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Abstract

Cancer has become a leading cause of death in the modern world. Literature sug-
gests that in the modern world, a third of the population will develop cancer during
their lifetime. The focus of the dissertation was to classify tumours as malignant
or benign tumours. The data was obtained via the Surveillance, Epidemiology and
End Results (SEER) program, which collected data from 1973 to 2018. The SEER
program gives data on cancer incidences obtained from the United States popula-
tion and represents 28% of the United States population. The data set contained
variables such as age, race, sex, year of diagnosis and tumour classification, along
with 14 other variables. The methods used for modeling were K-Nearest Neighbours
(KNN), Weighted K-Nearest Neighbours, Artificial Neural Networks, Naive Bayes
classifier and Bayesian Neural Networks. All models above used Synthetic Minority
Oversampling Techniques (SMOTE), as the data set was imbalanced with a ratio of
40 to 1 for the malignant tumours. The best model for the data set was the KNN
model with five neighbours and SMOTE application, with an area under the curve

(AUC) of 0.781.
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1 Introduction

1.1 Background

Cancer has become a leading cause of death in the modern world. Chakraborty and
Rahman (2012) mentions that in the modern world, a third of the population will de-
velop cancer during their lifetime. According to the National Cancer Institute (NCI)
cancer is “a term for diseases in which abnormal cells divide without control and can
invade nearby tissues”. The cancer type will be determined based on the area where
the tumour first originated, the types of cancer include brain cancer, breast cancer,
colorectum (cancer found in the colon or rectum), leukemia, lymphoma and many
more. The location of the tumour will cause different symptoms (Nall, 2018).

The World Health Organisation (WHO) found that the most common types of can-
cer in 2020 were breast cancer (2.26 million cases), lung cancer (2.21 million cases),
colon and rectum cancer (1.93 million cases), prostate cancer (1.41 million cases) and
skin cancer (1.2 million cases) (WHO, 2021). WHO (2021) further noted that lung
cancer was the most lethal type of cancer with 1.8 millions deaths followed by colon
(935 000 deaths), liver (830 000 deaths), stomach (769 000 deaths) and breast (685
000 deaths). The total deaths caused by cancer in 2020 is estimated to be nearly 10
million (Ferlay et al., 2020).

The symptoms of cancer vary depending on the type, with brain cancer victims suf-
fering from visual disorders, motor dysfunction, communication deficit, headaches,
seizures and bladder control (Taphoorn et al., 2010). Leukemia symptoms include
skin bleeding, fever, bone pain, night sweats, recurrent of infections and exhaustion
(Bernbeck et al., 2009). The symptoms affect the diagnosis and mortality of the
patient, hence there will be different incidence rates and mortality rates depending
on the type of cancer.



Estimated age-standardised mortality rates (world) in 2018, worldwide, males, all ages
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Figure 1.1: Male mortality of different cancers. Re-created from: Rawla and Barsouk
(2019)

Estimated age-standardised mortality rates (world) in 2018, worldwide, females, all ages
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Figure 1.2: Female mortality of different cancers. Re-created from: Rawla and
Barsouk (2019)

Figure 1.1 and Figure 1.2 shows the mortality rate for different types of cancer along
with different genders. Rawla and Barsouk (2019) showed that lung cancer has the
highest mortality rate for males, while breast cancer has the highest mortality for
females. The incidence rates are for per 100 000 in the population.



Rawla and Barsouk (2019) lists genetics as a cause of gastric cancer due to the
CDHI1 gene being an inherited mutation which have been found to increase the risk
of stomach cancer. The authors further noted that blood groups also have a rela-
tionship with stomach cancer, with blood group A being associated with a higher
risk of stomach cancer.

While genetics are important, the lifestyle of an individual may also become impor-
tant with reducing the risk of cancer, with potential risk factors being alcoholism,
diet, lifestyle, smoking and viral infection (Chakraborty and Rahman, 2012). Al-
coholism and the use of tobacco have been shown to increase the risk of gastric
cancer by 39% and 11% respectively (Rawla and Barsouk, 2019). The consumption
of harmful products and behaviour which increase the risk of cancer are due to the
understanding of cancer and its symptoms.

Symptom detection is very important to reduce the patient interval time (Emery,
2015). Patient interval is the time between developing a symptom and seeking pro-
fessional help. The other delay known as primary care interval is the interval from
a patient seeking a general practitioner to referral for a specialist (Emery, 2015).
Primary care interval arises due to physicians needing to differentiate the patients
who need urgent care and the majority of patients who do not need further testing
(Al-Azri and Mohammed, 2016). Al-Azri and Mohammed (2016) also note delays
may also occur due to the medical equipment available to the practitioner along with
the patients financial status.

Delays may also occur when a specialist needs to determine if the tumour is be-
nign or malignant (Omondiagbe et al., 2019). Pietrangelo (2019) defines benign
tumours as tumours that do not contain any cancerous cells, thus the benign tumour
can not spread to other site. While malignant tumours do contain cancerous cells,
therefore the malignant tumour could spread to other sites. The accuracy of identi-
fying a tumour as being benign or not is important, as detecting benign tumour may
prevent unnecessary treatments (Sahu et al., 2019). The models built in this thesis
was to address these problems using machine learning.

The usage of machine learning on medical databases has increased drastically, as
data mining techniques can be used to explain or reveal relationships (Ahmad et al.,
2013). Machine learning can explain the attributes which would identify a tumour
as benign or malignant.



1.2 Statement of the Problem, Aims and Objectives

1.2.1 Statement of the problem

The main focus of this study is to accurately classify a tumour as benign or malignant
in order to reduce the delay and error in patient diagnosis.

1.2.2 Motivation of the study

In order to reduce delay and increase accuracy of cancerous tumour classification,
an extensive study of Bayesian and Frequentist machine learning techniques were
compared with(out) class balancing.

The comparison of Bayesian and Frequentist machine learning techniques allows for a
deeper understanding of which techniques should be applied for classifying cancerous
tumours.

1.2.3 Contribution(s) of the Study

Current literature has a lack of comparison between the Bayesian and Frequentist
classification models used for classifying cancerous tumours. Furthermore there was
a lack of studies done on the SEER data set with Bayesian approaches. The Bayesian
approaches on the SEER data set allows for the doctors to model uncertainty in di-
agnosis.

1.2.4 Scope and Delineation of the study

In this thesis the models was not built using;:

e Radiological scans

e Methods considering DNA
1.2.5 Organization of the thesis

In Chapter one the introduction of the thesis was presented along with the problem
of the statement, aims and objectives.

In Chapter two the literature about using machine learning techniques for tumour
classification was discussed, along with reviews about the lack of Bayesian methods
used for tumour classification.



1.2.6 Objectives

The objectives of the study are:

1.

10.

Using Naive Bayes (NB) classifier, K-Nearest Neighbours (KNN) and Weighted
Nearest Neighbours of Samworth (2012) (WNN) as baseline classification mod-
els.

Compare the NB models which used SMOTE and threshold optimization with
other NB models without SMOTE and threshold optimization.

. Compare the KNN models which used SMOTE with models without SMOTE.

Compare the WKNN models with different kernels and distances.

. Apply Artificial Neural Networks (ANN) with different activation functions to

classify tumours as benign or malignant.

Compare the different ANN models which use different activation function,
different dropout layers and differences in SMOTE and threshold optimization.

Apply Bayesian Neural Network (BNN) with Markov Chain Monte Carlo to
classify tumours as benign or malignant.

. Apply BNN with variational inference to classify tumours as benign or malig-

nant.

Compare the different BNN models which use MCMC or Variational inference,
different dropout layers and differences in SMOTE and threshold optimization.

Compare the models using accuracy, sensitivity, specificity, Area under Curve
(AUC) and Cohen’s Kappa.



2 Literature Review

The application of machine learning in the medical field has rapidly increased. The
increased usage is due to machine learning being able to learn complex patterns or
relationships from complex data sets (Cruz and Wishart, 2006).

Ryu et al. (2019) focused on predicting the survival of patients with Spinal Ependy-
moma. The aim of the authors were to understand the demographic and clinical
factors that would influence the survival of the patients, along with trying to predict
the overall survival using machine learning. They use random forest and step-wise
logistic regression methods to predict the survival rates. The results from the step-
wise logistic regression model preformed better in prediction. Ryu et al. (2019) also
used the SEER database, however, they did not consider to use Bayesian methods.

Literature that focuses on cancer prediction and prognosis have three main goals
in common, which are to predict cancer susceptibility, predict cancer recurrence and
predict cancer survivabilty. Cruz and Wishart (2006) use machine learning tech-
niques to accomplish the three goals mentioned above. Unlike Ryu et al. (2019),
they considered genomic data (mutations), proteomic data (protein biomarkers) and
clinical data (tumour size, age etc.).

The usage of Artificial Neural Network (ANN) and the three types of data men-
tioned provided an improvement in predictive accuracy of most prognosis, with the
authors noting that there is a 15-25% improvement in accuracy when comparing the
results of machine learning methods and simple statistical methods.

Kourou et al. (2015) notice that many studies related to early cancer diagnosis and
prognosis while using miRNAs, which are good for detection of cancer, have suffered
from low sensitivity towards in screening for early stages of cancer. The low sensi-
tivity results in tumours being misdiagnosed as benign or malignant.

While the three previous works all used regression type techniques, Doppalapudi
et al. (2021) used both regression and classification techniques to predict the sur-
vival period of cancer patients. The main focus was to use both techniques to ensure
a better prediction of the survival period to help patients and physicians to make
better decisions. The model building phase was split into regression and classifica-
tion, however, both techniques used ANN, Convolution Neural Networks (CNN) and
Recurrent Neural Networks (RNN) as machine learning techniques. Random Forrest



(RF), Support Vector Machines (SVM) and NB were used as statistical classifiers.
The most accurate model for classification was the ANN model with a 71.18% accu-
racy.

Amrane et al. (2018) use two basic classification methods, the NB classifier and
KNN, to determine if a tumour found in the breasts were benign or malignant. They
considered the mutation of the gene, pain level, change in tumour size, redness and
the skin texture around the breast. Amrane et al. (2018) concluded that the KNN
method provided a higher accuracy (97.51%) compared to the NB classifier (96.19%).

A finding of KNN being a superior classification measure compared to the NB clas-
sifier is further supported by Sharma et al. (2018). Sharma et al. (2018) consider
KNN, NB and RF classifiers to determine if the tumour was benign or malignant.
The model performance metrics used to evaluate the models were accuracy, precision
and recall.

Classification methods were also considered by Ahmad et al. (2013) for predict-
ing the recurrence of breast cancer. Ahmad et al. (2013) focus on three main data
mining techniques, being ANN, Decision Trees (DT) and SVM. The justification for
using data mining techinques was to reduce the number of false positive and false
negative decisions made by the physician. The SVM model was the best classifier
followed by ANN and DT respectively. The models could have been improved by
using more variables and a larger data set.

Sahu et al. (2019) uses PCA and ANN as a hybrid model that can process data
while using the most relevant variables. Other models such as KNN, NB, RF, RF
with PCA and ANN without PCA were also considered. The most accurate model
was the ANN and PCA hybrid model, with an accuracy of 97%, while the NB model
had a accuracy of 81%. The study used classification techniques to identify tumours
as being benign or malignant, because classification of benign tumours can avoid
patients from undergoing treatments which are deemed unnecessary.



The importance of correctly identifying a tumour as benign or malignant was fur-
ther highlighted by Omondiagbe et al. (2019). Omondiagbe et al. (2019) used linear
discriminant analysis (LDA) and PCA to reduce the variables and computation time
of the models. They first used LDA and PCA on the data then applied the ANN,
SVM and NB, with NB being a baseline model. The model which preformed the
best was NN with the use of LDA, which resulted in an accuracy of 98.82%, thus
showing that dimensionality reduction (using LDA and PCA) are significant in the
classification models that use machine learning.

The idea of machine learning algorithms and cancer classification is well established
in literature, with ANN, KNN and SVM dominating the research in this field. There
is, however, a lack of ANN models with a Bayesian component to classify tumours
as benign or malignant.

