome screen for asthma and related phenotypes
in the French EGEA study. Am J Respir Crit Care Med 162: 1812-1818.

. Haagerup A, Bjerke T, Schigtz PO, Binderup HG, Dahl R, et al. (2002) Asthma

and atopy - a total genome scan for susceptibility genes. Allergy 57: 680-686.

Hakonarson H, Bjornsdottir US, Halapi E, Palsson S, Adalsteinsdottir E, et al.
(2002) A major susceptibility gene for asthma maps to chromosome 14924. Am
J Hum Genet 71: 483-491.

. Nicolae D, Cox NJ, Lester LA, Schneider D, Tan Z, et al. (2005) Fine mapping

and positional candidate studies identify HLA-G as an asthma susceptibility
gene on chromosome 6p21. Am J Hum Genet 76: 349-357.

Ober C, Cox NJ (1998) The genetics of asthma. Mapping genes for complex
traits in founder populations. Clinical and experimental allergy: journal of the
British Society for Allergy and Clinical Immunology 28 Suppl 1: 101-105.

Ober C, Cox NJ, Abney M, Di Rienzo A, Lander ES, et al. (1998) Genome-wide
search for asthma susceptibility loci in a founder population. The Collaborative
Study on the Genetics of Asthma. Hum Mol Genet 7: 1393-1398.

Ober C, Tsalenko A, Parry R, Cox NJ (2000) A second-generation genomewide
screen for asthma-susceptibility alleles in a founder population. American
journal of human genetics 67: 1154-1162.

Van Eerdewegh P, Little RD, Dupuis J, Del Mastro RG, Falls K, et al.
(2002) Association of the ADAM33 gene with asthma and bronchial
hyperresponsiveness. Nature 418: 426-430.

Wijst M, Fischer G, Immervoll T, Jung M, Saar K, et al. (1999) A genome-wide

3

S

38.

39.

4

o

41

42.

4

w

44,

45.

46.

47.

48.

4

©

50.

o

5

52.

53.

54.

55.

56.

5

i

search for linkage to asthma. German Asthma Genetics Group. Genomics 58:
1-8.

. Yokouchi Y, Nukaga Y, Shibasaki M, Noguchi E, Kimura K, et al. (2000)

Significant evidence for linkage of mite-sensitive childhood asthma to
chromosome 5q31-q33 near the interleukin 12 B locus by a genome-wide
search in Japanese families. Genomics 66: 152-160.

Hancock DB, Romieu |, Shi M, Sienra-Monge JJ, Wu H, et al. (2009) Genome-
wide association study implicates chromosome 9q21.31 as a susceptibility
locus for asthma in mexican children. PLoS Genet 5: e1000623.

Wu H, Romieu |, Shi M, Hancock DB, Li H, et al. (2010) Evaluation of candidate
genes in a genome-wide association study of childhood asthma in Mexicans. J
Allergy Clin Immunol 125: 321-327.

. Torgerson DG, Ampleford EJ, Chiu GY, Gauderman WJ, Gignoux CR, et

al. (2011) Meta-analysis of genome-wide association studies of asthma in
ethnically diverse North American populations. Nat Genet 43: 887-892.

.Li X, Howard TD, Zheng SL, Haselkorn T, Peters SP, et al. (2010) Genome-

wide association study of asthma identifies RAD50-IL13 and HLA-DR/DQ
regions. J Allergy Clin Immunol 125: 328-335.

Moffatt MF, Kabesch M, Liang L, Dixon AL, Strachan D, et al. (2007) Genetic
variants regulating ORMDL3 expression contribute to the risk of childhood
asthma. Nature 448: 470-473.

. Manolio TA, Collins FS, Cox NJ, Goldstein DB, Hindorff LA, et al. (2009) Finding

the missing heritability of complex diseases. Nature 461: 747-753.

Forno E, Celedén JC (2012) Predicting asthma exacerbations in children. Curr
Opin Pulm Med 18: 63-69.

Chow J, Panasevich MR, Alexander D, Vester Boler BM, Rossoni Serao MC, et
al. (2014) Fecal metabolomics of healthy breast-fed versus formula-fed infants
before and during in vitro batch culture fermentation. J Proteome Res 13: 2534-
2542.

