
Introduction

Several major organs, such as colon, kidneys and liver 
are involved in the excretion of waste metabolites. In 
contrast, the excretory function of the lung has not 
gained adequate attention for diagnosis although many 
important volatile compounds are eliminated by ven-
tilation, e.g. acetone in diabetic ketoacidosis. Because 
breath can be obtained non-invasively and its con-
stituents directly reflect concentrations in blood, breath 
analysis appears to be an appealing method in the field 
of biomarker research. Indeed, analysis of the human 
breath with mass spectrometry (MS) has been reported 
to provide useful information in patients with lung can-
cer (reviewed in Mazzone 2008) and asthma (Kharitonov 

et al. 1994), and to estimate the level of oxidative stress 
end products (Risby & Sehnert 1999) or previous expo-
sure to potentially harmful xenobiotics (Periago et  al. 
1994).

The liver as the central metabolic organ is the 
source of many volatile organic compounds (VOCs) 
that are exhaled, e.g. ketones or sulphur-containing 
components such as dimethyl sulphide (Van den 
Velde et al. 2008) or carbonyl sulphide (Sehnert et al. 
2002). Changes in breath composition in advanced 
liver disease can be readily detected with the human 
olfactory system and the so-called ‘foetor hepaticus’ 
has had an important diagnostic value for many cen-
turies. Thus, techniques such as MS should be able 
to define minimal changes in breath composition 
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Abstract
Breath composition is altered in liver diseases. We tested if ion–molecule-reaction mass spectrometry 
(IMR-MS) combined with a new statistical modality improves the diagnostic accuracy of breath analysis in 
liver diseases. We analysed 114 molecules in the breath of 126 individuals (healthy controls, and patients 
with non-alcoholic and alcoholic fatty liver disease and liver cirrhosis) by IMR-MS. Characteristic exhalation 
patterns were identified for each group. Combining two to seven molecules in the new stacked feature 
ranking model reached a diagnostic accuracy (area under the curve) for individual liver diseases between 
0.88 and 0.97. IMR-MS followed by sophisticated statistical analysis is a promising tool for liver diagnostics 
by breath analysis.
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even in earlier stages of liver disease quantitatively. 
Indeed, isolated VOCs could be identified in liver 
diseased patients using gas chromatography followed 
by MS (GC-MS) (Mazzanti et  al. 1989, Sehnert et  al. 
2002, Tangerman et al. 1983, Van den Velde et al. 2008). 
Although the results elucidated some of the differences 
in breath between patients with liver diseases and 
healthy controls, the GC-MS approach had two major 
limitations. First, the spectrum of analytes was rather 
narrow. Second, additional preconcentration steps 
were required which are cumbersome and give rise to 
potential biases.

In this article, we present a pilot study of human 
breath analysis in liver disease using an optimized MS 
device with regard to sampling, sample processing and 
ionization techniques. Based on several selected breath 
components, we finally present novel diagnostic algo-
rithms to discriminate between various different liver 
diseases.

Material and methods

Patient selection

All patients gave their informed consent to breath analy-
ses. Tests were approved by the guidelines of the local eth-
ical committee and performed according to the Helsinki 
declaration. Patients were selected according to their 
diagnosis and divided into three groups: non-alcoholic 
fatty liver disease (NAFLD; n = 34, age 49.0 ± 14.6 years),  
alcoholic fatty liver disease (AFLD; n = 20, age 49.5 ± 12.2 
years) and liver cirrhosis (viral or alcohol-related, n = 37, 
age 54.8 ± 11.6 years). Diagnosis of liver diseases was 
established by ultrasound, blood tests and clinical his-
tory. For ethical reasons, patients were not character-
ized by liver biopsy. Patients’ characteristics are given 
in Table 1.