Yu and Chen (2005) used BNN models for ovarian cancer identification. BNN usage
allowed the model to reduce the computational power required, as BNN allowed the
use of prior probabilities. The BNN models were split between k-fold cross validation
with k ranging from 2 to 10. The average accuracy of all BNN models were around
97%, which was higher than the accuracy obtained by the ANN models with one
(89.93%) and two hidden layers (84.09%).

Kourou et al. (2020) also used Bayesian methods, however, the data set used was
based on timer series microarray data. The model used were Dynamic Bayesian
Network, because the model could explain the importance of significant genes and
key regulatory molecules. The accuracy and Area Under the curves (AUC) was used
as the performance measure, which were 70.8% to 98.5% for accuracy and 0.562 to
0.985 for AUC.

Abdar et al. (2021) provided an insight of using images along with Bayesian deep
learning to quantify the uncertainty of skin cancer classification. Abdar et al. (2021)
used three uncertainty quantification methods, which were Monte Carlo dropout,
Ensemble Monte Carlo dropout and Deep Ensemble. The model performance used
were the F1 score, which was 88.95% to 91%.

The Bayesian component with ANN allows for the model to consider uncertainty
in its prediction. In this dissertation machine learning techniques will be used to
classify tumours as being benign or malignant.



3 Methodology

This section is split between explaining the data set, classification models and model
accuracy measures.

3.1 Data set

The data was obtained via the Surveillance, Epidemiology and End Results (SEER)
program. The SEER program gives data on cancer incidences obtained from the
United States population and represents 28% of the United States population (Ryu
et al., 2019). Surveillance Research Program (SRP), part of the National Cancer
Institute’s Division of Cancer Control and Population Sciences (DCCPS), supports
the SEER program (NCI, 2021).

The SEER database contains data about cancer incidences from 1973 to 2018. The
program collected data based on the patient’s age, race, sex, year of diagnosis, pri-
mary tumour site, tumour morphology and tumour behaviour. The data set ex-
tracted contains the tumours behaviour re-code which can be explained in Table 3.1.

The data set was only acquired after completing a data-use agreement, which pro-
tects the identities of the cancer patients, with every effort of excluding features
which can lead to an individual patient. The agreement further states the data will
only be used for statistical reporting and analysis for research purposes.

Table 3.1: Table explaining tumour recode, name and explanation

Tumour Classification Name Explanation
0 Benign Tumour that is not cancerous.
1 Malignant Tumour that is cancerous.




3.1.1 Class imbalance and SMOTE

To understand the data the benign and malignant tumours were plotted. The graphs
were drawn from the SEER data set, with 0 representing malignant tumours and 1
representing benign tumours.

Figure 3.1a showed a bar graph with the class imbalance within the benign and
malignant tumours of a ratio 40:1 in favour of malignant tumours. This was due
to how the data was collected, with data collection occurring during or after tests.
Data augmentation techniques, such as Synthetic Minority Oversampling Technique
(SMOTE) and threshold optimization were used to handle the class imbalance. Fig-
ure 3.1b displayed the data set imbalance after SMOTE was applied. The number of
cases in each class was shown to be at a ratio of 40:1, which has now been converted
to a 1:1 ratio.

Tumour Balances Tumour Balances

20000
15000

15000

10000

10000

Count
Count

5000
5000

0 1 0 1
Tumour Classification Tumour Classification

(a) Bar chart showing class imbalance  (b) Bar chart showing data set after SMOTE

Figure 3.1: Bar chart showing class imbalance and after applying SMOTE class
balance
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3.1.2 Data Exploration

To gain further insight into the data set, Figure 3.2 was analysed. Table 3.2 showed
the distribution of ages according to their age groups. The majority of tumour clas-
sifications occurred during the ages of 55 to 79, the ages were close to the United
States of America’s retirement age. Devesa et al. (1995) noted the mortality rates
for cancer during 1975-1991 increased for older people, while for younger people the
mortality rates decreased. The increase of mortality rate would increase the under-
standing and awareness of cancer, thus increasing number of tests. Devesa et al.
(1995) used the SEER data set, but only used the years 1975 to 1991, and noted
that the incident rates increase for all adjusted age groups during the same period.

Figure 3.2 demonstrates that for the benign tumours there was one outlier, at the
age of 20 to 24. While for the malignant cases there were 6 outliers all below the
age of 25. The outliers was due to the physician allowing for testing and therefore
the patient becoming registered into the SEER database. The models built for this
thesis was to reduce the number of people being tested while being in benign.

Boxplot showing the age groups vs Tumour classification

Age group
]

Tumour Classification

Figure 3.2: A boxplot showing the age group vs tumour classification

Table 3.2: Age group distribution

Age Group 0 1 2 3 4 5 6 7 8 9
Age Range 0 1-4 59 10-14 15-19 20-24 25-29 30-34 35-39 40-44
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Age Group 10 11 12 13 14 15 16 17 18
Age Range 45-49 50-54 55-59 60-64 65-79 70-74 75-79 80-84 85+

3.1.3 Data partition

Fitting and evaluating statistical or machine learning models requires two different
sets of data, being the training and test data sets.

Let I represent the original data set. The data set I was split into two mutu-
ally exclusive subset being L and T, with L being the training data set and 7' the
test data set. Each method will require the same data sets to be used. The following
steps are taken to partition the data sets:

1. Split
Create a split of 75% for the training data set and 25% for the test data set.

2. Creating partition
The portioning of the data set was done by using the caret library (Kuhn et al.,
2020).

All analysis and coding from this paper was done in R-Studio package version 3.6.2
(Allaire, 2012).
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3.2 Classification Models

3.2.1 Naive Bayes Classifier

The NB classifier is a probabilistic classifiers which uses the Bayes theorem. Naive
Bayes classifier assumes a strong independence between the features, however, Rish
et al. (2001) demonstrated that the NB works well for independent features and
functionally dependent features. Zhang (2004) mentioned that one way to overcome
the limitation of independence between features is to extend the model to have de-
pendencies among the features. Figure 3.3a shows an example of a basic Naive Bayes
classifier’s relationship between a class C' and the associated features (F;), and Figure
3.3b shows a Naive Bayes classifier’s relationship between a class C' and the associ-
ated dependent features (F;).

The Bayes theorem given as:

P(X|Y)P(Y) 0
PX)

with X being the predictor, Y being the class, P(Y|X) being the posterior probability

of class Y given X, P(X[Y) being the likelihood, P(X) being the prior probability of

X and P(Y) being the prior probability of the predictor Y.

PY|X) =

The Bayes theorem expresses the posterior probability in terms of the prior prob-
ability, the probability of the predictor, and with the conditional probability. The
conditional probability is therefore needed in order to obtain the posterior probabil-
ity. The conditional independence assumption must hold to calculate the conditional
probability.
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The conditional independence is given as:

z

P(X|Y = y) = [[ P(xIY = ). (2)

i=1
with the set X : {X1, X5, ..., X.} and 2z being the number of features.

The NB classifier combines equation 1 and equation 2 to calculate the posterior
probability for all classes of Y. The NB classifier is given as:

PY) T, P(Xi|Y)

P(Y|X) = =it ()

with P(X) being stationary for every Y, thus the classes are determined by max-
imising equation 2. The probability of every observation from the test data set is
calculated for every class. Each test observation will be classified to the class with
the highest probability.

We use the e1071 library of Meyer et al. (2019) to train the naive Bayes classi-
fier.

() ()
TS BT T

(a) Naive Bayes (b) Bayes with dependent features

Figure 3.3: Examples of Naive Bayes. Re-created from: Zhang (2004)
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3.2.2 K-Nearest Neighbour

KNN was first introduced by Fix (1985), with the KNN being used to preform a
non-parametric test for pattern classification. KNN attempts to classify an obser-
vation into a particular class if the observation has the highest probability of being
in that particular class. KNN has since become one of the most used classification
techniques (Peterson, 2009).

Before KNN can be used, the data set needs to be split into a training data set
and a test data set. The training data set is used to train a certain model, while the
test data set is used to evaluate the performance of that set certain model. KNN
looks to find a neighbourhood around a certain observed value in the test data set
with the help of observations found in the training data set.

KNN are based on the distance between the test data set observation and speci-
fied observations in the training data set. The between sample geometric distances,
d(z,y), used by KNN include:

e Minkowski distance (>0, |z — vil|)'/°),

e Manhattan distance (3, |(x; — vi)|)

e Euclidean distance (/> ., (x; — 1:)?).

The Minkowski distance is a generalized metric, in the normed vector space, to
calculate distance between two points (Singh et al., 2013). Minkowski distance allows
for other measurements when c is set to different values (De Amorim and Mirkin,
2012). For ¢ = 1, the Manhattan distance is obtained. For ¢ = 2, the Euclidean
distance is obtained. Minkowski distance only works for ¢ > 1, as a metric requires
that the

e triangle inequality (d(z, z) < d(z,y) + d(y, z))
e symmetric (d(x,y) = d(y,x))
e positive properties(d(z,y) = 0 if z = y).

For ¢ > 1 the triangle inequality holds for the Minkowski distance. However, when
¢ < 1 then 1/c > 1 occurs, which results in d(z, z) > d(z,y) + d(y, z). The triangle
inequality does not hold for when ¢ < 1 (Gohrani, 2019).
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The Manhattan distance is calculated using the Minkowski distance by setting ¢ = 1.
The Manhattan metric measures the distance between two points using right angles.
The Manhattan distance also known as the taxicab distance, a realistic use of the
Manhattan distance is the path a person would drive that covers the streets and not
through buildings (Khan et al., 2019). The Manhattan and Euclidean distances are
popular metrics used to determine similarities between data points (Vadivel et al.,
2003).

The Euclidean distance is calculated using the Minkowski distance by setting ¢ = 2,
also known as the L2 metric. The Euclidean distance is a metric structure that
considers length between two points x; and y; for all ¢ being a subset of 1,2,...,n
(Strichartz, 2000). Strichartz (2000) also stated the Euclidean distance was used the
most in practice due to three properties: the distance between two points is positive,
the distance is symmetric and the distance follows triangle inequality.

For a positive integer £ and an observation xy in the test data set, KNN obtains
the £ number of observations in the training set that are the closest to xy. The
conditional probability for a certain class j is then estimated as a fraction of points
inside the neighbourhood of Nj.

The probability can be calculated as:

POY =X =) = 7 3 ey 4)

i€ Np

Equation 4 calculates a probability of the test observation belonging in every class.
The test observation will be classified to the class with the highest probability.

The usage of KNN provides another problem. The problem is that the usage of
the geometric distance does not consider the weights of the features, thus assuming
that all features have the same effect on the classification. KNN also does not con-
sider how the features are related. In order to correct these mistakes, the WNN will
be used.

Use the knn function, written by Ripley et al. (2015) from the library class, to
find the k£ nearest training set for each observation from the test data set.
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3.2.3 Weighted Nearest Neighbour

Dudani (1976) introduced the idea of weighting close neighbours more than further
neighbours. The WNN was created as an expansion of KNN. WNN uses kernel func-
tions to assign weights with accordance to their distances. The assignment of the
weights are important and can be assigned using four methods: random weights,
instance weighted based on gradient descent, feature weighted based on gradient de-
scent and kernel function to assign weights.

The random weights method is to randomly assigning weights according to the fea-
tures. The classification error rate will be calculated, then the weights are adjusted
based on the classification error rate. The process is repeated until the classification
error rate is acceptable.

The instance weighted method would assign weights randomly in the training in-
stances and the weights would be trained by cross validation. The feature weighted
method would randomly assign weights to all the features and the weights would be
trained by cross validation.

Given a test observation, a kernel function would assign more weight to the ob-
servations that is closer to the test observation. Samworth et al. (2012) noted that
there are various number of kernels, with kernels being rectangular, Epanechnikov,
triangular, bi-weight and tri-weight.

