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In the paper, the authors analyze the preliminary results of testing a classical
gas sensing instrument — the electronic nose (a metal oxide transistor sensor of che-
mical substances) in a hospital where patients with different lung diseases are treated.
To reveal the correlation between the amplitudes of the sensor’s responses and the
patients’ diagnoses, different statistical analysis methods have been used. It is shown
that the lung cancer can easily be discriminated from other lung diseases if short
breath sampling and analysis time (less than 1 min) is used in the test. Volatiles ob-
tained from a breath sample of a patient with lung cancer give the major contribution
to the responses of different e-nose sensors, so in these cases highly precise identi-
fication could be achieved.

1. INTRODUCTION

Electronic nose technology has been developed over the last two decades
in the framework of an interdisciplinary science between olfactometry (measuring
the odour intensity), olfactronics (revealing and analyzing the odours), biology,
chemistry, physics, electronics and informatics. The ultimate idea was to develop
an electronic equivalent of the biologic smell organ — the e-nose. It has well been
recognized since 1990-ies [1] that there is a great potential in applying the e-nose
technology in medicine. Typical lung cancer is often silent in its early stages, and
first symptoms usually are non-specific [2]. Therefore, lung cancer is mostly diag-
nosed at an advanced stage, when therapy is less successful [3]. There are many
techniques used in the diagnostics of lung cancer, most of them being based on the
expensive and invasive testing that can cause complications. For this reason, an ac-
curate, inexpensive, non-invasive test would be a welcome addition to the current
diagnostic tools. Quick analysis and identification of the lung disease is an
important factor of the patient’s recovery. The interest in new diagnostic methods —
using simple, chip apparatus and complex data analysis supported by thorough
disease description, its evolution and changes in the therapy process — is running up
in the last time [4—6]. Also, the request for online diagnostics methods is urgent
nowadays.

60



Metabolic changes within lung cells can lead to changes in the production of
different volatile organic compounds [6] which may be detected in the samples of
exhaled breath. Numerous studies (see, e.g. [7, 8]) have evaluated the ability of gas
chromatography and mass spectroscopy (GC—MS) to identify unique patterns of
volatile organic compounds in the breath of individuals with lung cancer. However,
GC-MS systems are expensive and require skill operators and qualified expert
interpretation. They are difficult to use as a screening or quick diagnosis test.
Application of the e-nose method for detecting unique patterns of volatile organic
compounds (VOCs) could permit a broader application of breath testing for the
diagnostics of lung cancer [1, 4-6]. For this purpose, different gaseous chemical
sensing and identification devices have been developed [1] that can detect changes
in the resistance, potential, optical properties, mass, etc., all of them being able to
detect the patterns of odorant molecules. The sampling time of the known devices
exceeds 10 minutes [4—6].

The aim of this investigation was to identify odour characteristics for lung
cancer of lung disease patients by comparing breath patterns of specific lung’s
diseases, and by comparing such patterns for patients before surgical operation
(removal of a sick part of the lung) and after that. In distinction from the previous
results published in scientific reviews, we used short sampling times — less than
one minute. Based on the results obtained while testing a number of patients, an
online diagnostics method is envisaged to be developed for screening typical lung
diseases using the database of odours.

Important tasks would also be to develop a conception of the instrument for
online diagnostics of expired breath and to find most suitable types of sensors for
screening procedures.

2. EXPERIMENTAL

The basic experiments were performed with a Nordic Sensor AB (Linkdping,
Sweden) electronic nose. This instrument contains 14 sensors: ten are MOSFET
sensors with different gas sensing electrodes (Pt, Pd, Ir and their alloys) and wor-
king temperatures (115 °C and 150 °C), and four are resistive high-temperature
(~350 °C) SnO, gas sensors (Taguchi Gas Sensors — TGS-813; 800; 881; 825). The
odour sampling was made using a small membrane pump connected to the sensors.
In all measurements a sampling capability of 8 ml/min was used.

We have run three series of experiments, with a weekly interval between
them. In the first series of experiments the sample collection was performed using
10 ml plastic syringes. In the second and third series of measurements for sample
collection 1.5 1 plastic packages were employed. As shown below, the method of
collection did not affect the results of identification. Breath collection is the most
important problem to be solved in experiments with electronic noses. In our pre-
liminary tests we used short sampling time for only one exhalation — in total 10 ml
(a syringe) or 1.5 1 (a plastic package) thus making no inconvenience for patients
during a test. To remove superfluous smells before the test, the patients rinsed the
mouth and throat with water.