The control cohort consisted of 35 healthy individu-
als (mean age 37.4 ± 14.3 years) with no history of liver 
disease and normal lab tests including transaminases, 
liver synthesis parameters, glucose and iron metabolism 
and viral hepatitis markers. Routine blood tests included 
aspartate aminotransferase, alanine aminotransferase, 
γ-glutamyl transferase, alkaline phosphatase, C-reactive 

protein (CRP), creatinine and urea. Individuals with 
advanced steatosis or cirrhosis were additionally tested 
for prothrombin time and serum albumin. Exclusion 
criteria for the study were a calculated creatinine clear-
ance < 60 ml min−1, elevated CRP levels (>0.7 mg dl−1) 
or a transjugular intrahepatic portosystemic shunt 
(TIPS). All groups of patients comprised a similar per-
centage of smokers and non-smokers. In the liver cir-
rhosis group there were no patients with higher degree 
encephalopathy.

Breath sampling

Individuals had to fast and abstain from smoking over-
night and they also had to be at rest for at least 15 min 
prior to the measurements. Whole breath samples were 
collected by exhalation through a drinking straw dipped 
into a small glass vial of 20 ml volume (Macherey-Nagel, 
Düren, Germany). Patients were then asked to exhale 
once through this drinking straw into the vial. After com-
pleted exhalation, glass vials were crimped airtight and 
transferred for immediate analysis or frozen at -20°C until 
analysed. All samples were taken in duplicate to guaran-
tee reproducibility.

Quality control of breath samples

As exhaled air is enriched in CO
2
, this gas can serve as 

a quality marker to exclude air-contaminated samples 
from the study. Therefore, the concentration of CO

2
 

was assessed in all samples after MS analysis. A CO
2
 

concentration in the samples higher than 0.4 vol% 
during the whole analysis period was considered non-
contaminated. Samples that did not meet this require-
ment were excluded from further analysis. In order to 
guarantee stability of the samples, they were either 
analysed immediately after collection or frozen at -20°C, 
which has been shown to keep breath compounds stable 
for up to 3 weeks (Bennett et al. 2009).

In a small-scale preliminary study we collected ten 
breath samples per person and determined reproduc-
ibility. Intraindividual coefficient of variation (CV) for 
molecules with concentrations above 1 ppb ranged from 
3.09% to 70.05% with a mean CV of 16.7%. A CV of over 

Table 1.  Patients’characteristics.

Group No. of patients Sex (M/F), n Age (years) BMI (kg m−2)

AST (U l−1) 
normal  

(<18 U l−1)

ALT (U l−1) 
normal  

(<22 U l−1)

GGT (U l−1) 
normal  

(<28 U l−1)

AP (U l−1)
normal 

(60–170 U l−1)

Healthy 35 17/18 37.4 ± 14.3 22.2 ± 3.0 10.0 ± 2.2 11.1 ± 3.7 11.1 ± 4.1 81.3 ± 20.7

NAFLD 34 25/13 49.0 ± 14.6 26.0 ± 3.2 15.0 ± 5.7 31.1 ± 18.7 60.7 ± 31.1 121.3 ± 33.4

AFLD 20 16/4 49.5 ± 12.2 23.9 ± 2.5 25.9 ± 15.5 27.8 ± 15.8 124.3 ± 148.6 125.4 ± 55.0

Cirrhosis 37 25/12 54.8 ± 11.6 25.6 ± 5.3 30.2 ± 18.4 24.9 ± 15.9 74.4 ± 66.7 147.8 ± 54.4

BMI, body mass index; AST, aspartate aminotransferase; ALT, alanine aminotransferase; GGT, γ-glutamyl transferase; AP, alkaline phosphatase; 
NAFLD, non-alcoholic fatty liver disease; AFLD, alcoholic fatty liver disease.
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40% was arbitrarily set as the exclusion criterion for 
further analysis. Nine masses (7% of detected masses) 
were therefore excluded. We then noticed that even with 
two breath samples we had comparable reproducibility 
rates and therefore breath samples were collected in 
duplicate throughout the whole study.

Negative control

In order to prevent interference of the patient’s breath 
with contaminating substances in the ambient air, one 
additional vial was sampled with ambient air of the room 
where the sampling procedure took place and then com-
pared with the breath samples. After ion–molecule reac-
tion (IMR)-MS analysis of breath samples and ambient 
room air, we calculated the ‘positive alveolar gradient’ 
for each mass, i.e. concentration in exhaled breath minus 
concentration in ambient room air.