08 —4—

Y>

Y1

/

Xl XZ 1 T
X -1 0 1

(a) Triangular Kernel (b) Epanechnikov Kernel

Figure 3.4: Triangular and Epanechnikov kernel function
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The kernel shape affects how the weights are assigned. Figure 3.4a shows a triangular
kernel function, with the point at the peak of the triangle being the test observation,
and points from the training data set being points (X1,Y]) and (X3,Y2). The weights
of the point (X5,Y2) would be higher than point (X7,Y]) as the point (X5,Y5) is closer
to the test observation. Figure 3.4b follows the same principle, however, any points
falling outside the curve will be given no weights and points closer to the test ob-
servation will be given the varying weights. The optimal number of neighbourhood
being used to calculate the kernel is a function of k£ and d with k being the number
of neighbourhood for an unweighted KNN.

The probabilities would be calculated similarly to the KNN probability (equation
4), and will calculate the probability of every observation from the test data set
belonging to each of the classes. The function kknn from the library kknn, written
by Schliep et al. (2016), allows each observation from the test data set to find the k
nearest training set vectors.

3.2.4 Artificial Neural Network

The ANN is a machine learning technique which was made to resemble the human
brain. Yegnanarayana (2009) considered ANN as a simplified model of the biolog-
ical neural network. The ANN function is to take in data, train itself to recognize
patterns in the data and provide an output. The ANN architect may be split into
three sections, the input layer, hidden layers and output layer. The features are fed
into the input layer, the results from the input layer will be processed in the hidden
layer(s) and will be passed out to the output layer. These steps are known as forward
propagation.

The number of nodes in the input layer (L(®)) will depend on the number of fea-
tures presented to the neural network. In Figure 3.5 the are three nodes in the input
layer, meaning there are three features presented to the network. The hidden layer(s)
(L™M) with r being the ry, hidden layer, can have different numbers of neurons (units
where calculations are done) in the different hidden layers. Each hidden layer con-
tains one or more neuron(s), with the neurons of one layer being connected to the
neurons of the next layer through channels as seen in Figure 3.5.
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Each channel contains a weight, the weight will affect the input received by the next

layer’s neurons. The weights from iy, neurons of the layer (LU~1) to the j;, neurons
of layer (L)) is represented as wéj;’r_l).

Each of the neurons also contains a bias (b), the bias of each neurons in the same
layer may be the same, or each neurons in the layer may have its own bias. The neu-
rons in the hidden layer are affected by the input from the layer before, the weights
of each channel and its own neuron’s bias. The nodes inside the input layer do not
have bias terms. The ANN structure is an isomorphic set of functions to the possible
bias and weights of the structure (Jospin et al., 2020).

There further exist an activation function, that will determine if the neuron will
be activated into the next layer. The are a numerous number of activation functions,
such as the hyperbolic tangent (Tanh) function, binary sigmoid function and Rec-
tified Linear Unit (ReLU). The activation functions can be seen in Figure 3.6 and 3.7.

The Tanh(x) function can be expressed as a ratio of sinh(x)/cosh(z), with sinh(z) =
(e — e ™)/2. Cosh(x) can be expressed as (e” + e *). Therefore, Tanh(z) =
(e" —e ™) /(e*+e~"). For a large value of x, the Tanh function gets close to one. For
sinh(x) being greater than cos(x), Tanh tends to -1. thus the curve resulted into a
S-shaped curve (Mathcentre, 2006). The S-curve seen in Figure 3.6, shows that the
function is between 0 and 1.

Input Hidden Output

Layer Layer (s) Layer

Weights Neurons

Figure 3.5: An Artificial Neural Network with two hidden layers, n inputs and one
output.

19



The sigmoid function f(x) = (1)/(1 4 e*) being a monotonic, bounded and differ-
entiable function makes the function well suited for the activation function, as the
function has a non-negative derivative at each point (Han and Moraga, 1995). The
differentiable function meant that the slope can be found at any two points (Sharma,
2017). The S-curve seen in Figure 3.7a , shows that the function is between 0 and 1.

The ReLU f(z) = max(0,z) , x € R, is a more modern activation function. Brown-
lee (2019) notes that the ReLLU function is a nonlinear function which allows for
complex relationships between features. The use of the ReLLU activation function
has increased due to the ReLLU function being able to overcome the vanishing gradi-
ent problem, thus increasing the models performance time and accuracy (Brownlee,
2019). Figure 3.7b shows the ReLU activation function.

Tanh Function

1.0

Qutput of activation function
0.0

0.5

-1.0

Input of activation function

Figure 3.6: Tanh activation function
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Figure 3.7: Sigmoid and ReLU activation functions

One major problem about the ReLU activation function is when the inputs are
smaller than 0 the gradient becomes 0, this causes the neurons to deactivate if the
input is 0 or less. The movement of data from one neuron to the next can be explained

by equation 5:
i=1

with y; being input at the next layer’s jy, neuron, f; being activation function for
the j;, neuron in the next layer, w; being weight of neuron i from the previous layer,
x; being input of neuron i from the previous layer and b; being bias of neuron i from
the previous layer.
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In the output layer the neuron with the highest probability will determine the output.
Since the true value is known from the training data set, the predicted output will be
compared to the true value from the training data. The adjustment of weights will
be done until the network can correctly predict the output. This step is known as
back-propagation and was introduced by Rumelhart et al. (1986). Back-propagation
uses gradient decent of the errors between the predicted value and true value.

The network’s loss function (cross entropy loss) is defined as:

L=-— Z tilog(y;). (6)

with t; being the true label of the network and i, node, and y; being the predicted
output seen in the network.

Gradient decent used to update the weights can be shown in the equation below:

OE(w)
(t+1) — ) _
w w Uit (7)

with 1 being the learning rate.

In equation 7 the partial derivative for a single input node is separated into two
parts, the hidden layers to output layer and the input layer to the hidden layers.
The hidden layers to output layer’s gradient for biases by is described as:

g—i = —(tk — y&) * ' (yx). (8)

with ¢;; being the true value of the ky, class and iy, node, y;;. being the output value
seen in the network and f() being the activation function.
The partial derivative from the hidden layers to output layer is described as:

oL
8wjk

= —(tx — ye) f"(y)y;- (9)
with y; being the hidden layer’s outputs and with y;, being the output layer’s output.

Jain et al. (1996) mention that the back-propagation algorithm can be broken into
the following steps:
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Algorithm 1: Back-propagation algorithm

Initialise the weights from a standard N(0, 1);

while Error is high do

Choose an input pattern for the neural network;

Feed the network to get an output layer;

Compute the i, neuron in the output layer;

Compute the previous neurons by propagating the errors backwards;
Update the weights;

end

Training the artificial neural network by means of back-propagation with weight
backtracking with the neuralnet() function. The neuralnet () function taken from
the library neuralnet by Fritsch et al. (2019).

3.2.5 Bayesian Neural Network

The deep learning models such as ANN with more than two hidden layers, tend to
be overconfident in their predictions. The overconfidence is problematic for medical
diagnostics, as the failure in classification could lead to dramatic outcomes (Jospin
et al., 2020). The overconfidence and lack of insight of how the calculations are hap-
pening in the neurons of an ANN model has also been noted by Nixon et al. (2019)
and Guo et al. (2017). One way to reduce the risk of overconfidence and provide
some insight of what is happening in the model is to introduce a neural network with
a stochastic nature.

A Bayesian neural network is defined as a neural network of stochastic nature, that
was trained by using Bayesian inference (MacKay, 1992). Bayesian inference is based
on probability instead of certainty, and that the prior probability influences the pos-
terior probability. The first use of Bayesian analysis was used by Thomas Bayes and
Laplace, they used a constant prior distribution for unknown parameter estimation
(Berger, 2000). The Bayes theorem summarises the use of priors and likelihood us-
age to get the posterior distribution, the theorem can be see in equation 1. One of
the main strengths of Bayesian analysis is the usage of the prior knowledge (Berger,
2000).
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The structure of a BNN is similar to that of an ANN, but there is either a stochastic
activation function or stochastic weights involved. The stochastic activation function
or stochastic weights allows for multiple models, therefore there are sets of models
trained and their prediction is aggregated to get one outcome. Galton (1907) states
that the aggregate predictors from a large set of independent outcomes can lead to
a better predictor than a model that is a single well-performing model.

The BNN modeling phase can be split into choosing the neural network structure,
and choosing the stochastic model. The choice of neural network has been described
in Section 2.2.4, the BNN neural network structure is similar to the one of ANN.
The choice of the stochastic model requires probabilistic graphic models.

Probabilistic graphic models are used to represent the inter-dependence between
multivariate stochastic variables and their probability distributions using graphs. A
specific cyclic directed graph called the Bayesian Belief Network (BNN) shows the
inner structure of the joint probability distributions between the features. The joint
distributions of the nodes can be calculated as:

m

P(N1y ey M) = Hp(ni\parents(ni)). (10)

i=1

with n; being the node i.

To ensure independence between features and applying the Bayes theorem from equa-
tion 1, the Bayesian posterior may be written as:

p(Ly|Ls, 0)p(6)
o JoP(Ly| Ly, 0)p(0)d0 (Ly| L, 0)p(0) (11)
with 6 being the model parametrisation, L being the training data set, L, the input

feature from the training data and L, the label/result from the training data.
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The computation of equation 11’s denominator is difficult using standard methods,
since it is an intractable problem. There are two possible methods to compute equa-
tion 11, Markov Chain Monte Carlo (MCMC) algorithm and the variational inference
method. Berger (2000) states the reason why MCMC is popular is due to MCMC be-
ing able to handle complex data sets, complex calculations and is easily understood.
MCMC'’s purpose is to allow sampling from probability distributions using Markov
chains. Using Markov chains allows the method to focus on the more important
regions of the data.

The Markov chain is a sequence of random variables from a random sample S;, which
depend on the previous sample S;_; and none before. An initial burn in period is re-
quired, but the underlying Markov chain then converges to the posterior distribution.

The Monte Carlo simulation is to obtain an independent, identically distributed
set of N samples from a density distribution. The number of samples allows for an
approximation of the posterior distribution (Andrieu et al., 2003). Berger (2000)
justifies the use of Monte Carlo sampling, as the method works with large data sets
and produces reliable measures of accuracy.

The most popular MCMC method is the Metropolis-Hasting algorithm, as the algo-
rithm does not require knowledge about the exact distribution (Andrieu et al., 2003).
Metropolis-Hasting uses a accept/reject rule to converge to the posterior distribu-
tion. Allow f(z) to be a function that is proportional to the exact distribution, then
the algorithm is given as:

Algorithm 2: Metropolis-Hasting algorithm

Draw an initial point (zo);
while ¢+ = 0 to N do
Sample a new candidate point (z) around z, from a distribution D(x,x;)

Calculate the acceptance probability as p = min (1, %%);
Draw k ~ Bernoulli(p);

if £ then
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The lack of scalability of the MCMC method makes the variational inference method
more attractive. Variational inference makes use of a variational distribution ¢, (H),
this distribution’s parameters are sets of y. The variational distribution infer its
parameters, such that ¢, (H) is as close to the posterior distribution P(X|D). The
idea of Kullback-Leibler divergence, which measures how close one probability distri-
bution is to another probability distribution can be used, this closeness is a function
of x.

The closeness, Dk (qy||P(X|D)), can be measured as:

g (H)

Dir(gy]|P(X[D)) —/qu(H) IOg(m)dH- (12)

where the P(X|D) is the posterior distribution.

By using the evidence lower bound (ELBO) the posterior distribution would not
be needed. The ELBO is given as:

B _P(H,D)
ELBO — /H on(H)log( e aH, (13)
ELBO = 10(P(D)) — Dcs(ay |P). (14

The ELBO maximisation is equivalent to minimizing the D, (g, || P).
By using MCMC or variational inference the marginal probability distribution of

the output is computable, and represents the model’s uncertainty. The marginal
probability distribution is given as:

prszlpwuﬁmwwa (15)

with x being the input feature and y being the result.
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The prediction of the probability of each class can be calculated as:
p== Y NNy (). (16)

where NNy, (x) is the neural network function,
Q) the population and
0; the 7, sample from (2.

The prediction of a tumour being in a certain class is calculated as:

g = arg max;p; € p. (17)

The MCMC will be done with the help of the Metropolis-Hasting method by means
of the MHadaptive library written by Chivers and Chivers (2011).
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3.3 Model Accuracy Measures

The model accuracy measures allows the models’ performances to be evaluated and
see which model performed the best. In this paper model accuracy measures were
done by using the accuracy, sensitivity, specificity and Cohen’s Kappa.

