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A B S T R A C T

Lung cancer is one of the most serious and common cancer types
of today, with very uncomfortable and potentially cumbersome di-
agnostic techniques in x-ray, CT, CT-PET scans, bronchoscopies and
biopsies. Completing all these steps can also take a long time and be
time consuming for hospital staff. So finding a new safer and faster
technique to diagnose cancer would be of great benefit.

The objectives of this pilot study is to create an effective data stor-
age system that can be scaled for larger data sets in a later study. The
aim was also to see whether a E-nose can be used to find the differ-
ences in smell-prints from a healthy lung and a cancerous lung. As
well as seeing if the E-nose can distinguish samples drawn from the
lungs from exhaled air samples.

Samples were taken on patients by the staff at ”Lung kliniken” at
Linköping University Hospital during a bronchoscopy on patients
with one-sided lung cancer. These samples were then analyzed by
the E-nose which sensory response is later used to test the classifica-
tion system that uses a mix of Principal Component Analysis (PCA)
and K-Nearest Neighbour (KNN).

Using a k = 7, the system was able to correctly classify 60 % of
the samples when comparing cancerous and healthy lung samples.
Comparing exhaled, healthy and cancerous samples the accuracy was
calculated to 55.56 %. Comparing all lung samples against exhaled
samples the accuracy was 86.67 %
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1
I N T R O D U C T I O N

According to the International Agency for Research on Cancer (IARC)
over 1.8 million new cases of lung cancer was diagnosed during 2012

[1]. This make it one of the more common types of cancer, for instance
it was the third most common type of cancer in the UK during 2013,
while still being the deadliest type accounting for more than 20 % of
the deaths from cancer [2].

Today diagnosis is set by multiple stages that are both uncomfort-
able and potentially harmful for the patient, with use of X-rays, CT-
PET scan, bronchoscopy and biopsies. If one or more of these steps
can be eliminated a lot of time and patient discomfort can be saved,
therefore a new method can be of great benefit.

This thesis will investigate if an electronic nose, using sensors react-
ing to different gas compositions can be used to discriminate healthy
and cancer ridden lungs, using a few of the machine learning tech-
niques that are used for pattern recognition today, as a first step
against removing larger, more complicated diagnostic techniques like
x-ray or CT-scans. Instead using a smaller, faster and a more conve-
nient diagnostic tool in the E-nose.

1.1 aims and objectives

The thesis work is performed as a pilot study in cooperation with the
lung clinic at Linköping University Hospital, with the purpose to find
out whether a electronic nose can be used to make a correct diagnosis
of lung samples. In order to find out if it is possible, some objectives
are set up to identify in greater detail what should be done.

The aims and objectives for the thesis is to:

1. Make an effective data storage, that can be used in a larger scale
study as well.

2. Determine whether it is possible or not to distinguish air sam-
ples from healthy and sick lungs with the usage of an electronic
nose.

3. Determine whether it is possible to distinguish air samples from
the lungs and exhaled breath using the E-nose.

1



1.2 limitations 2

The first objective is to create a system which can be used in later
studies as well, with larger patient groups (thousands). This means
that an effective storage is important to decrease the workload later.

The second objective is set to see how well the electronic nose per-
forms, to see whether it have great enough sensitivity to function as a
discrimination tool, or if other equipment is needed in future studies.

The third objective is to see if exhaled air samples can be distin-
guished from samples drawn from the lungs using the E-nose. This
is to see whether the airways and oral cavity is potentially contam-
inating the samples. Meaning that more research is needed on this
and see if exhaled samples from cancer patient can be differentiated
from exhaled samples drawn from healthy subjects.

1.2 limitations

Since the objectives in this thesis aside from creating effective data
storage is to study the possibility to distinguish healthy contra cancer
diseased lungs. Only patients with one-sided lung cancer are candi-
dates. The patients should also have no other conditions that could
affect the results. However tumour position and cancer stage are not
factors that are taken into account during this study. A large limita-
tion that have to be considered when analysing the results from this
thesis work was the small amount of acquired data, this came from a
lack of suitable patients in and that some suitable patients declined to
be apart of the study, as well as a late start for the sample gathering
at the lung clinic.



2
T H E O R E T I C A L B A C K G R O U N D

This part of the report is covering the basic theory used throughout
the thesis. Covering Lung cancer in general, the machine learning
methods used in the analytical work to enable prediction and the
electronic nose used in this study.

2.1 lung cancer

Lung cancer is one of the deadliest and most commonly diagnosed
cancers of today, with over 1.8 million new diagnoses each year world-
wide as of 2012 according to the international agency for research on
cancer [1]. At which time the survival rate in Britain was around 10 %
for surviving more than 5 years after being diagnosed according to
Cancer Research UK [3].

2.1.1 Symptoms

The symptoms for lung cancer include persistent cough, breathless-
ness, cough, chest pains from breathing and tiredness [4]. Not unlike
other common lung diseases like chronic obstructive pulmonary dis-
ease, or pneumonia [5, 6]. This means that it can be hard to differen-
tiate between diseases and setting a correct diagnose without larger
investigations.

