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Abstract Metabolomic analysis of bronchoalveolar

lavage fluid (BALF) may help understand the pathophysi-

ology of pulmonary diseases such as asthma. However, a

major analytical challenge is that most metabolites in

BALF are in low abundance and further diluted by the

collection procedure. Here we report a sensitive meta-

bolomic profiling method based on 12C-/13C-differential

isotope dansylation that targets amine- and phenol-con-

taining metabolites, solid phase extraction for analyte

enrichment, and liquid chromatography Fourier transform

ion cyclotron resonance-mass spectrometry (LC–FTICR-

MS). This method detected 250 ion pairs or putative

metabolites in rat BALF and 36 of them were positively

identified. The majority were not reported in previous

studies using NMR or conventional LC–MS. The devel-

oped isotope labeling method was then applied to investi-

gate metabolomic changes in BALF samples from a model

of allergic asthma in rats. Statistical analysis of the resul-

tant data showed that there was distinct separation between

normal and inflamed rats. Metabolic pathway analysis

indicated that the arginine-proline metabolic pathway was

dysregulated in rats with experimental asthma.
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1 Introduction

Asthma is a global health problem that in 2010 affected

300 million people (Locksley 2010). It is a heterogeneous

syndrome with many clinical classifications. Allergic

asthma is the most common form, and allergic inflamma-

tion is an important pathophysiological feature, involving

several cell types including: epithelial cells, smooth muscle

cells, mast cells, dendritic cells, eosinophils, neutrophils,

macrophages and T and B lymphocytes (Galli et al. 2008).

However, the pathogenesis is incompletely understood and

there is no objective diagnostic biomarker of asthma in a

typical clinical setting (Adamko et al. 2012).

Bronchoalveolar lavage (BALF) is a procedure for

sampling the lumen of the respiratory tract using a bron-

choscope (Connett 2000; Reynolds 2000) and a saline wash

(Meyer 2004). BALF contains different cell types and a

variety of soluble substances, such as protein and small

molecule metabolites (Walters et al. 1996). Chemical

analysis of BALF may aid in diagnosis and in definition of

pathophysiological mechanisms of pulmonary disease, as

BALF is in close proximity to lung tissue, and thus likely

to be a better source of biomarker discovery than other

biofluids, such as urine and blood. Analysis of cells in

BALF can be useful in diagnosis of some pulmonary dis-

eases; however, it lacks sensitivity and specificity (Szefler

et al. 2012). Accordingly, there is interest and clinical need

for development of novel assays of BALF for pulmonary

diseases.

Electronic supplementary material The online version of this
article (doi:10.1007/s11306-014-0667-5) contains supplementary
material, which is available to authorized users.

J. Peng � R. Zhou � L. Li (&)

Department of Chemistry, University of Alberta, Edmonton, AB,

Canada

e-mail: Liang.Li@ualberta.ca

C. D. St. Laurent � A. D. Befus (&)

Department of Medicine, University of Alberta, Edmonton, AB,

Canada

e-mail: dean.befus@ualberta.ca

123

Metabolomics (2014) 10:1305–1317

DOI 10.1007/s11306-014-0667-5

http://dx.doi.org/10.1007/s11306-014-0667-5


Metabolomics seeks to study the complete set of small

molecule metabolites in a biological sample using a holistic

and unbiased approach. The metabolome measurement can

provide a functional readout of the physiological and patho-

physiological state and has potential to identify novel bio-

markers and help to understand molecular mechanisms of

disease (Atzei et al. 2011; Kominsky et al. 2010). Metabolo-

mic profiling of urine and breath samples has been used to

investigate asthma (Saude et al. 2009, 2011; Carraro et al.

2007), but until recently metabolomic profiling of BALF has

not been widely used. The metabolite level in BALF can be

relatively low compared with blood or urine and presents an

analytical challenge (Serkova et al. 2008; Walters et al. 1996).

A few metabolomics studies of BALF have been reported in

humans (Wolak et al. 2009), mice (Hu et al. 2008), and rats

(Azmi et al. 2005) and most studies used NMR spectroscopy, a

relatively insensitive method with limited metabolome cov-

erage. Gas chromatography MS (GC–MS) was applied to

analyze BALF from human infants (Fabiano et al. 2012) and

more recently, GC–MS along with LC–MS was used to ana-

lyze BALF in allergic airways inflammation in mice and

revealed novel changes in lung metabolic pathways as com-

pared with normal controls (Ho et al. 2013). However, using

both positive and negative ion modes of conventional LC–

MS, this work only detected about 300 features in BALF,

compared to thousands of features in urine or serum/plasma

samples. Moreover, \20 % of detected features are actually

from unique metabolites in LC–MS analysis of biofluids

(Jankevics et al. 2012). Clearly, there is a need to develop a

more sensitive LC–MS technique for metabolome profiling of

BALF samples with greater metabolome coverage.

We recently developed a differential 12C-/13C-dansyla-

tion isotope labeling LC–FTICR-MS method for profiling

metabolites containing primary, secondary amine or phenol

groups (Guo and Li 2009). This method can enhance sensi-

tivity by 1–3 orders of magnitude and improve quantification

precision using 13C isotopic global internal standards. It has

been used in metabolic profiling of a variety of biological

samples to discover potential metabolite biomarkers and

cellular metabolomics (Zheng et al. 2012; Wu and Li 2013).