Table 3.3 shows a confusion matrix for binary classification, along with the true
positive (+), true negative (-), false positives and false negatives.

The true positive is the number of cases which were predicted as positive, and are
observed to be positive. The true negative shows the number of cases which were
predicted as negative, and are observed to be negative. The false positive is the
number of cases which were predicted as positive but are observed to be negative
(Type I error). The false negative is the number of cases which were predicted as
negative but are observed to be positive (Type II error).

The accuracy is the proportion of correct predictions in the model, or how often
is the classifier correct. Sensitivity is the proportion of positive observations that
have been correctly identified. The specificity is the proportion of negative observa-
tions that have been correctly identified.

Table 3.3 shows a confusion matrix for binary classification. Below are formulae
for certain accuracy measures using Table 3.3, accuracy (TP + TN)/(>_ ;). Sensi-
tivity (TP)/(P,e) and Specificity (TN)/(Nget).-

Table 3.3: Confusion matrix for binary classification

‘ Observed + ‘ Observed - ‘ Total

Expected + True + (TP) False 4+ (FP) + Predicted
(Pprea)

Expected - False - (FN) True - (TN) - Predicted
(Npred)

Total Actual + (P,u) Actual - (Nyw) Size of data set
(2 an)
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The Cohen’s Kappa allows for unbalanced data, and measures the agreement between
an expected classifiers (expected positive and negative) and the observed values (ob-
served positive and negative) (Cohen, 1960).

The relative observed agreement (pg) is the proportion of correctly classified ob-
servations. The relative observed agreement is calculated as:

TP+TN
Po=—=—
Eall

The probability of agreement (p.) is the probability of random agreement. The
probability of agreement is calculated as:

(18)

o Pp’r‘ed Pact Npred Nact (19)

Pe = % .
‘ Zall Zall Zall Zall

From equation 18 and 19 Cohen’s Kappa is calculated as:

Cohen’s Kappa = plo ey (20)
— DPe

Cohen suggest thresholds that if Cohen’s Kappa is < 0 there is no agreement between
the values. Between 0.01-0.2 there is no to slight agreement, between 0.21-0.4 there
is a fair agreement, between 0.41-0.6 there is moderate agreement, between 0.61-0.8
there is substantial agreement and between 0.81 - 1 there is prefect agreement.
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4 Analysis and Results

The type of tumour classification were taken from the SEER data set from the years
1973 to 2018. The data was used for analysis in this section. Data description was
given in Section 3.1 of the final proposal.

4.1 Frequentist Results

The data partition process was applied to both the Frequentist and Bayesian ap-
proaches. See Section 3.2 of the final proposal for the data partition process.

4.1.1 K-Nearest Neighbours

One of the objectives of the thesis was to use K-Nearest Neighbours as one of the
baseline classification models. The KNN models were split between the number of
neighbours and models that used and did not use SMOTE techniques. The four types
of KNN models were, KNN with K=5, KNN with K= 5 and SMOTE techniques,
KNN with K=10 and KNN with K=10 and SMOTE techniques. Another aim of the
thesis was to compare models who use SMOTE and\or threshold optimization with
models that do not use SMOTE and\or threshold optimization.

In Figure 4.1 the Receiver Operating Characteristic (ROC) curves of two models
with five neibourhoods were drawn. The ROC curve plots the trade-off between sen-
sitivity and specificity. The performance of each model was decided based on how
close the curve was to the top left corner or closer to the 45° line. The closer the
curve was to the top left corner of the graph, the better the model performed. The
Area under curve (AUC) shows a summarized performance of how well the model
can distinguish between two classes. The AUC was a summarised value of the ROC
curve, which allows for better comparison between models. The AUC of 0.5 indicates
a weak model, while an AUC of 1 shows the model being able to distinguish the two
tumour classifications perfectly.

In Figure 4.1a the ROC is quite close to the 45° line, along with an AUC of 0.597
indicating a low performance level. While in Figure 4.1b shows the ROC being quite
close to the top left corner, and having an AUC of 0.781. Judging solely on the ROC
curves, the application of SMOTE to a KNN model with K=5 improved a models
prediction.
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Figure 4.1: Figures showing KNN with K=5’s ROC curve
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Figure 4.2: Figures showing KNN with K=10’s ROC curve
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In Figure 4.2a the AUC for the model with K=10 was 0.572, which indicated the
KNN with 5 neighbourhoods without SMOTE was a better model to classify the tu-
mours in the SEER data set. The ROC curve had a very steep rise in the beginning,
however, the curve was quickly drawn towards the 45° line.

In Figure 4.2b the AUC of the KNN model with K=10 and SMOTE techniques
was 0.775. The AUC value indicated a model that performed well. The ROC curve
was quite close to the top left corner, thus also indicating a good model. The model
showed a better performance compared to the KNN with K=10 model, but did not
out perform the model with 5 neighbourhoods with SMOTE. Both models with 10
neighbourshood, appeared to perform worse then their counterparts with 5 neigh-
bourshoods.

The confusion matrix showed how each tumour was classified by the model and
what the true observed tumour type was. Table 4.1 and Table 4.2 show the con-
fusion matrix for the KNN models with K=5 and with K=10 respectively. Both
models had predicted high numbers of malignant tumours, while very low number of
benign tumours. The low number of benign predictions indicated that KNN without
any manipulation, such as SMOTE, can not accurately model the imbalanced data
set.

SMOTE was used to modify the data for KNN models to be able to handle imbal-
anced data sets. Table 4.3 and Table 4.4 represent the KNN models with SMOTE

techniques applied. Table 4.3 represented the K=5 model while Table 4.4 represented
the K=10 model.

Table 4.1: Confusion matrix for KNN with K =5

Observed malignant Observed benign

Predicted malignant 4966 99
Predicted benign 34 25
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Table 4.2: Confusion matrix for KNN with K = 10

Observed malignant Observed benign

Predicted malignant 4991 106
Predicted benign 9 18

Table 4.3: Confusion matrix for KNN with K = 5 and SMOTE techniques

Observed malignant Observed benign

Predicted malignant 4660 46
Predicted benign 340 78

Table 4.4: Confusion matrix for KNN with K" = 10 and SMOTE techniques

Observed malignant Observed benign

Predicted malignant 4563 45
Predicted benign 437 79

The KNN model with SMOTE and K=5 performed well, as there were 78 correct
benign tumours predicted and only 46 incorrect benign predictions. The number
of correctly predicted malignant tumours were high, but were lower than the KNN
models without SMOTE. The application of SMOTE allowed the model’s to gain
the ability to predict benign tumours, instead of just assigning most tumours to the
malignant class. The model was one of two KNN models which displayed a higher
percentage in classifying the benign tumours correctly, due to SMOTE.

Table 4.4 was the confusion matrix for the KNN model with K=10 and SMOTE
application. The confusion matrix indicated that 79 benign tumours were correctly
classified, which was higher than the KNN model with K=5 and SMOTE application.
The K=10 with SMOTE model did misclassify 97 more incorrect malignant cases
compared the K=10 and SMOTE model. The 97 more misclassification of malig-
nant tumours was not worth the trade off of getting one more correct benign tumour
prediction, thus the KNN model with K=5 and SMOTE techniques was preferred.
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Table 4.5: Table showing the accuracy measures for KNN methods

K =5 K = 5 K=10 K = 10
SMOTE SMOTE

Accuracy 97.4 92.46 97.75 90.59
Sensitivity 99.32 93.2 99.74 91.26
Specificity 20.16 62.9 16.13 63.71
Precision 98.05 99.02 97.96 99.02
F1 Score 98.68 96.02 98.84 94.98
Cohen’s Kappa 0.97 0.92 0.978 0.9

AUC 0.597 0.781 0.572 0.775

Table 4.5 captured the performance measures discussed in Section 3.3. For all KNN
models, the accuracy, sensitivity and precision were high, while the specificity was
quite low for the KNN models without SMOTE. The sensitivity indicated number
of correctly identified malignant cases, while the specificity indicates number of cor-
rectly identified benign cases. Hence the models without SMOTE had low accuracy
when predicting benign cases, while the models with SMOTE had higher accuracy
for predicting benign cases.

The accuracy for the KNN models were all above 90%, the best accuracy belongs to
the KNN model with K=10. The models’ accuracy decreases as SMOTE was used,
however, the number of neighbourhoods did not influence the accuracy.

The sensitivity for all models were very high with the range being from 91.26%
to 99.74%. The F1 score is a standardized value for the sensitivity and precision.
The values for F1 score ranged from 94.98% to 98.84%. These values indicate a
sight case of over-fitting in the model, signs of over-fitting is further supported by
the confusion matrices Table 4.1 to 4.4 having low numbers for the predicted benign
cases.

The high F'1 score is desirable, however, with the specificity being very low for KNN
models without SMOTE, indicates an issue of classifying benign cases. The models
with SMOTE does have an increased specificity of 62.9% and 63.71% for K=5 and
K=10 respectively.
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The four models all have high values for the accurate measures, except for the speci-
ficity and AUC. The low AUC and specificity indicate that the KNN models do not
handle class imbalance well for the SEER data set. The models without SMOTE
should not be used to classify tumours as benign or malignant, as the two models
will not be able to distinguish between benign and malignant cases.

The Cohen’s Kappa of each model indicated values of 0.9 to 0.978 with SMOTE
techniques being lower, and K=5 SMOTE model being lower than K=10 SMOTE
model. According to Cohen’s Kappa the four models all have almost perfect agree-
ment. The best model judging solely by the Cohen’s Kappa is the KNN model with
K=10 and SMOTE techniques being applied.

The best KNN model shown is the KNN with K=5 and SMOTE techniques be-
ing applied, the choice was to ensure a high specificity, while maintaining a high
AUC. The KNN model with K=10 and SMOTE had with a lower AUC, along with
it not being worth to get one more benign prediction correct, while misclassifying 97
malignant cases. Hence the K=10 with SMOTE KNN model was not chosen as the
best KNN model.

4.1.2 Weighted Nearest-Neighbours

The next baseline classification model was the WKNN models. The WKNN mod-
els were built by using different distance, kernel shapes, SMOTE techniques and
threshold optimization. Only the best WKNN performing models are discussed in
this section, for all the other models’ results see the appendix. The six best WKNN
models all used SMOTE and threshold optimization, however, the distance and ker-
nels were all different. The models were split by the kernels being Epanechinkov or
Triangular kernel and the distances differed by being the Minkowski, Euclidean or
Manhattan distance.

Figure 4.3, 4.5 and 4.6 shows the six models’ ROC curves. The ROC curves for
the six models were all similar with the curve increasing rapidly in the beginning
then a slow incline towards the top right corner. The AUC ranged from 0.588 to
0.671, with the Minkowski distance with Epanechinkov kernel being the lowest AUC
model.
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In Figure 4.3 the WKNN with Euclidean distances, but different kernels are com-
pared. Figure 4.3 showed the WKNN model with Epanechinkov kernel, SMOTE and
threshold optimization, while Figure 4.4 showed the WKNN model with Triangular
kernel, SMOTE and threshold optimization. Both AUC and ROC are similar with a
slight difference of 0.07 in the AUC. The ROC curve also indicated no or slight dif-
ference in the shape. These two models can not be separated by looking at the ROC
curves. The Euclidean distance WKNN models showed that the kernel differences,
does not make a huge difference in the model building process.
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Figure 4.3: WKNN with Euclidean distance and Epanechinkov kernel
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Figure 4.4: WKNN with Euclidean distance and Triangular kernel
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(b) WKNN with Manhattan distance and Triangular kernel

Figure 4.5: Figures showing WKNN with Manhattan distance, SMOTE and thresh-
old optimization’s ROC curve
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(b) WKNN with Minkowski distance and Triangular kernel

Figure 4.6: Figures showing WKNN with Minkowski distance, SMOTE and threshold
optimization’s AUC
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The WKNN with the same Manhattan distances and Epanechinkov kernel or Tri-
angular kernel can be seen in Figure 4.5a or Figure 4.5b respectively. The ROC
curve’s shape and growth indicate the two Manhattan distance WKNN models are
not different or have a very slight difference when the kernel was changed. The AUC
of each model further support that the models do not have a significant difference.
Thus for WKNN models with Manhattan distances, the kernel does not influence
the performance of the model.