Ho WE, Xu YJ, Xu F, Cheng C, Peh HY, et al. (2013) Metabolomics reveals
altered metabolic pathways in experimental asthma. Am J Respir Cell Mol Biol
48: 204-211.

Ramadan Z, Jacobs D, Grigorov M, Kochhar S (2006) Metabolic profiling using
principal component analysis, discriminant partial least squares, and genetic
algorithms. Talanta 68: 1683-1691.

Jolliffe 1 (2002) Principal Component Analysis. (2ndedn), New York: Springer.

. Brindle JT, Antti H, Holmes E, Tranter G, Nicholson JK, et al. (2002) Rapid and

noninvasive diagnosis of the presence and severity of coronary heart disease
using 1TH-NMR-based metabonomics. Nat Med 8: 1439-1444.

Barderas MG, Laborde CM, Posada M, de la Cuesta F, Zubiri |, et al. (2011)
Metabolomic profiling for identification of novel potential biomarkers in
cardiovascular diseases. J Biomed Biotechnol 2011: 790132.

. Schicho R, Shaykhutdinov R, Ngo J, Nazyrova A, Schneider C, et al. (2012)

Quantitative metabolomic profiling of serum, plasma, and urine by (1)H NMR
spectroscopy discriminates between patients with inflammatory bowel disease
and healthy individuals. Journal of proteome research 11: 3344-3357.

Kim QY, Lee JH, Sweeney G (2013) Metabolomic profiling as a useful tool for
diagnosis and treatment of chronic disease: focus on obesity, diabetes and
cardiovascular diseases. Expert review of cardiovascular therapy 11: 61-68.

Ivorra C, Garcia-Vicent C, Chaves FJ, Monledn D, Morales JM, et al. (2012)
Metabolomic profiling in blood from umbilical cords of low birth weight
newborns. J Transl Med 10: 142.

Zhang T, Wu X, Yin M, Fan L, Zhang H, et al. (2012) Discrimination between
malignant and benign ovarian tumors by plasma metabolomic profiling using
ultra performance liquid chromatography/mass spectrometry. Clin Chim Acta
413: 861-868.

Fong MY, McDunn J, Kakar SS (2013) Metabolomic profiling of ovarian
carcinomas using mass spectrometry. Methods Mol Biol 1049: 239-253.

Reinke SN, Broadhurst DL, Sykes BD, Baker GB, Catz |, et al. (2014)
Metabolomic profiling in multiple sclerosis: insights into biomarkers and
pathogenesis. Mult Scler 20: 1396-1400.

. Krumsiek J, Suhre K, lllig T, Adamski J, Theis FJ (2011) Gaussian graphical

modeling reconstructs pathway reactions from high-throughput metabolomics
data. BMC Syst Biol 5: 21.

