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ABSTRACT

Big data are indispensable for machine learning and complex data modeling. Such computation tasks
with big data are expensive, requiring extensive computer memory and computing time. Thus methods are
often sought that can scale down the amount of raw data or model size without compromising substantial
information in the original data. Such approximation aims at reducing required computing resources
while achieving high performance of the related machine learning tasks. In this research, we investigate
the approximation issue in machine learning areas: feature selection to learn a small set of critical features
in big data and neural network sparsification to determine a small set of pertinent connections between
neurons in neural networks. An additional goal of this research is to reveal pertinent relationships across
these two research areas.

Information theory has great potential in machine learning, offering an alternative way for information
extraction from data and for the approximation of data models. In particular, mutual information-based
methods have been developed for feature learning and sparsifying neural networks, nevertheless with
mixed results. The previous work has yet to establish connections across the two machine learning areas.
We propose a mutual information-based framework that aims at addressing the approximation issue in

these two subtopics and revealing pertinent relationships between them.



In this research, the proposed mutual information-based is tested on a large amount of microarray
gene expression of human cancer data for disease classification. Microarray expression data containing
tens of thousands of genes are ideal for the evaluation of methods for both feature learning and neural
network sparsification.

In particular, the significant gene subset identified by our method decreases the required number
of genes to perform classification tasks ten to hundred folds and outperforms the previous methods’
performance. Sparsification neural networks with mutual information between neuron outputs let us
removing up to 90% unnecessary connections while maintaining or even improving the performance. Our
experiments reveals sparsified neural network ignores unimportant (irrelevant) genes and only considers

significant or pseudo-significant genes that we identify in the first part of this research through gene

filtering.
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Chapter 1

Introduction

Convenient access to datalead to efforts toward handling big data including customizing machine learning
algorithms, so that they could work with high dimensional data. Big data includes many random variables
and exact modeling them by machine learning algorithms is intractable since finding an optimal subset
of features among high number of features is a NP-complete problem [29]. That’s why we attempt to
find an approximate solution instead of an exact answer to solve challenging problems involving too many
features.

In this dissertation, we follow two approaches to address an approximate solution to model high-
dimensional data with machine learning algorithms. First, by using an information theory-based method,
we aim to learn essential feature subset to approximate high-dimensional data. Second, we investigate the
sparsification of neural networks by considering mutual information between two connected neurons.
We show the effectiveness of each of these methods independently and explain the connection between

them utilizing experiments on microarray cancer data.

Microarray data is one of the popular biology data types, including gene expressions. Modeling mi-
croarray cancer data accurately can help with cancer detection more accurately. Microarray data provides
a massive amount of gene expression information for comparing tissues and treatments. Microarray data

are considered high-dimensional as they often have a limited number of samples (patients) but with hun-



dreds or thousands of genes, which are usually considered features for machine learning [56, [ss} 30,54 13].

Many researchers [67, 35, 11, |43} 39} 68} 10, 16} 49, 64} 624 14]] have taken different approaches to address
the problem of having too many variables in input data for classification tasks . Some works focus on
studying different ways of selecting significant features from the high-dimensional data to reduce the
dimensionality. Among those works, there has been a research to improve prediction accuracy with the
help of mutual information (MI). Roberto Battiti in [11] used filtering genes by maximizing mutual
information (MI). They considered two MI values, between a given label and a gene, and between two
genes. Since they calculated MI among continuous values, they approximated MI.

A recent deep learning study [43] shows that decreasing the number of genes while utilizing different
neural networks allows the model to perform well. The study used the analysis of variance (ANOVA)
F-test and information gain (IG) between gene and label to filter genes. Furthermore, another study used
gene-label MI to filter genes, and defined a discriminative margin to select essential genes to conduct
semi-supervised classification [39]. Mutual information based research in [[68] detects relevant genes, then
performed the /asso method to filter redundant information.

High-dimensional data could also be tackled by sparsifying neural networks used as classifiers and di-
recting neural networks toward employing only essential variables rather than the provided whole feature
set. A recent study [26] follows a mutual information- based approach and proposed pruning a neural

network by considering the MI of two connected neurons and then ignoring neurons with low MI.

In this work, we propose an information theory-based method to identity critical variables from a
given set of variables. We consider 3 different types of mutual information for this purpose: mutual
information between two individual variables and between one variable and a given label. We also include
conditional mutual information, which is mutual information of two variables conditioned on a specific
label. This third type of mutual information captures correlation between two variables when it cannot

be captured by the first type. A typical example is the logical operator Exclusive OR.



Our second research utilizes a neural network as the task classifier and explores pruning neural network
models with the proposed mutual information method. This approach ignores unnecessary connections
in a neural network in the classification task. Pruning strategies compress the network, making it sparser
and requiring less computation. This work aims to optimize computation resource usage while providing
an accurate prediction.

In this dissertation, we consider two approaches in classification problem of microarray cancer data.
Each such dataset is a matrix M x N with M patients, and N genes, and each element of the matrix
being gene expression of a specific patient associated with a known gene. To improve classification of
microarray data, we propose a filtering method to identify significant genes based on the aforementioned
3 types of mutual information. We test our method on several microarray cancer datasets and identify a
significant gene subset for each. We integrate SVM-RFE, a machine learning feature selection (explained
in , to acquire a stable significant gene subset from all the provided genes in an attempt to remove
bias in our selection process. To validate our method, we monitor classification performance while also
getting biological confirmation [s] to endorse our significant gene subset as significant ones. In particular,
we experiment our method on 4 microarray cancer dataset with two classes (sick and healthy) showing
efficiency and reliability compared to existing techniques in filtering tens of thousands of genes to just a
few hundred which remain to be effective.

We also take the filtering method further and integrate the idea of filtering with mutual information
into sparsifying a neural network. In this part, we keep only connections of pairs of neurons that have
high enough mutual information. That approach makes the model size much smaller and computation
would be cheaper while the performance is not changed noticeably.

This second research reveals only significant or pseudo-significant genes needed to be considered in
neural network. Although, the datasets we used for our experiments are not extremely large and reducing
model size are not significant, our results basically prove the concept of relating data filtering to sparse

neural network design and can apply to any large datasets for machine learning.



The rest of this dissertation is organized as follows. In chapter 2, we briefly review some of the required

background in information theory. We also summarize feature selection techniques, which form a broad

field of study in machine learning, beneficial to our gene identification framework. We also introduce

the problem of sparse neural networks and review some current research approaches. In chapter 3, we

introduce the methodology forming the structure of this research. In Chapters 4, we explain the algo-

rithms developed based on the methodology to conduct detailed research steps. Chapter 5 shows the data

used in our experiments. In chapter 6 we demonstrate our experiment settings and results. Chapter 7

discusses our observations with conclusions. In particular Tableshows the flow of presented content

in this dissertation.

Table 1.1: Content of this dissertation

Chapter 1 | Introduction Introduction to the dissertation and motivation of this work
Chapter 2 | Preliminaries Background knowledge review for this research

Chapter 3 | Methodology Proposed methods to tackle the defined problem

Chapter 4 | Algorithms Developed algorithms based on our methodology
Chapter s | Data Microarray cancer data utilized in our experiments
Chapter 6 | Experiments Experiments and results supporting our proposed method
Chapter 7 | Discussion & Conclusion Discussion and future work




Chapter 2

Preliminaries

2.1 Information Theory

The broad scientific field of information theory attempts to quantify the reliability of information transfer
through unreliable mediums. It views information as a system and attempts to quantify its parameters. In-
formation theory studies the relations of involved variables in different settings and analyzes their effects on
one another [s59,|42]. Because computer scientists deal mainly with improving machine implementation,
information theory helps them realistically model a series of events with many variables by understanding
each component’s individual and organizational roles. Information theory has been widely used to assist
in other fields, such as machine learning, which attempts to identify underlying patterns in data and draw
generalizations from it. To identify a subset of the most important parameters from a big set of variables,

we borrow this concept to help filter out a significant subset.

2.1 Entropy

The concept of entropy was first introduced by C. E. Shannon [s3] to quantify the state of uncertainty in
arandom system through the probability of events. In other words, entropy measures the unpredictability

of an outcome by considering its probability. Machine learning science is strongly tied to entropy since it



measures unpredictability and aligns well with the purpose of machine learning algorithms that identify
similar patterns across samples. Equationshows the formula to calculate the entropy of random variable

A. Let A and B be two random variables with finite discrete domains D 4 and Dg respectively.

The joint entropy of two random variables A and B is calculated by equation|z.2]

H(A,B)=—- > P(A=a,B=b)log, P(A=a,B=1)) (2.2)

(a,b)EDAXDp

Similarly, the conditional entropy of two random variables A and B is calculated by equation .3

H(A|B)=- Y P(A=a|B=b)log, P(A=a|B=0b) (2.3)

(a,b)€D4x D5
Definition 1. The Kullback-Leibler divergence [37] (also called relative entropy), denoted D1, (P || Q)
measures how much probability distribution P over X is different from probability distribution () over X.
Assume distribution P represents the data, and distribution () represents an approximation of P which
indicates D 1.(P || Q) — 0is desirable. Equation|o.4|shows how we calculate KL-divergence between

two distributions P and Q).