The Minkowski distance WKNN had a similar behaviour as the other four WKNN
models. The ROC curve for the Minkowski distances does not differ when changing
the kernel type. The AUC of the Minkowski WKNN models differ by 0.004, again
indicating no difference. Figure A.1, A.2 and A.3 all indicate that the kernel type
does not influence the performance of the model.

Table 4.6: Confusion matrix for WKNN with Minkowski distance and Epanechinkov
kernel.

Observed malignant Observed benign

Predicted malignant 4988 102
Predicted benign 12 22

Table 4.7: Confusion matrix for WKNN with Minkowski distance, Triangular kernel,
SMOTE and threshold optimization.

Observed malignant Observed benign

Predicted malignant 4921 88
Predicted benign 79 36

41



Table 4.8: Confusion matrix for WKNN with Manhattan distance, Triangular kernel,
SMOTE and threshold optimization.

Observed malignant Observed benign

Predicted malignant 4766 82
Predicted benign 234 42

Table 4.9: Confusion matrix for WKNN with Manhattan distance, Epanechinkov
kernel, SMOTE and threshold optimization.

Observed malignant Observed benign

Predicted malignant 4762 81
Predicted benign 238 43

Table 4.10: Confusion matrix for WKNN with Euclidean distance, Triangular kernel,
SMOTE and threshold optimization.

Observed malignant Observed benign

Predicted malignant 4709 78
Predicted benign 291 46

Table 4.11: Confusion matrix for WKNN with Euclidean distance, Epanechinkov
kernel, SMOTE and threshold optimization.

Observed malignant Observed benign

Predicted malignant 4676 75
Predicted benign 324 49
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Table 4.6 and 4.7 showed both models with Minkowski distance, but different kernels
tend to over-fit. Both models predicted 4921 or more malignant cases with a total
of 5124 cases, while not enough predictions were benign tumours. These two models
should not be used for predicting tumour types, as the models could not build accu-
rate models using the SEER data set.

The Manhattan and Euclidean distance WKNN models’ confusion matrices were
similar. Each model being able to predict few benign cases, however, the maximum
number of accurate benign tumours being predicted were 49. These values were con-
siderably lower than 78 and 79, see Table 4.3 and 4.4.

The performance of the WKNN models was summarised in Table 4.12. The ac-
curacy for all six models were 92% or more. The accuracy was the highest when the
Minkowski distance was used (96.74% and 97.77%), followed by the Manhattan dis-
tance (93.83% and 93.77%) and lastly the Euclidean distance’s models had the lowest
accuracy (92.8% and 92.21%). Therefore accurarcy is not influenced by the kernel
shape. The highest accuracy was the model with Minkowski distance, Epanechinkov
kernel, SMOTE and threshold optimization.
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Table 4.12: Table showing the accuracy measures for WKNN models

Min- Man- Euc- Min- Man- Euc-

Tri Tri Tri Epa epa epa
Accuracy 96.74 93.83 92.8 97.77 93.77 92.21
Sensitivity 98.42 95.32 94.18 99.76 95.24 93.52
Specificity 29.03 33.87 37.1 17.74 34.68 39.52
Precision 98.24 98.31 98.37 98 98.33 98.42
F1 Score 98.33 96.79 96.23 98.87 96.76 95.91
Cohen’s Kappa 0.967 0.938 0.928 0.98 0.94 0.922
AUC 0.637 0.657 0.664 0.588 0.657 0.671

The sensitivity measured the accuracy of each model correctly predicting the malig-
nant tumours. High sensitivity indicated that each model was influenced by the class
imbalance in the data set. Sensitivity was also affected by the change of distance,
the best sensitivity was from the Minkowski distance models, followed by the Man-
hattan distance models and lastly the Euclidean distance models. The Minkowski
distance, Epanechinkov kernel, SMOTE and threshold optimization model has the
highest sensitivity.

The order was reversed when the specificity was considered. The best model ac-
cording to the specificity was WKNN models with Euclidean distance models, fol-
lowed by the Manhattan distance models and lastly the Minkowski distance models.
The specificity of WKNN models were much lower compared to the KNN models
with SMOTE techniques, therefore KNN models were better at predicting benign
tumours.

The F1 score reflected same the performance rankings as the accuracy. F1 score
for all six models were above 95%. The high F1 scores along with low specificity
further supports that the WKNN models do not handle class imbalance as well as
the KNN models with SMOTE techniques.
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Cohen’s Kappa of each model was ranged between 0.92 to 0.98, with the Minkowski
distance models having the best performance, followed by the Manhattan distance
models and finally the Euclidean distance models. According to the Cohen’s Kappa
all of the six models have almost perfect agreement. The best model judging solely by
the Cohen’s Kappa is the WKNN model with Minkowski distance, with Epanechinkov
kernel.

The AUC for all six models were moderately adequate, however, the Minkowski dis-
tance, with Epanechinkov kernel WKNN model was low. The AUC being low while
accuracy, sensitivity, F1 score and Cohen’s Kappa being high might indicate over-
fitting. The best model without over-fitting was the WKNN model with Euclidean
distance, Epanechinkov kernel, SMOTE and threshold optimization techniques.

4.1.3 Artificial Neural Network

The ANN models built for the dissertation with 3 hidden layers, but differed in ac-
tivation function used on the first two hidden layers, dropout layers, SMOTE and
threshold optimization. In this section only the four best ANN models were dis-
cussed, the other ANN models’ results can be found in the appendix. The four
chosen ANN models were, ANN with ReLU activation function, ANN with Tanh
activation function, ANN with Tanh activation function, dropout in the last layer,
SMOTE and threshold optimization and the last model was an ANN with ReLU
activation function, SMOTE and threshold optimization.

Figure 4.7a indicated an ANN model with Tanh activation function. The model’s
AUC of 0.566 represented a weak model. The ROC curve’s shape was quite linear
and close to the 45° line, thus suggesting that the model was just a little better than
randomly assigning a tumour as benign or malignant.

Figure 4.7b was an ANN model with ReLLU activation function. The model’s per-
formance was good, with an AUC of 0.723 and ROC curve was closer to the top left
corner. According to the ROC curves the ANN model with ReLLU activation function
outperformed the Tanh activation function.
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Figure 4.7: Standard ANN’s ROC curve
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Figure 4.8 showed an ANN with last layer dropout, SMOTE and threshold opti-
mizations. The ROC curves for Tanh and ReLU activation functions were close.
The AUC of both ANN models were also similar with only a difference of 0.004,
indicating no or slight difference between the two models.

According to the ROC curves and AUC using SMOTE, threshold optimization and
dropout layers made the Tanh activation function ANN perform better. The addition
of SMOTE, threshold optimization and dropout layers in the last layer deteriorated
the ANN model with ReLLU activation function. The decrease in performance re-
sulted in the AUC dropping from 0.723 to 0.625.

The ROC curves in Figure 4.7b and 4.8b showed the ANN with ReLU activation
functions’ performance were declining with addition of SMOTE, threshold optimiza-
tion and last layer dropout. To understand the decline in performance Table 4.13
and 4.14 were compared.

Table 4.13 represented the ANN models with ReLLU activation function. Table 4.13
showed a high number of cases being classified as benign cases with 85 correctly clas-
sified benign cases, however, there were many misclassified malignant cases. This
model does not have a high indication of over-fitting.

Table 4.14 represented the ANN models with ReLLU activation function with dropout
layers, SMOTE and threshold optimization. The model does not predict many be-
nign cases, with only 35 correctly classified benign cases. This model indicated a
slight over-fit, hence does not perform as well as the ANN model with ReLLU activa-
tion function. The over-fitting of the model was corresponding with the low AUC in
Figure 4.8b.

Table 4.13: Confusion matrix for ANN with ReLU activation function.

Observed malignant Observed benign

Predicted malignant 3800 38
Predicted benign 1238 85
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Table 4.14: Confusion matrix for ANN with ReLU activation function, dropout
layers, SMOTE and threshold optimization

Observed malignant Observed benign

Predicted malignant 4867 88
Predicted benign 171 35

Table 4.15: Confusion matrix for ANN with Tanh activation function.

Observed malignant Observed benign

Predicted malignant 4356 90
Predicted benign 682 33

Table 4.16: Confusion matrix for ANN with Tanh activation function with threshold
optimization and dropout.

Observed malignant Observed benign

Predicted malignant 4948 89
Predicted benign 90 34
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The ANN with Tanh activation function showed that SMOTE, threshold optimiza-
tion and last layer dropout improved the model, as improvements can seen in the
AUC and ROC curves. Table 4.15 and 4.16 further supports the AUC and ROC
curves’ result as there were more correctly classified malignant tumours in the Tanh
activation function’s ANN with dropout layers, SMOTE and threshold optimization
compared to the ANN with only Tanh activation function model.

The SMOTE Tanh activation function ANN still improved on the prediction of
benign cases thus outperforming the other Tanh activation function ANN model.
Table 4.15 shows 682 misclassified malignant cases, and 33 correctly classified be-
nign cases. This model does not indicate over-fitting, but had many misclassified
malignant cases.

Table 4.16 had 34 correctly classified benign cases, which was 1 more correctly clas-
sified benign cases compared to the ANN with Tanh activation function. SMOTE,
threshold optimization and dropout layer had improve the benign classification by a
little, but had drastically decrease the number of misclassified malignant cases.

Table 4.17: Table showing the accuracy measures for ANN models

ReLU ReLU Tanh Tanh
threshold threshold
dropout dropout

Accuracy 75.28 94.98 85.04 96.53
Sensitivity 75.43 96.61 86.46 98.21
Specificity 69.11 28.46 26.83 27.64
Precision 99.01 98.22 97.98 98.23
F1 Score 85.62 97.41 91.86 98.22
Cohen’s Kappa 0.75 0.95 0.85 0.97
AUC 0.72 0.625 0.57 0.63
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The accuracy of the ANN models ranged from 75.28% to 96.53%, with the lowest
accuracy belong to the ANN with ReLLU activation function and the highest accu-
racy belonging to the ANN model with Tanh activation function, last layer dropout,
SMOTE and threshold optimization. The high accuracy of all models, except the
ReLLU activation function ANN, was due to the high sensitivity, but all three men-
tioned models had low specificity. The three high accuracy, but low specificity indi-
cate that the model does not handle the majority class well.

The sensitivity of all models were high, indicating many or most malignant tumours
were identified by each model, but only the ReLU activation function ANN model
had less than 50 misclassified benign tumours. The high sensitivity increased the
accuracy rate mentioned above, but high sensitivity along with low specificity does
indicate that the model was not able to handle class imbalance data sets.

The specificity were low for all models, except the ReLLU activation function ANN
model. Hence the only model that was able to predict benign cases with a high accu-
racy was the ReLLU activation function model. The other three models indicated that
about 25% of the benign cases were identified, thus showing again that the models
did not handle the class imbalance.

The F1 score supported the performance ranking of the accuracy metric, with Tanh
with additional techniques being the highest ranking model in performance, followed
by the ReLU model with additional techniques, ANN with only Tanh activation
function and lastly by the ReLLU activation function model. The Cohen’s Kappa
metric also supported the performance rankings of the accuracy and F1 score, how-
ever, these metrics were inflated by over-fitting and the class imbalance problem in
the data set.

The AUC of the ANN models have the reversed performance ranking, with the
ReLU activation function ANN being the highest ranked with 0.72. The other three
models’ specificity decreased each models’ performance, hence they displayed lower
AUC values. The high accuracy, sensitivity, F1 score and Cohen’s Kappa for the
three models along with low AUC and specificity indicate that there was over-fitting
occurring, which was due to the class imbalance data set. The ANN’s best model
was the ReLLU activation function model, as the model had a high rate of specificity
as well as a high AUC, while still maintaining a sensitivity of 75.43%.
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4.2 Bayesian Models

The Bayesian models were split into Naive Bayes models and BNN models.