The headspace analysis was taken from patients during one exhalation and
collected in special plastic bags (1.5 1 lavsan baking tubes). A breath sample was
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taken into the e-nose within 40 s, at a pumping rate of 8 ml/min (5.2 ml of gas was
needed for the analysis during one measurement cycle, see Fig. 1).
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Fig. 1. Scheme of the sensor control. The base line time interval — 10 s from the start,
the signal recovery time — 40 s, and the time of cleaning the sensor — 70 s.

Some samples were measured in 6 or 9 cycles in order to determine the
possible odour area in the PCA (Principal Components Analysis) plot, but most of
the analyses were taken in one cycle only. In the recognition analyses typically one
cycle was used for an unknown sample to limit the time of analysis. The collected
sample of expired breath was simultaneously investigated by the e-nose and fast
gas chromatograph zNose™ (Model 4100, USA, EST Inc.). In this chromatograph
only a small gas volume is necessary for the analysis (with a pumping rate
~ 1 ml/min). The carrier gas was helium, the column was quite short (1 m only),
therefore the analysis time was also short — around 30-40 s. High sensitivity of
zNose™ was achieved by using a surface acoustic wave sensor. Between the
measurements of samples taken from different patients, cleaning of both the
instruments was performed using room air cleaned by activated coal.

3. RESULTS AND DISCUSSION

In total, 66 individuals — 23 with asthma, 3 with COPD (chronic obstructive
pulmonary disease), 12 with pneumonia, 13 with lung cancer, 4 in the past opera-
tion state (removed lung cancer) and 11 healthy volunteers were tested at two dif-
ferent times. The first analysis was made based on the e-nose measurements using
the responses of all sensors. The artificial neural network (ANN) analysis was
employed to classify the samples of cancer and other lung diseases. In this study, a
back propagation network with a sigmoid transfer function was applied. The ANN
analysis performance was estimated using the test set for one selected patient (P1)
with bronchial asthma (measured more than once in the last session). A recognition
example is shown in Fig. 2.

Another prediction model was developed using the response signals from
two MOSFET sensors only for patients with cancer before and after operations.
The logistic regression analysis splits all observations into two classes with the
probability of error p < 0.0000312 (Fig. 3).
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Fig. 2. ANN recognition pattern of selected patients.

Model: Logistic regression (logit)
y=exp(-269,19+(22,2566)*x)/(1+exp(-269,19+(22,2566)"x))
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Fig. 3. Comparative prediction model for the patients with lung cancer before and after operation.

The results with gas chromatograph indicate some characteristic peaks of
specific volatile organic compounds found for most of the patients with lung
cancer. To date, it is unknown what volatile compounds are responsible for pro-
ducing responses of e-nose sensors. We suggest that these sensors are responding
to the combined effects of microbial metabolites and volatile cellular compounds in
the breath of patients. The most important results have been obtained by discrimi-
nant analysis (Table 1).

As is seen from the classification matrix (Table 1), asthma G 1 was identi-
fied worst, while chronic obstructive pulmonary disease G 2, pneumonia G_3,
lung cancer G_4, healthy G_5 and past-operation G_6 (removed lung cancer) states
have been identified correctly. The results are presented in the 2D graph of Fig. 4.
In this figure, correct classification of cases is on the main matrix diagonal (the
observed and predicted classifications coincide). From 23 cases of asthma only 19
are correctly classified, and 4 are to be readdressed to other classes (two cases of
pneumonia, one case of asthma and one of healthy state (which means a false alarm
in the case with a healthy patient).
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Classification Matrix
Patients: 1 — asthma, 2 — COPD (chronic obstructive pulmonary disease), 3 — pneumonia, 4 — lung

cancer, 5 — healthy, 6 — past operation (removed lung cancer). Rows: observed classifications,

Table 1

columns: predicted classifications (Wilks” Lambda: 0.0023542; F (200.109) = 1.305371; p < 0.0610).