Dir(PlIQ) =) P(x)log,

zeX

P(z)
00 (2.4)

2.1.2 Mutual information

Generalization requires certainty, and mutual information (MI) measures the provided information be-
tween several random variables in an attempt to quantify uncertainty. We utilize this concept to find a
solution for the minimum variable identification problem Mutual information helps us identify the

most relevant involved variables.



Definition 2. Let A and B be two random variables with finite discrete domains D 4 and D respectively.
The mutual information between A and B is the KL-divergence between the joint probability P(A, B)
and independent probability P(A)P(B). Thatis

I(A; B) = Dg(P(A, B)||P(A)P(B))

P(A=a,B=b (2:5)
= > P(A:a,B:b)logQP(f(l:a) (B:L)

(a,b)E’DA xXDpg

P(A=a,B=) ; corresponding to value (a, b) in the summation of2.s|is called

The term logodds log, P(A=a)P(B=b)

point mutual information, denoted with pmi(A = a; B = b). Therefore,

I(A;B)= >  P(A=a,B="b)pmi(A=a;B=1)

(a,b)eD 4 xDpg

Alternatively mutual information can be rewritten in the form of information gain:

I(A; B) = H(A) — H(A|B) = H(B) — H(B|A) (2.6)
where
H(A)=— ) P(A=a)log, P(A=a)
and
HAB) =— Y Pm:mB:mb&P%Zii;m
a€Dp,bEDB

are the Shannon entropy and conditional entropy, respectively. Figureshows the relations among

the MI of two random variables A and B with their individual and conditional entropy.



Entropy H(A) Entropy H(B)

Conditional Conditional
Entropy Mutual Entropy A B AzB
H(A|B) Info H(A|B) 0 0 0
I(4,B)
0 1 1
1 0 1
1 1 0

Joint Entropy H(A, B)

‘ ‘ ‘ Figure 2.2: Exclusive OR.
Figure 2.1: Mutual Information of two random variables.

Definition 3. The mutual information between variables A and B conditional upon value ¢ € D, of

variable C' is defined as expectation:

P(A=a,B =b|C =c)

I(ABIC=c)= ) P(A:a,B:b|C’:c)logP(A:a‘C:C)P(B:b‘czc)

(a,b)eD 4 xDp

The conditional mutual information of A and B given C' is defined as

I(A;B|C) = ) P(C =c)I(A;B|C = c)

ceDe

which is also written as

P(A=a,B=0|C =c)

I(A; B|C) = Z P(A:a,B:b,C:c)logP(A:a|C:C)P(B:b|C:C)

(a,b,c) €DAXxDp XD




Conditional point mutual information (conditional pmy) at value (a, b) conditional upon ¢ is defined

as
| P(A=a,B=1bC =c)
%82 (A =alC =c)P(B=1bC=c)

A good simple example of conditional mutual information is exclusive OR that measures mutual
information between two random variables upon a third variable, performing better than just measuring

the mutual information between the two. See Fig.

The following properties of point mutual information will be used in our discussion.

Proposition 1. Let /(A; B) be mutual information between variables A, B € X over observed data
D. Then forany a € {0,1}, pmi(A = a,B = 0) > Oifand only if pmi(A = a; B = 1) < 0.
Furthermore, pmi(A = a; B = 0) = Oifand only if pmi(A = a; B =1) = 0.

Proof. We justify this claim as follows. pmi(A = a; B = 0) = log, % > 0 implies
P(A=a,B=0) P(A=a,B=0)
( ) < P(A=a) P(A=a,B=0)+P(A=a,B=1) (27)
Likewise, pmi(A = a; B = 1) = log, % > 0 implies
P(A=a,B=1) P(A=a,B=1)
( )< P(A=a) P(A=a,B=0)+PA=a,B=1) (28)
Putting together equation [>.7|and equation |2.8|yields
P(A 0)+ P(A= =
P(B=0)+P(B=1)< 7 )+ P ’ ):1 (2.9)

a contradiction to the fact that P(B = 0) + P(B = 1) = 1. Therefore pmi(A = a; B = 0) > 0
implies pmi(A = a; B = 1) < 0. With a similar argument, pmi(A = a; B = 0) < 0 implies
pmi(A=a;B=1)>0.



Furthermore, it is not difficult to see that if the inequality[z.7]is replaced by the equality, the inequality
[2.8]has to be changed to equality as well in order to make change the inequality in[2.9|to the equality. This
concludes that pmi(A = a; B = 0) = Oifand only if pmi(A =a; B=1) =0. R

By information gain equation since (conditional) entropy is non-negative, the highest value for
mutual information between two variables is bounded by the entropy of the either variable. Therefore,

we have

Proposition 2. Let A and B be two random variables with finite discrete domains D4 and Djp respec-

tively. Then I(A; B) < min{log,|D4l,log,|Dg|}.

2.2 Machine Learning

Machine learning is a fast-growing scientific field noted as a data-driven knowledge acquired by comput-
ers that attempts to identify relations in example attributes and draw conclusions from this information.
Based on the task, the machine learning algorithm examines different characteristics of sample attributes.
Depending on the availability of labeled data, the learning process can be performed in supervised, semi-
supervised, or unsupervised manner[44]. Providing proper attributes and an adequate number of samples
are the minimum requirements to derive a reasonable and practical model from machine learning algo-
rithms [8]. Often, data have extraneous and confusing attributes. Accordingly, different techniques have

been explored to narrow down the essential features of a sample [64, 62, 14].

2.2.1 Problem Definition

Let X = {Xj, ..., X,,} beaset of n random variables. Let Y be the target, a function in variables X. We
assume both random variables and the target to take binary values[} Let D be a set of m data samples for
(X, Y'), which can be regarded as an m x (n + 1) matrix of binary values. Let subset Z C X U {Y"} and

d be a sample (row) in D. We denote with d(Z) the projection of d onto columns in Z.

"For simplicity, our discussions assume binary domain. However, the proposed method also applies to non-binary, cate-
gorical domains of variables.

10



Given observed data D for (X, Y'), a non-empty subset § C X is called representative set for X, if
for every two rows dy and dy in D, d;(S) = da(8) implies d; (Y') = do(Y'). That s, the variables in §

uniquely determine the function value of Y.

Definition 4. The Minimum variable identification problem (M1N VARIABLES) is defined as:
Input: sample data D over variables X and target Y ;

Output: a representative set S for X such that [S| is the minimum.

The well-known task of Feature Selection problem in machine learning can be cast as the Min Variables
problem, where features can be quantified as random variables formulated for the problem of interest.
However, the task of computing the minimum feature set is computationally intractable [22]. For example,

exhaustively checking all subsets of X require time £2(2"), an exponential in the size n = |X].

2.2.2 Feature Selection

The subfield of machine learning that studies different techniques to choose a relevant and non-redundant
feature subset from the provided feature set is feature selection. The goal of feature selection is to find the
optimal subset that provides the best performance for machine learning tasks. Feature selection techniques
reduce the size of problems, making many at least solvable by machine learning algorithms. Moreover, in
many cases, improving the performance of machine learning algorithms initiates the idea of solving those
cases using machines. Many studies have shown that providing convenient features for machine learning

algorithms is critical to their performance 21, 50].
Input data generally has many features, so it is necessary to choose the essential set, either due to the

impossibility of processing the whole or in an attempt to optimize the algorithm. These points emphasize

the importance of using feature selection studies.

II



There are five general categories for feature selection techniques, which are explained below:

* Filter based are among the initial feature selection techniques and are very popular due to their

simple implementation and cheap computation cost. (Figure|2.s)

* Wrapper arose primarily due to the weak performance of filter-based methods. Unlike filter-based
techniques, wrappers are computationally expensive since they perform iteratively on machine

learning algorithm output. (Figure[2.3)

* Embedded approaches attempt to avoid the disadvantages of filter-based and wrapper methods

while including each of their benefits. (Figure

* Hybrid Hybrid feature selection techniques combine at least two of the above techniques to obtain
the optimal feature subset. The combination of feature selection techniques allows the model to

benefit from the merits of each technique while compensating for its weak points. (Figure[2.7))

* Ensemble techniques have lately been utilized to increase confidence in feature selection. These

approaches can provide a more stable final result, a serious concern in many feature selection ap-

proaches. (Figure|o.6)

Mutual Information-based Feature Selections

Many machine learning researchers utilized mutual information (MI) to select optimal feature sets. Since
MI analysis has a theoretical foundation, selecting critical features could be well justified. MI measures
the relevancy of a feature and could have a significant role in determining a feature inclusion/exclusion.
But considering only MI in selecting features causes issues such as overestimation of feature signifi-
cance thatalso includes irrelevant or noisy features. In some research, MI has been used as a complementary
component in the feature selection process to benefit from its potential while covering for its possible lim-
itations. Effective approaches have been investigated in this topic [1s, 47} 60,68} 57]. Three-dimensional

mutual information among features (including conditional MI, joint MI, and three-way interaction) was

12
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proposed to empower feature selection algorithms using MI [31].