4.2.1 Naive Bayes Classifier

The NB classifier had three models, a NB classifier without SMOTE or threshold op-
timization, NB with SMOTE and NB with SMOTE and threshold optimization. One
of the aims of the thesis was to compare the NB models who used SMOTE and\or
threshold optimization with other NB models without SMOTE and\or threshold op-
timization, and was completed in this section.

Figure 4.9a displayed a ROC curve for the NB without any SMOTE or thresh-
old optimization. The model’s performance was weak, as a result the ROC curve
hugging the 45° line. The AUC of 0.546 showed that the model was a little better
than randomly assigning the classification of the tumour, but still a weak model.
The NB ROC curve might indicate that NB without any manipulation may be too
weak in performance and can not distinguish between the two types of tumours.

Figure 4.9b was a NB model with SMOTE technique being applied. With the
addition of SMOTE to the NB classifier, the model’s performance has drastically
outperformed the standard NB model. The ROC curve shows that the model per-
forms well, as the curve leans towards the top left corner. The AUC of 0.712 further
supports the idea of an improved model compared to the standard NB model.

Figure 4.10 indicated a NB model with SMOTE and threshold optimization. The
third NB model did outperform the the standard NB model, however, it did not
outperform the NB model with only SMOTE applied. The ROC curve of the NB
model with SMOTE and threshold optimization did rise in the beginning, and later
declined towards the 45° line. The AUC of 0.624 indicated an adequate model, but
the lower performance after applying threshold optimization might indicate a slight
over-fit.
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Figure 4.9: Naive Bayes’ ROC
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Table 4.18 represented the NB confusion matrix. The confusion matrix indicated 13
benign tumours were correctly identified, while 111 benign tumours were identified
incorrectly. The majority of predictions were malignant, thus indicating that the
model did not handle the class imbalance well for the SEER data set. The poor
performance of the model may be due to the standard NB model not being strong
enough.

Table 4.19 showed the confusion matrix for the NB model with SMOTE techniques.
The model did correctly identify 92 benign cases while also making a lower number
of inaccurate prediction for the benign cases. The addition of SMOTE allowed the
NB model to perform

Table 4.18: Confusion matrix for Naive Bayes.

Observed malignant Observed benign

Predicted malignant 4939 111
Predicted benign 61 13

Table 4.19: Confusion matrix for Naive Bayes with SMOTE manipulation.

Observed malignant Observed benign

Predicted malignant 3412 32
Predicted benign 1588 92

Table 4.20: Confusion matrix for Naive Bayes with SMOTE and threshold optimiza-
tion techniques.

Observed malignant Observed benign

Predicted malignant 4833 89
Predicted benign 167 35
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Table 4.21: Table showing the accuracy measures for Naive Bayes models

Naive Naive Naive
Bayes Bayes Bayes
SMOTE Threshold
Accuracy 96.64 68.38 95
Sensitivity 98.78 68.24 96.66
Specificity 10.48 74.19 28.23
Precision 98.29 99.07 98.19
F1 Score 98.29 80.81 97.41
Cohen’s Kappa 0.966 0.68 0.95
AUC 0.546 0.712 0.624

Table 4.20 was the confusion matrix for the NB model with SMOTE and threshold
optimization present. The number of correctly predicted benign tumours (35) were
lower than the NB with SMOTE, but higher than the standard NB model. The
addition of threshold optimization might introduce some over-fitting, as many of the
observations fall under the predicted malignant cases.

Table 4.21 summarised the performance metrics of the NB models. The standard
NB and the NB with SMOTE and threshold optimization have high accuracy. The
accuracy of 95% or more indicated a slight concern, as the high value indicated
over-fitting. The over-fitting was supported when looking at both their respective
confusion matrices. The accuracy of 68.23% for the NB with SMOTE also indicated
a concern, as the low value suggested that the model could be not always predict
malignant tumours.

The high sensitivity and low specificity for the NB and NB with SMOTE and thresh-
old optimization both indicate an over-fitted model. These two models do not handle
the class imbalanced data set, instead both models simply classify many predictions
as malignant. The NB with SMOTE techniques had a lower sensitivity compared
to the specificity, indicating that the model is better at predicting benign tumours
than malignant tumours.
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The performance ranking for accuracy, sensitivity, F1 score and Cohen’s Kappa was
that NB performed the best, followed by NB with SMOTE and threshold optimiza-
tion and lastly the NB model with SMOTE. The ranking for the specificity and
AUC were reversed, with the AUC of 0.712 for NB with SMOTE. The best NB
model would be the NB with SMOTE, as the model does not suggest over-fitting,
but the accuracy was low for the model.

4.2.2 Bayesian Neural Network

In this section only the best four BNN models were discussed. The best BNN all used
SMOTE and threshold optimization in the model building. In this section SMOTE
and threshold were not mentioned for convenience, but were used in all models dis-
cussed.

Figure 4.11a was the ROC curve for the BNN model with MCMC and Tanh ac-
tivation function. ROC curve did not deviate too far from the 45° line, but did

increase steadily in the beginning. The curve slowly regressed back to the 45° line.
The AUC of 0.623 showed that the model performed adequately.

Figure 4.11b was the ROC curve for the BNN model with MCMC and ReLU ac-
tivation function. The ROC curve had a steeper rise in the beginning compared
to the Tanh model. The ROC curve does suggest a better performance compared
to the MCMC BNN model with Tanh activation function. The AUC value for the
ReLLU model is also 0.05 more than the Tanh model. The ROC for the two MCMC
curves suggest that the ReLLU activation function outperformed the Tanh activation
function model.
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Figure 4.11: BNN with SMOTE and threshold optimization’s ROC curve
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and threshold optimization

Figure 4.12: BNN with SMOTE and threshold optimization’s ROC curve
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Figure 4.12a showed a BNN model with Variational inference and Tanh activation
function. The ROC curve seems to be the best out of all BNN models, as the curve
is strongly attracted to the top left corner. The AUC of 0.727 suggest that the Vari-
ational inference and Tanh activation function BNN model can distinguish between
malignant and benign tumours quite well.

Figure 4.12b was the ROC curve for a BNN model with Variation inference and
ReLU activation function. The model did not outperform any previously mentioned
BNN models, with only an AUC of 0.594. The ROC curve for the Variation inference
and ReLU activation function BNN model did not move toward the top left hand
corner of the graph, instead was more attracted to the 45° line. This model might
represent some over-fitting.

The confusion matrix for the BNN model with MCMC and ReLLU activation function
can be found in Table 4.22. The model predicted 54 correct benign cases, with 1028
number of predicted benign cases. The model does not show over-fitting, hence the
model can somewhat handle the class imbalance.

Table 4.22: Confusion matrix for BNN (MCMC Tanh) with threshold and SMOTE
manipulation.

Observed malignant Observed benign

Predicted malignant 4064 69
Predicted benign 974 54
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Table 4.23: Confusion matrix for BNN (MCMC ReLU) with threshold and SMOTE
manipulation.

Observed malignant Observed benign

Predicted malignant 4494 63
Predicted benign 544 60

Table 4.24: Confusion matrix for BNN (Var Tanh) with threshold and SMOTE
manipulation.

Observed malignant Observed benign

Predicted malignant 3637 33
Predicted benign 1401 90

Table 4.25: Confusion matrix for BNN (Var ReLU) with threshold and SMOTE
manipulation.

Observed malignant Observed benign

Predicted malignant 4717 92
Predicted benign 321 31
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Table 4.23 was the confusion matrix for the BNN model with MCMC and ReLU
activation function. The model did predict less benign predictions (604) compared
to the MCMC and Tanh activation function model, but was able to predict more
correct malignant and benign cases. Table 4.22 and 4.23 suggested that the BNN
model with ReLU activation function was able to perform better than the Tanh ac-
tivation MCMC model. The result was also highlighted in the ROC curves.

Table 4.24 was the confusion matrix for the BNN model with Variation inference
and with Tanh activation function. This model had the lowest amount of correctly
predicted malignant cases (3637), but did have the highest number of correctly pre-
dicted benign cases. The model did not indicate over-fitting as there were 1491
number of benign prediction, but there were many malignant cases that were wrong-
fully predicted.

Table 4.25 was the confusion matrix for the BNN model with Variation inference
and with ReLU activation function. This model had the lowest number of correct
prediction for benign cases, and only predicted 352 number of benign cases. The low
number of prediction for the benign cases indicate a possibility of over-fitting in the
model.

Considering all BNN confusion matrix mentioned, the only model which suggested
over-fitting was the BNN model with Variation inference and with ReLLU activation
function. Hence was determined as the worse model for BNN models using the ROC
curves and the confusion matrices. The best BNN model was harder to distinguish
using the confusion matrices.

Table 4.26 summarised the performance metric of the BNN models with SMOTE
and threshold optimization. The MCMC techniques seem to have little differences
between each metric, such as the accuracy difference being 8%. The MCMC models
suggested that MCMC BNN models are more consistent, compared to the Varia-
tional inference models which had a difference of 19.79%.

The accuracy of each model was shown at a good percentage, with the exception
of the Variation inference with ReLU activation function at 92%. The high accuracy
might indicate that the model may only be able to predict malignant cases, and can
not handle the class imbalance presented in the data set.
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The performance ranking by sensitivity, precision, F1 score and Cohen’s Kappa met-
ric all suggested that the Variation inference with ReLLU model was the best, followed
by the MCMC with ReLU activation function, Tanh activiation function MCMC
model and lastly by the Variation inference with Tanh activation function. These
metrics suggest that the ReLU activation function out performed their counterpart
Tanh activation function models, however, the height in the mention performance
metrics does not mean the model can predict the benign cases.

The only model with higher than 50% specificity was the Variation interference with
Tanh activation function, thus suggesting that this model would be able to classify
72% of the benign cases correctly. This model also had the highest AUC of the BNN
models, with the AUC being 0.727. The model further has a good sensivitivity of
72%, which was appromiately the same percentage as the specificity. The Variation
inference model with Tanh activation function can, therefore correctly classify 72%
or more cases, regardless if the actual class was benign or malignant. The best BNN
model was therefore the Variation interference with Tanh activation function.

Table 4.26: Table showing the accuracy measures for BNN models

MCMC MCMC Var inf Var inf

ReLU Tanh ReLU Tanh
Accuracy 88.24 79.79 92 72.21
Sensitivity 89.2 80.67 93.63 72.19
Specificity 48.78 43.9 25.2 73.17
Precision 99.62 98.33 98.09 99.1
F1 Score 93.67 88.63 95.82 83.53
Cohen’s Kappa 0.88 0.8 0.9581 0.72
AUC 0.69 0.623 0.594 0.727
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4.3 Comparison table of best models

Four of the overall best models were discussed in this section. The best four models
were the KNN with K=5 and SMOTE techniques, ANN with ReLU activation func-
tion, NB with SMOTE and the Variation inference BNN model with Tanh activation
function, SMOTE and threshold optimization.

The best model was judged based on if the model’s sensitivity and specificity were
equal, other considerations was to focus on the AUC and the impact of using the
model. All four models were already checked for over-fitting and if the model could
handle the class imbalance in the data set. The one notable result showed that the
Bayesian models provided a high specificity, while maintain decent metric across the
table.

Four of the overall best models were discussed in this section. The best four models
were the KNN with K=5 and SMOTE techniques, ANN with ReLLU activation func-
tion, NB with SMOTE and the Variation inference BNN model with Tanh activation
function, SMOTE and threshold optimization.

The best model was judged based on if the model’s sensitivity and specificity were
equal, other considerations was to focus on the AUC and the impact of using the
model. All four models were already checked for over-fitting and if the model could
handle the class imbalance in the data set. The one notable result showed that the
Bayesian models provided a high specificity, while maintain decent metric across the
table.