J Pulm Respir Med
ISSN: 2161-105X JPRM, an open access journal

Volume 5 -« Issue 3 *1000267


http://www.unboundmedicine.com/medline/citation/23517038/Serum_metabolomics_reveals_pathways_and_biomarkers_associated_with_asthma_pathogenesis_
http://www.unboundmedicine.com/medline/citation/23517038/Serum_metabolomics_reveals_pathways_and_biomarkers_associated_with_asthma_pathogenesis_
http://www.unboundmedicine.com/medline/citation/23517038/Serum_metabolomics_reveals_pathways_and_biomarkers_associated_with_asthma_pathogenesis_
http://www.ncbi.nlm.nih.gov/pubmed/21465502
http://www.ncbi.nlm.nih.gov/pubmed/21465502
http://www.ncbi.nlm.nih.gov/pubmed/21465502
http://www.ncbi.nlm.nih.gov/pubmed/21465502
http://www.ncbi.nlm.nih.gov/pubmed/12904817
http://www.ncbi.nlm.nih.gov/pubmed/12904817
http://www.ncbi.nlm.nih.gov/pubmed/12904817
http://www.ncbi.nlm.nih.gov/pubmed/11135551
http://www.ncbi.nlm.nih.gov/pubmed/11135551
http://www.ncbi.nlm.nih.gov/pubmed/11135551
http://www.ncbi.nlm.nih.gov/pubmed/21359215
http://www.ncbi.nlm.nih.gov/pubmed/21359215
http://www.ncbi.nlm.nih.gov/pubmed/22110018
http://www.ncbi.nlm.nih.gov/pubmed/22110018
http://www.ncbi.nlm.nih.gov/pubmed/23688955
http://www.ncbi.nlm.nih.gov/pubmed/23688955
http://www.ncbi.nlm.nih.gov/pubmed/23688955
http://www.ncbi.nlm.nih.gov/pubmed/23688955
http://www.ncbi.nlm.nih.gov/pubmed/23151581
http://www.ncbi.nlm.nih.gov/pubmed/23151581
http://www.ncbi.nlm.nih.gov/pubmed/21423183
http://www.ncbi.nlm.nih.gov/pubmed/21423183
http://www.ncbi.nlm.nih.gov/pubmed/21885966
http://www.ncbi.nlm.nih.gov/pubmed/21885966
http://www.ncbi.nlm.nih.gov/pubmed/24608097
http://www.ncbi.nlm.nih.gov/pubmed/24608097
http://www.ncbi.nlm.nih.gov/pubmed/24608097
http://www.ncbi.nlm.nih.gov/pubmed/7174257
http://www.ncbi.nlm.nih.gov/pubmed/7174257
http://www.ncbi.nlm.nih.gov/pubmed/1520004
http://www.ncbi.nlm.nih.gov/pubmed/1520004
http://www.ncbi.nlm.nih.gov/pubmed/9181360
http://www.ncbi.nlm.nih.gov/pubmed/9181360
http://www.ncbi.nlm.nih.gov/pubmed/9181360
http://www.ncbi.nlm.nih.gov/pubmed/14566338
http://www.ncbi.nlm.nih.gov/pubmed/14566338
http://www.ncbi.nlm.nih.gov/pubmed/14566338
http://www.ncbi.nlm.nih.gov/pubmed/11069818
http://www.ncbi.nlm.nih.gov/pubmed/11069818
http://www.ncbi.nlm.nih.gov/pubmed/11069818
http://www.ncbi.nlm.nih.gov/pubmed/12121185
http://www.ncbi.nlm.nih.gov/pubmed/12121185
http://www.ncbi.nlm.nih.gov/pubmed/12119603
http://www.ncbi.nlm.nih.gov/pubmed/12119603
http://www.ncbi.nlm.nih.gov/pubmed/12119603
http://www.ncbi.nlm.nih.gov/pubmed/15611928
http://www.ncbi.nlm.nih.gov/pubmed/15611928
http://www.ncbi.nlm.nih.gov/pubmed/15611928
http://www.ncbi.nlm.nih.gov/pubmed/9700192
http://www.ncbi.nlm.nih.gov/pubmed/9700192
http://www.ncbi.nlm.nih.gov/pubmed/9700192
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1288558/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1288558/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1288558/
http://www.ncbi.nlm.nih.gov/pubmed/12110844
http://www.ncbi.nlm.nih.gov/pubmed/12110844
http://www.ncbi.nlm.nih.gov/pubmed/12110844
http://www.ncbi.nlm.nih.gov/pubmed/10333435
http://www.ncbi.nlm.nih.gov/pubmed/10333435
http://www.ncbi.nlm.nih.gov/pubmed/10333435
http://www.ncbi.nlm.nih.gov/pubmed/10860660
http://www.ncbi.nlm.nih.gov/pubmed/10860660
http://www.ncbi.nlm.nih.gov/pubmed/10860660
http://www.ncbi.nlm.nih.gov/pubmed/10860660
http://www.ncbi.nlm.nih.gov/pubmed/19714205
http://www.ncbi.nlm.nih.gov/pubmed/19714205
http://www.ncbi.nlm.nih.gov/pubmed/19714205
http://www.ncbi.nlm.nih.gov/pubmed/19910030
http://www.ncbi.nlm.nih.gov/pubmed/19910030
http://www.ncbi.nlm.nih.gov/pubmed/19910030
http://www.ncbi.nlm.nih.gov/pubmed/21804549
http://www.ncbi.nlm.nih.gov/pubmed/21804549
http://www.ncbi.nlm.nih.gov/pubmed/21804549
http://www.ncbi.nlm.nih.gov/pubmed/20159242
http://www.ncbi.nlm.nih.gov/pubmed/20159242
http://www.ncbi.nlm.nih.gov/pubmed/20159242
http://www.ncbi.nlm.nih.gov/pubmed/17611496
http://www.ncbi.nlm.nih.gov/pubmed/17611496
http://www.ncbi.nlm.nih.gov/pubmed/17611496
http://www.ncbi.nlm.nih.gov/pubmed/19812666
http://www.ncbi.nlm.nih.gov/pubmed/19812666
http://www.ncbi.nlm.nih.gov/pubmed/22081091
http://www.ncbi.nlm.nih.gov/pubmed/22081091
http://www.ncbi.nlm.nih.gov/pubmed/24628373
http://www.ncbi.nlm.nih.gov/pubmed/24628373
http://www.ncbi.nlm.nih.gov/pubmed/24628373
http://www.ncbi.nlm.nih.gov/pubmed/24628373
http://www.ncbi.nlm.nih.gov/pubmed/23144334
http://www.ncbi.nlm.nih.gov/pubmed/23144334
http://www.ncbi.nlm.nih.gov/pubmed/23144334
http://www.ncbi.nlm.nih.gov/pubmed/12447357
http://www.ncbi.nlm.nih.gov/pubmed/12447357
http://www.ncbi.nlm.nih.gov/pubmed/12447357
http://www.ncbi.nlm.nih.gov/pubmed/21274272
http://www.ncbi.nlm.nih.gov/pubmed/21274272
http://www.ncbi.nlm.nih.gov/pubmed/21274272
http://pubs.acs.org/doi/abs/10.1021/pr300139q
http://pubs.acs.org/doi/abs/10.1021/pr300139q
http://pubs.acs.org/doi/abs/10.1021/pr300139q
http://pubs.acs.org/doi/abs/10.1021/pr300139q
http://www.ncbi.nlm.nih.gov/pubmed/22776444
http://www.ncbi.nlm.nih.gov/pubmed/22776444
http://www.ncbi.nlm.nih.gov/pubmed/22776444
http://www.ncbi.nlm.nih.gov/pubmed/22309680
http://www.ncbi.nlm.nih.gov/pubmed/22309680
http://www.ncbi.nlm.nih.gov/pubmed/22309680
http://www.ncbi.nlm.nih.gov/pubmed/22309680
http://www.ncbi.nlm.nih.gov/pubmed/23913221
http://www.ncbi.nlm.nih.gov/pubmed/23913221
http://www.ncbi.nlm.nih.gov/pubmed/24468817
http://www.ncbi.nlm.nih.gov/pubmed/24468817
http://www.ncbi.nlm.nih.gov/pubmed/24468817
http://www.ncbi.nlm.nih.gov/pubmed/21281499
http://www.ncbi.nlm.nih.gov/pubmed/21281499
http://www.ncbi.nlm.nih.gov/pubmed/21281499

