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Objectives/Hypothesis: The electronic nose is a
sensor of volatile molecules that is useful in the anal-
ysis of expired gases. The device is well suited to test-
ing the breath of patients receiving mechanical ven-
tilation and is a potential diagnostic adjunct that can
aid in the detection of patients with ventilator-
associated pneumonia. Study Design: A prospective
study. Methods: We performed a prospective study of
patients receiving mechanical ventilation in a surgi-
cal intensive care unit who underwent chest com-
puted tomography (CT) scanning. A single attending
radiologist reviewed the chest CT scans, and imaging
features were recorded on a standardized form.
Within 48 hours of chest CT scan, five sets of exhaled
gas were sampled from the expiratory limb of the
ventilator circuit. The gases were assayed with a com-
mercially available electronic nose. Both linear and
nonlinear analyses were performed to identify corre-
lations between imaging features and the assayed gas
signatures. Results: Twenty-five patients were identi-
fied, 13 of whom were diagnosed with pneumonia by
CT scan. Support vector machine analysis was per-
formed in two separate analyses. In the first analysis,
in which a training set was identical to a prediction
set, the accuracy of prediction results was greater
than 91.6%. In the second analysis, in which the train-
ing set and the prediction set were different, the ac-
curacy of prediction results was at least 80%, with
higher accuracy depending on the specific parame-
ters and models being used. Conclusion: The elec-
tronic nose is a new technology that continues to
show promise as a potential diagnostic adjunct in the
diagnosis of pneumonia and other infectious diseases.
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INTRODUCTION

Olfaction has been a part of physical diagnosis for
centuries. This is evidenced by the terms fetor oris and
fetor hepaticus. Use of olfaction in the modern physical
examination has largely been lost because it is difficult
both to qualify and to quantify. In the era of evidence-
based medicine, data must be objective and findings must
be reproducible by different examiners. Biological olfac-
tion fits neither criterion.

Recent advances in polymer chemistry have led to the
development and commercial availability of electronic
nose technology. Although the specific technology used in
different devices varies, archetypal electronic nose devices
rely on chemical sensor arrays, pattern recognition algo-
rithms, and complex statistical modeling.*?> Volatile
“headspace” molecules are introduced into the devices,
where they interact with the sensor array. Based on the
reactivity of multiple sensors to the volatile molecules, a
series of values are derived and the composite of these
values generates an electronic signature for that odor.?
The electronic signatures are mapped in multidimen-
sional space and, based on the tightness of clustering of
different signatures, odors can be grouped as “like” and
“not like” using a variety of statistical models and pattern
recognition algorithms.*~”

Electronic nose technology is potentially useful in
clinical medicine because the devices are portable, testing
is noninvasive, and results are rapid. In the diagnosis of
pneumonia the electronic nose can be used to sample
expired gases. If the device can be trained to recognize the
electronic signature of the breath of patients with pneu-
monia, it can serve as diagnostic adjunct in the manage-
ment of patients receiving mechanical ventilation.

There is currently no gold standard in the diagnosis
of pneumonia. Pneumonia scoring systems, chest radiog-
raphy, and bronchoscopy are all employed. In practice,
diagnosis is based on the combination of available data
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and clinical judgment. In the intensive care unit setting,
critically ill patients often undergo chest computed tomog-
raphy (CT) scanning to aid in diagnosis.

Previous work has demonstrated the ability of an
electronic nose to distinguish among patients who were at
low or high risk of ventilator-associated pneumonia and
the ability of the electronic nose to identify different re-
spiratory pathogens in vitro.®® Based on these previous
data, we hypothesized that the electronic nose could be
used to detect exhaled volatile molecules from the breath
of patients receiving mechanical ventilation and that the
electronic nose signature could be correlated with the
diagnosis of pneumonia by chest CT scan.

PATIENTS AND METHODS

After approval from the Institutional Review Board, 33 pa-
tients in the surgical intensive care units at the University of
Pennsylvania Hospital who were receiving mechanical ventila-
tion and were scheduled to undergo chest CT scan were identi-
fied. Patient exclusion criteria included hemodynamic instability,
extubation immediately following CT scan, or request for exclu-
sion by the patient or patient’s family. Twenty-five sets of exhaled
breath were acquired. Each set consisted of five samples of gas,
which was collected from the expiratory limb of the ventilator
circuit at the most proximal port. The gases were analyzed using
the Cyranose 320, a commercially available electronic nose
(Cyrano Sciences, Pasadena, CA), which was calibrated daily by
sampling control vials of normal saline solution at 37°C. Daily
calibration was performed to correct for potential sensor drift and
to control for the effects of environmental and experimental vari-
ation. Identification of patients and sample acquisition were per-
formed by a single physician.