2.1.2 Diagnosis

To set the diagnosis usually standard lung examinations like spirom-
etry and blood tests are performed to eliminate the possibility for
other diseases with similar symptoms. If these test do not show any
signs for other diseases with similar symptoms a chest X-ray is used
to see if any tumors can be seen in the lungs since these will light
up brighter than normal tissue in an X-ray. However not only tu-
mours show up brighter in an X-ray. So if something that could po-
tentially be a tumour is showing more advanced techniques like a CT
or CT-PET is used together with some contrast medium. This gives
a clearer and more detailed image of the presumed cancer site. The
contrast medium used in this examinations can usually target cancer
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2.1 lung cancer 4

cells since they use more energy, due to the fact that they are splitting
them self at a higher rate than other cells. If the CT or CT/PET in-
dicates tumours, a bronchoscopy and biopsy is done, to visually see
the tumour and taking a piece of the tumour to examine more closely
in a laboratory. [7]

2.1.3 Types and stages

Cancer cells undergo mitosis at a higher rate than normal tissue,
meaning that tumours will grow in size and spread to other parts
of the body over time if not treated. Depending on how much the
cancer have grown or spread different treatments are used due to
the fact that treatment have too small effect to help the patient if the
cancer have spread or grown to much.

Cancer is therefore divided into different types and stages to de-
scribe whether treatment will be able to cure, or if it at best can relive
some symptoms. Different treatments are also preferred over others
depending on stage and type.

Lung cancer is divided into small-cell or non-small-cell lung cancer;
where small-cell is the more aggressive type, spreading at a higher
rate, and is classified on however the cancer is limited to the lungs or
if it spread to other parts than the lungs. Non-small-cell lung cancer
is however the more common type and is further classified into 4

stages with sub-stages [7]. Spanning from stage 1A and 1B where
the tumour is still quite small under 3 cm for 1A and between 3.5
and 5 cm for 1B, and for both sub-stages the tumour should yet not
have spread to other parts. For stages 2A-B and 3A-B the tumours
are growing in size and spreading over the lung and near chest area,
whilst in stage 4 the cancer have spread to both lungs or other vital
body parts.

2.1.4 Treatment

Depending on the cancer type and stage different treatment methods
are used. For small-cell lung cancer chemotherapy and radiotherapy
is usually used. Surgery is rarely used since it is often to late to surgi-
cally remove the tumours. Surgery will then give to much discomfort
for the patient versus the possible benefits that surgery would possi-
bly give. For small-cell lung cancer treatment the radio- or chemother-
apy is used to ease pain and symptoms while extending the lifespan.
For non-small-cell lung cancer surgery is an option in the early stages
where the cancer have not spread to a larger area, an assessment on
whether the patient is fit enough to endure the surgery have to be
made as well. Otherwise other treatments like chemo- and/or ra-
diotherapy is used to remove as much cancerous tissue as possible.
During the surgery large amounts of cancer cells are physically re-
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moved and after the surgery chemotherapy is usually used to remove
remaining cancer cells, and prevent that the cancer will return. [8]

2.1.4.1 Radiotherapy

Radiotherapy is a cancer removal technique where the cancerous cells
are irradiated to destroy the cancer cells. For lung cancer patients
with a chance of getting cured the use of an external beam radiother-
apy is normally used [8].

In radiotherapy a radioactive beam is aimed directly at the cancer
cells. If the chance for survival is low and the cancer cells block the
airways internal radiotherapy is used. This technique uses a small
tube containing radioactive material in one end. This tube is then in-
serted into the airways and aims the material directly onto the cancer
cells, destroying them and freeing up the airways to make breathing
easier.

Another method that can be used is stereotactic radiotherapy where
many small beams are aimed at a small point, this method is more
accurate and spares the surrounding tissue more, but requires more
sophisticated and more expensive machines that might not exist in
all hospitals.

Side effect for radiotherapy include chest pain, redness and/or hair
loss at the radiation site among others [8].

2.1.4.2 Chemotherapy

Chemotherapy is the use of very powerful medication either taken
intravenously or as a pill. The medication kills the cancer cells and
is primarily used to shrink the cells before surgery, or after surgery
removing remaining cells to avoid that the cancer will return. It can
also be used to reduce the symptoms and decrease the spreading.
However chemotherapy can often weaken the immune system which
makes the patient very susceptible for infections. Chemotherapy can
also fatigue the patients, other side effects include nausea, vomiting
and hair loss. [8]

2.1.4.3 Hypothesis

The difference created in the organs with cancerous tissue gives the
hypothesis that lung tissue with cancer cells give a different smell
than healthy lungs. The assumption from this is that an E-nose can
sense this different smell.

2.2 machine learning

Prediction and classification of an unknown sample without manu-
ally having to look on each sample is of great importance since this is
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both tiring and time consuming if a person were to do it. Instead you
can write a program that takes in the known data and gives out pre-
diction to which class the unknown sample should belong to while
freeing up time for the user, and removing any potential human er-
rors that are likely to occur after looking at raw data for along time.

There are several different techniques which can do this today. For
instance artificial neural networks (ANN) or support vector machines
(SVM) can be used. But for this thesis a combination of a principal
component analysis (PCA) and K-nearest neighbour (KNN) is used.
These two methods will be described below together with cross vali-
dation which is used to evaluate how well the system performs.