Citation: Dahlin A, McGeachie MJ, Lasky-Su JA (2015) Asthma Metabolomics:

Respir Med 5: 267. doi:10.4172/2161-105X.1000267

The Missing Step for Translating Bench Work into the Clinic. J Pulm

Page 6 of 6

58.

59.

6

o

6

=

62.

63.

64.

6

(32}

66.

67.

6

o

69.

Shin SY, Fauman EB, Petersen AK, Krumsiek J, Santos R, et al. (2014) An atlas
of genetic influences on human blood metabolites. Nat Genet 46: 543-550.

Jiang X, Cai B, Xue D, Lu X, Cooper GF, et al. (2014) A comparative analysis
of methods for predicting clinical outcomes using high-dimensional genomic
datasets. Journal of the American Medical Informatics Association: JAMIA.

.Pearl J (1988) Probabilistic reasoning in intelligent systems: networks of

plausible inference. San Mateo, Calif.: Morgan Kaufmann Publishers.

. Rodin AS, Boerwinkle E (2005) Mining genetic epidemiology data with Bayesian

networks |: Bayesian networks and example application (plasma apoE levels).
Bioinformatics 21: 3273-3278.

Rogers AJ, McGeachie M, Baron RM, Gazourian L, Haspel JA, et al. (2014)
Metabolomic derangements are associated with mortality in critically ill adult
patients. PLoS One 9: e87538.