2.2.3 Classification

Machine learning algorithms can handle many tasks. One popular usage of machine learning algorithms
is predicting what class a sample belongs to. The present level of ground truth knowledge in a machine
learning algorithm determines if the task will be handled in a supervised learning manner. Supervised clas-
sification could be a binary classification (where only two classes are present) or multi-class classification

(where more than two classes are present).

Below, we discuss metrics that are useful in evaluating a binary classification. We denote 7" as a true
prediction and F as a false prediction. Assuming that we have two classes, 1 annotates the first class, and
2 annotates the second one.

Metrics used for binary classification task

We use the below metrics to monitor the performance of the supervised classification task in this study.

— Th+T5
L] ——
Accuracy= PR PN o

¢ Precision— Tﬁ: 7

Recall/Sensitivity= ~ 1

T1+F»
* Specificity= —2
pecificity= 74~
PrecisionxRecall
° — A Trecisionxiiecas
Fr score= 2 x Precision+ Recall

where T is the number of correct predictions in the first class; T is the number of correct predictions

in the second class; F is the number of incorrect predictions in the first class, and F is the number of
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incorrect predictions in the second class.

The main reason to monitor other metrics in addition to accuracy is that we do not want to be misled
by focusing only on the correct predictions. In many cases, the data set could be imbalanced. If a minority
of data were ignored in the model, then the accuracy would be insufficient to provide a comprehensive
interpretation of predictions. Moreover, the cost of false classifications could vary depending on the
task. For example, in the case of classifying whether a patient has or does not have cancer, a prediction
of cancerous patients not having cancer could be very expensive and risk lives, while indicating healthy
patients as having cancer might expose them to the side effects of many unnecessary treatments. These
variations in the interpretation of predictions necessitate monitoring several metrics to gain a clear image

of model performance, which can directly aftect the user’s policy.

2.2.4 Neural Network

Neural networks were inspired by the human brain and how information is perceived and transferred into
knowledge through biological connections [44]. Many tasks are handled by neural networks, including
detection [36} |48, 41], segmentation [24)} 23], and classification [66} 12]. There are many types of neural
networks, including convolutional neural networks and recurrent neural networks. Each is most suit-
able for a type of data or a specific task, or both([si]. Neural networks face some challenges in hardware
utilization [18]. For example, their computation phase requires relatively more resources than other ma-
chine learning approaches, and they require a relatively large amount of data as input compared to other
algorithms. Nonetheless, they have received considerable attention in studies that have confirmed their
potential to address many complicated tasks. Figure[2.8|shows general architecture of a neural network

when fully connected network is used.
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Figure 2.8: Neural Network architecture. Figure 2.9: 5-Fold Cross-Validation.

2.2.5 Neural Network Sparsification

Neural networks show promising abilities to handle complicated tasks, including classifications. Notall of
their connections flow useful information, and narrowing down their connectivity reduces computation
cost and, in many cases, removes unnecessary computation and lets neural network show performance

increase [17].

Recently neural network compression was received a great attention by researchers and that topic
could be categorized into pruning and quantization techniques. Quantization focus more on reducing
computation by utilizing different optimization techniques in implementation.On the other hand, prun-
ing strategies compress the network, making it sparser and requiring less computation by filtering out
criteria. Pruning strategies includes element-wise, channel-wise, shape-wise, filter-wise, layer-wise and
network-wise [40]. Many pruning algorithms discard irrelevant input or/and hidden neurons [19, 25}
63, 65, 38]. This approach aims to optimize computation resource usage while providing an accurate

prediction.

Mutual Information-based Neural Network Sparsification

Unlike the wide utilization of mutual information (MI) in traditional machine learning algorithms, specif-

ically feature selection, there have been a limited number of researches to investigate MI’s role in neural
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network sparsification. Neural network sparsification based on MI has great potential, making it a great

candidate for scholarly exploration.

A very recent study on neural network pruning proposes filtering out neurons based on their MI
[26]. The study was inspired by mutual information-based feature selection in SVMs and logistic re-
gression. The method attempts to avoid irregular memory access by squeezing the matrices. However,
starting pruning from the output layer and goes back towards input carries heavy effect from the labels
compared to our method. Another relevant research proposes MINT (Mutual Information-based Neu-
ron Trimming) [27] that measures conditional geometric MI between adjacent layers as the importance
of information flow. Their approach ensures passing useful information between layers by considering
dependency between filters when pruning. Although MINT achieves good performance, focusing on
individual layers causes inconsistent pruning among layers [28]. Similar to the dropout layer in the neural
network, DropMI (an MI-based dropout) [20] was introduced to highlight essential neurons by creating a
binary mask matrix based on their MI value. It is more effective compared to normal dropout (which is de-

cided randomly), although calculating MI in each batch provides much computation load to the network.

Technical ML-tools used in this research

Here, we briefly explain some concepts in machine learning algorithms that we used in our implementa-

tion.

* Recursive Feature Elimination (RFE)
It uses algorithms to rank features based on utilized criteria. In this research, we employed Super
Vector Machines (SVM) as our classifier to assign each gene an importance score. This lets us acquire

stability in the final derived subset [s52].

¢ Cross-validation

Many machine learning work on small data sets that inherently could lead to a miscalculation
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by many machine learning algorithms. One known way to deal with this issue and gauge the
generalization is to use cross-validation when splitting data and using it for training. This approach
divides the data into k folds and considers & — 1 parts for training and one part for testing until
each fold has been used for testing [4s]). Figure[o.g|illustrates the functionality of cross-validation.

Because of the small data size, we used cross-validation in our experiments.

— Stratified K-Fold Cross-Validation
We employed stratified k-fold cross-validation in our experiments, similar to ordinary cross-
validation. However, instead of random sampling, this approach conducts stratified sampling,
which maintains the distribution of different classes across folds. Suppose we have a dataset
of 100 samples with two classes, 80 samples from class A and 20 from class B. If random
sampling is used, the dataset is split into a training set and a test set in an 8:2 ratio. This
could result in a training set comprising all class A samples and a test set comprising all class
B samples, resulting in a weak model. In contrast, under stratified sampling, the training set
consists of 64 of class 1 (80% of 80) and 16 of class 2 (80% of 20) samples for a total of 80,
which represents the original dataset in equal proportion. Similarly, the test set consists of
16 negative class A (20% of 80) and 4 positive class B (20% of 20) samples, representing the

entire dataset in equal proportion.
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Chapter 3

Methodology

We briefly explained the background and required knowledge in the previous chapter. This chapter

explains our methodology in this research.

3.1 MI-based identification of critical variables

We first offer a mutual information-based insight into the critical variables identification problem. In
particular, the following theorem provides a necessary and sufficient condition to validate if a chosen

subset of variables is a representative set.

Theorem 3.r.1. Letdata D for X, and Y, such that P(Y = y) # 1foranyy € {0,1}. Then S C Xisa

representative set for X, if and only if every s € {0, 1}8'and y € {0, 1}, pmi(S = s;Y = y) > 0.

Proof. Assume that S C X is a representative set for X, over D. Then for any combination (s, y),

due to the assumptions that P(Y = y) < 1 and thats is a representative for X, which implies that

PS=s5Y =y)=P(S=s).
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On the other hand, assume that every point mutual information in /(S;Y") computed from D is
positive. If for two rows dy and dy in D, d1(S) = d;(S) = s implies d1(Y) = y; and d;(Y') = y» but

Y1 # Y2, thenfori = 1,2,

pmi(S = s;Y = y;) = log, P (3.1)

Also fori = 1,2,let P(S = 5,Y = y;) = p;, and, without loss of generality, p; < po. Then

P(S = s) = p; + po. In order for equationto be positive for both i = 1 and ¢ = 2, we need

P1 and P(Y =y9) < P2

PY =y)<
( 1 p1+ P2 DP1+ P2

However, this leads to

P1 P2 1

1=P(Y =y,) + P(Y = 1) < n _
( v ( ve) pP1+Dp2  p1+Dpe

Contradicts. So the assumption that d;(S) = d1(S) = s implies d;(Y) = y; and d1(Y') = y, but
Y1 # Yo is wrong. Thatis, S, is a representative for X, over data D. B
We now redefine the Min Variables, the critical variables identification problem, and the mutual

information measurement.

Definition 5. The k-Variables problem is defined as follows:
k-VARIABLES:
Input: sample data D over variables X, and target Y;

Output: representative set S for X such that I(S;Y’) is the maximum, with [§|< .

The k-Variables problem is related to the original Min Variables by enforcing the size of the repre-
sentative set to be bounded by a given parameter £. This avoids the situation that § = X were to be
returned as a trivial solution. We claim that problem k- Variables characterizes problem Min Variables.

This is because if there is an algorithm A to solve problem k- Variables, we can run A on different values

20



of k = 1,...,n (with a binary search over k) to identify § C X with the smallest & = [S| and all point

mutual information in /(8;Y’) are positive.