Here we report a method based on dansyl-labeling LC–MS

for metabolomic profiling of rat BALF samples and apply

this to investigate experimental allergic asthma in rats.

2 Materials and methods

2.1 Chemicals and reagents

All the chemicals and reagents, unless otherwise stated,

were purchased from Sigma-Aldrich Canada (Markham,

ON, Canada). For dansylation labeling reactions, the

12C-labeling reagents were from Sigma-Aldrich and the
13C-labeling reagents were synthesized in our lab using the

procedures published previously (Guo and Li 2009). LC–

MS grade water, methanol, and acetonitrile (ACN) were

purchased from ThermoFisher Scientific (Nepean, ON,

Canada).

2.2 Rat model and sample collection

We used a widely studied rat model of allergic asthma

known to induce IgE and IgG antibodies and both neu-

trophilia and eosinophilia (Elwood et al. 1991; Waserman

et al. 1992; Haczku et al. 1994). Male 10-week old Brown

Norway rats (Harlan Sprague-Dawley, Indianapolis, IN)

were housed in the Health Sciences Laboratory Animal

Services (University of Alberta, Edmonton, Alberta, Can-

ada), on a 12-h light–dark cycle, with access to food and

water ad libitum. The animals were rested for a minimum

of 1 week after arrival before experimentation. Rats were

sensitized to ovalbumin (OA) with an intraperitoneal

injection of 10 lg OA, 50 ng pertussis toxin, and 150 mg

aluminum hydroxide (a protocol optimized for sensitiza-

tion and IgE production) (Dery et al. 2004). On d 21 rats

were challenged for 5 min with a 5 % OA solution or

saline using a Micro Mist nebulizer (Hudson RCI, Durham,

NC). This work was approved by the University of Alberta

Health Sciences Animal Policy and Welfare Committee in

accordance with guidelines of the Canadian Council on

Animal Care.

To minimize day-to-day variation, all animal experi-

ments were conducted by a single investigator using stan-

dardized methods. 24 h following OA challenge, rats were

euthanized, the trachea was cannulated with polyethylene

tubing and 5 mL of ice-cold phosphate buffered saline

(PBS) was instilled into the airways and the lungs were

gently massaged. The PBS was aspirated into ice-cold

polypropylene tubes and the 5 mL instillation and removal

was repeated six times. For the first 5 mL instillation,

2–2.5 mL was recovered, kept separate and following cell

collection by centrifugation (see below), the fluid was

stored in a -80 �C freezer to be used for metabolomic

analysis. The remaining BALF collected (on average

23 mL of 25 mL instilled) was centrifuged for 5 min at

3009g to pellet the cells, combined with cell pellets from

the initial 2 mL, resuspended in PBS, and cell viability

([95 %) determined by trypan blue exclusion. The cells

were counted and cell smears were prepared using a

Cytospin (Thermo Fisher Scientific). Cell differentials

(minimum of 300 cells assessed) were determined fol-

lowing staining with PROTOCOL Hema 3 staining system

(Thermo Fisher Scientific).
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2.3 BALF sample preparation

Figure 1 shows the workflow for sample preparation and

LC–MS analysis. A pooled sample was generated from

aliquots of 36 rat BALF samples (from the 36 rats listed

above, both control and inflamed rats). 50 lL of each of 36

rat samples was 12C-dansylation labeled (see next section).

50 lL of the pooled sample was 13C-dansylation labeled.

After they were combined, the mixture was run through

solid phase extraction (SPE Oasis HLB cartridge, Waters

Limited, Mississauga, Ontario, Canada). The SPE cartridge

was first conditioned with methanol, then equilibrated with

water and after the sample was loaded, the cartridge was

washed with water to remove the salts. The sample was

eluted with ACN and the eluate was concentrated 10.5

times using a SpeedVac and was injected into LC–MS.

A 50 lL aliquot of the pooled sample that was 12C-

dansylation labeled was mixed with a 50 lL aliquot of the

pooled sample that was 13C-dansylation labeled. This mix-

ture was used as a quality control (QC) sample. It was run

through SPE, followed by analyte enrichment, just as in the

case of a sample mixture. There were four QC samples

prepared in this way. Each QC sample was injected twice.

Thus, there were a total of 8 QC injections. Each QC

injection was followed by 5 sample injections except the last

batch with 6 sample injections for a total of 36 samples.

2.4 Dansylation labeling

All the dansylation labeling reactions for rat BALF sam-

ples were adapted from our previous report (Guo and Li

2009). Briefly, 50 lL of the sample was mixed with 50 lL

sodium carbonate/sodium bicarbonate buffer (0.5 mol/L,

pH 9.5) in reaction vials. 50 lL of freshly prepared 12C

dansyl chloride solution (20 mg/mL) was added to each of

individual sample for light labeling. 50 lL of 13C-dansyl

chloride solution (20 mg/mL) was then added to each

pooled sample for heavy labeling. The dansylation reaction

was performed in an Innova-4000 bench top incubator

shaker (New Brunswick Scientific, Enfield, CT, USA) at

60 �C for 60 min. Finally, 10 lL of a 250 mM sodium

hydroxide solution was added to quench the reaction.