2.2.1 PCA

PCA is a technique that can be used to reduce the amount of dimen-
sions to ease calculations. This can be used in many various fields for
pattern recognition to simplify large calculations and make classifica-
tions faster. PCA uses variance, covariance and eigenvalues to create
new descriptive components for the data that should be analyzed.
This technique can loose some variance used in the classifications,
but by setting an acceptance level enough information will be kept to
make a good prediction. For instance if the acceptance level is set to
99 %; enough principal components are used so that more than 99 %
of all variance is kept for use in following classifications.

PCA is started by subtraction the means for all dimensions indi-
vidually, this is made to simplify the following covariance calculation
which have the following Equation 1.

cov(X, Y) =
P

∑
i

(Xi − µX) ∗ (Yi − µY)

P − 1
(1)

Where X and Y represent the two dimensions, between which co-
variance is determined, µX and µY is the mean of X and Y respectively
and P is the number of data points in the set.

The results of the covariance calculation is presented in a covari-
ance matrix. The covariance matrix is d × d sized with all data in row
one and column one represent the covariance between dimension one
and the column/ row number [9]. This means that for the diagonal in
the covariance matrix, where X = Y is a special case, showing the vari-
ance of that dimension instead of covariance between two different
dimensions.

In Figure 1 below a covariance matrix is shown with di, dj denoting
the dimensions used for calculating the covariance.
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Figure 1: Covariance matrix for four dimensional set.

The first principal component is calculated according to Equation
2 [10].

α
′
1x = α11x1 + α12x2 + ... + α1pxd =

d

∑
j=1

α1jxj (2)

Where α1 is a vector of d constants (α1, α2..., αp) that creates the
largest variance var[α

′
1x], this is the eigenvectors for the largest eigen-

value of the covariance matrix. The following PC is given by α
′
2x that

is orthogonal against α
′
1x, α2 is the eigenvectors for the second largest

eigenvalue for the covariance matrix, and so on until α
′
px. This means

that all eigenvalues are described according to Equation 3. [10]

var[α
′
dx] = λd (3)

Using the l largest eigenvalues and their respective eigenvectors to
create a new data set given by a matrix of size d × l where l is the
new number of dimensions and d is the original number of tests.

2.2.2 KNN

K-nearest neighbour is a technique where classification is made by
finding the k-closest data points and assign the unknown data point
to the class with most data points among them. The closest points are
found by first finding the absolute distance between the unknown
data point and every existing, known data point, using Equation 4.
[11]

Di =

√√√√ N

∑
d
(trainid − testd)

2 (4)

Di is the absolute distance between known data point trainid, where
i stands for the known data point i in dimension d and testd is the
value for the unknown data point in dimension d. N is the number
of dimensions.

Since different k can give different results, the choice of k have to be
carefully considered to eliminate possibilities for faulty classification.
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Choosing a smaller k will give a faster classification, but the system
will be more susceptible for outliers. A larger k will give a higher like-
lihood of correct classification, but will require more computational
power. An example of how different k’s can affect the classification
can be seen in Figures 2-5 where two classes with different means are
randomly generated and a unknown sample is randomly generated
between them to be classified using different k-values. In Figure 2

where k = 1 the unknown sample is classified as class 1, but for the
other cases in Figure 3-5 it is classified as class 2.

Figure 2: With K = 1 voter is showed by circle around the class, cross
represents the unknown data point.

KNN works best for smaller sample sets since all data have to be
stored to check against, meaning that for larger sets other techniques
might be a better choice or some data preparation like dimension
reduction might be needed to reduce the amount of data that have to
be stored.

When dealing with only 2 classes an odd k will always give one
class more ”votes” whilst if there are more than 2 classes there is a
possibility that two classes gets the same amount of votes and then
some kind of separator between the two is needed. One way of doing
this is to decrease the k for this data classification neglecting the vote
from the data point furthest away for this case and repeat the voting.
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Figure 3: With K = 3 voters are showed by circle around the class,
cross represents the unknown data point.

Figure 4: With K = 5 voters are showed by circle around the class,
cross represents the unknown data point.
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Figure 5: With K = 7 voters are showed by circle around the class,
cross represents the unknown data point.

2.2.3 Cross validation

There are several ways to determine how good a classification is. One
way to do this is by using n-fold cross validation. This technique
divides the tests into n parts where n − 1 parts are used to train the
system while the last part is used to evaluate the system. This is
repeated, switching parts used for evaluation and sum up the error
in each part and dividing this by how many parts there are.

The extreme case of n-fold cross validation that is going to be used
in this study is called leave one out. In this case only one test is used
for validation of the system while the rest are used for training. The
error is calculated according to Equation 5 [11].

Error =
1
n

n

∑
1

Errorn (5)

Another way to evaluate and also visualize the classifications is by
using a confusion matrix. Using this matrix several measurements
about the classification can be gathered. The measurements used
throughout this thesis is the accuracy, sensitivity and precision. In
Figure 6 an example of how a confusion matrix might look like is
showed.

The accuracy is calculated by summarizing all correctly classified
samples and dividing them by all samples [11]. The sensitivity also
called recall shows how large part of a class that is correctly classified.
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While precision shows how large part of all samples classified in a
class actually belong to that class.