Mass spectrometry analysis

The V&F Airsense.net (V&F, Absam, Austria) is an IMR 
mass spectrometer (Futrell 1986). The IMR-MS system 
used in this study was originally designed to measure 
trace gas components in industrial fields such as fuel 
cell or reformer gas development, work space control 
and environmental measurements (Airsense Mass 
Spectrometry Systems; V&F Medical Development, 
Absam, Austria). The system is based on the use of 
ion–molecule reactions coupled with quadrupole MS 
and provides a highly sensitive method for online and 
offline sampling of organic and inorganic compounds 
in exhaled breath. The use of Airsense.net for breath 
analysis has been recently described by Hornuss and 
colleagues (2007).

A schematic diagram of the IMR-MS is shown in 
Figure 1. In the IMR-MS analyzers, the principle of 
ion–molecule reactions is applied as the interaction 
of positively charged atomic ions with neutral sample 
gas molecules in two body collision processes result-
ing in the formation of product ions whenever the 
ionization potential of the sample molecule is less than 
the potential energy of the incoming primary ion and 
hence the entropy of the process becomes positive. The 
excess energy of the binary reaction is first stored in the 
product ion as transition state and either is statistically 
distributed in internal degrees of freedoms (electron 
vibration, bond oscillations) or is used up to break the 
weakest bond of the ionized molecule leaving a lower-
molecular-weight ion.

Differences in ionization potentials between pri-
mary and product ions may result in a bond rupture 
and hence a lower-molecular-weight fragment ion. The 
IMR-MS uses krypton, xenon or mercury atomic gas to 
form the primary ion beam via electron impact ioniza-
tion (section 1, Figure 1). The patented IMR ionization 
method can use the atomic mass scale to detect differ-
ent molecules with the same molecular weight. As an 
example, acetaldehyde and CO

2
 have the same mass 

(44). The mercury beam with an ionization potential 
of 10.4 eV does not ionize carbon dioxide (13.8 eV), 
but does ionize acetaldehyde (10.2 eV). Switching dif-
ferent ion beams and hence energy levels is fast and 
takes 400 ms. Krypton ions (14.0 eV) separate nitro-
gen (15.6 eV – not ionized) against carbon monoxide 
(13.7 eV) on mass 28.

The instrument uses two octopole systems (sections 
2 and 3, Figure 1) operated at high frequencies to store 
primary as well as product ions in a confined volume 
against their coulomb repulsion and transmit ions to 
the quadrupole mass analysing section. The quadru-
pole mass separator (section 4, Figure 1), driven by 
direct current and alternating current, operates as an 
electromagnetic filter according to a parametric reso-
nance to a specific mass over charge ratio. At a given 
alternating to direct current ratio, only one specific 
mass of ions experiences a stabile trajectory through 
the quadrupole. A secondary electron multiplier  
(section 5, Figure 1) may generate as much as 108 elec-
trons for each incoming ion. This allows the generation 
of an electrical pulse strong enough to be accepted by 
a computer counting system. The pulse rate represents 
the concentration of the molecular species in the gas 
sample brought to the instrument. The sample gas  
(section 7, Figure 1) is transferred in a 2.5-m-long 
heated capillary system (Silcosteel®; Restek, Bellefonte, 
PA, USA) at a flow rate of 50 ml min−1 to the instrument. 
A constant pressure controller feeds via a second cap-
illary a stable amount of 1.5 ml min−1 into the high 
vacuum ionization section.

1

2

3 4 5

67

Figure 1.  Principle of ion–molecule reaction mass spectrometry 
(IMR-MS) (for a detailed description see Material and methods). 
Important sections of the device are the following: 1, primary ion 
source; 2, octopole separation device; 3, charge exchange cell; 4, 
quadrupole mass filter; 5, particle detector; 6, vacuum system; 7, gas 
inlet system.
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Statistical analysis

Data are expressed as mean ± SD. Independent continu-
ous variables were compared by means of the independ-
ent two-sample t-test and Mann-Whitney U test, and 
three additional feature selection methods (details see 
below). For comparisons of more than two variables, the 
Kruskal–Wallis test (H-test) with Bonferroni’s correction 
was performed. The level of statistical significance was 
set to p <0.05.