The electronic nose used in the present study is handheld. It
includes a small pump, a battery power source, microcircuitry,
and a sensor array. Each sensor in the 32-sensor array consists of
a carbon black/polymer composite, in which the carbon black
creates conducting pathways through the polymer. As the specific
polymer composite sensor interacts with the molecules in the
sample volume, it swells to a variable degree, disrupting the
carbon black conducting pathways and altering the electrical
resistance of the sensor. The response of each particular sensor is
a function of the characteristics of the polymers of which it con-
sists. Sensor response curves were generated which demon-
strated a positive deflection from baseline during sample acqui-
sition (Fig. 1). Response curves with low signal-to-noise ratio or
negative deflection were excluded.

All patients received mechanical ventilation with positive-
pressure ventilation, using Puritan Bennett 7200 or 840 (Pleas-
anton, CA) ventilators. For the period of sample acquisition, “flow
by” (used either as a trigger or primary mode) on the patient
ventilator was suspended. Breath samples were obtained from an
access port in the expiratory limb of the ventilator circuit just
distal to the Y-shaped piece attached to the patient’s endotra-
cheal tube or tracheostomy tube within 48 hours of undergoing
chest CT scan. If a heat and moisture exchange filter was in use,
samples were obtained proximal to the filter. Before sampling the
breath of each patient, the electronic nose was fitted with a clean
Acrodisc CR 25-mm Syringe Filter (Pall, East Hills, NY). The
filter-protected device was then connected to the access port in
the ventilator circuit. Approximately 30 mL of expired air was
sampled over a period of 30 seconds. Five consecutive samples
were obtained. The sample information was downloaded from the
electronic nose to a laptop computer for analysis.

The CT scans were read by a single attending radiologist.
Thirty-three specific imaging features and the scanning se-
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Fig. 1. Sensor response curve with a positive response and high
signal-to-noise ratio. A R/R represents corrected sensor response
from baseline after calibration with saline control samples. Each
curve represents a different sensor.

quences used were recorded on a standardized form (Fig. 2).
Imaging feature results were recorded in a binary fashion as
either positive or negative. To achieve statistical power, only
imaging features with a large number of patients having and not
having the feature can be compared. Because pneumothorax can
be rapidly and inexpensively diagnosed by conventional chest
radiography, we did not test the ability of the electronic nose to
identify pneumothorax.

Principal component analysis was performed to determine
whether there was clustering of gas sample data, based on imag-

! Electronic Nose and CT Findings ‘

MRi# Last Name DOB
Date of Exam

sex M F

Interstitial Disease Mediastinal & Pleural Findings

Reticulation ___ Pneumothorax ___
Septal Lines Pleural Thickening
Bronchovascular _ Pleural Effusion __
Cysts Adenopathy

Micronodules ___

Ground glass opacification
Honeycombing

Other interstital lung disease

Mediastinal Mass __
Pneumomediastinum ___
Mediastinal Collection
Acute pulmonary embolism ___
Pulmonary hypertension
Other Mediastinum

Airway Disease Findings
Alveolar Findings

Emphysema ___
Air Trapping Diffuse Consolidation __
Tree inBud ___ Congestive heart failure ___

Bronchiectasis

o Adult respiratory distress syndrome
Mucoid Impaction ___

Other diffuse alveolar lung disease

Other Airway
Focal Consolidation
Scanner Type Pneumonia ___
Atelectasis
QXi Contusion
circle Sensation 4 (PT) Infarct

one  Sensation 16 Cavitary Lesion _
CTO1 Nodule __
CTER Mass
Slice Thickness _ Nodule size ___
Recon. Interval ____ Other Focal Infiltrate
Contrast y/n

Fig. 2. Form used to record imaging features.
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ing features identified. When there was clustering, support vector
machine (SVM) analysis was performed in Matlab. Support vec-
tor machine analysis is a kernel-based, nonparametric method of
neural computation and machine learning in which two flexible
parameters are used to create a model for multidimensional func-
tion approximation. Our analysis was performed in two tiers. The
first tier used identical training and prediction sets. This method
of analysis is similar to an internal cross-validation approach. In
SVM analysis the two flexible parameters are complexity and
width. When the width is narrow, internal cross-validation yields
high accuracy (100%) but external cross-validation yields low
accuracy. As the width is increased, internal cross-validation
accuracy generally decreases but the accuracy of the prediction
set may increase.” In the second tier, the training set did not
equal the prediction set. In this case, the data from the first three
samples collected were used as the training set and the remaining
two samples were used as the prediction set. This method of
analysis is similar to an external cross-validation of the model.