Sensitivity and precision can only traditionally be used when mea-
suring between two classes. So when classifying between two or more
classes a need to lump classes together arise. So measuring the sen-
sitivity/ precision when there are more than two classes, one class
will stand as it is, but the rest is lumped together. Giving a sensitiv-
ity/ precision measurement for the not touched class. This is then
performed for all classes. How accuracy, sensitivity and precision is
calculated from confusion matrix values is covered in Section 4.3

Figure 6: An example of what a confusion matrix can look like, clas-
sifying 30 samples.

2.3 electronic nose

In this section the E-nose used in this thesis is described, how it work
and the sample cycle. The E-nose used in this thesis work is the
Cyranose 320 R©, from the company Sensigent LLC.

2.3.1 How it works

The E-nose works by having a 32 thin-film carbon-black polymer com-
posite chemiresistor sensor array. Where every chemiresistor have a
resistance that changes when the resistor materials comes in contact
with different volatile organic compounds (VOC), the resistance is
different for each sensor for different gases, this gives each VOC a
unique smell print. An example of how a smell prints appear in
Cyranose R©’s own software PCNose+ is shown in Figure 7. [12]
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Figure 7: An example of a smell print with the Cyranose 320 R© in its
own software called PCNose+.

2.3.2 Sample cycle

The cycle starts by a purge of the sensor chamber, this is to remove
what the creators call first sniff effect due to some time of being idle.
When in an idle state the sensor can have absorbed an amount of wa-
ter that could affect the response. In the purge stage of the cycle, air is
drawn in from the surrounding area to create a baseline; a reference
point to what VOC the surroundings is made up of. After this the
pump switches to draw in gas from the sample through a thin nee-
dle; from this part comes the sensory response of the sample. After
the sample is drawn the sensory chamber is purged again to remove
as much residue stuck in the chamber as possible, the airway from
which the sample is drawn is purged as well to remove any left overs;
stuck in the sample draw intake. [12] The sensor response from a
single sensor can have an appearance as seen in Figure 8 on the next
page.

In the figure Flag1 marks the purge part in cycle marked with a
red line. Flag3 is for the sample draw phase with the blue dotted line.
Flag4 marks a five second stop where sample bag is to be removed
before purging the system marked with a cyan starred line. Flag6

responds to the baseline intake purge marked with a magenta line
with triangles on it, and Flag7 corresponds to the sample intake purge
phase marked with a black line with circles on it.
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Figure 8: An example of what the sensory responses look like for one
sensor.
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M AT E R I A L S

In this chapter all computer programs and materials are listed and
their basic functionality

3.1 sample gathering

The sample data will be gathered with a electronic nose called Cyra-
nose 320 R©. The sample bags used in this thesis are made out of
aluminum foil, that are folded and taped in such a way that the con-
tent only touch the aluminum and should hence not react and affect
the samples. In one corner of the aluminum bag sits a valve through
which the bag is filled. But foremost this valve can be connected to
the E-nose to draw the samples when testing.

The sample bags are heated in a heating blanket to decrease the
amount of humidity drawn into the E-nose. This is since some of the
sensors react largely to polar compounds like water. Meaning that
large amounts of humidity in a sample can affect the results.

3.2 data analysis

The electronic nose is connected with a computer running the pro-
gram PCNose+. This is used to save the responses onto a CSV-file,
with each column representing a different sensor and the rows rep-
resent over the time for which a sampled sensor response is stored.
With extra columns covering other basic information like time, ambi-
ent temperature. One of these columns called flag tells from which
part in the cycle an data sample is taken. An example response of the
file can be seen in 9. Showing the first columns containing some basic
information, and the sampled responses for the first three sensors.

Data preparation and analysis of all sample files are then performed
in MATLAB_R2015b by using both existing built-in, and own built func-
tions.

14
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Figure 9: An example of what the sensor response file will look like.
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M E T H O D S

This chapter will cover the methods of work in all the steps in the
thesis work, from the sample gathering at Lungkliniken via sampling
with the E-nose, and lastly how the data analysis is performed.

4.1 sample gathering and preparation

Samples are gathered at Lungkliniken at Linköping University hospi-
tal by their staff. Before the bronchoscopy is performed the patient
exhales into a alumina bag to collect a breath sample before anesthe-
sia is given. Two 30 ml samples are drawn from the healthy lung
and ejected into an alumina bag, followed by the same procedure
for the sick lung. Usage of two 30 ml needles are to ensure that the
samples are large enough for the e-nose to give a stable signal. The
three alumina bags are marked (1, 2, M) for healthy, cancerous and
exhaled sample respectively. This to ensure that each sensor response
is named and hence classified correctly when stored on the computer.

The bags are then placed in a heating blanket for 30 minutes to
decrease the amount of humidity affecting the sensor responses in
the E-nose.

In Figure 10 a schematic image of how the samples are used. Show-
ing all the larger steps from sample drawing from the bronchoscopy
or taking the exhaled samples. To the data preparation and analysis
made in Matlab.

16
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Figure 10: A schematic image of the sample process from sample
gathering to data analysis

4.2 electronic nose

To make sure that all samples are tested in the same way the settings
are not changed for any tests, the settings are set on beforehand and
stored as a method on the machine, allowing the user to only start
measuring with all settings already made to be the same for each test.

