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Abstract

MicroRNAs (miRNAs) play a central role in gene expression and have remarkable
abundance in body fluids. They are candidate diagnostics for a variety of conditions
and diseases, including breast cancer. Their main objective is to identify miRNAs for
the discrimination of cancer and their intrinsic molecular subtypes in order to recognize
potential biomarkers.

More and more linear algebra and statistics methods are used to address issues
in gene expression literature. RNAseq technology is one of the extended use tool for
overall analysis of miRNAs expression allowing simultaneus investigation of hundreds
or thousands of miRNAs in a sample and is characterized by a low sample size and a
large number of characteristics (miRNAs) that impair measures of similarity and clas-
sification performance. To avoid the problem of "curse dimensionality" many authors
have carried out the selection of characteristics or reduced the size of data matrix.

We present new predictive models to classify breast cancer tumor samples in early
stage. The methodologies allowed correct classification of early stage breast cancer data
set GSEH8606 from NCBI with sensibility and specificity greater than 0.95. Also, as
a sub-product of the methodology we are able to identify a set of biomarkers already

known in others types of cancer.

Keywords: MicroRNA, breast cancer classification, logistic regression .
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Chapter 1

Introduction

1.1 Motivation

In recent years, there has been a growing interest in the application of linear algebra and
statistical methods in data mining, social networking, machine learning, bioinformatics,
information, data retrieval etc [Berry et al., 1995; Eldén, 2006; Horn and Axel, 2003;
Koren et al., 2009; Wall et al., 2003]. Among these methods, logistic regression has
been shown to be effective for classification using gene expression data for predicting
diseases with good results for the classification of cancer |Eilers et al., 2001; Fort and
Lambert-Lacroix, 2004; Nguyen and Rocke, 2002; Shen and Tan, 2005; Zhou et al.,
2004; Zhu and Hastie, 2004].

Microarray is the technology of choice since the 1990s for the global analysis of
gene expression allowing simultaneous occurrence of hundreds or thousands of genes in
a sample |Brentani et al., 2005]. Although this genomic tool is not new [Schena et al.,
1995], it has matured in the last fifteen years, with the emergence of standardized hy-
bridization protocols producing high quality arrays, precise scanning technology, and
robust computational methodology [Powell et al., 2015]. This technology has several
limitations and a new powerful technology named RNA sequencing (RNAseq) is pre-
dicted to replace microarrays for transcriptome profiling by avoiding some technical
issues in microarray studies related to probe performance such as limited detection
range of individual probes, cross-hybridization and non-specific hybridization [Zhao
et al., 2014]. However, RNAseq is still facing some challenges that are currently limit-
ing its potential utilization: higher cost that makes its use almost impractical for large
studies, high data-storage requirements as data produced by an RNAseq experiment is
orders of magnitude greater than microarrays data, and the analysis is quite complex
for example, a significant number of sequence reads in RNAseq are multireads (reads
that have high-scoring alignments to multiple positions in a reference genome or tran-
script set) and the way to assign multireads to genes is still a problem in reads mapping,.
Microarray and RNAseq studies are characterized by a low sample number and a large
feature (miRNAs) number, which adversely impact similarity measurements and clas-
sification performance, since many of these features are irrelevant to specific traits of
interest, and therefore contain no discrimination power. If we would project our sam-
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2 CHAPTER 1. INTRODUCTION

ples in the features space, we would have a thousand-dimensional space and we could
talk about the “curse of dimensionality”, coined by Richard E. Bellman [Bellman, 2015]
and that in general terms is the widely observed phenomenon that data analysis tech-
niques frequently perform poorly as the dimensionality of the analyzed data increases.
Conceptually, the samples are lost in the features space as the dimensionality increases
and we would need an enormous number of samples to obtain a satisfactory estimate of,
for example, which miRNA have altered expression patterns in a specific tumor type.
Many algorithms have been developed to deal with the high-dimensionality problem
including the ones that are based on distance functions, clustering or dimensionality
reduction [Fort and Lambert-Lacroix, 2004; Giancarlo et al., 2010]. It is possible to
have an idea of this problem looking at figure 1.1: there isn’t a clear separation between
normal breast tissues ones and the molecular cancer sub-types.