The following equation gives a relationship between a subset of variables and its incremental in terms
of mutual information. It can be proved by the definition of mutual information and conditional mutual

information. We omit the proof here.

Proposition 3. For any subset § C X and subset § U { X'}, X € X\S and target Y/,

ISU{X}LY)=I1(8Y)+ I(X;Y]S) (3.2)

Theorem 3.1.2. There is a O(k2¥n)-time dynamic programming algorithm for problem k-Variables.

Proof. Let X = { X7, ... X,,}. We define function f(j, m) to be the maximum mutual information
I(S;Y) for asubset S chosen from { X7, ..., X;} and |S|< m. Then we have the following recurrence
for function f: for1 < j <nand1 <m <k,

fG=1,m—=1)+ I(X;;Y]S; )

—1,m-1
f(j,m) = max !

f(j_lam)

where §*

% 1.m_1 is solution corresponding to the objective function value f(j — 1,m — 1). The base

cases for the recurrence are

f(Oom)=0 m>0

f7:00=0 3520
To see that the recurrence is correct, consider variable X is a part of the solution §7 ,, corresponding to

the objective function f(j, m). Let the rest of the variables in 87, , be the A. Then according to equation
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I(A, X;:Y) =I(A;Y) + I(X;:Y|A)

*

where A is actually SJ_Lm_l.
We are able to compute dynamic programming tables to derive values for function f(j, m) and its
associated solution 87, for all j and m. The main table size will be (k + 1) x (n + 1). However, the

computation of each cell in the table requires time factor 2/ =1 = O(2*~!) to compute the conditional

mutual information. This is basically to calculate all value combinations for variables in A, assuming each

variable has the domain {0,1}. W

We need to point out that, unfortunately, the above algorithm is only an approximation algorithm
and may not find an optimal solution. This is due to the fact that the algorithm constructs solutions by
starting from a single variable (£ = 1) whose mutual information with the target Y is the maximum. The
algorithm may miss the optimal solution containing &, e.g., k = 2, variables where either variable has the

maximum mutual information with the target.

Nevertheless, the above algorithm has the advantage over the exhaustive search algorithm that may
run in time O(nk ), where 1 is usually very large. In the case of small values of k, the algorithm in theorem
is actually linear time and practically useful, especially to produce a collection of small subsets of
variables, which together may form an optimal solution to the problem Min Variables and thus to the
feature selection problem. In particular, it will be useful for the algorithm scheme proposed in the next

section.

3.2 A 3-MI based method

Given that finding the exact (smallest) subset of critical variables is computationally intractable, approxi-

mation algorithms often resort. For example, many claimed optimal algorithms for feature selections are
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heuristic, in the same spirit of theorem with the solution snowballed from an initially very small sub-
set of features of the maximum mutual information with the target. Since such solutions may potentially
miss some critical variables/features, they should be considered a disadvantage in important applications,

e.g., in identifying driver genes in cancer studies.

Therefore, methods that can yield a subset of variables, which include all the desired critical variables,
should be more appealing. This has motivated us to look for some necessary characteristics of critical
variables. In the following, we first outline our method to identify a set of critical variables and present

theoretical bases for the proposed method.

We propose a new 3-MI based method for the critical variable identification problem where variables

are selected based on their mutual information involved in one of the following types:
1. Variable X; € Xis selected if /(X;; Y") has a high value;
2. Variables X;, X; € Xare selected if /(X;; X;) has a high value;

3. Variables X;, X; € Xare selected if 1 (X'; X|Y") has a high value.

We give rationales for the choices of such variables. First, for variable X; with a high I(X;; Y") value,
while there is no guarantee it would belong to the minimum critical variable set S, it is very likely it be-
longs to another critical set 8’ of a higher value of mutual information I(8'; V') than I(X;;Y") based on

Proposition Therefore, X; would serve as a good basis to construct a pertinent critical set.

The strategy of using the second type of mutual information presumes that variable X; with a high

value of I(X;;Y). Based on another research work in pseudo transitive of mutual information [4] if
I(X;;Y) > 0and I(X;; X;) > 0, then I(X;;Y) > &, where 0 and 65 are not small. This strategy

ensures that variable X is selected as well.
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The third strategy relying on conditional mutual information needs an elaborated explanation, as
justified in the following theorem and its proof. The consequence of I(A; B|Y') being large makes it

possible to select the meaningful pair of variables A and B.

Theorem 3.2.1. Let variables A, B € X and target Y with observed data D. If [(A; B) < € and
I(A; BlY) > 0, where e < §and 6, then I(A, B;Y') > §g for some 0y > € that depends on 6.

Proof. For the convenience of discussions, we assume that D contains the same number of positive
and negative samples, i.e., Py (0) = Py (1) = 3. Given I(A4; BY') > 0, since
[(A; BIY) = Py(0)I(A; BIY = 0) + Py(1)I(A; B]Y = 1)
either [(A; BlY =0) > QorI(A; B|lY = 1) > 0. Weassume I (A; B|Y =0) > 0.
The conditional mutual information /(A; B|Y = 0) can be broken down as the sum

Papy(1,0[0)
2 PA|y<CL|0>PB‘y(b|O)

I(A;BlY =0) = Papy(1,b]0)log
a,b

where the rightmost term is the point mutual information, abbreviated with pmi(a; b|0).
Without loss of generality, we assume that for some b € {0, 1}, pmi(0,b|0) > 0. Then by Propo-
sition [, pmi(1;6]0) < 0, pmi(0;5]0) < 0, and pmi(1;b|0) > 0, whereb = 0 <= b = 1. We

obtain
Pupy(0,6]0)pmi(0; b|0) + Pagpy (1,5]0)pmi(1;5|0) > I(A; B]Y =0) > 6 (3.4)

Letp; = PAB\Y(Oa bfo),p2 = PAB|Y(1; 5|0)> q1 = PAB|Y(0>B‘O) and ¢ = PAB\Y(L b|0), con-
strained by p1 + p2 + q1 + g2 = 1. In order for inequality[3.4]to hold, it is necessary that py, p2 > q1, ga.
The two terms on the LHS of 3.4 are p; log, m, fori = 1,2, respectively, or expressed ~
plog, % in general. Given large 6, we may assume that p; = % +c—0,p = % — ¢ — 0, forsmalld > 0

and some c.
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A B Y I(A;B1Y) prob level

0 0 0 >0 p; large

0 1 0 <0 q; small

1 0 0 <0 q, small

1 1 0 >0 p, large

0 0 1 if >0 can’t be small

0 1 1 then <0 hypothetical
1 0 1 then < 0 scenario

1 1 1 then> 0 can’t be small

Figure 3.1: Point conditional mutual information values for /(A; B|Y’), where the upper half table is for
I(A; BlY = 0) and the lower half for I(A; B]Y = 1). The part with red font indicates a hypothetical
scenario that would resultin /(A; B) £« ¢, contradicting the given condition I(4; B) < e.

Now we examine mutual information I(A; B|Y = 1). We claim that pmi(0; b|1) < 0.

Assume otherwise, pmi(0; b|1) > 0, then by Proposition 1, pmi(1;b|1) < 0, pmi(0;b]1) < 0, and
pmi(1;b|1) > 0. This implies that neither Papy (0, b]1) nor Pagpy (1, b]1) can be too small. Together
with the estimated p; and ps, we conclude that I(A; B) £« ¢, contradicting the given assumption that

I(A; B) < e. See Figuref.i|for an illustration on the scenario where b = 0.

A B Y | I(A;B|Y) | prob level B Y A IB; Y |A) | prob level
0 0 0 >0 p; large 0 0 0 >0 p; large

0 1 0 <0 q; small 1 0 0 <0 q, small

1 0 0 <0 q, small 0 1 0 <0

1 1 0 >0 p, large 1 1 1} >0 not small
0 0 1 <0 0 0 1 <0 q, small
0 1 1 >0 not small 1 0 1 >0 p, large

1 0 1 >0 not small 0 1 1 >0 not small
1 1 1 <0 1 1 1 <0

Figure 3.2: Jeft: Point conditional mutual information values for /(A; B|Y'), drawn from Figure
where the portion with red font has been correct. 7ight: redrawn from /eft, where point condition mutual
information for I(B; Y| A) is shown.

Therefore, pmi(0; b|1) < 0, whichalsoimplies prmi(1;b[1) > 0,pmi(0;b|1) > 0,and pmi(1;b[1) <

0. All pmis under conditions Y = 0 and Y = 1 are summarized in the table on the left in Figure[s.2}
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which is then rearranged to the right table where conditional upon column A instead of Y. From the
right table of Figure 3.2, we can see that I(B;Y|A) > 4y for not small dy. Then by Proposition
I(A,B;Y) > d. 1

The above logic allows us to introduce the following 3-MI based method to solve the Min Variables

problem, which includes these criteria:

Observed data D over a set of random variables X = {X1, ..., X, }, and target Y, percentile p;

* S =

Place all random variables X in S, if I(X;;Y) is above p percentile among all I(X;;Y), j =

1., n;

* Place all random variables X; and X in S, if 1(X;; X) is above p percentile among all I(X}; X)),
wherek # 1,k l=1,...,n

Place all random variables X; and X; in S, if 1 (X;; X;|Y") isabove p percentile amongall 7 (X}; X;|Y"),
where k £k, =1,....n.