For the detailed biostatistic approach we refer to 
the recently published paper by Netzer et  al. (2009). 
In brief, a new type of feature selection was performed. 
Feature selection aims at reducing the number of 
parameters to a smaller generalizing subset with 
high discriminatory ability. This technique ranks the 
features (i.e. molecular masses in breath) according 
to their quality to discriminate between predefined 
classes (i.e. groups of liver diseases) in a dichotomous 
way. A reduction of the number of features is then 
achieved by choosing a set of k best-ranked features. 
In our case this has been done by stack feature ranking 
(SFR). SFR is the combination of four different feature 
ranking techniques, BioMarkerIdentifier (Baumgartner 
& Baumgartner 2006), Information Gain (Quinlan 
1993), ReliefF (Kononenko 1994), and using the p-value 
from a statistical significance test generating a con-
sensus ranking of analysed breath gas molecules. The 
molecular mass with the highest discriminatory ability 
was identified, added to the algorithm and recalcula-
tion for the next best feature was started until addition 
of any other feature did not improve the discrimination 
power of the algorithm any further. The discrimina-
tory ability of selected molecule subsets is represented 
by the area under the receiver operator characteristic 
curve (AUC).

Finally, the predicted best features were validated 
by cross-validation. For our experiments we used a 
stratified tenfold cross-validation strategy. In this type 
of cross-validation, the original sample is randomly par-
titioned into ten subsamples. Of the ten subsamples, a 
single subsample is retained as the validation data for 
testing the model, and the remaining nine subsamples 
are used as training data. The cross-validation process is 
then repeated ten times (the folds), with each of the ten 
subsamples used exactly once as the validation data. The 
ten results from the folds can then be averaged to pro-
duce a single estimation. The advantage of this method 
over repeated random subsampling is that all observa-
tions are used for both training and validation, and each 
observation is used for validation exactly once.

We compared single liver diseases among them 
and with healthy controls. Finally we also analysed the 
whole cohort with liver diseases compared with healthy 
controls.

Results

Soft ionization MS allows a broad characterization of 
human breath

We measured 114 molecular masses in human breath. 
Seventy-eight of these masses had a positive alveolar 
gradient (i.e. they were present in the exhaled breath but 
not in the surrounding air control vial). The masses were 
tentatively identified using V&F–ACP software. Identified 
masses (n = 28) are presented with their trivial name, 
the others remain to be identified and are referred to 
as molecular masses (e.g. molecular mass 76 is denoted 
as M76).

Different masses showed different intraindividual 
reproducibility. Generally, masses that were exhaled 
abundantly showed more constant concentration in 
breath samples (e.g. methane, N

2
O, M39). Masses close 

to the lower detection limit showed higher variability (e.g. 
M40, M50, M117).

Different liver diseases are reflected by different breath 
patterns

Forty-four molecular masses out of the 114 measured 
showed a differential exhalation pattern in the four liver 
disease cohorts, 19 of them significantly at the p <0.05 
level (Table 2). We measured the most prominent differ-
ences between patients with AFLD, NAFLD, liver cirrhosis 
and healthy individuals in the biomarkers acetaldehyde, 
endogenous ethanol, isoprene, methane and hydrogen 
sulphide.

Table 2.  Molecular masses in human breath showing statistically 
significant differences in the four groups analysed.