Cancer incidence and mortality statistics reported by the American Cancer So-
ciety [Siegel et al., 2015; ACS, 2017| and by the United Kingdom Office for National
Statistics [ONS, 2015] indicate breast cancer as one of the four most common cancer
types, along with lung, colorectal, and prostate. Breast cancer alone is expected to ac-
count for 30% of all new cancer diagnoses in women in 2017, being the most frequently
diagnosed cancer in women [ACS, 2017].

Breast cancer is a very heterogeneous disease [da Cunha et al., 2013; Zhao et al.,
2009] with significant variability between patients. Breast tumors can be grouped in
four molecular subtypes, which have major implications for determining treatment
(Luminal A, Luminal B, TNBC/Basal-like and HER2) [Irvin and Carey, 2008; CDC,
2015].

In this work we analyze the GSE58606 miRNAs data sets (www.ncbi.nlm.nih.gov)
of patients with breast cancer distributed in cancer sub-types and we introduce new
logistic regression-based models to classify breast cancer tumor samples based on miR-
NAs measure data. These new model allows the assignment of values to the parameters
of logistic regression that are associated with the presence of a specific miRNA. Scru-
tinizing these parameters unveiled that some of the parameters topologically located
further away from the majority of the parameters are associated with known cancer
related miRNAs and flagged some others for further investigation.
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Figure 1.1. Types of tissues obtained using 1926 miRNAs.

Visualization of the distribution of tissue types analyzed using all 1926 miRNAs. The
vectors in space with dimension 1926 where projected in space R?® using the method
described by [Marcolino et al., 2010]

1.2 Data Mining Methods

There are several proposed data mining algorithms and an even greater number of
implementations of these algorithms. By observing the main characteristics of these
algorithms we can separate them into 8 groups: Bayes, Functions, Tree, Lazy, Rules,
Meta, Multi-instance, Miscellaneous. The WEKA |George-Nektarios, 2013| is a well
known prototyping environment in data mining. As an example, we cite for each group,
one implementation present in this software.

The algorithms of the Bayes group are based on the Bayes Theorem, an example
is the Naive Bayes algorithm. The Functions group is based on the use of mathematical
functions, an example is the SVM implemented in WEKA with the names LibSVM
and SMO. The Tree group uses a tree-shaped data structure, an example is the C4.5
algorithm implemented with the name J48. The Lazy group has the characteristic
to postpone the training until the time the query is made an example is or KStar.
Rules are algorithms that work with discrete and non-ordered values such as Decision
Table and FURIA. The Meta group is based on the use of other mining algorithms
combined one or more times. The Multi-instance group are new implementations of
mining algorithms for improvement or specialization. The Miscellaneous group can
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make use of all groups and does the filtering and or selection of data and classification
algorithms.

The main characteristic of these methods is the necessity of determination: the
number of features have to be lower than the number of samples. To use any of the
cited implementations of WEKA, some kind of feature selection must be performed
before hand. This is an open research area in data mining. But our approach doesn’t
use any a priori feature selection algorithm; as a sub-product of then, it is possible to
select features to be used by others methods. This is a remarkable aspect; as discussed
in the Results section, it is possible to configure good classifiers with only 4 miRNAs
out of 1926 ones.

1.3 Objectives

The main objective of this dissertation was to develop new logistic regression based
model for early breast cancer detection with good classification performance.

1.3.1 Specific objectives
e (lassify GSE58606 miRNAs profile using all miRNAs

e Apply new models using a limited set of profiles and all features

Flag potential biomarkers for breast cancer in early stage

Use the flagged biomarkers to classify GSE508606 early breast cancer profiles

e Compare our results with some benchmark in literature

1.4 Conclusion

Breast cancer is a public healthy concern and the RNAseq technology is establishing
outstanding problems for their effective use in cancer studies. In this work we are
interested in developing tools to aggregate to the data mining methods for detection
early breast cancer using RNAseq data sets profiles.



Chapter 2

Material and Methods

In this chapter we present methods to accomplish our specific objectives shown in
section 1.3.1. The Adhoc algorithm uses only a subset of patients to classify some
given query. It selects the most similar ones from the data base using singular value
decomposition (SVD). To circumvent the intrinsic mathematical indetermination of the
miRNAs profiles, we use the modified logistic regression method that prevents from
pruning the set of miRNAs.