In order to identify significant genes in we filter out genes based on their three different mutual infor-
mation (MI): gene-gene MI (gg_mi), label-gene MI (Ig_mi), and conditional MI (con_mi). The interpre-
tation of gene-label MI and gene-gene MI are biologically different; label_gene MI gives us hints about
which gene might be correlated to a label, whereas gene-gene MI or conditional MI shows us which two

genes are potentially similar to each other in causing disease.

After calculating these three MIs, We filter out genes with 1 — 6 top values of MIs (0 < 6 < 1)
such that we consider the union of the subsets given by MI filterings. We reduce the number of genes
by between 100 and 1000 fold as features in the classification problem. Later we show that adjusting the
magnitude of § determines our prediction’s reliability level. After gaining a subset of significant genes

from MI filterings, we incorporate the Recursive Feature Elimination (RFE) feature selection technique
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(wrapper model feature selection) to gain a stable gene subset. The pipeline of our gene selection method

is shown in ﬁgure We explain the calculation of each MI in detail in detail in chapter

Gene Selection

Phase 1

Gene-Gene Ml Filtering Filtered Genes Phase 2

»

All - : : Optimal Subset of
Genes : = -[ Genes

Gene-Label Ml Filtering
C——
RFE

Conditional Ml Filtering

Figure 3.3: Gene selection pipeline.

3.3 Sparse Neural Network

Another approach we take in classifying microarray data is utilizing fully connected neural networks and
making them sparse by removing unnecessary connections. The idea was borrowed from the gene filtering
part by considering mutual information. Earlier, when filtering out genes and identifying the significant
ones, we do the filtering task similar to a pre-processing task for our classifier (which is mainly neural
network in our case). Now we are about to do the filtering part inside of our neural network. In order
to this instead of doing the filtering for the network. Sparsification of neural networks means pruning
connections based on criteria, and the main motivation for that is decreasing computations for neural
networks while providing a reliable model. Pruning connections in a neural network might even compress
the network and, as a result, lower memory usage significantly. Not all connections in a fully connected
neural network pass useful information; thus we want to optimize the connectivity and as a result training

cost. This would let resources to be spend effectively.
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The idea of a recent study in [26], which considers the MI of two connected neurons and ignores

neurons with low M1, is very similar to the idea of our work, except we ignore connections, not neurons.

We check all connections in a fully connected neural network to see which connections have value
to keep and which are unnecessary to carry; without changing the network performance. The criteria to
determine if a connection has enough value is to consider each node’s output and then calculate their
mutual information (MI) overall provided samples. Equation [3.5|shows our pruning strategy in a neural
network where O(4, [) is output for neuron 7 in layer [ and O(%, 1) is output for neuron ¢ in layer [ + 1

for all train samples.

VVU? MI(O(ZJ)>O(]7Z+1)) > 0.
Wij = (35)

0, otherwise.

Here we only leave connections with high enough MI between two neurons’ output. We continue
monitoring the network’s performance to see the effect of removing connections on different performance
metrics. Later we observe connections between significant genes left from gene filtering and important

genes in sparsification which are assigned high enough MI.

Relation of 3-MI gene filtering & Sparsified Neural Network with Microarray Data

We aim to find connections between first part of this research that focus on gene filtering with 3-MI and the
second part that mainly focus on neural network connectivity pruning. To achieve this goal, we check all
connections from provided input (with no filtering) to the first hidden layer of neural network and check
which gene input has low mutual information (MI) with neurons in the first layer. We simply consider

zero for connection weights of those connections with low MI from original input to the first hidden layer.
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This let us observe significant genes identified by sparsified neural network. Later, we compare the
gene subset gained from 3-MI gene filtering and the gene subset left from input gene set through sparsifi-
cation. We expect the gene subset left from input gene set sparsification in larger size than the significant
genes identified by 3-MI filtering. However seeing overlap in those subset shows this way of sparsification
in neural networks directs the network to narrow down the input gene set in each layer and eventually

converge to smaller subset.

In the next chapter, chapterwe explains the algorithms we developed based on the methodology.
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Chapter 4

Algorithms

This chapter explains the algorithms we have developed based on the discussed methodology in chapter

We employ them in our experiments later.

4.1 Pre-processing

The original data is in a continuous format, but we bin them into discrete values to attempt to prepare
them as inputs for machine learning algorithms. Many machine learning algorithms perform better with

discrete input variables [61].

We discretize each cell in a microarray matrix based on the mean and standard deviation of healthy
samples of that specific gene. First, we calculate each gene’s mean and standard deviation among only
healthy samples (creating one mean and standard deviation per gene). Eventually, each value in gene
information for each patient is binned based on the distance of that gene expression value from the mean

and standard deviation in healthy samples of that gene. (Algorithm]).
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Algorithm 1 Discretization

for geney, geney,..., gene; do
calculate healthy_meangene, and healthy_stdgene, for the specific gene;
for patienty, patient,..., patientg; do
considers the value of cell:
= 0, if [value—(healthy_mean)|<(healthy_std)
= 1, if (healthy_std) < |value—(healthy_mean)|< 2(healthy_std)
= 2, if 2(healthy_std) < |value—(healthy_mean)|< 3(healthy_std)
= 3, if |[value—(healthy_mean)|> 3(healthy_std)
end for
end for

4.2 Gene-gene MI

We intend to identify those pairs of genes more relevant to each other under the assumption that two
relevant genes have high mutual information.Gene_gene Ml is calculated for all combinations of 2 genes.

Since the values are discrete after the discretization step (explained in[4.1), the MI values are computed

according to equation jo.s|(Algorithm ).

Algorithm 2 Calculating gene-gene MI

for gene; € {geney, geney,..., gene, } do
for gene; € {geney, genes...., gene, } do
if gene;! = gene; then
MI(gene;, gene;) : Equationfo.s|
end if
end for
end for

4.3 Label-gene MI

The dataset we are working with has labels (healthy and cancerous). Thus we utilize another type of

mutual information that is between a gene and a label. Those genes with high label-gene MI have a more
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significance role in accurate prediction as high label-gene shows a high correlation between those genes
and a given label. To calculate label_gene MI, we consider all combination of gene and a label. Since the

values are discrete, the MI calculation is according to equation Algorithm .

Algorithm 3 Calculating label-gene MI

for gene; € {geney, geney,..., gene, } do
for label; € {labely, labely,...,label,,} do
MI(gene;, label;) : Equationfo.s|
end for
end for

4.4 Gene-Gene-Label MI

The third type of mutual information we consider is the conditional one between two genes conditional
upon a label. We consider conditional mutual information if two genes are not significant individually,

but their collaboration, given a specific label, makes their set significant (Algorithm .

Algorithm 4 Calculating conditional MI

for label; € {labely,labely,..., label,,} do
for gene; € {geney, geney,..., gene, } do
for gene; € {geneo, genes,..., gene, } do
if gene;! = gene; then
con_MI(gene;, gene;|labely) : Equation
end if
end for
end for
end for
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4.5 3-MI Gene Selection

After calculating these three kinds of mutual information, we filter out genes to an initial gene subset (Al-
gorithm(s). Then we use SVM-RFE (explained inf2.2.5) and acquire a stable gene subset as the significant
genes set in the dataset. SVM-RFE helps us achieve a consistent significant gene subset by minimizing
bias in gene filtering process.

This significant gene subset is validated in two ways: first, this subset of genes gives us the best perfor-
mance; second, the significance of filtered genes is confirmed biologically through websites offering gene
information like Pathway Browser Website [s]. Thus these two ways validate the subset of genes identified

as significant ones are actually influential genes.

Algorithm s 3-MI filtering

Define €gene—genes €label—gene; €Egene—gene—label

Find S; C S

Such that S = {geney, genes,..., gene, }, S; = {genes,,, geneg
AND MI(genesip; genesiq) > €gene—gene; 0 <P, g <m

AND Ml(genesip; label;) > €japei—gene, 0 < p < m, Forlabel; € {labely,labely,..., label,,}
AND MI(genes, ; genes, )|label;) > €gene—gene—tabet, 0 < p,q < m, For label; €
{labely, labely,..., label,,}

.,geneg, },m<n

R
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4.6 Sparse Neural Network

We intend to sparsify our fully connected network by pruning connections based on the MI of neuron
outputs of two connected neurons. In order to select unimportant connections, our method checks neu-

rons of each layer. We assign zero to the connection weight for each connection if the MI of those neurons’

outputs falls below threshold € (Algorithm 6).