2.5 Sample preparation for method development

Pooled normal rat BALF was split into two identical ali-

quots of 100 lL. One aliquot was 12C-dansylation labeled

and the other aliquot was 13C-dansylation labeled. They

were combined into one vial. After adjusting pH to 3, the

mixture was run through SPE. For the absolute quantifi-

cation, one aliquot of pooled normal rat BALF sample was
12C-dansylation labeled and then spiked with a fixed

amount of authentic standard which was 13C-dansylation

labeled. Calibration was prepared by using a series of

concentrations of a mixture of authentic standards, which

were 12C-dansylation labeled. They were spiked into the

fixed amount of authentic standard, which was 13C-

dansylation labeled.

2.6 LC–MS

An Agilent 1100 series binary system (Agilent, Palo Alto,

CA) and an Agilent reversed-phase Eclipse plus C18 column

(2.1 mm 9 100 mm, 1.8 lm particle size, 95 A pore size)

were used for LC–MS. LC solvent A was 0.1 % (v/v) LC–

MS grade formic acid in 5 % (v/v) LC–MS grade ACN, and

solvent B was 0.1 % (v/v) LC–MS grade formic acid in LC–

MS grade ACN. The gradient elution profile was as follows:

t = 0 min, 20 % B; t = 3.0 min, 35 % B; t = 16 min,

65 % B; t = 18.6 min, 95 % B; t = 21 min, 95 % B; t =

21.3 min, 98 % B; t = 23.0 min, 98 % B; t = 24.0 min,

20 % B. The flow rate was 150 lL/min. The flow from RPLC

was split 1:2 and a 50 lL/min flow was loaded to the elec-

trospray ionization (ESI) source of a Bruker 9.4 Tesla Apex-

Qe Fourier transform ion-cyclotron resonance (FTICR) mass

spectrometer (Bruker, Billerica, MA, USA), while the rest of

the flow was delivered to waste. All MS spectra were

obtained in the positive ion mode.

The same LC equipment with the same LC running

conditions was connected with QTRAP 2000 quadrupole

A pooled rat BALF sample 
from combining aliquots of 
36 rat samples (50 µL each)

Quality 
control 
sample

Individual rat BALF samples, 
including 18 control rats &18 
inflamed rats (50 µL each)

12C-dansylation 
labeling

13C-dansylation 
labeling

mixing

12C-dansylation 
labeling

mixing

LC-FTICR-MS; 
Peak-pair picking; 
Peak-ratio calc.;
Statistics analysis; 
Metabolite ID

Concentration 
by SpeedVac

Solid phase 
extraction

Fig. 1 Experimental workflow of isotope labeling LC–MS for

comparative metabolomics between 18 control rats (naive [n = 9]

pooled with sensitized but saline challenged, n = 9) and 18 sensitized

rats challenged with aerosolized ovalbumin (inflamed). The pooled

BALF sample was generated from aliquots of 36 rat BALF samples

and used as a global internal standard
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linear trap mass spectrometer (AB Sciex, Concord, ON,

Canada) to do the absolute quantification work.

2.7 Data analysis

An integrated approach was used to do the automated data

preprocessing. The XCMS software (Smith et al. 2006) was

used for peak picking from the LC–MS data. An in-house

written R program was used to find 12C-/13C-dansyl labeled

peak pairs based on the mass difference of 2.00671 Da of

isotopic pairs and the mass accuracy tolerance of 2 ppm.

The relative ion intensity of 12C-labeled/13C-labeled pairs

was calculated. The redundant peaks of each metabolite,

such as natural isotopic peaks, sodium/potassium/ammonia

adduct peaks, doubly or triply charged peaks, and dimer

peaks, were automatically removed by the program.

Multivariate statistical analysis was carried out using

SIMCA-P? 11.5 (Umetrics AB, Umea, Sweden). PCA,

partial least squares discriminant analysis (PLS-DA) and

orthogonal projections to latent structures discriminant

analysis (OPLS-DA) were used to analyze the data. One

hundred permutation tests, built in SIMCA-P, were used to

conduct cross validation for the OPLS-DA model. A list of

top important metabolites which contributed most to the

model was generated from the variable importance of the

projection (VIP) plot. There were 48 metabolites with VIP

score of greater than 1.0. Among them, 44 metabolites

were also found in the PLS-DA model (Supplemental

Table T1). A web-based software Metaboanalyst (Xia et al.

2009) was used to construct the heat map using hierarchical

clustering method, and to perform the t test, calculate the

P-value and fold change for individual metabolites. Cor-

relations between the important metabolites and inflam-

matory cells were calculated using Pearson’s correlation

analysis built in Metaboanalyst 2.0.

2.8 Metabolite identification

The potential metabolite biomarkers were selected based

on their rank in VIP value in the OPLS-DA model, P-

value, and fold changes. Each metabolite had its retention

time and accurate mass information. Mass of the un-

derivatized metabolites was obtained by subtracting the

measured mass of the dansylation labeled metabolite from

the dansyl group. The MycompoundID program (Li et al.

2013) was used to search the accurate mass within the

human metabolome database (Wishart et al. 2009) with a

mass accuracy tolerance of 5 ppm. The metabolite markers

were definitively identified if they were matched with the

retention time and accurate mass of authentic standards

under the same experimental conditions. The matched

metabolites were deemed to be putatively identified if their

authentic standards were not available.