RESULTS

Thirty-three patients were identified during the pe-
riod of August to October 2003, who underwent chest CT
scanning while receiving mechanical ventilation. Four pa-
tients were weaned from mechanical ventilation and ex-
tubated shortly after CT scan, precluding the opportunity
for sample acquisition. The family of one patient asked
that the patient not be included in the study. Two patients
were hemodynamically unstable and thus were excluded
from the study. In one patient the sensor response showed
a negative deflection, probably as a result of sampling
artifact, and the patient was excluded. The remaining 23
patients underwent 25 chest CT scans (21 patients had 1
scan and 2 patients had 2 scans). There were 13 male and
10 female patients; one man and one woman had two CT
scans each. The average age was 63.7 = 28.6 years. The
admitting diagnoses are listed in Table I. The average

TABLE I.
Admitting Diagnoses.
Diagnosis n
Bile leak (readmission following liver-kidney transplant) 1
Ascending aortic aneurysm 1
Aortic dissection 2
Tracheal tear (intubation injury) 1
Lung mass 1
Pneumonia (readmission following pneumonectomy) 1
Coronary artery disease (admitted for coronary artery 2
bypass graft)
Motor vehicle crash (multiple orthopedic injuries) 4
Pancreatitis 2
Esophageal cancer 1
Motor vehicle crash (aortic dissection) 2
Colon cancer 2
Uterine cancer 1
Chronic lymphocytic leukemia 1
Small-bowel obstruction 1
Motor vehicle crash (closed-head injury) 1
Colovesicle fistula 1

time interval between CT scan and gas sample acquisition
was 17.3 * 14.5 hours.

Of the 25 CT scans reviewed, 13 of 25 demonstrated
pneumonia and 12 of 25 revealed pneumothorax. Imaging
features that were identified are listed in Table II. Based
on this patient cohort, pneumonia was the only imaging
feature that presented with a frequency appropriate for
analysis. Initially, we had intended to test the ability of
the electronic nose to identify patients with focal consoli-
dation and atelectasis; however, nearly all patients in-
cluded in the study demonstrated these findings. This was
probably due to the high sensitivity of CT scan in identi-
fying focal consolidation and atelectasis and the acuity of
illness in the patient cohort.

Principal component analysis demonstrated cluster-
ing of data based on the diagnosis of pneumonia (Fig. 3).
Because clustering was evident, SVM analysis was per-
formed. The first tier of SVM analysis (internal cross-
validation testing) demonstrated results of 91.6% to
100% accuracy (Table III). Figure 4 illustrates a two-
dimensional view of the model. The second tier of SVM
analysis (external cross-validation testing), as expected,
was less accurate than the first tier because the train-
ing and prediction sets were different (Table IV and Fig.
5). The prediction set still demonstrated greater than
80% accuracy in predicting the CT scan results based on
the electronic nose signature.

DISCUSSION

Gas chromatography and mass spectroscopy are able
to identify particular molecules associated with disease,
but for clinicians, knowledge of the molecules associated
with infection is not clinically relevant; rather, identifica-

TABLE Il
Imaging Features Identified.

=}

Imaging Feature

Ground-glass opacification

Emphysema

“Tree in bud”

Bronchiectasis

Pneumothorax 1
Pleural thickening

- N = B~ 0N

Pleural effusion 21
Mediastinal adenopathy 1
Pneumomediastinum 1
Mediastinal collection 4
Acute pulmonary embolism 1
Pulmonary hypertension 1
Diffuse consolidation 4
Congestive heart failure 2
Adult respiratory distress syndrome 3
Focal consolidation 23
Pneumonia 13
Atelectasis 22
Pulmonary contusion 3
Pulmonary nodule 2
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Fig. 3. Principal component analysis plots of patients with and
without imaging features indicative of pneumonia. Factors 1 and 2
represent principal component vectors.

tion of the presence of infection or its absence is critical
and can significantly alter patient management decisions.
Gas chromatography and mass spectroscopy are also es-
sentially nonportable devices and have not been applica-
ble to bedside clinical use.

Electronic nose devices have emerged since the early
1990s and have demonstrated successful use in a variety
of applications, including quality control for the food in-
dustry and applications in the defense and security indus-
try, environmental monitoring, and health care.?'%:!!
Medical application of this technology relies on the asso-
ciation of volatile molecules with particular disease states.
Recent studies using gas chromatography and mass spec-
troscopy have characterized some of these molecules.'?~1°
In addition, the electronic nose has successfully identified
several bacterial isolates in vitro.® An advantage of this
technology is its ability to characterize odorants as “like”
or “not like,” without having to identify the particular
molecules or pathogens associated with the disease. These
devices can be trained to recognize disease entities based
on physiological responses or the byproducts of these re-
sponses that are not entirely understood or specifically
characterized. By accumulating a library of clinical data
(index cases) and the associated vapor signatures, the
electronic nose can be trained to identify clinical condi-
tions without the need for the invasive studies or the

100 .
- No pneumonia

- Pneumonia

Factor 2

20 40
Factor 1

6 80 100

Fig. 4. Two-dimensional illustration of multidimensional SVM model
using all samples in the training set. Parameters are complexity (c)
= 10, width (w) = 5.

multiple data points that were used in the diagnosis of the
index cases. Testing is rapid and noninvasive and does not
require significant training to perform.