Since each sample is 60 ml the settings for sample time and pump
rate had to be set so each sample draw used 60 ml or less. The
guide provided with the Cyranose R© states that the initial sample
draw should be set according to T = 0.5∗V∗60

F where T is initial sample
draw time (s), V is sample volume (ml) and F is flow rate (ml/min)
for the pump inside the nose [12]. Inserting V = 60 ml and F = 120

ml/min the sample draw time comes to be 15 seconds and therefore
what is used for the sample draw phase.

The responses are saved as said previously onto a CSV file with file
name as for patient initials so the patients identity is secure. Adding
a 1 for healthy, 2 for sick lung and a M for exhaled air, and stored in
a folder on the computer for later access during the data analysis.

4.3 data analysis

The data analysis start with some data preparation. The files are
read in and the data within it is normalized and stored in a training
matrix. Algorithm 1 shows a pseudo code covering the data read, to
normalization, to storage of normalized data onto a training matrix.

The data is normalized to give a single data measure point from
each sensor in each sample. This is done by dividing the mean of
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the last quarter of each sensor by the mean of the last half of the
baseline purge, this is then stored into either one or both training
data matrices, one used for all samples, and one used for samples
only drawn from the lungs.

In Figure 11 the two thick black lines describe where the baseline
and measure points means are taken from.

Figure 11: A sensor response showing from where the baseline and
measure point means are taken from

In the training data matrices each row represents a unique sample,
and each column represent a sensor response from a certain sensor.
Sensor 5 and 31 reacts largely to polar compounds like water and
were found to have too large of an impact on the PCA without giving
any results and were therefore cutout and not used during the data
analysis. A last column is added for each row, this column states
whether the sample comes from a healthy or sick lung, or an exhaled
sample, with a 1, 2 or 0 respectively.

To save time when reading in the data later the training matrix is
lastly, when all files in a folder are read, saved onto a CSV-file. This
file can later be added as an input to the file reading function. Mean-
ing that data that have previously been read into the program can
be skipped, and data from a new folder is added last in the training
matrix.
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Algorithm 1: How new folders information is stored into exist-
ing matrices

function Readfolder(existing f ile n, existing f ile m, Directory);
Input : files existingfile n and existingfile m containing

previously processed data and the Directory for
wanted folder to add

Output : Matrices matrix n and matrix m containing data for
all samples and only lung samples

csvfiles = files in target folder;
nbrOffiles = length(csvfiles);
if existingfile = empty then

matrix = [];
else

matrix = Read(existingfile)
end
for i = 1 to nbrO f f iles do

currentfile = file(i);
currentext = current file extension;
currentdata = Read(Currentfile);
flags = Findflags(currentdata);
baselines = Means(flags.one(half:end,sensors));
Norms = flags.three / baselines;
measurepoints = Means2(Norms);
data = [measurepoints,currentext];
matrix n = [matrix n;data];
if currentext > 0 then

matrix m = [matrix m;data]
end

end

When data have been read and written onto one or both of the
training matrices it is time to ”train” the program. This is done by
finding the principal components containing the largest variance. The
principal components are set to explain 99.5 % of the variance, this
was chosen to get at least two principal components since early tests
found that the first principal component explained over 99 % of the
variance.

The eigenvectors with eigenvalues explaining over 99.5 % for the co-
variance matrix, (without the class column) are then multiplied with
the original data to create a set with fewer dimensions, and the class
is added again as a last column. This creates a N × m + 1 matrix
with N being the total number of samples in the set and m being the
eigenvalues required to explain 99.5+ % of the variance, and the last
column for which class each sample belong to.
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The final step is to predict ”unknown” samples (also transformed
to be sized according the principal components). Using the KNN
method, the k nearest points according the absolute distance to the
”unknown” sample is used to vote on which class the ”unknown”
sample belongs to. The one with the most votes are deemed to be the
correct class. Using the leave one out method and a confusion matrix
the classifications are evaluated. Accuracy, sensitivity and precision
are the evaluating methods that are used. The accuracy equation is
presented in Equation 6. Where Ci j represents the value of position ij
in the confusion matrix.

Accuracy =

m

∑
i

Ci i

m

∑
i

n

∑
j

Ci j

(6)

The sensitivity, which have to be repeated for each class individ-
ually, with the other two classes joined into one for the calculation
(when more than two classes). The equation used to calculate the
sensitivity is seen in Equation 8 where i represents the row and j
represents the columns in the confusion matrix.

Sensitivityi =
Ci i

m

∑
j

Ci j

(7)

The precision, which also have to be repeated for each class indi-
vidually like for sensitivity. In Equation ?? the precision calculation
is shown, also here the i represent the confusion matrix row, and the
j represent the column.

Precisioni =
Ci i

m

∑
j

Cji

(8)

4.3.1 Patient selection

As said in the limitations only patients with one-sided lung cancer
and no other lung conditions were chosen for the study. The total
number of patients that ended up being included for the study were
15, with varying origin, age and stage of cancer.
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R E S U LT S

In this part the results are presented, and visualized.

5.1 data storage

The program as it stands reads in a folder containing 45 CSV-files of
varying sizes in 290 seconds. Just below 5 minutes according to the
existing timer in Matlab. If this is read in later from the previously
created training matrix file, containing data already processed from
the 45 files it takes 0.05 second. 5800 times faster, meaning that a lot
of time is saved by using the functionality allowing the user to read
in already processed data and add newly processed data instead of
reading in the same files again.