Algorithm 6 Neural Network Sparsification

Define ¢
for layer; and layer; 1 € {layery, layery,...,layer, } do
for neuron,, € {neurongy, neurony,...,neuron,,} = layer; do
if neoron, € layer; and neuron, € layer;,; are connected
AND MI((output(neuron,), output(neuron,)) < € then

weighty@y—q(i+1) = 0
end if
end for
end for

We also aim to observe which input genes are being kept for microarray data after sparsification, so
for using algorithm |6} layer; would be the input genes and layer; 1 would be the first hidden layer of

our network (Algorithm .

Algorithm 7 Neural Network Sparsification - Input —First Hidden Layer

Consider input_layer and hidden_layer,
for n, € {ng,n,...,ny} = input_layer do
if n, € input_layer and n, € hidden_layer, are connected
AND MI((output(n,), output(n,)) < € then
weighty,g—q =0
end if
end for

In the next chapter, chapter we talk about the data we used for our experiments.
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Chapter s

Data

s.x Introduction

In recent years, machine learning came to help biology sciences ease their advancements and increase life
conveniences. Undoubtedly, using machine learning in cancer detection is one primary interdisciplinary
application marked as a life-saving research area. Early cancer diagnosis plays a remarkable role in sur-
vival rate, effectiveness, and, potentially, treatment cost reduction, but it depends heavily on accurate
prediction. Without accuracy, attempting to improve the situation causes many complicated problems
and might risk patients’ lives. Many studies show promising results in this area using machine learning

algorithms.

5.2 Microarray

Microarray data is one of the popular biology data types in biology that helps cancer detection accurately.
It provides a massive amount of gene expression information for comparing tissues and treatments. The
microarray data structure includes gene expression information for patients. A patient’s genetic informa-

tion may present as healthy or cancerous and may sometimes show different stages/types of cancer. This
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type of data could be input for binary/multiclass classification tasks in a supervised manner as labels are

available in this area of interest, and genes are considered features for machine learning algorithms.

Because conclusions drawn from microarray data are critical and potentially life-threatening, the data
processing that leads to such conclusions is vital. Research on microarray data has received considerable
scholarly interest for its potential to save many lives by providing critical information for biologists and
physicians. Nonetheless, certain underlying challenges make accurate prediction difficult. First, most
publicly available datasets often have a limited number of samples and vast amounts of genetic informa-
tion (tens of thousands of data points). Thus, the high dimensionality of microarray data makes it an
ideal candidate for a dimensionality reduction research approach. Second, samples in many datasets are
imbalanced, and the small total size introduces sampling complications. Although the small sample size
issue could theoretically be addressed by employing synthetic data, this approach is sometimes considered
inappropriate for gene expression information. Many argue that synthetic data might mislead scientists as
they may not catch underlying patterns fully. Finally, yet importantly, this interdisciplinary research area
introduces the known challenges of tackling a problem in a topic that intersects multiple fields. Of course,
microarray research, like all interdisciplinary research fields, needs different domain knowledge and famil-
farity to address each limitation. In the case of microarray data, pipeline results must be interpretable for
biologists so they can identify driver genes (those genes with more impact in initiating a disease) and use

this knowledge in other applicable studies.

Many studies have shown that microarrays contain redundant data, and only a relatively small portion
of the genes present are critical for correct classification. This makes microarray an excellent candidate
for critical variable identification problem to let us draw conclusions by analyzing a small subset of
genes from thousands. Microarray data formatting emphasizes the importance of reducing dimensions

by choosing the most representative features (genetic information) [32].
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Theoretically, applying the concept of dimensionality reduction to microarray data lets us choose the
most significant genes and produce accurate predictions while reducing computing costs, including time
complexity and the required infrastructure. However, employing an effective dimensionality reduction
technique would be challenging while simultaneously providing biological interpretation [9].

Researchers have assumed that cancerous genetic information in tissues is inherently different from
healthy gene expression, meaning that classifiers can distinguish healthy from sick records. Gene expres-
sion data for a tissue could also demonstrate the growing trend of those cells, which gives us clues about

where cancer might materialize and how it may progress [6].

Microarray data are inputs to our framework in our experiments. They have a matrix structure with
M x N data entries. Each row represents gene expression information of /N genes for a patient (sample)
such that we have M patients (samples). Table[s.]|shows the data structure in microarray datasets. In our
case that each patient with its actual label as cancerous or healthy; the problem is binary classification in a

supervised manner. The labeling is done at the time of drawing samples from patients for the study.

Table s.1: Data structure in microarray data. Each data entry has a continuous numeric value.
Viandj,1 <j < N, V1<i<M,d;; €R

patient, patients patient y
geney | dyy di2 din
genes | doy doo don
genenr| dyn daro dyn

We did our experiment on lung cancer [3], breast cancer [2], colon cancer [f], and other lung cancer
data [58] that was pre-processed by Dr. Huang’ lab [34]]. All four datasets have microarray data with two
classes, cancerous and healthy. Lung and breast cancer data are balanced datasets, meaning the number of
samples for each class is relatively equal. The lung cancer dataset has 107 samples for patients, including
22283 gene information regarding the lung tissues. It includes 49 healthy and 58 cancerous patients. The

breast cancer dataset includes 86 total patients, 43 cancerous and 43 healthy ones, and each sample has
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gene information for 22283 genes for breast tissues. On the other hand, colon cancer and the other lung
cancer (acquired from Dr. Huang’s lab) datasets are imbalanced datasets. The colon cancer dataset has 62
samples for patients, including 2000 gene information regarding the colon cells. The second lung cancer
dataset [58] includes 156 total patients, 139 cancerous and 17 healthy ones, and each sample has gene

information for 12600 genes for lung tissues. Tableexplains the data.

Table 5.2: Data sets

Dataset Patients | Genes | Healthy | Cancer | Class Distribution
Colon cancer [i] 62 2000 40 22 Imbalanced
Breast cancer [2] 86 22283 43 43 Balanced
Lung cancer [3] 107 22283 49 58 Balanced
Lung cancer [58] 156 12600 17 139 Imbalanced

5.3 Data Analysis

This part provides more information about each dataset and reviews their attributes. Also, we analyze

each dataset, including those after the discretization of their entries.

s.3.1 Lung Cancer Dataset [3]

Tobacco smoking has a great role (over 90%) in lung cancer disease, and acute molecular alterations caused
by smoking in the lungs could develop cancer. Therefore researchers [33] targeted studying gene expres-
sions of lung tissues acquired from chips on 135 fresh frozen samples in three main subject categories:

previously smoker, never smoker, and current smoker.
The final dataset resulting has 107 sample expression values from 58 tumor and 49 non-tumor tissues

from 20 never smokers, 26 former smokers, and 28 current smokers. The dataset was annotated and

published publicly in 2008. Figureshows a snapshot of the data.
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Patient_1  Patient_2 Patient_3 Patient_4 Patient_5 Patient__103 Patient_104 Patient_105 Patient_106 Patient__ 107

Gene_1 109270836 10.416978 106285381 10.1511797 GSM254630 10.4676932 109027785 10.8694022 10.2922849 1040721752
Gene_2 6.89521651  6.9248556 7.55024499 6.69955669 GSM254631 6.79574994 6.83816182 6.62836349 6.79404954 6.358409625
Gene_3 8.11019039 7.76022758 7.9746764 7.7126764 GSM254632 7.85545661 B8.01042793 7.88901889 B.16326622 7.973843751
Gene_4 9.4512861 9.52004251 9.B0759698 9.52208736 GS5M254633 9.64523947 9.87185063 9.86798792 9.824B0077 9.850144101
Gene_5 4.81447671 471864027 490516304 481807643 GSM254634 475957087 478877362 4.96762649 4.81747449 5128891631
Gene_22279 496644196 5.05467303 54005882 5.1417585 5.15120252 5.19268877 5.0710665 543245196 5.19477605 5.295231812
Gene_22280  4.454958 446100475 4.64221221 4.60006147 4.58001009 439180677 446944124 4.69387357 4.55890616 4.627642905
Gene_22281 4.03497864 4.04399008 4.06977349 3.99339817 4.06665715 409330634 4.09605117 4.24647373 4.09805442 4.140667993
Gene_22282 450350726 4.54011191 470001742 461119212 463296052 454655576 4.62490518 4.75321154 4.70407869 4.762314262
Gene_22283 439684767 4.4647B081 4.71422513 457973243 463396236 463241182 462770799 4.88187754 4.6971188B7 4.736233287
label 1 0 1 0 1 0 1 1 0 0

Figure s.1: A snapshot of microarray lung cancer dataset [3] including 22283 genes and 107 patients.

5.3.2 Breast Cancer Dataset [2]

Any genome information change in breast tissues could indicate breast cancer, so gene expressions of
breast tissues in two groups of healthy and cancerous patients from multi races (Malays, Chinese and
Indian) in different ages (30-79) were collected to study the potential impact of breast cancer in gene
expressions. Their research could identify 33 significant expressed genes in the tumor vs. normal groups

[46]. Figureshows how the data looks.