2.9 Metabolic pathway analysis

The construction and analysis of metabolic pathways of

potential biomarkers was performed using a web-based

tool, MetPA (Xia and Wishart 2010) that was associated

with Metaboanalyst 2.0 software (http://metpa.metabo

lomics.ca/MetPA/). MetPA combines advanced pathway

enrichment analysis along with analysis of pathway topo-

logical characteristics to identify and visualize the most

relevant metabolic pathways.

3 Results and discussion

3.1 Method development

Dansylation labeling can improve the detection of amine-

and phenol-containing metabolites (Guo and Li 2009).

Initially we applied dansylation labeling to the rat BALF

samples directly, followed by injection into LC–MS, as we

would do for other biofluids, such as urine. However, few

peaks were detected in the ion chromatogram (see Fig. 2a).
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Fig. 2 Base-peak ion chromatograms obtained a without SPE and

analyte concentration and b with SPE and analyte concentration
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The earlier elution peaks were from the quenched labeling

reagent, dansyl hydroxide, and the intense peak at around

19 min was from an unknown impurity with m/z 266.0833;

the mass spectra of this peak only shows a single peak, not

peak pair. Low metabolite detectability is due to low

concentrations of metabolites in BALF collected using a

washing procedure. Because of high concentrations of

sodium phosphate buffer and salts, it was not feasible to

use solvent evaporation to concentrate the metabolites. To

overcome this challenge, we developed an analytical

strategy using reversed phase SPE to remove high con-

centrations of buffer, salts and other impurities after

dansylation labeling of the metabolites. The SPE eluate

was concentrated before injecting into LC–MS. A 10.5 fold

increase in analyte concentration was achieved while

removing salt interference in LC–MS.

Figure 2b shows the ion chromatogram of normal rat

BALF obtained using dansyl labeling, SPE and LC–MS.

About 250 unique peak pairs were detected, most probably

corresponding to 250 different metabolites containing pri-

mary, secondary amine or phenol groups. While applying

SPE for analyte concentration is straightforward, the pH of

the samples should be controlled to generate reproducible

results. We studied the effect of different pH of the samples

before loading into the SPE cartridge, and found that pH 3

was the best condition compared with pH 7 and pH 10

(Supplemental Figure S1). At pH 10, about 200 peak pairs

were detected and 50 of them were different from the 250

peak pairs found at pH 3. While it is possible to expand the

metabolite coverage by combining the results from differ-

ent SPE fractions, sample consumption and analysis time

would increase, and thus in this particular work only the pH

3 fraction was analyzed.

3.2 Metabolite identification and absolute

concentrations

Among the 250 peak pairs detected, we identified 36

metabolites based on matching mass and retention time

with their authentic standards; our current standard library

contains 296 metabolites. Supplemental Table T2 shows

the list of metabolites positively identified. The majority of

them were not identified by previous NMR study of rat

BALF samples (Azmi et al. 2005) and mouse BALF

samples using LC–MS (Ho et al. 2013).

There are no reports on the absolute quantification of

metabolites in rat BALF samples. To fill this knowledge

gap, we developed a scheduled multiple reaction moni-

toring (MRM) method using QTRAP mass spectrometry to

quantify some of the metabolites in normal rat BALF

samples. Supplemental Figure S2 shows the ion chro-

matogram for quantification of 24 metabolites in rat BALF

using the MRM method. These 24 metabolites were

selected after considering the 36 metabolites identified in

BALF and others arbitrarily chosen from our compound

library. We validated the internal standard method by

comparing the results obtained with the standard addition

method for two metabolites, glycine and alanine. Supple-

mental Table T3 shows results obtained by the two meth-

ods; quantitative results were essentially the same. This is

not surprising, as we used SPE in our LC–MS quantitative

analysis that would minimize the matrix effect in analyte

quantification. Supplemental Table T4 lists the information

on the absolute concentrations of 24 metabolites in normal

rat BALF. The concentrations of 15 metabolites range from

6.7 nM to 3.93 lM, whereas concentrations of the other 9

metabolites are below the limit of quantification (50 nM

except 5 nM for cresol). These results indicate that

metabolite concentrations in BALF are very low, present-

ing a major detection challenge to conventional metabo-

lome profiling techniques such as NMR and LC–MS.

However, dansyl labeling LC–MS can provide a means of

detecting many amine- and phenol-containing metabolites

in BALF. Note that, using the QTRAP2000 mass spec-

trometer which is not very sensitive, compared to the latest

model, the 9 metabolites could not be detected using the

MRM method. However, they were detectable in the full

scan mode of the more sensitive FT-ICR-MS instrument.

3.3 Comparative metabolome analysis

between inflamed rats and control rats

A total of 36 rats were used, including: 18 inflamed rats

sensitized with OA and challenged with aerosolized OA,

and 18 control rats comprised of 9 naı̈ve rats and 9 rats

sensitized with OA but challenged with saline, not OA.

Cell counts and differential analysis established that naı̈ve

rats and rats sensitized with OA but challenged with saline

had similar cell profiles in BALF. In these experiments,

rats not sensitized to OA but challenged with saline were

not studied, as earlier investigations by ourselves and

others have shown that this protocol does not induce

inflammatory responses in BALF (Schuster et al. 2000;

Maghni et al. 2000).