Table 4.27: Table showing the accuracy measures for best models

K=5 ReLU Naive Var inf
SMOTE ANN Bayes Tanh
SMOTE
Accuracy 92..46 75.28 68.38 72.21
Sensitivity 93.2 75.43 68.24 72.19
Specificity 62.9 69.11 74.19 73.17
Precision 99.02 99.01 99.07 99.1
F1 Score 96.02 85.62 80.81 83.53
Cohen’s Kappa 0.92 0.75 0.68 0.72
AUC 0.781 0.72 0.712 0.727
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The process of judging for the best model, was to first eliminate models who had
flaws or undesirable characteristics. The first model eliminated was the NB model
with SMOTE techniques. The model was eliminated from the process as the sen-
sitivity was 68% suggesting that there would be an error of 32% in classification of
malignant cases. The model’s sensitivity, AUC and Cohen’s Kappa was also lowest
compared to the other three models.

The other three models were harder to distinguish. The neural network models pre-
sented similar values with the Bayesian model presenting higher specificity, but lower
sensitivity. The values of specificity and sensitivity for both models were around 70%.
The AUC of both models differed by only 0.007, thus suggesting that both models
are similar in performance. The choice of the model would depend on the doctor.
The doctor could use the BNN model if the test was concentrated on whether a
patient is benign or not, while the use of the ANN model would depend on if the
tumour was tested for malignant tumours.

The last comparison is to compare the KNN models with the ANN model. The
comparison was focused on the ANN, because if the doctor wanted to test for benign
tumours, the doctor would use the BNN model. If the doctor wanted to test for ma-
lignant tumours, then either the ANN model or KNN model should be considered.
The choice of KNN would be favorable when testing for malignant tumours, as all
metrics except for the specificity was lower than the ANN model.

Considering the best models, the KNN model with K=5 and SMOTE should be
used for testing malignant tumours. The BNN model with Variational inference,
Tanh activation function, SMOTE and threshold optimization should be considered
when testing for benign tumours.
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4.4 Discussion

From a statistical view point the best model to use was the KNN model with K=5
and SMOTE techniques or the BNN model with Variational inference, Tanh activa-
tion function, SMOTE and threshold optimization. The discussion in this section
was to highlight the other practical views of using the models.

Table 4.28 was the confusion matrix for the best BNN model, in the matrix 1 401 out
of 5 161 people were misclassifed as being benign cases while actually being malig-
nant. Al-Azri and Mohammed (2016) state that if certain types of cancer were to be
detected earlier, the chances of the patient being cured is higher. Hence the model
being used for cancer detection is every important. The model should therefore try
to minimize the number of misclassified malignant cases.

Table 4.29 was the confusion matrix for the KNN model with K=5 and SMOTE
techniques applied. The number of misclassified malignant tumours is significantly
less compared the Table 4.28. From a statistical and practical viewpoint the best
model to use when diagnosing cancer types is the KNN model with K=5 and SMOTE
techniques.

Table 4.28: Confusion matrix for BNN (Var Tanh) with threshold and SMOTE
manipulation.

Observed malignant Observed benign

Predicted malignant 3637 33
Predicted benign 1401 90

Table 4.29: Confusion matrix for KNN with K =5 and SMOTE techniques

Observed malignant Observed benign

Predicted malignant 4660 46
Predicted benign 340 78
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5 Conclusion

5.1 Synthesis of analysis and conclusion

Tumours were classified using two types of models, Bayesian and frequentist models.
The frequentist models included KNN, WKNN and ANN models, while the Bayesian
models included Naive Bayes and BNN models. The best frequentist model was the
KNN model with SMOTE application and K = 5, which had an AUC of 0.781. The
WKNN models did not address the imbalance within the data, as the specificity of
all the best WKNN models were lower than 40%, while displaying 90% or more for
each models’ accuracy. The ANN models, provided varying results as the specificity
ranged between 26% to 69%. The stand out result of the ANN models was the ReLU
activation model, however, the KNN model with SMOTE application outperformed
the ANN model.

The second class of models used for classification of tumours were the Bayesian
models. The two Bayesian models were further split into Naive Bayes models and
BNN models. Both types of models had improved specificity, however, there was a
drop in accuracy for all Bayesian models. The best performing Bayesian model was
the Variational inference BNN model with Tanh activation function, with an AUC
of 0.727.

The frequentist models were able to classify malignant tumours, however, the models
could not predict benign tumours well. The use of SMOTE allowed frequentist mod-
els to improve classifying benign tumours, however, the Bayesian models predicted
benign tumours better. The prediction of malignant tumours and benign tumours
were both of importance, and the best classification model was the KNN model with
SMOTE and K = 5.

The classification models allows for a faster and more accurate diagnosis. The mod-
els built may reduce errors made by the doctors, and reduce the amount of time
used between primary care interval. The models should be used to help in decision
making and not be used to diagnosis a patient, given the misclassification risk that
still remains.
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5.2 Limitations of the study

The ANN and BNN model only used up to three hidden layers and contained limited
number of activation functions. The BNN models could include more layers that used
Bayesian inference methods, instead of only the last layer contain Bayesian methods.

5.3 Recommendations for future work

The models built were based on the data sets, which did not include scanned imag-
ing of tumours. As future work for classifying tumours different models which use
images may be used. Other models such as Convolutional Neural Networks, Decision
Trees or Support vector machines and generative adversarial networks should also
be considered.
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Appendix
A  Some Results

A.1 Weighted Nearest-Neighbours
A.1.1 ROC Curves
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(a) WKNN with Euclidean distance, Epanechinkov kernel and SMOTE’
ROC
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(b) WKNN with Euclidean distance and Epanechinkov kernel’s ROC

Figure A.1: WKNN with Euclidean distance and Epanechinkov kernel’s ROC curve
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(a) WKNN with Euclidean distance, Triangular kernel and SMOTE’
ROC curve
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(b) WKNN with Euclidean distance and Triangular kernel’s ROC curve

Figure A.2: WKNN with Euclidean distance and Triangular kernel’s ROC curve
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(a) WKNN with Manhattan distance, Epanechinkov kernel and SMOTE’
ROC
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(b) WKNN with Manhattan distance and Epanechinkov kernel ’s ROC

Figure A.3: WKNN with Manhattan distance and Epanechinkov kernel 's ROC curve
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(a) WKNN with Manhattan distance and Triangular kernel ROC curve
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(b) WKNN with Manhattan distance, Triangular kernel and SMOTE’s
ROC curve

Figure A.4: WKNN with Manhattan distance, Triangular kernel s ROC curve
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(a) WKNN with Minkowski distance and Epanechinkov kernel ROC
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(b) WKNN with Minkowski distance, Epanechinkov kernel and
SMOTE’s ROC

Figure A.5: WKNN with Minkowski distance, Epanechinkov kernel ’s ROC curve

A.1.2 Confusion matrix
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(a) WKNN with Minkowski distance and Triangular kernel ROC curve

o

08
1

Sensitivity
0.6
|

04

AUC: 0.637 (0.597-0.677)

02
1

00
1

T T T T T
15 1.0 05 0.0 05
Specificity

(b) WKNN with Minkowski distance, Triangular kernel and SMOTE’s
ROC curve

Figure A.6: WKNN with Minkowski distance, Triangular kernel ’s ROC curve

Table A.1: Confusion matrix for WKNN Euclidean distance, Epanechinkov kernel
and SMOTE

Observed malignant Observed benign

Predicted malignant 4656 73
Predicted benign 344 o1
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Table A.2: Confusion matrix for WKNN Euclidean distance and Epanechinkov kernel

Observed malignant Observed benign

Predicted malignant 4969 111
Predicted benign 31 13

Table A.3: Confusion matrix for WKNN Euclidean distance, Triangular kernel and
SMOTE

Observed malignant Observed benign

Predicted malignant 4668 75
Predicted benign 332 49

Table A.4: Confusion matrix for WKNN Euclidean distance and Triangular kernel

Observed malignant Observed benign

Predicted malignant 4964 111
Predicted benign 36 13

Table A.5: Confusion matrix for WKNN Manhattan distance, Epanechinkov kernel
and SMOTE

Observed malignant Observed benign

Predicted malignant 4711 78
Predicted benign 289 46

Table A.6: Confusion matrix for WKNN Manhattan distance and Epanechinkov
kernel

Observed malignant Observed benign

Predicted malignant 4964 112
Predicted benign 36 12
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Table A.7: Confusion matrix for WKNN Minkowski distance and Triangular kernel

Observed malignant Observed benign

Predicted malignant 4986 101
Predicted benign 14 23

Table A.8: Confusion matrix for WKNN Minkowski distance, Triangular kernel and
SMOTE

Observed malignant Observed benign

Predicted malignant 4916 88
Predicted benign 86 36

Table A.9: Confusion matrix for WKNN Minkowski distance, Epanechinkov kernel
and SMOTE

Observed malignant Observed benign

Predicted malignant 4916 88
Predicted benign 86 36

Table A.10: Confusion matrix for WKNN Minkowski distance and Triangular kernel

Observed malignant Observed benign

Predicted malignant 4986 101
Predicted benign 14 23

Table A.11: Confusion matrix for WKNN Minkowski distance, Triangular kernel and
SMOTE

Observed malignant Observed benign

Predicted malignant 4986 101
Predicted benign 14 23
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A.1.3 Accuracy table

Table A.12: Table showing the accuracy measures for WKNN models

Euc-Epa S Euc-Epa Euc-Tri S  Euc-Tri
Accuracy 91.86 97.22 92.05 97.13
Sensitivity 93.12 99.38 93.36 99.28
Specificity 41.13 10.48 39.52 10.48
Precision 98.46 97.81 98.42 97.81
F1 Score 95.71 98.59 95.82 98.54
Cohen’s Kappa 0.918 0.972 0.92 0.971
AUC 0.671 0.549 0.664 0.549

Table A.13: Table showing the accuracy measures for WKNN models

Man-epa S Man-Epa Man-Tri Man-Tri S

Accuracy 92.83 97.11 97.21 92.99
Sensitivity 94.22 99.28 99.28 94.38
Specificity 37.1 9.68 13.71 37.1

Precision 98.37 97.79 97.89 98.37
F1 Score 96.25 98.53 98.58 96.34
Cohen’s Kappa 0.928 0.971 0.972 0.93

AUC 0.657 0.545 0.565 0.657
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Table A.14: Table showing the accuracy measures for WKNN models

Min- Min- Min- Min-

Epa Epa Tri Tri
S S
Accuracy 97.77 96.68 97.75 96.64
Sensitivity 99.76 98.34 99.72 98.32
Specificity 17.74 29.84 18.54 29.03
Precision 98 98.26 98.01 98.24
F1 Score 98.87 98.3 98.86 98.28
Cohen’s Kappa 0.98 0.966 0.978 0.966
AUC 0.588 0.641 0.591 0.637
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A.2 Artifical Neural Network
A.2.1 ROC Curves

1.0

08
L

Sensitivity
06
I.

04

AUC: 0.717 (0.672-0.761)

00

T T T T T
15 1.0 05 00 -0.5
Specificity

(a) ANN with Tanh activation function, SMOTE and threshold opti-
mization’s ROC curve
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(b) ANN with ReLU activation function, no dropout layers, SMOTE and
threshold optimization

Figure A.7: ANN with SMOTE and threshold optimization’s ROC curve
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(a) ANN with Tanh activation function and dropout layers’ ROC curve
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(b) ANN with ReLU activation function and dropout layers’ ROC curve

Figure A.8: ANN with dropout layers’ ROC curve
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A.2.2 Confusion matrix

Table A.15: Confusion matrix for ANN with ReLU activation function with thresh-
old. manipulation.