Percent Correct G 1 G2 G3 G 4 G5 G 6
G 1 82.61 19 0 2 1 1 0
G2 100.00 0 3 0 0 0 0
G3 100.00 0 0 12 0 0 0
G 4 100.00 0 0 0 13 0 0
G S 100.00 0 0 0 0 11 0
G 6 100.00 0 0 0 0 0 4
Total 93.94 19 3 14 14 12 4
7
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Fig. 4. Classification matrix for all patients: / — asthma, 2 — COPD (chronic obstructive

pulmonary disease), 3 — pneumonia, 4 — lung cancer, 5 — healthy patients, 6 — past operation
(removed lung cancer).
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Fig. 5. Scatter plot of canonical scores. Patients: / — asthma, 2 — COPD (chronic obstructive
pulmonary disease), 3 — pneumonia, 4 — lung cancer, 5 — healthy patients, 6 — past operation
(removed lung cancer).
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The scatter plot of canonical scores (Fig. 5) shows that the best discrimi-
nation is in the group 4 case (100% lung cancer recognition).

Root 1 vs. Root 2
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Fig. 6. Scatter plot of canonical scores. Patients: “G_1:0” — asthma, COPD (chronic obstructive
pulmonary disease), pneumonia and past operation (removed lung cancer), “G_2:4” — lung cancer,
“G_3:5” — healthy patients.

When the number of classes was reduced from 5 (ill and healthy patients) to
3, a much better discrimination was achieved (see Fig. 6). In this case also the
classification matrix of Table 2 is more suitable.

Table 2

Classification Matrix.

Patients: 0 — asthma, COPD (chronic obstructive pulmonary disease), pneumonia and past operation
(removed lung cancer), 4 — lung cancer, 5 — healthy. Rows: observed classifications, columns:
predicted classifications (Wilks’ Lambda: 0.0744558; F (84.44) = 1.395849; p < 0.1130).

Percent Correct GO G 4 G5
GO 95.24 40 1 1
G 4 100.00 13 0
G5 100.00 0 0 11
Total 96.97 40 14 12

When only two classes are used a more perfect classification is possible. In

Table 3 the results are presented for two classes when the first class includes
asthma, COPD, pneumonia, lung cancer and past-operation states when cancer is
removed, the second class — healthy patients. Table 4 contains data for the two-
class case when the first class includes asthma, COPD, pneumonia, healthy and
past-operation states patients, and the second class — patients with lung cancer.
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Table 3
Classification Matrix.
Patients: 0 — asthma, COPD (chronic obstructive pulmonary disease), pneumonia and past operation
(removed lung cancer), lung cancer, 5 — healthy. Rows: observed classifications, columns: predicted
classifications (Wilks’ Lambda: 0.4027910; F (28.37) = 1.959252; p < 0.0279).

Percent Correct GO G5
GO 100.00 54 0
G S 100.00 0 12
Total 100.00 54 12

Table 4
Classification Matrix.
Patients: 0 — asthma, COPD (chronic obstructive pulmonary disease), pneumonia, healthy and past

operation (removed lung cancer), 4 — lung cancer. Rows: observed classifications, columns: predicted
classifications (Wilks’ Lambda: 0.2318870; F (41.24) = 1.938992; p < 0.0435).

Percent Correct GO G 4
GO0 98.11 52 1
G 4 100.00 0 13
Total 98.48 52 14

4. CONCLUSIONS

In the work it has been shown that the lung cancer can easily be discrimi-
nated from other lung diseases during a short (less than 1 min) breath sampling and
analysis time. The volatiles produced by cancer make the greatest contribution to
the responses of different e-nose sensors. To further develop this approach, new
screening and monitoring methods should be created.
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PLAUSU SLIMIBU IDENTIFIKACIJA
AR ELEKTRONISKA DEGUNa PALIDZIBU

V. Ogorodniks, J. Kleperis,
I. Taivans, N. Jurka, M. Bukovskis

Kopsavilkums

Saja parskata més analiz&jam provizoriskos rezultatus, ko iegist elektro-
niskais deguns ar daudzu gazes sensoru (metala oksidu sensori un ktmiski jutigi
tranzistoru sensori) palidzibu slimnica no pacientiem ar dazadam plausu slimibam.
Izmantojam dazadas statistikas analizes metodes, lai atrastu korelaciju starp senso-
ru atbilzu amplitidam un pacientu diagnozem. Tika noradits, ka plausu vézi var
viegli atSkirt no citam plausu slimibam, analizgjot izelpu paraugus 1sa laika perioda
(mazak par 1 mintti). V&za iespaids izelpas parauga dod lielako dalu elektroniska
deguna dazadu sensoru atbildes, tap&c veézi var identificet ar augstu precizitati.

06.10.2008.
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