Molecular mass p-Value(Kruskal–Wallis test)

Methane 0.0002

Dinitrogen monoxide 0.0002

Nitrogen monoxide 0.0001

Methylamine 0.0001

Molecular mass 32 <0.0001

Hydrogen sulphide <0.0001

Propene 0.0003

Acetaldehyde 0.0001

Ethanol <0.0001

Molecular mass 49 0.0002

Butadiene 0.0004

Molecular mass 60 <0.0001

Molecular mass 67 0.0001

Isoprene 0.0001

Molecular mass 76 <0.0001

Benzene <0.0001

Molecular mass 79 <0.0001

Molecular mass 100 0.0001

Molecular mass 103 <0.0001
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While acetaldehyde was comparable in healthy indi-
viduals and cirrhotics, it was significantly increased in 
patients with fatty liver disease, independent of alcoholic 
or non-alcoholic origin (Figure 2A). Breath ethanol 
increased only in patients with liver cirrhosis but not 
in those with AFLD or NAFLD compared with healthy 
controls (Figure 2B). Isoprene was significantly increased 
in patients with AFLD compared with all other groups 
(Figure 2C). Among masses without known trivial names, 
M103, M76, M39, M80 and M75 showed the highest 
differences.

Data analysis using a ‘stack feature ranking’ model 
increases discrimination ability between different 
liver diseases

As the difference in breath compounds between the 
different liver disease conditions is not associated with 
the appearance of specific single aberrant metabolites, 
an algorithm is needed that takes into account that 
there is a quantitative difference in several molecules (a 

‘breath fingerprint’). For this purpose we used a newly 
developed SFR model and compared it with established 
models. Compared with previously used feature ranking 
models the newly designed SFR model showed higher 
discrimination ability. Figure 3 shows that SFR is better 
than the single feature selection methods ‘Information 
Gain’ (Quinlan 1993), ‘ReliefF’ (Kononenko 1994), 
‘BioMarkerIdentifier’ (Baumgartner & Baumgartner 
2006) and using the p-value from a statistical signifi-
cance test with a 10–15% higher AUC when distinguish-
ing between AFLD and healthy controls. The algorithm 
selected a subset of five breath gas molecules, achiev-
ing the maximal AUC of 0.97 with a sensitivity of 0.95 
and an optimal specificity of 1.0. Figure 4A–C shows the 
predictive values of models discriminating best between 
the different groups of liver disease. While patients with 
AFLD differ from healthy controls with an AUC greater 
than 0.9 after combining only two ranked molecular 
masses (Figure 4A), six ranked masses are needed 
to reach the same discriminatory precision between 
NAFLD patients and healthy controls (Figure 4B) and 
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Figure 2.  Three isolated molecules in liver disease breath analysis with a distinct pattern for different liver diseases. Data are presented as box 
plots. This type of graph represents lower, median and upper quartile in form of the box. Sample minimum and maximum are represented as 
whiskers. (A) Increased levels of acetaldehyde occur in patients with non-alcoholic fatty liver disease (NAFLD) and alcoholic fatty liver disease 
(AFLD) compared with healthy people and liver cirrhosis patients. (B) Endogenous ethanol levels increase in patients with liver cirrhosis. (C) 
Isoprene exhalation is increased in all liver disease groups compared with the healthy control cohort.
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seven ranked masses to discriminate AFLD from NAFLD 
(Figure 4C) patients by breath analysis. The combination 
of the six best-ranked molecular masses to differentiate 
cirrhotic patients from healthy individually increases 
the AUC to a maximum of 0.88 (Figure 4D). Numbers of 
maximal AUC values, standard deviations and the 95% 
confidence interval are given in Table 3. The experiments 
show that SFR is able to identify a small subset of five 
to seven molecular masses in this dataset with higher 

discriminatory and predictive value compared with 
traditional null-hypothesis tests and other biostatistical 
methods.

Influence of smoking on breath analysis

As smoking strongly influences breath composition, we 
tested if smoking interferes with breath analysis for liver 
diagnostics. Within our healthy control cohort, 31.4% 
were smokers and 68.6% were non-smokers. We found 
that a total of 46 molecular masses were significantly dif-
ferent in the breath of smokers compared with those of 
non-smokers. Among the annotated molecules we found 
acetonitrile, formaldehyde, sulphur dioxide, methanol, 
propanol and acetic acid. None of the masses (annotated 
or unannotated) that differed significantly between 
smokers and non-smokers was found overlapping with 
the discriminating masses for liver diseases.