Chai LE, Loh SK, Low ST, Mohamad MS, Deris S, et al. (2014) A review on the
computational approaches for gene regulatory network construction. Comput
Biol Med 48: 55-65.

Gahleitner F, Guallar-Hoyas C, Beardsmore CS, Pandya HC, Thomas CP
(2013) Metabolomics pilot study to identify volatile organic compound markers
of childhood asthma in exhaled breath. Bioanalysis 5: 2239-2247.

. Loureiro CC, Duarte IF, Gomes J, Carrola J, Barros AS, et al. (2014) Urinary

metabolomic changes as a predictive biomarker of asthma exacerbation. J
Allergy Clin Immunol 133: 261-263.

Voraphani N, Gladwin MT, Contreras AU, Kaminski N, Tedrow JR, et al. (2014)
An airway epithelial INOS-DUOX2-thyroid peroxidase metabolome drives Th1/
Th2 nitrative stress in human severe asthma. Mucosal Immunol 7: 1175-1185.

Motta A, Paris D, D’Amato M, Melck D, Calabrese C, et al. (2014) NMR
metabolomic analysis of exhaled breath condensate of asthmatic patients at
two different temperatures. J Proteome Res 13: 6107-6120.

. Carraro S, Giordano G, Reniero F, Carpi D, Stocchero M, et al. (2013) Asthma

severity in childhood and metabolomic profiling of breath condensate. Allergy
68: 110-117.

McGeachie M, Dahlin A, Qiu W (2015) The metabolomics of asthma control:
a promising link between genetics and disease. Immunity, inflammation and
disease.

70.

7

N

72.

73.

74.

75.

76.

7

~

78.

7

©

80.

81.

82.

Ibrahim B, Marsden P, Smith JA, Custovic A, Nilsson M, et al. (2013) Breath
metabolomic profiling by nuclear magnetic resonance spectroscopy in asthma.
Allergy 68: 1050-1056.

. Salmon JA, Higgs GA (1987) Prostaglandins and leukotrienes as inflammatory

mediators. Br Med Bull 43: 285-296.

Wenzel SE (1997) Arachidonic acid metabolites: mediators of inflammation in
asthma. Pharmacotherapy 17: 3S-12S.

Hammarstréom S (1983) Biosynthesis and metabolism of leukotrienes. Monogr
Allergy 18: 265-271.

Hammarstréom S (1983) Leukotrienes. Annu Rev Biochem 52: 355-377.

Drazen JM, Yandava CN, Dubé L, Szczerback N, Hippensteel R, et al. (1999)
Pharmacogenetic association between ALOX5 promoter genotype and the
response to anti-asthma treatment. Nat Genet 22: 168-170.

Drazen JM, Silverman EK, Lee TH (2000) Heterogeneity of therapeutic
responses in asthma. Br Med Bull 56: 1054-1070.

. Lima JJ (2007) Treatment heterogeneity in asthma: genetics of response to

leukotriene modifiers. Mol Diagn Ther 11: 97-104.

Collipp PJ, Chen SY, Sharma RK, Balachandar V, Maddaiah VT (1975)
Tryptophane metabolism in bronchial asthma. Ann Allergy 35: 153-158.

. Fernstrom JD (1983) Role of precursor availability in control of monoamine

biosynthesis in brain. Physiol Rev 63: 484-546.

Dirk T, Duerschmied D, Miller T, Grimm M, Reuter S, et al. (2013) Production
of serotonin by tryptophan hydroxylase 1 and release via platelets contribute to
allergic airway inflammation. Am J Respir Crit Care Med 187: 476-485.

Mao HQ, Morimoto K, Shirakawa T, Hopkin JM, Hashimoto T, et al. (1996)
Association between serotonin type 2 receptor (HTR2) and bronchial asthma in
humans. J Med Genet 33: 525.

Lechin F, van der Dijs B, Orozco B, Jara H, Rada |, et al. (1998) The serotonin
uptake-enhancing drug tianeptine suppresses asthmatic symptoms in children:
a double-blind, crossover, placebo-controlled study. J Clin Pharmacol 38: 918-
925.