Electronic nose technology has been studied in several
medical settings, and its use in patients receiving mechani-
cal ventilation has been promising.%'® Previous study using
electronic nose technology demonstrated the potential to
identify patients at high risk of pneumonia with correlation
to an infection scoring system.® In the present study, we
used the same electronic nose but correlated vapor signature
data to chest CT scan readings. The second tier of SVM
analysis demonstrated 80% accuracy in predicting the re-
sults of chest CT scans. With this small sample, the cause of
the inability to predict the results of chest CT scan in 20% of
cases is unclear. There are common characteristics of the
exhaled breath of patients with pneumonia that the elec-
tronic nose is identifying, but these characteristics have not
been enumerated with gas chromatography and mass spec-
troscopy. The breath of some patients with pneumonia may
share these commonalities but may also contain other vola-
tile chemicals, which significantly changes the vapor signa-
ture, resulting in incorrect predictions. Furthermore, the
accuracy of chest CT imaging as a diagnostic tool for the
detection of ventilator-associated pneumonia has not been
adequately evaluated. There may be false-positive and false-
negative diagnoses by chest CT imaging, which appear to be
errors in classification by the electronic nose but in reality
may be inaccurate diagnoses of the index cases. However,

TABLE Il

Support Vector Machine Analysis Prediction Results for Tier 1:
Identical Training and Prediction Sets.

TABLE IV.

Support Vector Machine Analysis Prediction Results for Tier 2:
Training and Prediction Sets Not Identical.

No. of Correct Results (%)

No. of Correct Results (%)

Analysis Model C =100,W = 0.5 C=10,W=5 Analysis Model C =100,W = 0.5 C=10,W=5

SVM 119/119 100 119/119 100 SVM 39/50 78 49/50 98
SVM + PCA (2) 119/119 100 109/119 91.6 SVM + PCA (2) 37/50 74 40/50 80
SVM + PCA (3) 119/119 100 114/119 95.8 SVM + PCA (3) 34/50 68 46/50 92

C = complexity; W = width; SVM = support vector machine; PCA =
principal component analysis.
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Fig. 5. Two-dimensional illustration of multidimensional support
vector machine (SVM) analysis model using samples 1 to 3 in the
training set. The remaining samples were used in the prediction set.
Parameters are complexity (c) = 10, width (w) = 5.

there is not a gold standard test for ventilator-associated
pneumonia with which the electronic nose could be trained.

CONCLUSION

Ventilator-associated pneumonia occurs in up to 25%
of patients who have been receiving mechanical ventila-
tion for more than 48 hours, and there is an association
between ventilator-associated pneumonia and increased
mortality.'” There is no gold standard test in the diagnosis
of ventilator-associated pneumonia. Several tests are
used, including pneumonia scoring systems, which rely on
multiple variables; bronchoscopy, which is invasive and
may require sedation; and chest CT scanning, which re-
quires transportation of critically ill patients.’®~2! A pref-
erable alternative to any of these tests would be a univar-
iate test with comparable sensitivity and specificity that
could be used as a guide to treatment. We think the
electronic nose can be a rapid, inexpensive, noninvasive
test with the potential to, at least, duplicate, if not im-
prove on, the diagnostic tools currently available.

The electronic nose is ideally suited to testing the
breath of patients receiving mechanical ventilation, and the
present study suggests that this technology has the potential
to supplant other diagnostic alternatives. The demonstra-
tion of a correlation between chest CT scan diagnosis of
pneumonia and the electronic nose sensor response indicates
a potential clinical use as a noninvasive, univariate diagnos-
tic adjunct for the diagnosis of ventilator-associated pneu-
monia. The signature generated by the electronic nose may
serve as a threshold for the initiation of antibiotic therapy or
may obviate the need for more invasive testing in certain
patients. Further study of the use of this technology in the
diagnosis of pneumonia and other disease processes involv-
ing the lungs and airways is warranted to determine its true
diagnostic potential.
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Editor’s Note

Footnote: The electronic nose device used in this study is a
research tool and has not been approved for clinical use.
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