Discussion

Human breath contains a representative mixture of vola-
tile and soluble compounds generated during metabolic 
processes in the body. As the liver is the main central 
organ in metabolism, we investigated whether breath 
analysis using IMR-MS is a feasible approach for liver 
diagnostics in the clinical setting.

The sampling procedure of collecting breath in a glass 
vial with a crimp cap proved to be easy to handle, reli-
able for storage of the breath sample and reproducible for 
transfer of the breath sample into the mass spectrometer. 
IMR-MS does not need any preconcentration step before 
analysis compared with other methods used for breath 
analysis in liver diseases (Sehnert et  al. 2002, Van den 
Velde et al. 2008) and it proved to be a sensitive method 
for measuring concentrations as low as a few ppt (parts 
per trillion). At the same time its wide detection range 
allows analysis of the more abundant masses, e.g. CO

2
, 

H
2
O and O

2
. The absence of fragmentation allows analysis 

of complex gas mixtures (an overview of the technical 
advantages is given by Tegtmeyer et al. (1993)).
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healthy controls, ranked by the single methods Information Gain 
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testing (p-value) versus stack feature ranking (SFR). The discrimina-
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Table 3.  Maximal areas under the curve from the tenfold 
cross-validation.

Compared groups Mean SD
95% Confidence 

interval

AFLD vs healthy 0.97 0.079 0.926–1

NAFLD vs healthy 0.96 0.074 0.907–1

AFLD vs NAFLD 0.95 0.105 0.907–1

Liver cirrhosis vs 
healthy

0.88 0.101 0.817–0.942

Liver disease vs 
healthy

0.94 0.080 0.883–0.981

AFLD, alcoholic fatty liver disease; NAFLD, non-alcoholic fatty liver 
disease.
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Detection of CO
2
 as a marker for hermetic sealing of 

the breath sample proved to be a good tool for assessing 
quality of the measured sample.

Standardization of breath analysis is a difficult mat-
ter. So far it is has been achieved only in breath analysis 
of single molecules such as NO (Bohadana et al. 2008, 
Takalo et al. 2008) but to the best of our knowledge not 
for multimass detection systems such as IMR-MS. In 
our study we also attempted to investigate the repro-
ducibility of breath analysis by sampling two vials from 
each individual. Reproducibility in two vials was accept-
able with a median CV of 16.7% between the vials for 
masses exhaled in greater concentrations than 1 ppb. 
We are aware that this is far from perfect. However, this 
variation is more due to the ‘human factor’, i.e. variation 
in low abundant masses from breath to breath as the 
detection limit of Airsense.net has been identified in 
the low ppt range and linearity has been proven down 
to low ppb concentration of breath components (Dolch 
et al. 2008). Unfortunately other groups measuring more 
than one molecule at the same time in human breath 
have not commented on reproducibility or compared 
standardized gas samples versus human breath.

Dietary influence on breath analysis is also a matter of 
concern and is even more difficult to standardize. From 
H

2
 breath tests routinely used for diagnosis of lactose or 

fructose malabsorption we know that reliable results are 
achieved after an overnight fast. However, for direct influ-
ence of different diets on breath composition, detailed 
studies of individuals on a standard diet are needed.

Another possible interference in breath analysis is 
smoking. It has been shown in several publications that 
breath analysis allows differentiation between smok-
ers and non-smokers. Among the molecules known to 
be present at increased concentrations in the breath 
of smokers are aromatics, e.g. benzene (Wallace et  al. 
1987), and also other components such as acetonitrile 
(Buszewski et al. 2009). While benzene is only a marker 
of recent smoking (within 1 h after the last cigarette it 
decreases to non-smoker levels), acetonitrile has a 
longer half-life time and can be detected up to 1 week 
after the last cigarette (Jordan et  al. 1995). In order to 
test if smoking interferes with breath analysis for liver 
disease, we performed a subgroup analysis between 
smokers and non-smokers in the cohort without liver 
diseases. We found a significant difference in 46 exhaled 
masses. We could confirm the significant increase in 
acetonitrile but also found increased levels of formal-
dehyde, methanol, sulphur dioxide, propanol and acetic 
acid. As expected, there was no difference in benzene 
levels because individuals were asked to abstain from 
smoking overnight. When comparing the list of masses 
differentiating between smokers and non-smokers, there 
was no overlap with those differentiating between any 
of the liver disease groups. These results show that the 