We have developed a workflow (Fig. 1) that incorpo-

rated SPE in sample handling for differential isotope

labeling of amine- and phenol-containing metabolites of

BALF samples. During the data collection, a QC sample

(see Fig. 1) was used to confirm if the analytical perfor-

mance was robust. Figure 3a shows the PCA plot of the

individual rat samples as well as the QC samples. All QC

sample injections (8 injections in total from four QC

samples) were tightly clustered (labeled as black dots in

Fig. 3a). This indicates that overall technical variation was

small. PCA is an unsupervised model, which can provide

an overview of the dataset revealing general trends,

BALF metabolomics and experimental asthma 1309
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clustering and outliers. Figure 3a shows that there was no

obvious separation between 9 naı̈ve rats (labeled as red

triangles) and 9 rats sensitized with OA, challenged with

saline (labeled as blue diamonds). This data also estab-

lished that the use of pertussis toxin and aluminum

hydroxide as adjuvants for OA immunization did not sig-

nificantly alter the base metabolome profile in BALF. In

contrast, there is clear separation between 18 inflamed rats

(all labeled as green squares) and 18 control rats. In this

PCA model, R2X (cum) = 0.49, Q2 (cum) = 0.39.

OPLS-DA, a supervised model, was used to maximize

the separation and enhance model visualization and inter-

pretation. Figure 3b is the score plot of OPLS-DA showing

that there was distinct separation between 18 control rats

(red triangles) and 18 inflamed rats (green squares). In this

OPLS-DA model, R2X (cum) = 0.59, R2Y (cum) = 0.98,
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Fig. 3 a Score plot of PCA

showing some separation

between 9 naı̈ve rats (red

triangles), 9 rats sensitized but

saline challenged (blue

diamonds), and 18 inflamed rats

(green squares); black dots

were from 8 injections of the

quality control sample. b Score

plot of OPLS-DA showing

distinct separation between 18

control rats (red triangles) and

18 inflamed rats (green squares)

(Color figure online)

1310 J. Peng et al.

123



Q2 (cum) = 0.91. Since OPLS-DA is prone to overfitting,

we did cross validation using the 100 permutation test. The

validation plot shown in Supplemental Figure S3 indicates

that the original model was valid, as the Q2 regression line

has a negative intercept and all permutated R2 and Q2

values to the left are lower than the original point to the

right.

HCA is another unsupervised chemometrics method. A

dendrogram was generated to see the hierarchical structure

of all samples and a heat map was constructed to visualize

the intensities of individual metabolites. Figure 4 shows

the heat map of metabolomic profiles between 18 control

rats and 18 inflamed rats, using intensity information of the

top 25 metabolites (selected based on their P value in the

Fig. 4 Heat map generated by the hierarchical clustering method.

The rows are individual rat samples and the columns are the top 25

important metabolites selected on the basis of their P values in a

t-test. For those metabolites that are definitely or putatively identified,

their name is given, and for those not identified, their accurate mass is

provided on the x axis. All 18 control rats are clustered together at the

bottom half labeled with red and all 18 inflamed rats are clustered

together at the top half labeled with green (Color figure online)
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t-test). All 18 control rats cluster at the bottom and all 18

inflamed rats cluster at the top of the heat map, consistent

with the PCA and OPLS-DA results.

We also did the PCA and HCA analysis only using 9

naı̈ve rats and 9 rats sensitized, challenged with saline (see

Supplemental Figures S4 and S5). There is no clear met-

abolomic difference between the two subgroups.

3.4 Metabolite biomarkers and pathway analysis

Among the most significant metabolites, we definitively

identified 11 metabolites based on matching retention time

and accurate mass with their authentic standards under the

same experimental conditions. We also putatively identi-

fied 2 metabolites based on accurate mass matches alone,

which were not validated since their authentic standards

were not commercially available. The list of the top

important metabolites identified includes: arginine, proline,

hydroxyproline, ammonia, 4-hydroxybenzaldehyde, aspar-

agine, valine, alanine, threonine, 2-phenylglycine, xan-

thine, formamide, and 4-aminobutanal (Table 1). Most of

these metabolites were up-regulated in inflamed rats and

only one metabolite, xanthine was down-regulated in

inflamed rats. T-tests for these 13 metabolites showed that

their concentrations were significantly different between

the groups. The fold changes of these metabolites are also

distinct, ranging from 1.8 to 5.3.

Metabolic pathway analysis was used to determine if

these metabolites are related to specific metabolic path-

ways. The web-based tool, MetPA, combines powerful

pathway enrichment analysis with pathway topology ana-

lysis to help identify the most relevant pathways. Pathway

topology particularly takes into account that centered

positions of a network will have a bigger impact in that

pathway than marginal or relatively isolated positions.

Applying MetPA to our data indicates that it is highly

probable that the arginine-proline pathway was dysregu-

lated in allergic inflammation in the lung. Figure 5 shows

the perturbed arginine-proline pathway, where five dys-

regulated metabolites including arginine, proline,

hydroxyproline, ammonia, and 4-aminobutanal are high-

lighted in red.

3.5 Cell count analysis and its potential relevance

to metabolomic profiling

Although the rats are inbred and we used rigorously

standardized methods, there was variability among the

inflamed rats in the PCA model and separation in two

subgroups, we arbitrarily labeled low and high inflam-

mation (Fig. 3a). The heat map (Fig. 4) also identified

these two clusters in the inflamed rats; the top 7 samples

in one subgroup and the bottom 11 samples in another

subgroup. The separation of individual animals in the

heat map fully aligned with the subgroup separation in

PCA in the inflamed rats. We then tested if there was

correlation between metabolomic profiles and inflamma-

tory cell numbers in BALF samples, total cell counts and

differential cell analysis including eosinophils, neutro-

phils, and macrophages (Table 2; Supplemental Tables

T5 and 6).