5.3.3 Colon Cancer Dataset [x]

This dataset contains 2000 gene expressions for 62 patients in a microarray format. A clustering algorithm
was used to separate healthy from cancerous data. The work in [7] could decrease number of involved

genes to 500 in correct clustering. Figureshows a snapshot of the data.
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Patient_1 Patient_2 Patient 3 Patient_4 Patient_5 Patient_B2 Patient_83 Patient B4 Patient_85 Patient_ 86

Gene_1 1881.8 2317.51 1553.86 1915.57 1240.13 2993.61 1467.17 5501.41 2387.61 4809.98
Gene_2 78.0658 61.354 B0.0525 79.8518 104.933 68.1142 104.309 69.8169 113.436 189.753
Gene_3 1299.98 775.547 1103.74 762.005 820.822 2026.06 1583.96 1603.27 2224.05 1357.03
Gene_4 3086.72 2335.15 3139.65 2338.48 2555.46 5061.03 3814.23 4844.52 5158.76 4454.04
Gene_5 353.89 303.653 523.873 222.552 401.749 1092.15 704.721 1007.8 698.488 836.205
Gene_22279 198.094 100.051 B6.2519 87.6575 114.637 994.089 201.812 200.178 283.145 167.103
Gene_22280 779246 76,6267 92.2685 90.7732 66.2097 289.3 148.928 415.189 120.866 152.823
Gene_22281 540687 7.38941 B.36922 9.21324 10,5411 25,0605 18.3144 20,3891 26,3743 14,7864
Gene_22282 279838 19.484 35.8309 38.6235 52,1979 61.3352 44 8726 186.758 83.3411 51.9849
Gene_22283 130.756 35.2956 B5.5188 65.0371 B4.51 173.277 93,3868 64.3201 114721 149.533
label Normal Cancer Narmal Cancer Narmal Cancer Normal Cancer Normal Cancer

Figure 5.2: A snapshot of microarray breast cancer dataset || including 22283 genes and 86 patients

Patient_1  Patient_2 Patient 3  Patient 4 Patient 5 Patient_58 Patient 50 Patient 60 Patient 61 Patient_62
Gene_l  8589.4163 9164.2537 3825705 62464487 3230.3287 4972.1662  9112.3725 6730625 62346225 747201
Gene_2 54682400 6719.5295 60703614 78235341  3604.45 41739182 68244864 3472125 40053 36539341
Gene_3 42634075 4883.4487 5360.0688 5055835  3400.74 3668.5338 59828463 2550.4625 3093.675 27282162
Gene_4 40649357 371B.1580 470565 30755643 3463.5857 1567.5554 3147.0429 2624.6893 3183.0857 3494.4804
Gene_5  1997.8929 20152214 11665536 20026131 2181.4202 15704405 48473083 1596.2179 17953107 2404.6655
Gene_1996 30.667857 85033333 224.62024 67710714 223,35052 95442857 14387738 12425357 180.94167  260.4360
Gene_1997 67.82875 = 152.195 31225 4833875  73.09875 311875 = 899625 96465 = 6893375  67.8625
Gene_1998 756775  1BG.5675 4265625 4252 | 57.50875 57.1525 10687875 133.52125 11820125  77.215
Gene_1999 835225 444725 160925 499825  7.48875 13.96 232025 9300875 326875 = 49.8625
Gene_2000 2870125 1677375 1515625  16.085 31.8125 105475 | 3216625  7.4325 23265 = 39.63125
label 0 1 0 1 0 0 0 1 0 1

Figure 5.3: A snapshot of microarray colon cancer dataset || including 2000 genes and 62 patients.

5.3.4 Lung cancer Dataset [58]

The dataset contains microarray data of lung tissues. The pre-processed data was provided to us by Dr.
Xiuzhen Huang’s lab at the Center for No-Boundary Thinking (CNBT) at the Department of Com-
puter Science, Arkansas State University, AR. The dataset consists of 139 cancer samples and r7 normal

samples. Figureshows a snapshot of the data.
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Patient_1 Patient_2 Patient_3 Patient_4 Patient_5 Patient_152 Patient_153 Patient_154 Patient_155 Patient_156

Gene_1 -12.7  -16.5133  -16.17 19.31 -4.07 -30.91 38.8 -19.78 -19.07 -13.9
Gene_2 -3.83  0.836667 2.75 16.2 4.22 -27.44 63.78 10.03 0.72 0.28
Gene_3 -10.04  3.88333 1.76 33.85 -6.83 -24.67 5831 3.7 -5.88 -14.69
Gene_4 15.68 30.7067 16.7 39.04 215 3.07 88.24 1454 -3.24 7.37
Gene_5 -3487 -473333 -17.17 5.81 -9.59 -39.92 46.34 -8.04 -35.53 -6.81
Gene_12596 -4.71 4.30667 2.75 22.43 -1.31 -23.28 62.9 5.51 -2.58 -9.96
Gene 12597  29.86  42.1533 69.48 51.5 50.06 -0.4 82.31 47.03 44.42 17.62
Gene_12598 -8.26 10.0767  -20.16 6.85 -37.8 41.94 85.825 -14.36 -57.88 41.24
Gene_12599 -58.83 -50.7633 -44.06 -10.81 -74.77 -99.52 23.225 -73.1 -80.85 -28.87
Gene_12600  16.57 69.2567 88.4 85.77 51.46 2.37 91.19 56.06 37.78 107.37
0 1 1 1 1 1 1 1 1 1

Figure 5.4: A snapshot of microarray lung cancer dataset including 12600 genes and 156 patients. ||
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Chapter 6

Experiments and Results

6.1

Effectiveness of 3-MI-based gene filtering

We compared the result of classification with our 3-MI gene selection with filtering genes with a recent

study [43]that used Analysis of Variance (ANOVA), which is a statistical test used to analyze the difference

between the means of more than two groups). They also used a multi-layer perceptron neural network as

a classifier. The results are shown in tables[6.1]

Table 6.1: Classification of microarray lung cancer dataset including 22283 genes [3] with NN

Filtering Method #Genes | Accuracy(%) Precision(%)| Recall(%) Specificity(%) Fi-score

Ours 222 95.28 95.25 96.36 93.77 0.95

Gene selection using ANOVA [43] | 222 77 62.5 1 62.5 0.77
Table 6.2: Classification of microarray breast cancer dataset including 22283 genes [2]] with NN

Filtering Method #Genes | Accuracy(%) Precision(%)| Recall(%) Specificity(%) Fi-score

Ours 243 76.86 75.34 81.67 71.94 0.78

Gene selection using ANOVA [43] | 243 73.73 75 85.71 ST 0.78
Table 6.3: Classification of microarray colon cancer dataset including 2000 genes [1] with NN

Filtering Method #Genes | Accuracy(%) Precision(%)| Recall(%) Specificity(%) Fi-score

Ours 120 70.76 74.97 8s 43 0.79

Gene selection using ANOVA [43] | 120 51 60 60 34 0.6
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As we observe, our 3-MI gene filtering outperforms state of the art in gene selection which is ANOVA

in classification with neural networks [43]].

We also confirm the significance of our detected subset of genes biologically through websites offering

gene information like Pathway Browser Website [s].

In order to support the functionality of our gene selection method, we use other classifiers (except

neural networks) for classifying microarray cancer datasets. Result are shown in table[6.4]

Table 6.4: Using other classifiers before and after applying the MI-based filtering method of ours

’ Classifier H Dataset H #Gene ‘ Accuracy ‘ Precision ‘ Recall ‘ F1-score
22283 | 0.94 0.90 I 0.94
Random Forest (n=12) Lung cancer [3] 223 0.97 0.95 I 0.97
22283 | 0.79 0.78 0.78 0.78
Random Forest (n= 20) Breast cancer [2] | 1638 | 0.86 0.85 0.85 0.85
2000 | 0.62 0.64 0.64 0.64
Random Forest (n=15) Colon cancer [1] || 20 0.67 0.67 0.73 0.7
12600 | 0.96 0.96 0.99 0.98
Random Forest (n= 15) Lung cancer[s8] || 973 0.98 0.98 I 0.99
22283 | 0.88 I 0.78 0.87
SVM (kernel="poly’, degree =3) || Lung cancer [3] 223 0.94 I 0.89 | 0.94
22283 | 0.86 0.92 0.78 0.87
SVM (kernel ="rbf’) Breast cancer [2] || 243 0.93 0.93 0.93 | 0.93
2000 | 0.58 0.61 0.90 | 0.73
SVM(kernel="poly’, degree= 6) || Colon cancer [1] || 120 0.63 0.64 0.97 | 0.77
12600 | 0.89 0.89 I 0.94
SVM(kernel="poly’, degree=3) || Lung cancer [s8] || 1951 0.92 0.92 I 0.96

As the resultin table supports, our proposed gene filtering method allows other machine learning
methods to achieve higher performance than unfiltered gene sets as well. The performance results from
the classification with other classifiers with proper setting shows our proposed filtering method outper-

forms the unfiltered gene set.
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We also investigate the effect of different types of MI individually on the filtering. Our proposed
method consists of 3 different types of MI, but we consider each MI contribution individually to the

performance. The results are shown in ﬁgurefor microarray data of lung cancer [3].

¢ 3-MI refers to the one participating all 3 types of MI in filtering.