J Pulm Respir Med
ISSN: 2161-105X JPRM, an open access journal

Volume 5 -« Issue 3 *1000267


http://www.ncbi.nlm.nih.gov/pubmed/24816252
http://www.ncbi.nlm.nih.gov/pubmed/24816252
http://www.ncbi.nlm.nih.gov/pubmed/15914545
http://www.ncbi.nlm.nih.gov/pubmed/15914545
http://www.ncbi.nlm.nih.gov/pubmed/15914545
http://www.ncbi.nlm.nih.gov/pubmed/24498130
http://www.ncbi.nlm.nih.gov/pubmed/24498130
http://www.ncbi.nlm.nih.gov/pubmed/24498130
http://www.ncbi.nlm.nih.gov/pubmed/24637147
http://www.ncbi.nlm.nih.gov/pubmed/24637147
http://www.ncbi.nlm.nih.gov/pubmed/24637147
http://www.ncbi.nlm.nih.gov/pubmed/24369803
http://www.ncbi.nlm.nih.gov/pubmed/24369803
http://www.ncbi.nlm.nih.gov/pubmed/24369803
http://www.ncbi.nlm.nih.gov/pubmed/24518246
http://www.ncbi.nlm.nih.gov/pubmed/24518246
http://www.ncbi.nlm.nih.gov/pubmed/24518246
http://www.ncbi.nlm.nih.gov/pubmed/25393672
http://www.ncbi.nlm.nih.gov/pubmed/25393672
http://www.ncbi.nlm.nih.gov/pubmed/25393672
http://www.ncbi.nlm.nih.gov/pubmed/23157191
http://www.ncbi.nlm.nih.gov/pubmed/23157191
http://www.ncbi.nlm.nih.gov/pubmed/23157191
http://www.ncbi.nlm.nih.gov/pubmed/23888905
http://www.ncbi.nlm.nih.gov/pubmed/23888905
http://www.ncbi.nlm.nih.gov/pubmed/23888905
http://www.ncbi.nlm.nih.gov/pubmed/2825898
http://www.ncbi.nlm.nih.gov/pubmed/2825898
http://www.ncbi.nlm.nih.gov/pubmed/9017783
http://www.ncbi.nlm.nih.gov/pubmed/9017783
http://www.ncbi.nlm.nih.gov/pubmed/6316129
http://www.ncbi.nlm.nih.gov/pubmed/6316129
http://www.ncbi.nlm.nih.gov/pubmed/6311078
http://www.ncbi.nlm.nih.gov/pubmed/10369259
http://www.ncbi.nlm.nih.gov/pubmed/10369259
http://www.ncbi.nlm.nih.gov/pubmed/10369259
http://www.ncbi.nlm.nih.gov/pubmed/11359637
http://www.ncbi.nlm.nih.gov/pubmed/11359637
http://www.ncbi.nlm.nih.gov/pubmed/17397245
http://www.ncbi.nlm.nih.gov/pubmed/17397245
http://www.ncbi.nlm.nih.gov/pubmed/1163858
http://www.ncbi.nlm.nih.gov/pubmed/1163858
http://www.ncbi.nlm.nih.gov/pubmed/6132421
http://www.ncbi.nlm.nih.gov/pubmed/6132421
http://www.ncbi.nlm.nih.gov/pubmed/23328530
http://www.ncbi.nlm.nih.gov/pubmed/23328530
http://www.ncbi.nlm.nih.gov/pubmed/23328530
http://www.ncbi.nlm.nih.gov/pubmed/8782058
http://www.ncbi.nlm.nih.gov/pubmed/8782058
http://www.ncbi.nlm.nih.gov/pubmed/8782058
http://www.ncbi.nlm.nih.gov/pubmed/9807972
http://www.ncbi.nlm.nih.gov/pubmed/9807972
http://www.ncbi.nlm.nih.gov/pubmed/9807972
http://www.ncbi.nlm.nih.gov/pubmed/9807972

	Corresponding author
	Abstract
	Keywords
	Introduction
	Metabolomics: A Missing but Crucial ‘omic’ to Identify Asthma Disease Pathways  
	The Generation and Analysis of Metabolomic Data
	Biofluids and sampling methods
	Common analytic methods for metabolomics data
	Review of Metabolomics Studies of Asthma  Asthma diagnosis and severity  
	Pathway-based asthma metabolomics 
	Limitations
	Clinical pharmacometabolomics-the future promise for asthma clinical care  

	Acknowledgements
	References