5.2 healthy vs . sick lung

When running the program it was found that to keep 99.5+ % of the
descriptive variance when analyzing only samples from the lungs,
two principal components are needed. The fist PC explains 99.1253

of the variance while PC2 explains 0.6678, meaning that the rest of the
PC are explaining around 0.2 % of the variance. In Figure 12 graphs
showing the values for all samples in the two principal components
are presented.

In these graphs the sample responses are presented according to
the order to which data were added into the training matrix. Pa-
tientwise, with the first patients healthy and cancerous sample first,
followed by second and so on til the last patients data. In the figure
red stars represent data from the healthy lung, while blue triangles
represent data points from the cancerous lung.

In Figure 13 all data points are plotted with PC1 against PC2, also
here the red stars are plotted for healthy samples while blue triangles
are for cancerous samples. In the image an ”unknown” sample is
shown as a green pentagram, and the seven closest samples circled
in magenta coloured rings.

21
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(a) Principal component 1

(b) Principal component 2

Figure 12: The two principal components used to describe 99.5+ % of
the variance in between lung samples.
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A mean was also calculated for both sample groups to give a sense
of how close the centre of both classes are to each other. This mean cal-
culation gave that the healthy sample mean point was [3.8434,-2.1639]
while the cancerous mean point was calculated to be [3.8454,-2.1655].

Figure 13: Plot for healthy and sick lung samples in PC1 and PC2

with a ”unknown” sample to classify, and the points used
for voting.

A leave one out evaluation was made for k = 1 to k = 13 and the
results from this is presented in Table 1. From this it was decided to
perform an analysis using k = 7.

k Error (%) Correctly classified Total samples

1 63.33 11 30

2 63.33 11 30

3 53.33 14 30

4 53.33 14 30

5 53.33 14 30

6 53.33 14 30

7 40 18 30

8 40 18 30

9 43.33 17 30

10 43.33 17 30

11 40 18 30

12 40 18 30

13 43.33 17 30

Table 1: Table presenting the classification error, classifying between
healthy and sick lungs for different k’s
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As can be seen in Table 1 a k = 7 gives Error = 1
30

30

∑
1

Errorn =

12
30

= 0.40. In Figure 14 the confusion matrix is shown, and from this
it can be seen that the accuracy using k = 7 can be calculated to be
7+11

30 = 0.60, as it should since the accuracy should be 1− Error. From
the confusion matrix the sensitivity and precision are calculated and
the results for these are presented in Table 2.

Figure 14: Confusion matrix between healthy and sick lung samples.

Measurement Healthy Sick

Sensitivity 0.4667 0.7333

Precision 0.6364 0.5500

Table 2: Table showing the sensitivity and precision for classifying
healthy and sick lungs

5.3 lung vs . exhaled samples

To describe over 99.5 % variance, using samples from the lungs; healthy,
cancerous and samples from exhaled air, two PC are needed. The
first PC is explaining 99.0414 while PC2 explains 0.6119 of the vari-
ance. Meaning that the rest of the PC describe around 0.35 % of the
variance. In Figure 15 the values of all samples in these two PC are
shown. The sample responses are presented in the order to which
the patient was added to the training matrix, for the first values the
healthy (red star), cancerous (blue triangle) and exhaled (black circle)
samples from the first patient is shown and so on.
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(a) PC1

(b) PC2

Figure 15: The two principal components used to describe 99.5+ % for
healthy, cancerous and exhaled samples showing patient
number on the x-axis.
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In Figure 16 the samples are plotted with PC1 and PC2 values, with
the same notations as in Figure 15. Also here the ”unknown” sample
is marked with a green pentagram and the seven closest data points
are marked with a magenta coloured ring.

The mean calculated for all three classes where calculated, for the
exhaled samples the mean was calculated to be [3.9945,-0.8155], for
healthy samples the mean was [3.9423,-0.8137], and for the cancerous
samples the mean was [3.9443,-0.8134].

Figure 16: Plot for exhaled, healthy and sick lung samples in both PC
showing an unknown sample and marking the 7 closest
points to used for voting.

In Table 3 error results for different k’s are shown.

k Error (%) Correctly classified Total samples

1 48.89 23 45

2 48.89 23 45

3 48.89 23 45

4 46.67 24 45

5 44.44 25 45

6 48.89 23 45

7 44.44 25 45

8 42.22 26 45

9 44.44 25 45

10 44.44 25 45

11 40 27 45

12 40 27 45

13 55.55 20 45

Table 3: Table presenting the classification error, classifying between
lungs and the exhaled air samples for different k’s
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As seen in Table 3 using a k = 7 results in an error of according to

Error = 1
30

45

∑
1

Errorn =
20
45

= 0.4444.

This is supported by the confusion matrix in figure 17 where the
accuracy is calculated to be 12+5+8

45 = 0.5556. The sensitivity and pre-
cision for all classes are shown in Table 4.

Figure 17: Confusion matrix with exhaled, healthy and cancerous
lung samples.

Measurement Exhaled Healthy Sick

Sensitivity 0.8000 0.3333 0.5333

Precision 0.8000 0.4545 0.4211

Table 4: Table showing the sensitivity and precision for classifying
Exhaled, healthy and sick samples against each other.