Observed malignant Observed benign

Predicted malignant 4866 7
Predicted benign 172 46

Table A.16: Confusion matrix for ANN with Tanh activation function, SMOTE and
threshold optimization

Observed malignant Observed benign

Predicted malignant 4845 65
Predicted benign 193 58

Table A.17: Confusion matrix for ANN with Tanh activation function and dropout
layers

Observed malignant Observed benign

Predicted malignant 3705 81
Predicted benign 1333 42

Table A.18: Confusion matrix for ANN with ReLU activation function and dropout
layers

Observed malignant Observed benign

Predicted malignant 5038 123
Predicted benign 0 0
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A.2.3 Accuracy table

Table A.19: Table showing the accuracy measures for ANN models

Tanh ReLU  Tanh ReLU

SMOTE SMOTE dropout dropout
Accuracy 95 95.17 72.6 97.62
Sensitivity 96.17 96.59 73.54 97.62
Specificity 47.15 374 34.14 0
Precision 98.68 98.44 97.86 97.62
F1 Score 97.41 97.51 83.98 97.62
Cohen’s Kappa 0.95 0.951 0.724 0.97
AUC 0.717 0.67 0.538 0.5
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A.3 Bayesian Neural Network
A.3.1 ROC Curves
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(a) BNN with MCMC and ReLU activation function’s ROC curve
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(b) BNN with MCMC and Tanh activation function’s ROC curve

Figure A.9: BNN with MCMC’s ROC curve

A.3.2 Confusion matrix
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Table A.20: Confusion matrix for BNN with ReLU activation function and MCMC

Observed malignant Observed benign

Predicted malignant 3817 96
Predicted benign 1221 27

Table A.21: Confusion matrix for BNN with Tanh activation function and MCMC

Observed malignant Observed benign

Predicted malignant 3963 97
Predicted benign 1075 26
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A.3.3 Accuracy table

Table A.22: Table showing the accuracy measures for BNN models

ReLU MCMC Tanh MCMC
Accuracy 74.48 77.29
Sensitivity 75.76 78.66
Specificity 21.95 21.14
Precision 97.55 97.61
F1 Score 85.29 87.12
Cohen’s Kappa 0.74 0.77
AUC 0.489 0.599
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B R Code

The code is split into the following:

e Explortory data analysis

Naive Bayes models

KNN models

o WKNN models
ANN models

BNN models

B.1 Explortory data analysis

#JingYuan Gong
#August 2021
#Masters thesis coding

#

#Work session and data importing

setwd ("E:/University/Wits/Masters/Thesis/Coding/v17 Nb, KNN, WKNN + balance + thres/Nb, KNN, WKNN 1")
set.seed("1")

data<-read.csv("E:/University/Wits/Masters/Thesis/Coding/v5/Data 5 Reduced data.csv",sep=";")

#Library used
#library (gmodels)
#library (MASS)
#library(crone)
library(caret)
library(class)
library(e1071)
library(ggplot2)
library (kknn)
1library(pROC)
library(tidyverse)
library(unbalanced)

#

#Basic EDA

names (data) [7] = "Tumour Classification"
names (data) [2] = "Age group"

names (data) [3] = "Ethinicity group"
names (data) [6] = "Year of diagnosis"
names (data) [6] = "Site of cancer"

names (data) [8] = "Type of cancer cell"

names (data) [14]="Number of positive nodes found"
names (data) [16]="Number of months survived"

str(data)

data$‘Tumour Classification <- factor(data$‘Tumour Classification‘)
str(data$‘Tumour Classification‘)

table(data$‘Tumour Classification‘)
datal<-datal,-c(1,10,11,12,13,15,16,17,18)]

str(datal)

#Ratio is 40:1 for M:B -> 0:1
#M -> 40000

#B -> 1000

#Very unbalanced data
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#Graphing unbalanced data

ggplot(data, aes(x=factor(‘Tumour Classification‘)))+
geom_bar (fill="steelblue")+

theme_minimal()+

ggtitle("Tumour Balances")+

xlab("Tumour Classification")+

ylab("Count")

#checking all the types

str(datal)
datal$Sex<-as.integer(datal$Sex)-1
str(datal)

#

#Data partition
no=c(1:nrow(datal))
dat=cbind(no,datal)

split <- 0.75

Data_index<- createDataPartition(dat$no, p=split, list=FALSE)
data_train <- dat[Data_index,]
data_test <- dat[-Data_index,]
training<-data_train[,-1]
test<-data_test[,-1]

#

#Using Smote

smoted<-ubSMOTE(data_train[,-c(1,7)],factor(data_train$‘Tumour Classification‘),perc.over = 4000,k=5,perc.under = 100)
smoted_data<-cbind(smoted$X,smoted$Y)

names (smoted_data) [10] = "Tumour Classification"
table(smoted_data$‘Tumour Classification‘)
str(smoted_data)

ggplot (smoted_data, aes(x=factor(‘Tumour Classification®)))+
geom_bar (fill="steelblue")+

theme_minimal ()+

ggtitle("Tumour Balances")+

xlab("Tumour Classification")+

ylab("Count")

#

#EDA smote data
smoted_data_1 <- smoted_data
str(smoted_data_1)

#Graphing unbalanced data

ggplot (smoted_data_1, aes(x=factor(‘Tumour Classification‘)))+
geom_bar (fill="steelblue")+

theme_minimal )+

ggtitle("Tumour Balances")+

xlab("Tumour Classification")+

ylab("Count")

#Confusion matrix of the form of 0 = postive

# | === 0----- | === 1------ |

# 0 ITP (tb[1]) | FP (tb[3]) |

# 1 IFN (tb[2]) | TN (tb[4]) |

#Accuracy function

calculate_stats<- function(tb, model_name) {

Accuracy <- (tb[1] + tb[4])/(tb[1] + tb[2] + tb[3] + tb[4])
Sensitivity <- tb[1]/(tb[1] + tb[2])

Specificity <- tb[4]/(tb[4] + tb[3])

Precision <- tb[1]/(tb[1]+tb[3])

f1 <- (2*Precision * Sensitivity) / (Precision + Sensitivity)
NIR<-max(tb[1]+tb[2],tb[3]+tb[4]1)/(tb[1] + tb[2] + tb[3] + tb[4])
pe<- (tb[1] + tb[2])/(tb[1] + tb[2] + tb[3] + tb[4])*(tb[1] + tb[3]1)/(tb[1] + tb[2] + tb[3] + tb[4])*
(tb[4] + tb[2])/(tb[1] + tb[2] + tb[3] + tb[4])*(tb[4] + tb[31)/(tb[1] + tb[2] + tb[3] + tb[4])
cohen<-(Accuracy-pe)/ (1-pe)

cat (model_name, ": \n")

cat ("\tAccuracy = ", Accuracy*100, "%.")
cat("\n\tSensitivity = ", Semsitivityx100,
cat("\n\tSpecificity = ", Specificity*100,
cat("\n\tPrecision = ", Precision*100, "%.
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cat("\n\tF1 Score = ", £1x100, "%.")
cat("\n\tNIR Score = ", NIR*100, "%.")
cat("\n\tCohen’s kappa = ", cohen, ".\n\n")

}

B.2 Naive Bayes models

#Naive Bayes
nb=naiveBayes(smoted_data_1$‘Tumour Classification‘~., data=smoted_data_1)
nbi=predict (nb,test[,-6],type="rau")

#
#

#NB threshold + predictions
pred_y<-cbind(nb1,nrow(nbl))
threshold_nb<-0.089

for (i in 1:nrow(mb1)) {
if(pred_y[i,1] > threshold_nb){
pred_y[i,3] = 0

} else if(pred_yl[i,1] < threshold_nb){
pred_y[i,3] =1

}

B.3 KNN models

knb=class: :knn(train=smoted_data_1[,-10],test=test[,-6],cl=smoted_data_1[,10],k=5,prob = TRUE)
pred_knnb<-attributes(kn5)$prob #for winning class
pred_knnb5

B.4 WKNN models

Min_Tri_kknn <- kknn(‘Tumour Classification‘”., smoted_data_1l, test, distance=0.1,kernel = "triangular")
Min_Tri_fit <- fitted(Min_Tri_kknn)

Min_Tri_pred_y<-cbind(Min_Tri_kknn$prob,nrow(Min_Tri_kknn$prob))

threshold_Min_Tri_pred_y<-0.47

for (i in 1:nrow(Min_Tri_kknn$prob)) {

if (Min_Tri_pred_y[i,1] > threshold_Min_Tri_pred_y){
Min_Tri_pred_y[i,3] = 0

} else if (Min_Tri_pred_y[i,1] < threshold_Min_Tri_pred_y){
Min_Tri_pred_y[i,3] =1

¥

¥

Min_Tri_tb_nn_weighted <-table(Predicted=Min_Tri_pred_y[,3],Actual=test$ ‘Tumour Classification‘)
Min_Tri_tb_nn_weighted

calculate_stats(Min_Tri_tb_nn_weighted,test$‘Tumour Classification‘)

B.5 ANN models

#Tanh with dropout ANN

#

#
#Tanh + Drop
model_dropout_Tanh<-keras_model_sequential()
model_dropout_Tanh %>%

layer_dense(units = 50,activation = "Tanh",input_shape = c(9)) %>%
layer_dropout(0.2) %>%
layer_dense(units=40,activation = ’tanh’) %>%
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layer_dropout(0.2) %>%

layer_dense(units=30,activation = ’tanh’) %>}
layer_dropout(0.1) %>%
layer_dense(units = 2,activation = "sigmoid")

summary (model_dropout_Tanh)

#

#
#Tanh + Drop loss and optimizer
model_dropout_Tanh%>%
compile(loss="binary_crossentropy",
optimizer="adam",

=

metrics="accuracy")

#

#Tanh + Drop fitting
history_dropout_Tanh<-model_dropout_Tanh %>%
fit(training,

trainlabels,

epochs = 100,

batch_size = 5,

validation_split=0.2,
class_weight=1ist("0"=1,"1"=40))
plot(history_dropout_Tanh)

#

#
#Tanh + Drop accuracy and threshold optimization
model_dropout_Tanh %>%

evaluate(test,testlabels)

pred_dropout_Tanh<-model_dropout_Tanh %>%
predict(test)

pred_y_dropout_Tanh<-cbind(pred_dropout_Tanh,nrow(pred_dropout_Tanh))
threshold_Tanh_dropout<-0.0021

for (i in 1:nrow(pred_dropout_Tanh)) {

if (pred_y_dropout_Tanh[i,1] >threshold_Tanh_dropout){
pred_y_dropout_Tanh[i,3] = 0

} else if(pred_y_dropout_Tanh[i,1] < threshold_Tanh_dropout){
pred_y_dropout_Tanh[i,3] = 1

}

tb_nn_dropout_Tanh <-table(Predicted=pred_y_dropout_Tanh[,3],Actual=testtarget)
tb_nn_dropout_Tanh

calculate_stats(tb_nn_dropout_Tanh,testlabels)

B.6 BNN models

#BNN tanh with Var Inf

use_backend("tensorflow") #might need to run this line again
model_tanh<-keras_model_sequential()

model_tanh %>%

layer_dense(units = 50,activation = "tanh",input_shape = c(9))%>%
layer_dropout (0.2) %>%

layer_dense(units=40,activation = ’tanh’) %>%

layer_dropout(0.2) %>%

layer_dense(units=30,activation = ’tanh’) %>%

layer_dropout(0.1) %>%
layer_dense_variational(

units = 2,

activation = "sigmoid",
make_posterior_fn = posterior_mean_field,
make_prior_fn =prior_trainable,
kl_use_exact = FALSE

)

summary (model_tanh)

#
#BNN tanh with loss and optimizer
model_tanh>%
compile(loss="binary_crossentropy",
optimizer="adam",
metrics="accuracy")

#
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#BNN tanh fit
history_tanh<-model_tanh %>%
fit(training,
trainlabels,

epochs = 100,
batch_size = 5,
validation_split=0.25
class_weight=1ist ("0
plot (history_tanh)

#

#BNN tanh accuracy + threshold optimization
model_tanh %>%
evaluate(test,testlabels)

pred_tanh<-model_tanh %>
predict(test)

summary (pred_tanh[,1])
sd(pred_tanh[,1])
#use this to find the top ten percent etc.

pred_y_tanh<-cbind (pred_tanh,nrow(pred_tanh))
Threshold_tanh<-0.00982

for (i in 1:nrow(pred_tanh)) {

if (pred_y_tanh[i,1] > Threshold_tanh){
pred_y_tanh[i,3] = 0

} else if(pred_y_tanh[i,1] < Threshold_tanh){
pred_y_tanh([i,3] = 1

}

}

tb_nn_tanh <-table(Predicted=pred_y_tanh[,3],Actual=testtarget)

tb_nn_tanh

calculate_stats(tb_nn_tanh,testlabels)
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