Figure 6 shows comparisons among the total leucocyte

numbers, neutrophils, eosinophils and macrophages in

BALF from control rats and OA challenged, sensitized rats

in the low and high inflammation subgroups. For all panels

(a–d) the cell numbers in both the low and high

Table 1 Metabolites dysregulated in a rat model of allergic airways inflammation

Metabolites RT

(min)

Mass

dansylated

Mass

underivatized

Mass accuracy

(ppm)

T test

(P value)

Fold

change

VIP

score

Remarks

Valine 11.93 351.13762 117.07929 2.30 1.50E-02 3.4 1.70 Definitive

4-Aminobutanal 13.22 321.12693 87.06861 2.20 1.68E-06 3.2 1.40 Putative

4-Hydroxybenzaldehyde 24.63 356.09566 122.03734 4.55 1.50E-03 4.4 1.35 Definitive

2-Phenylglycine 16.92 385.12207 151.06374 2.73 5.00E-03 3.3 1.34 Definitive

Formamide 11.43 279.07984 45.02151 1.06 1.90E-04 5.3 1.30 Putative

Asparagine 4.51 366.11206 132.05373 1.80 3.20E-04 4.1 1.29 Definitive

Proline 13.59 349.12183 115.06351 1.56 3.50E-05 2.7 1.23 Definitive

Hydroxyproline 7.49 365.11675 131.05842 1.35 6.80E-03 2.4 1.19 Definitive

Alanine 10.37 323.10616 89.04783 1.72 8.30E-05 2.6 1.19 Definitive

Threonine 8.14 353.11676 119.05843 1.56 1.40E-05 2.4 1.17 Definitive

Xanthine 11.99 386.09198 152.03365 1.50 1.60E-03 -3.9 1.11 Definitive

Arginine 3.61 408.17033 174.11200 1.86 4.00E-03 2.3 1.10 Definitive

Ammonia 8.22 251.08482 17.02650 3.00 1.80E-02 1.8 1.10 Definitive
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inflammation groups are statistically different than the

numbers in the control group (P \ 0.001). For the total

leucocyte numbers (a) and the neutrophils (b) the differ-

ences between the low and high inflammation groups are

statistically significant (P \ 0.001), whereas for eosino-

phils and macrophages, there is no significant difference.

Thus the overall metabolomic profile of BALF (Figs. 3a, 4)

in this rat model of allergic inflammation is associated with

the influx of neutrophils rather than eosinophils or mac-

rophages. Pearson correlation analysis was used to identify

if there is correlation between individual metabolites and

the numbers of infiltrating leucocytes. Table 2 shows that

among the 13 most significant metabolites there are 12

metabolites (excluding xanthine with a moderate negative

correlation) with a strong positive correlation to neutro-

phils numbers (correlation coefficients from 0.546 to

0.911). There is very weak correlation between individual

metabolites and macrophage numbers. Supplemental Table

T6 shows the correlation coefficients of levels of individual

metabolites compared to the percentages of leucocytes.

Twelve of the metabolites have a strong positive correla-

tion (one a negative correlation) with the percentage of

neutrophils. There are 8 metabolites with a moderate

positive correlation with the percentage of eosinophils and

13 metabolites with a strong negative correlation with the

percentage of macrophages.

Fig. 5 Arginine-proline

metabolic pathway with five

metabolites, arginine, proline,

ammonia, hydroxyproline, and

4-aminobutanal, found to be

dysregulated by metabolomic

analysis (highlighted in red) in

the rat model of asthma (KEGG

entry number is given for each

metabolite) (Color figure

online)

Table 2 Pearson correlation

coefficients comparing

metabolite levels and leucocyte

numbers in bronchoalveolar

lavage fluids

Moderate correlations are

values of -0.5 to -0.3

(negative correlations) or

0.3–0.5; strong correlations are

values of -1.0 to -0.5

(negative correlations) or strong

correlations 0.5–1

NS no significant correlation

Metabolite Total cell number Eosinophils Neutrophils Macrophages

Formamide 0.88 NS 0.911 0.479

Proline 0.85 0.334 0.883 0.424

Ammonia 0.799 0.626 0.79 NS

Threonine 0.793 NS 0.84 NS

4-Aminobutanal 0.751 0.482 0.73 0.398

Valine 0.719 0.448 0.64 0.535

Alanine 0.711 0.446 0.716 NS

2-Phenylglycine 0.676 0.528 0.583 0.484

Arginine 0.641 0.485 0.6 0.343

Hydroxyproline 0.638 0.57 0.607 NS

Asparagine 0.637 0.44 0.613 NS

4-Hydroxybenzaldehyde 0.608 0.366 0.546 0.446

Xanthine -0.423 -0.343 -0.386 NS
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3.6 Discussion

Our first objective was to develop a metabolomic profiling

method for rat BALF samples using dansylation isotopic

labeling LC–MS that would allow the detection of many

amine- and phenol-containing metabolites. Metabolites in

this sub-metabolome are key components of several met-

abolic pathways. The dansyl labeling LC–MS method has

been successfully applied for comprehensive metabolomic

profiling of urine, cerebral spinal fluid, saliva, and cell

extracts (Guo and Li 2009; Guo et al. 2011; Zheng et al.