Comparing just lungs (no matter of cancer or not) against exhaled
samples a graph plotting exhaled and lung data in PC1 and PC2 is
shown in Figure 18. The errors for different k’s comparing between
lungs and exhaled air samples are shown in Table 5.

Using a k = 7 in this case will give an error of 1
45

45

∑
1

Errorn =
6

45
=

0.1333, from the confusion matrix in Figure 19 the accuracy is calcu-
lated to be 12+27

45 = 0.8667. The sensitivity and precision comparing
all lungsamples against exhaled samples are presented in Table 6.
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Figure 18: PC1 and PC2 with lung and exhaled data points.

Figure 19: Confusion matrix with exhaled and lung samples.
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k Error (%) Correctly classified Total samples

1 17.78 37 45

2 17.78 37 45

3 11.11 40 45

4 11.11 40 45

5 13.33 39 45

6 13.33 39 45

7 13.33 39 45

8 13.33 39 45

9 13.33 39 45

10 13.33 39 45

11 13.33 39 45

12 13.33 39 45

13 13.33 39 45

Table 5: Table presenting the classification error, classifying between
both lungs against the exhaled air for different k’s

Measurement Exhaled Lungs

Sensitivity 0.8000 0.9000

Precision 0.8000 0.9000

Table 6: Table showing the sensitivity and precision for classifying
Exhaled, healthy and sick samples against each other.
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D I S C U S S I O N

In this chapter the results will be analyzed and discussed on whether
changes should be made and if so which would have a potential to
give a better outcome.

6.1 data storage

The data storage works properly, and adding the functionality of sav-
ing previously read and prepared data onto a file, which later can be
read reduces the computational requirements and increases the speed
greatly, from 290 seconds to read 45 files to 0.05 seconds for the file
containing data of all 45 samples, an increase in speed by 5800 times.

One possible upgrade that can be made to this system is to add
the patients initials to the training matrix, this is to enable a possible
addition of more data to the training matrix, this could be patient
information like age, gender, smoker/ non smoker etc.

The current system have a great diversity for adding data, where
own protocols for updating the matrix can be used in later studies.
Where the data can be stored in new folders by day, month, or even
by patient based folders. Meaning that the new data can be stored in
what is deemed to be the best way for the moment. The only differ-
ence would be required time to read in the new data. More files in
a folder will require more time for that folder individually, but more
folders require more times that data needs to be read, so judgement
on what would be the best method can be made for every case. Also
by storing the training matrix onto a CSV-file the file reading function
can be skipped, only requiring the built-in csvread function in Matlab
if no new data should be added. With that data analysis can then be
made using the PCA and KNN function.

6.2 data preparation

Using PCA as a technique for dimension reduction can be discussed
a lot. Its dependency of variation is of great importance, and since
the in class variation seems to be smaller than the patient variation
problems arise. This could be the reason for the poor classification

30
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results from this thesis work. Meaning that an other technique might
be of better use, or possibly accepting the larger more time consum-
ing calculations required when using more variables. However test
using classifications with all 30 dimensions show no significant differ-
ences, the classification error between healthy and sick lung actually
get worse from 40 % to 43.33 % using all dimensions, while compar-
ing healthy, sick and exhaled samples gives a slight decrease in error,
from 44.44 % to 40 % the confusion matrices are shown in Figure
20-21.

Figure 20: Confusion matrix when classifying between the lungs us-
ing all 30 sensors.

Figure 21: Confusion matrix when classifying exhaled and both lung
samples using all 30 sensors.
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This shows that the PCA method might not be as reliable as you
would like, when around 0.2 % variance give an change of error by
3.33 % for the lung comparison and 0.35 % variance gives a change
of error by 4.44 % for the other comparison but these changes are
so small using as small of a data aset as in this study that no real
conclusions on whether the PCA method works well or not can be
made from these results.

One thing that will possibly affect the results more is the method
used to prepare data. Where means and normalizations have been
made creating an approximation of the sensory response.

If this method was changed to using the responses appearance
instead, by creating a polynomial explaining the curvature of the
response followed by a comparison of these response polynomials
could possibly decrease the errors even more. The decision of using
the normalizing technique was made early since early tests showed
that discrimination between Coke R© and Pepsi R© fumes was possible
using this technique, and it was therefore seen as a simpler to imple-
ment method that could give positive results.

6.3 healthy vs . sick lung

In the test where only healthy and cancerous lung samples are tested
the accuracy is only at 60 % which have to bee seen as not good
enough of a result to be reliable. As said previously other techniques
might be needed to get better results, or at least a larger group of
patients to test on. A larger set of sample should decrease the in-
class variance, this since a larger sample group should give more
consistent data and therefore more reliable result. It can be seen in
Figure 12a that patient 13s responses are much larger than the others,
this meaning that both wrong classifications will occur, and that this
sample will affect the variance and in extension the PCA affecting the
results. The cancerous sample from patient 4 is a bit higher than the
rest and could affect the results to some extent.

Looking at Figure 14 and Table 2. The sensitivity for cancerous
samples are quite high and the precision for healthy samples is quite
high meaning that there will be more likely to be false positives than
false negatives using this technique, which have to be seen as the
better faulty classification of the two since a false positive will be
followed up in the health-care, and can later be found. While a false
negative might end up as the last stage of the diagnosis, or meaning
that lung cancer is excluded as a possibility.