differences in exhaled breath caused by smoking were 
abolished by selecting a similar percentage of smokers 
in all four groups analysed. It was encouraging to learn 
that different coexisting pathophysiological conditions 
might not necessarily preclude the diagnostic use of 
breath analysis when care is taken to exclude influence 
on the same molecules.

Using IMR-MS we detected 114 compounds in 
human breath. This number appears low in contrast 
to previous publications where authors have meas-
ured more than 1000 compounds by MS (Phillips 
et al. 1999). The reason for this discrepancy lies in the 
technical approach. While conventional MS leads to a 
high degree of fragmentation and thus disassembles 
each molecule to several peaks, this is not the case in 
IMR-MS. It therefore seems reasonable that these 114 
masses will basically represent the same spectrum of 
breath compounds as the higher number published by 
Phillips and colleagues (1999).

The ideal breath test would identify specific single aber-
rant metabolites that are characteristic for specific liver 
diseases. This is not the case as our data and previously 
published data have proven. Breath analysis showed that 
differences in patterns of compounds between healthy 
controls and patients with AFLD, NAFLD and liver cir-
rhosis are quantitative more than qualitative, i.e. there 
is no compound that can be used as an exclusive marker 
for any of the diseases. In this series of patients, all 114 
masses were present in each individual.

Sophisticated statistical modelling is therefore a use-
ful tool in order to extract the most information from 
breath analysis. This was the reason for us to use a new 
ensemble feature selection modality based on the com-
bination of different existing algorithms embedded in 
a computational workflow including data import, data 
preprocessing and a breath gas biomarker search. In 
this process, the molecules with highest discriminatory 
power were selected for each liver disease and then com-
bined stepwise to increase sensitivity and specificity for 
diagnosis of the respective liver disease. With AUC results 
of 0.88 (liver cirrhosis vs healthy control), 0.94 (liver dis-
ease vs healthy control), 0.96 (NAFLD vs healthy), 0.97 
(AFLD vs healthy), and 0.95 (AFLD vs NAFLD) using a 
tenfold cross-validation strategy we were able to improve 
sensitivity and specificity compared with conventional 
discrimination analyses.

It is surprising that the discrimination between 
healthy controls and liver cirrhosis is lower than 
between other groups of diseases. One explanation 
might be the inclusion of patients with alcoholic and 
viral liver cirrhosis. When we extended the SFR model to 
a combination of blood tests and breath compounds the 
discrimination ability to distinguish between healthy 
and cirrhotic individuals the AUC can be increased to 
0.92 (vs 0.88). Combining conventional blood tests with 
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breath compounds might be an interesting option for 
breath analysis.

Despite the fact that there is no absolute marker for 
liver disease, some of the molecules detected deserve a 
closer look, because they can be linked to liver physiology 
or pathology.

Some of the molecules that show the highest difference 
between the four groups, such as isoprene, have been 
associated with liver disease in previous publications. 
Isoprene is one of the best characterized components 
in human breath. Our results show increased isoprene 
concentrations in AFLD compared with the other three 
groups. Others have shown that breath isoprene is linked 
to cholesterol synthesis as a byproduct derived from 
mevalonate (Stone et al. 1993). It might therefore corre-
late with a disturbed cholesterol biosynthesis in alcoholic 
liver disease.

Another interesting aspect in breath analysis is 
endogenous ethanol. Regarding endogenous ethanol 
levels in breath, cirrhotic individuals demonstrate 
increased concentrations compared with all the other 
groups. An increase of endogenous ethanol in cirrhotic 
patients might be due to either increased shunting vol-
umes through portocaval shunts which prevents metab-
olism of endogenous ethanol in the liver. Diminished 
ethanol oxidation would also explain the decreased 
concentration of acetaldehyde in patients with liver 
cirrhosis compared with patients with alcoholic or non-
alcoholic fatty liver.