2012; Wu and Li 2013; Wu et al. 2013). However, the

typical dansyl labeling LC–MS protocol encountered dif-

ficulties with rat BALF samples containing phosphate

saline buffer that caused ion suppression and metabolite

dilution. Accordingly, we used SPE for sample cleanup and

analyte enrichment prior to injection of the labeled samples

into LC–MS.

There are several advantages of this workflow. Firstly,

SPE after dansylation labeling can minimize sample loss,

as the labeled metabolites have a higher hydrophobicity

than their unlabeled counterparts and are more readily

retained on the reversed phase SPE cartridge. Secondly,

quantification accuracy and precision are improved by

spiking 13C-dansyl standards or internal control (i.e.,

pooled sample) into the 12C-dansyl labeled sample before

running SPE and concentrating the eluate. Thirdly, dansyl

labeling improves sensitivity, allowing the detection of

metabolites in nM concentrations, thus increasing the me-

tabolome coverage. A previous NMR study of rat BALF

showed small numbers of peaks detected in the NMR

spectra with about 20 metabolites identified. In a recent

study of BALF from mice 300 peaks were detected by LC–

MS using both positive and negative ion modes. It has been

estimated that [80 % of the peaks detected in LC–MS

analysis of biofluids such as serum and urine are not related

to the signals of metabolites and \20 % of those peaks

could be assigned to unique metabolites (Jankevics et al.

2012). Thus, conventional LC–MS is not sufficiently sen-

sitive to detect many metabolites in BALF. We detected

250 peak pairs or putative metabolites in rat BALF and

identified 36 metabolites using authentic standards. We

determined that the absolute concentrations of 15 metab-

olites ranged from 6.7 nM to 3.93 lM; another 9 metab-

olites were below the limit of quantification using the

QTrap instrument (50 nM except 5 nM for cresol).

In addition to improved detectability, differential iso-

tope labeling allows quantitative metabolomic profiling to

reveal metabolic changes with high accuracy and precision.

We used a pooled BALF sample labeled with 13C-dansyl

chloride as a control to compare the metabolite concen-

tration changes among all the individual samples that were

labeled separately with 12C-dansyl chloride. The peak

intensity ratio of the 12C-/13C-peak pair from a metabolite

reflects the concentration of the metabolite in a sample

relative to the control or pooled sample. As the same

(A) Total cell

(B) Neutrophils

(C) Eosinophils

(D) Macrophages

Fig. 6 Cell numbers (mean ± SD) in bronchoalveolar lavage fluids

from control rats (n = 18, naive [n = 9] pooled with sensitized but

saline challenged, n = 9) and sensitized rats challenged with

aerosolized ovalbumin (n = 18). The sensitized, ovalbumin chal-

lenged rats are separated into two subgroups, low and high

inflammation, based on metabolomic profiles (see text). a Total

leucocyte numbers, b neutrophils, c eosinophils, and d macrophages;

the P values between ‘‘low inflammation’’ and ‘‘high inflammation’’

subgroups are indicated, and also P values between control groups

and ‘‘low inflammation’’ or ‘‘high inflammation’’ subgroups are

indicated
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control or pooled sample was used, the peak intensity ratios

of a given peak pair determined in different samples could

be used to gauge the relative concentration differences

among these samples. These ratios from individual samples

were analyzed by PCA and other statistics or chemometrics

tools to determine the metabolomic variations between 18

control rats and 18 rats with airways inflammation.

Urine samples from human adults with asthma (Saude

et al. 2011), children with asthma (Mattarucchi et al. 2012),

and a guinea pig model of asthma (Saude et al. 2009) have

been used to conduct metabolomic profiling and search for

metabolite biomarkers of asthma. Urine metabolomics

showed great potential for developing a noninvasive tool

for diagnosis of asthma. However, urine might not directly

reflect the pathophysiological status of lung tissue, the

location of allergic inflammation. By contrast, BALF is a

washing from the lumen of the lung, and studying the

BALF metabolome is likely to better reflect the meta-

bolomic changes associated with the pathophysiology of

asthma. Indeed, using BALF from a strongly eosinophilic

model of experimental asthma in the mouse, Ho et al.

identified alterations in energy, amino acid and lipid

metabolism in the lung (Ho et al. 2013). Previous urine

studies identified some potential biomarkers associated

with asthma, however, they did not report any dysregulated

metabolic pathways. We established that the arginine-

proline metabolic pathway was likely dysregulated in our

rat model of allergic airways inflammation. None of those

metabolites in arginine-proline pathway were reported in

previous urine studies, and the mouse BALF study reported

only 2-oxoargine, one of metabolites in arginine-proline

pathway was affected by dexamethasone treatment used in

human asthma. Our method has limitations as it targets

metabolites containing primary, secondary, or phenol

groups, but does not detect metabolites such as carbohy-

drate, lipid, sterol or organic acids, which were detected by

GC–MS (Ho et al. 2013). Our lab is currently developing

other isotope labeling LC methods to target those

metabolites.