Looking at Figure 12a it can be seen that the responses for a patient
follows a certain pattern, for almost all patients the healthy sample
have a smaller value than the cancerous samples in PC1, with some
exceptions, for instance patient 13, and in some patient the different
is to small to see in the graph. In Figure 12b the pattern is clearer,
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mostly due to scaling, but the pattern is also the opposite compared
to the first PC. Here the value for healthy samples in a patient is
normally larger than the cancerous sample, some exceptions occur
here as well but not as many.

These patterns gives the statement that healthy and cancerous sam-
ples can be differentiated some validity, however the difference be-
tween patients are to large to give any definitive distinction between
the samples. As covered earlier more data have to be gathered to give
any definitive answers to whether the two classes can be separated.

6.4 lung vs . exhaled sample

The accuracy was calculated to be 55.56 % when analyzing both ex-
haled, healthy and cancerous samples. This result cannot be accepted
as a reliable technique with those results, however looking at Figure
17 it can be seen that most of the error are coming from the healthy
and cancerous lung samples. Therefore comparing exhaled samples
with all lung samples (both healthy and cancerous in the same class)
give a better result, with an error of only 13.33 %, which can almost
be accepted as a reliable classification, meaning that we can see some
effects to the samples from the airways and oral cavity. This since the
exhaled samples differ more from the two lung samples than they do
to each other, if the airways and oral cavity did not affect the samples,
exhaled samples should be between the lung samples since it is a mix
of the two.

As in the between lung graph for principal component values some
patterns for the patients can be seen, where for the first principal
component the healthy lung gives the smallest value, followed by
the cancerous lung and the largest response is almost always from
exhaled samples. Again patient 13 is one of the samples that does
not follow the same pattern, here the exhaled sample have about the
same height as for the rest, but both of the others samples differ
largely to their own classes samples, being even higher than for the
exhaled sample. What this difference comes from is not clear for the
moment and have to be analyzed further to see if it is the method, or
something that went wrong in the sampling that create the difference,
or if it is the patient that is ”abnormal” compared to the other patients.
Patient 1 have a much smaller response than for all other exhaled
samples, making it likely that some errors have been made for this
sample. Looking on the second PC there is not as clear of a pattern,
but generally the exhaled samples have a smaller value.

It is clear when looking at Figure 16 that many errors in classifi-
cation between healthy and cancerous samples will occur since they
are clustered together. The exhaled samples are more scattered than
the other two classes, meaning that there are large differences in the
class.
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This makes it less likely that it can be used to get good classifica-
tions since a larger between class separation is needed. However in
this case the exhaled samples are so far away from the lung samples
making it easy to differentiate lung samples from exhaled samples, as
seen by the large accuracy, sensitivity and precision calculated from
confusion matrix 19.

The large spread between exhaled samples can be interesting to
look further on in a later study, where exhaled air samples from
healthy subjects are compared to exhaled air from cancer patients.
This is since a large in class variation requires a much larger between
class difference to make good classifications. If there is a large enough
between class variance the possibility to create a diagnostic method
using an electronic nose appear.

6.5 future directions

To advance this study and improve the results the patient data set
have to be increased greatly, to contain above 50 patients at least,
this to get a better comparison, and reduce the effects that outliers
can give. I would also advice to change how the responses are mea-
sured, going from normalized measured data points, to a more re-
sponse shaped measurement. Meaning that you would for instance
make a polynomial fit to the responses and use the polynomial values
from each sensors as a start for the classifications. This would make
the classification system take the entire response curve into account,
which could contain some vital information. This change is quite
drastic and would probably change a lot of other calculations, as well
as changing the data storage to work with the new data structure.

An other interesting change that could be made is for instance to
use an Artificial Neural Network (ANN) in the classification, this is
a more complicated classifier, but could find underlying differences
that cannot be seen KNN. This technique would also be beneficial
later in the study, when the data set is much larger. This since KNN
require a lot of computational power to store and compare a sample
with thousands of other data points.

As mentioned before one crucial step for further investigations is
to see on a larger scale if cancer patients exhaled air samples can be
distinguished from healthy subjects exhaled air samples. This inves-
tigation would show whether the E-nose can be used as a cheaper,
smaller and more effective diagnostic tool in hospitals than the diag-
nostic tools of today.
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C O N C L U S I O N

This field is very interesting and have really good potential to get
used for diagnostic purposes in the future if the classification tech-
niques are improved and using larger patient data.

The test results from this study must be seen as inconclusive, since
some patterns can be seen for every patient individually, but showing
a low classification rate using all samples. Both looking between the
lungs and looking between the two lung classes and the exhaled class.

Looking at the aims and objectives we can say that the data stor-
age works well as the data structures look for the moment, and is
somewhat effective, specially using the functionality of reading in
the training matrix. This method should not suffer from a larger
scale study either, just adding up all samples at the end of a day will
require much less than 5 minutes (if not more than 45 samples are
taken every day).

Discrimination between a healthy and sick lung is not possible at
this stage using this method, with an accuracy of 60 % this method
cannot be seen as a reliable classifier, at least without more data.

Discrimination between lung and exhaled samples are however
possible with a high accuracy, sensitivity and precision using this
technique, meaning that airways and oral cavity probably introduce
some contamination to the samples.
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