* mi_con refers to the conditional mutual information between two genes that identify those two

genes working together.

* mi_gg refers to gene-gene mutual information that identifies genes with more interaction with each

other.

* mi_lg refers to label-gene mutual information that identifies genes with high correlation with a

label.
3 Mi MI_con
100 A
& .
@ 05 | J\_\/ /_/\/\/_
[0
& 90+
70 75 80 85 90
MI_gg
100 = — = 100 — —— Accuracy
‘g —— Precision
g 501 —— Recall
& 507 —— Specifity
r r : r : r r 01 r r r r F1
70 72 74 76 78 80 82 70 75 80 85 90
Theta Theta

Figure 6.1: Contribution of different MI(s) filtering to the performance on microarray data of lung cancer
with 22283 genes [3]
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6.2 MI-based Neural Network Sparsification

To verify the effectiveness of neural network sparsification, we develop a prototype that trains a model for
3 epochs, then freezes the weights. We identify which connection weights should be removed and fix them
to zero based on the mutual information between the output of incoming and outgoing neurons. Then
we define an empty model with exact architecture of the previous one and load customized weights into
the model. The same process is repeated with 14 different thresholds sharing one baseline model. Then
we continue training the baseline along with sparsified models for 1024 more epochs and compare their
performance. We repeat these steps 5 times and average all the metrics to avoid unintentional bias.

We provide experimental results from a sparse neural network (that only keeps connections with
N% top M, the rest’s weights are zero) performance compared to a fully connected network. Accuracy,

recision, recall, specificity, and fi-measure (explained in [2.2.3)) are reported. The results are shown in
% 3

fgures FA I EAES

Accuracy Precision Recall F1
1.0 1.0 o - - 1.0
0.9 0.9 0.91 S| 0.9
o
C
(]
£ 0.8 0.8 0.8 0.8
g
0.7 0.7 0.7 0.7
0.6 L r r 0.6 L r r 0.6 1= : r 0.6 L r .
40 60 80 40 60 80 40 60 80 40 60 80
threshold

Figure 6.2: Sparsified NN vs fully connected NN with microarray breast cancer dataset [2] with 22283

genes. The solid line represents the baseline model and the dotted line is the sparsified models at different
thresholds.

To explore if the network optimization along with mutual information (MI) based sparsification
can filter out important (relevant) genes; we implemented sparsification between input genes and the

first hidden layer. In this setup, the rest of the network was left untouched to train as normal, but the
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Figure 6.3: Sparsified NN vs fully connected NN with microarray lung cancer dataset [3] with 22283
genes. The solid line represents the baseline model and the dotted line is the sparsified models at different

thresholds.
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Figure 6.4: Sparsified NN vs fully connected NN with microarray of colon cancer dataset 1] with 2000
genes. The solid line represents the baseline model and the dotted line is the sparsified models at different

thresholds.
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Figure 6.5: Sparsified NN vs fully connected NN with microarray of lung cancer dataset [58] with 12600
genes. The solid line represents the baseline model and the dotted line is the sparsified models at different

thresholds.

connections between the inputs and the first hidden layer were sparsified. To find the importance of a

gene, we calculate the sum of the absolute value of weights for all the outgoing connections from that

gene. We observe 70% — 75% of genes from the input layer have below threshold MIs and hence can be

removed. Table shows how many genes were ignored directly when feeding into the first hidden layer.

This experiment proves, neural network sparsification based on MI, can highlight the important genes in

an explainable manner even when only one layer in a larger neural network is considered.

Table 6.5: Relations of Sparsified NN with filtering genes in different datasets

Dataset #Genes | #Genes after | #Genesin first | Overlap
filtering layer of SNN
Microarray colon cancer dataset [1] | 2000 120 500 87 (72.5%)
Microarray breast cancer dataset [2] | 22283 243 6000 186 (76%)
Microarray lung cancer dataset [3] 22283 224 5000 211 (94%)
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Chapter 7

Discussion and Conclusion

7.1 Gene filtering

One of the highest mortality rates belongs to cancer diseases, and an early while an accurate diagnosis of
cancer could save many lives and resources since it might affect treatment effectiveness. Most modern arti-
ficial intelligence models are not explainable, which limits their applicability, especially around healthcare
applications. Identifying essential genes lets us avoid unnecessary computation of thousands of genes in
the prediction. Asaresult, the gene selection process could lead to performance improvement while saving
computing resources. However, the most significant attribute of these reductions is that they are fully
explainable and backed by biological expertise. Our filtering approach makes the diagnosis process faster
and could decrease the mortality rate of cancer disease. Comparison with the state-of-the-art techniques
shows more reliability using our method, which is considered critical in predicting cancer diseases.

In this dissertation, we used different types of MI (gene-gene MI (gg_mi), gene-label MI (Ig_mi), and
conditional MI (con_mi)) to find the most relevant genes. Although in our current experiments, we aim
for binary classification, the concept could be fully expanded to classify multi-class datasets like classifying

different stages of cancer disease.
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The comparison shows our filtering method works much stronger than the one they used in a recent

study that utilized ANOVA and has neural network as the classifier [43].

On the lung cancer dataset 3], both our filtering method and the one used in [43] by ANOVA extracted
222 genes. Our filtering method shows better performance in accuracy, precision, specificity, and fi-score
as the result are shown in table[6.1

On the breast cancer dataset [2], both our filtering method and the one used in [43] by ANOVA
extracted 243 genes. Our filtering method shows better performance in accuracy, precision, specificity,
and fi-score as the result is shown in table[6.2]

On the colon cancer dataset [1], both our filtering method and the one used in [43] by ANOVA ex-
tracted 120 genes from 1200. Our filtering method shows better performance in accuracy, precision, recall

specificity, and fi-score as the result are shown in table

Getting biological confirmation through Pathway Browser [s]] gives 95%-100% endorsement of chosen

gene subset by our method.

The experiments also demonstrate that filtered genes allow others ML methods to achieve higher

performance than unfiltered datasets.

In the comparison of the effect of different MIs’ (gene-gene MI (mi_gg), gene-label MI (mi_lg) and
conditional MI (mi_con)) contribution to the performance, results show that gene-gene MI (mi_gg) is
the most influential; however, it could be inferred that the other two MIs provide complementary infor-
mation thus the combination of three has the best outcome (as the plot of 3-MI presents). This justifies

that our 3-MI method is effective.
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7.2 Sparse Neural network

As the average trend shows, sparsifying the network by removing connections with lower MI values im-
proves the performance in classification sometimes, while it doesn’t cause much loss anyway. This means
neural networks prioritize connections where the input and output neurons have higher mutual infor-
mation, meaning those neurons carry more data. This approach definitely increases relevancy while
decreasing redundancy in a classification problem (Figures [6.3)6.5).

Although our experiments were mainly carried out with microarray data, based on the performance
comparison, we conclude that this approach of neural network sparsification would be an efficient mea-
sure in pruning models, especially when the input data has too many features and only a sufficient subset

of features offers a reasonable model.

We observe that about 75% — 80% of genes are completely ignored just at the beginning due to their

low ML Table shows how many genes were ignored directly when feeding into the first layer.

=.3 Conclusion

We proposed two explainable information theory-based research approaches for dealing with high-dimension
data in the supervised classification task. We utilized microarray cancer data to show the functionality of
our methods. Microarray cancer data are matrix-like data M/ x N where M denotes the number of genes,
N is the number of patients, and each element of the matrix shows gene expression of a specific patient

associated with a known gene (the structure of microarray cancer data is shown in .

The first approach we propose is based on 3 different kinds of mutual information among provided

attributes. It filters out the most significant attributes based on 3 types of MI. That would be gene-gene,
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gene-label, and gene-gene-label MIs for microarray cancer datasets.

The second approach focuses on optimizing neural network architecture (as the classifier) and pruning
connectivity inside the network based on Mi between neuron outputs. We also achieved improvements
on some metrics for certain datasets. The results reveal a trade-oft and, depending on the task sensitivity

needs to adjusted.

As our experiments show, the 3-MI method is very effective and ofters considerable improvement for
the microarray cancer data classification task. Due to the inherent properties of mutual information, it
well navigates the classifier to include relevant attributes and ignore redundant ones. Microarray cancer
data originally provides thousands of gene information which, not all of them are informative for the
classifier, and our 3-MI method filters the most significant gene subset to do the classification task. Gene

filtering shows performance improvement, which could be biologically explained.

On the sparsified neural network, leveraging the power of mutual information enables us to optimize
connectivity inside the neural network to improve the outcome. In the experiments on microarray can-
cer data, up to 9o% of neural network connections were removed while improving on some metrics on
certain datasets, sacrificing other measures. While the main concept of our proposal is valid, this would

be a task-related or data-dependent issue that needs to be addressed by customizing the methodology.

To further expand on these directions, the following research areas can be explored:
* Apply 3-MI to non-binary classification where more than two classes are present.
* Apply 3-MI to data other than cancer research like a social network.

* Apply the current approach to further study the more pertinent relationship between MI and NN

sparsification.
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