Various rat and mouse models of experimental asthma

differ in the immunization protocols for OA, and often,

perhaps most importantly, in the challenge protocols with

aerosolized OA (e.g., d 21, 5 min, 5 % exposure in the rat;

d 22, 23 and 24, 30 min, 1 % exposures in the mouse

(Cheng et al. 2011). In our studies of sensitized rats fol-

lowing OA challenge, there is prominent neutrophilia in

BALF (*19 %), as well as a modest eosinophilia

(*3.7 %) and an increased number of macrophages as

identified by several other workers (Elwood et al. 1991;

Haczku et al. 1994; Schuster et al. 2000), whereas in the

mouse model there is a prominent eosinophilia ([50 %)

and only a modest neutrophilia (\5 %) (Ho et al. 2013).

These distinct inflammatory cell infiltrates in the two

models, as well as the number and duration of OA chal-

lenges, likely contribute to differences in lung metabolism

seen. The pronounced neutrophilia in the rat is strongly

associated with the metabolomic profile and several indi-

vidual metabolites, whereas the lower eosinophilia is not

associated with the overall metabolomic profile, but is

moderately associated with 8 of 13 individual metabolites.

Arginine is an important metabolite of the urea cycle

that can be metabolized into urea and ornithine by the

enzyme arginase (King et al. 2004). Ornithine can serve as

a substrate for ornithine decarboxylase, leading to down-

stream proline. Hydroxyproline is a product of proline

hydrolyzed by 4-hydroxylase. Both proline and hydroxy-

proline are required for collagen synthesis, which is asso-

ciated with pulmonary fibrosis (Ou et al. 2008; Zeki et al.

2010). Ornithine can also be a substrate for ornithine

aminotransferase, which synthesizes polyamines such as

putrescine. 4-Aminobutanal is a metabolite of putrescine

using diamine oxidase. Polyamines and their metabolites

may be involved in promotion of cell proliferation and

differentiation (Benson et al. 2011). Therefore, our meta-

bolomics data suggest that the arginine-proline metabolic

pathway might play an important role in the pathogenesis

of allergic asthma. Indeed, there is considerable evidence

that dysregulated arginase and altered arginine metabolism

are associated with asthma (Zimmermann et al. 2003; Lara

et al. 2008). One of the earliest studies using global

microarray analysis found that arginase isoforms I and II

were dysregulated in lung samples from a mouse model of

asthma (Zimmermann et al. 2003; King et al. 2004).

Arginase expression was induced in the mouse model, as

well as in humans with asthma. Arginase is mainly

responsible for regulating arginine metabolism into urea

and ornithine as well as downstream metabolites, such as

putrescine, proline and hyroxyproline. Therefore our un-

targeted metabolomics data helps validate previous studies

suggesting the importance of the arginine-proline meta-

bolic pathway in the pathogenesis of asthma. Further

studies are warranted to investigate the role of enzymes

other than arginase in this metabolic pathway.

We identified that xanthine, an intermediate in the

degradation of adenosine monophosphate to uric acid, was

downregulated in allergic asthma. Although it is unclear

whether it is associated with pathogenesis of asthma, it has

been reported that xanthine could be used as a broncho-

dilator to treat asthma (Seddon et al. 2006).

Our metabolomic profiling of the rat model of allergic

inflammation is associated with the influx of inflammatory

cells into the airways, especially neutrophils and to a lesser

extent eosinophils. Although eosinophilic airway inflam-

mation is one pathological hallmark in allergic inflamma-

tion (Kamath et al. 2005), it does not explain the diversity

of phenotypes of asthma in humans, and increased numbers
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of neutrophils are associated with some severe asthma

(Wenzel 2012). Given that proline and hydroxyproline

dysregulation is associated with collagen deposition, the

perturbed arginine-proline metabolic pathway we identified

may be associated with neutrophil activation and function.

However, several other cell types can be associated with

collagen metabolism and the arginine-proline pathway and

further study is needed to elucidate the relationship

between the metabolomic profile of BALF and inflamma-

tory cell numbers and their activities.

4 Concluding remarks

We have developed a new LC–MS method for analyzing

the metabolome of rat BALF with much improved sensi-

tivity. This method is based on differential 12C/13C dansyl

labeling of BALF metabolites, SPE for analyte concen-

tration, and LC–FTICR-MS for analysis. Dansylation

selectively labels the amine- and phenol-containing

metabolites and improves their separation in RPLC and

detection in ESI–MS. We detected 250 peak pairs or

putative metabolites in rat BALF, among which we could

identify 36 metabolites. We applied this method to analyze

the BALF metabolome of an experimental model of

asthma. Comparative metabolomics using chemometrics

methods including PCA, OPLS-DA and hierarchical clus-

tering identified distinct separation between 18 control rats

and 18 inflamed rats. Metabolic pathway analysis showed

that the arginine-proline metabolic pathway was dysregu-

lated in the rat model of allergic inflammation. Thus iso-

tope labeling LC–MS can be used to improve metabolomic

profiling of BALF. Future work in applying and developing

other labeling chemistries targeting other functional groups

will increase the overall metabolome coverage. Meta-

bolomic profiling of BALF is a promising approach to

studying asthma and has potential as a novel diagnostic

tool in clinical settings. With improved coverage, metab-

olome profiles of BALF may also help monitor the effect of

various therapeutics on asthma (Saude et al. 2011; Ho et al.

2013).
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