The phenomenon of basic ethanol levels in breath was 
described many years ago (Jones 1985) and is thought to 
arise from normal metabolism (Jones et al. 1984) although 
it has been reported that bacterial overgrowth can 
increase endogenous ethanol levels drastically (Spinucci 
et al. 2006). Rat experiments have clearly shown that the 
intestinal microenvironment has an impact on ethanol 
metabolism (Baraona et al. 1986). This finding is empha-
sized by the fact that experimental modifications of the 
intestinal flora by feeding lactobacillus (Nanji et al. 1994) 
as well as by antibiotic treatment (Adachi et  al. 1995) 
change the course of liver disease. In morbidly obese 
patients with non-alcoholic steatohepatitis an increased 
amount of ethanol has been measured (Solga et al. 2006). 
Others have shown that obesity as well as female gender 
is associated with breath ethanol concentrations (Nair 
et al. 2001). Obese mice, an animal model for NAFLD also 
show increased breath ethanol, underscoring the role 
of endogenous ethanol production in fatty liver patho-
genesis (Cope et  al. 2000). All of the above-mentioned 
observations make the interplay between intestinal flora, 
ethanol production and ethanol metabolism interesting 
with regard to a common pathogenetic pathway in AFLD 
and NAFLD.

The most interesting isolated molecule for the use 
of a breath test in liver diseases might be acetaldehyde. 

Acetaldehyde was present at increased concentrations 
in patients with AFLD or NAFLD but not in cirrhotics or 
healthy people. Acetaldehyde is the first oxidation prod-
uct in ethanol metabolism. Under normal circumstances 
it is mainly generated by alcohol dehydrogenase and only 
in traces by cytochrome p450 2E1 (Cyp2E1) and catalase. 
In chronic alcohol abuse (Takahashi et al. 1993), but also 
in non-alcoholic fatty liver (Weltman et al. 1998) probably 
due to ketones and fatty acids, Cyp2E1 is induced and 
leads to increased acetaldehyde levels. Increased acetal-
dehyde levels in turn promote lipid peroxidation, liver 
cell damage but also carcinogenic etheno-DNA adducts 
(reviewed in Seitz & Stickel 2007)). Cyp2E1 induction is 
strongly associated with lipid peroxidation and accumu-
lation of carcinogenic ethno-DNA adducts (Wang et al. 
2009) but shows pronounced interindividual variability 
after induction with for example ethanol (Oneta et  al. 
2002). So far there has been no predictive marker to assess 
whether a patient with fatty liver is at risk for damage due 
to Cyp2E1 induction. Testing for acetaldehyde concen-
trations in the breath might be a first approach to risk 
stratification, but prospective studies are still needed.

Overall we can conclude from our pilot study that 
breath analysis by IMR-MS is easy to handle, feasible in 
the clinical setting, and allows adequate quality control of 
the breath samples for ambient air components and vial 
leakage. Breath analyses in liver disease patients yielded 
interesting results with regard to individual molecules, 
e.g. acetaldehydes, that might be worth following up in 
further prospective trials. Finally, we show that the new 
ensemble-based algorithm is a useful tool for identifica-
tion of biomarker patterns.

Nevertheless, the problematic part of breath analysis 
lies deeper and is most probably independent of the 
applied measuring technique. One of the major difficul-
ties in breath analysis is interference from basic factors 
such as nutrition but also from coexisting pathological 
conditions, e.g. chronic obstructive pulmonary disease 
and liver cirrhosis. We certainly need to study patient 
cohorts with isolated diseases and compare them with 
patients with more than one disease to learn about these 
interferences. Another issue is reproducibility and stand-
ardization of breath sampling; before breath analysis is 
ready for clinical routine, questions such as the need of 
standardized meals the day before sampling must be 
clarified. Also if we want to move forward from using 
breath analytes as biomarkers we also need to increase 
our knowledge on how volatile organic and inorganic 
compounds are produced by hepatic metabolism.
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