We are testing our methodology using only one data set. To our best knowledge,
at present, there is not another data set in the literature to study early breast cancer
using miRNAs.

2.1 Data Collection and Generation

A collection of data set containing miRNAs profiles of patients with early breast can-
cer samples, together with others from healthy patients, was used to demonstrate
the usefulness of the proposed methodology. Data sets were downloaded from NCBI
[GEO, 2015] with the identifier GSE58606, that was acquired using miRCURY LNA mi-
croRNA Array 7th generation. The data set consists of 1926 measurements of miRNA
gene expression proflings from 133 samples, grouped into 31 Luminal A, 33 Luminal
B, 27 HER2 and 31 TNBC and 11 normal breast tissues.

A set of five systems were created: system Normal distinguishes between normal
breast tissues and all other types; system Her2 discriminates HER2 and all other types;
system Luminal A discriminates Luminal A against and all other types; system Luminal
B distinguishes between Luminal B and all other types; system TNBC distinguishes
TNBC from all other types.

2.2 Singular Value Decomposition

SVD has proven ability to establish non-obvious and relevant relationships in a vector
space model, providing a deterministic method for grouping related items (vectors).
The logic behind the SVD is that a matrix A can be represented by a set of derived
matrices (2.1), in the same way that a number can be derived in factors. One can also

5



6 CHAPTER 2. MATERIAL AND METHODS

think of SVD as a set of matrices that provide numerically different representations
of data without loss of semantic meaning, such as representation in different base
numbers. To understand the mathematical concept of SVD, suppose that A is a set
of arrays of real numbers or complex numbers composed of m rows by n columns. A
matrix with a singular value decomposition of matrix A can be made:

A=UxvV" (2.1)

where U is an array m rows by m orthogonal columns, and ¥ is an m X n
diagonal matrix, with real and non-negative numbers. The matrix V7 is known as
conjugate transposition. Since the diagonal values of ¥ are sorted in descending order,
Y is a direct function of matrix A and characterizes the singular values of that matrix,
ordering them from the most significant values to the least significant ones. Considering
a subset of singular values of size k& < n, we can obtain A, an approximate matrix of
the matrix A:

Ay = U ViE (2.2)

Thus, the approximation of data depends on how many singular values are used
(2.2). In this case, the number of singular values k is also the rank of the matrix Ay,
indicating how many rows and columns in the matrix Ay are linearly independent. The
possibility of extracting information based on less data is part of the reason for the
success of this technique, since it allows the data compression / decompression, with
a runtime that does not increase exponentially with the increase of the matrix size,
making the analysis viable. A data set represented by a smaller number of unique
values than the original size data set has a tendency to group data items that would
not be grouped if we used the original data set (2.1). This could explain why clusters
derived from SVD can expose nontrivial relationships between the original data set
items (2.3). In this work we do not use the matrix A, the product factorization by
SVD; with only two SVD matrices, the matrix Dy, (2.2) is represented in the context
of the matrix

A = Ui ViE = Up(S V) = Up Dy, (2.3)

The justification for using only D, is that it has k lines instead of m lines of
Ay, so Dy, is composed of linear combinations of Uy, columns, which in turns gives the
relation A ~ A, which is represented by Dy.

2.3 Modified Logistic Regression

We associate a function P(z) for each individual of the model given by

6a1x1+a2x2+...+anzn

Pi(z) = (2.4)

1 4 emritaszat..tonan
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The logistic regression consists of finding a vector a = (ay, ..., ;)7 to adjust
the set of equations (2.4). We note that when e®#1te2@2tFan®n f3]lg to zero, P(z)
also drops to zero. On the other hand, if it goes to infinite, P;(z) approaches to one.
Considering P;(x) as probability, the odds C;(x) are given by:

Fi(x)
= 2.5
Expressing the equation (2.5) using (2.4) ,we have:
O, = emitazmat..tanzn (2.6)

To implement the method, we adopt Ci(z) ~ Ci(z) = 099 instead of Cy(z),

when the odds are related to P(z) = 1; when Pi(z) = 0, we use Cj(z) ~ Cy(z) =
19’8’%%%)1. Taking the logarithm on both sides of (2.6), we obtain a system of linear
equations to determine « :

b; = a1x1 + awxe + ... + apxy, (2.7)

~

where b; = log(C;) , for i = 1,2,....m. Let b = (by, by, ..., b,,)", them the system
of linear equations (2.7) can be represented by:

Aa=b (2.8)

On (2.8) there are fewer equations than unknowns, and the system is indeter-
minate, with an infinite number of solutions. The classical approach in linear algebra
minimizes a subject to Aa = b, which requires the complete rank of AT A - a property
not expected from the matrix A. It is usually to circumvent this difficulty by discarding
a subset of the original variables, keeping only a subset of the original variables. This
procedure resembles the feature selection in data mining - an open research area. We
propose the use of a stabilizing term in the logistic regression model, found in the works
of |Linnik et al., 1961], [Golub, 1965] and [Menard, 2010], which allows the assignment
of values to the parameters a minimizing the sum of squares of residues (Aa — b),
added to the squares of a. Thus, to assign a solution to (2.9), we solve an unrestricted
quadratic optimization problem given by

Minimizef(a) = o’ a + (Aa — b)" (Aa — b) (2.9)

As f(a) Is convex, the argument that minimizes (2.9) is given by the derivation
of f(a) about o and matching the result to zero:

(I+ATA)a = ATb (2.10)

Where [ is an identity matrix of dimension n.
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The optimal solution for a (2.9) is obtained by the solution for (2.10) and it is
unique. Then, given a query ¢ = [¢1, ¢2..., ¢»] with the microRNA profile, the probabil-
ity of ¢ to belong to a class associated to the related system is given by:

ed®

T 1t ew

P(q) (2.11)

2.4 AdHoc Algorithm

The adhoc algorithm is another proposed improvement to the logistic regression
method. We use a subset of the expression profiles with the objective of creating
a more precise model.

We express the AdHoc using 2 extra parameters, k1 and k0, that indicates how
many positive and negative elements will be used in the model. They are the k0 neg-
ative (k1 positive) closest to the query. The proximity is determined by the Euclidean
distance calculated in a reduced space given by SVD.

To determine kO and k1, 5 cross-validations are performed. The details are in
Algorithm 1 in the following.

Algorithm 1: Ad Hoc

Ly: Matrix with unseen expression profiles;

Ly: Matrix with searched expression profiles;

c: Expression profile to be analyzed;

v: Cutoff value;

ko: Number of unseen expression profiles;

k1: Number of searched expression profiles;

LRy < Reduces the rank of Ly using SVD;

LR, < Reduces the rank of L; using SVD;

ic < Projection of ¢ in the space defined by LRj;

ac <— Projection of ¢ in the space defined by LR;;

I My < Get the ky unseen expression profiles closest to ic in LR;

I M, < Get the k; searched expression profiles closest to ac in LRy;

Now with the I M, and I M; matrix, use the our modified logistic regression
method to calculate the p of ¢;

if p > v then
| The expression profile is positive

end

else
| Expression profile is negative

end

2.5 Conclusions

The SVD is an up to date technique commonly used in search engines that retrieves
information not prima facie related. On the other hand, Modified Logistic Regression
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prevent the use of some previous feature selection technique. These two methods are

the core of the Adhoc algorithm.
Unfortunately it was possible to use only one data set in our study. We didn’t

find another one to complete our study.






Chapter 3

Results

In this section we present experiments with three models: Full Logistic Regression
(FLR), Reduced Logistic Regression (RLR) and Ad Hoc Logistic Regression (ALR).
To assess how accurately these predictive models will be in practice, we perform cross-
validations. In each round we did a partition of the data set in two complementary
sub data sets (training and test). We subject all models to exhaustive experiments;
as supplementary material we registered results from 50 rounds where 20% of the
data set were randomly assigned to test and the 80% used in our experiment as training.

Some authors in small sets propose 50-50 partition (training-test) to perform the
cross-validations. We chose the 80-20 partition along 50 rounds to eventually detect
data set distortions.

The GSES8606 consists of 122 breast cancer samples, grouped into 4 major sub-
types (31 TNBC, 27 HER2, 31 Luminal A e¢ 33 Luminal B) and 11 non-tumor breast
cancer. We create a set of five systems: Normal, Hers2, Luminal A, Luminal B and
TNBC, that distinguishes each type of tissue from the others.

The results of a specific classification system along the 50 rounds of cross-
validations are presented in just one figure. All values computed of P(z) in each
test set are plotted together to give a clear image of the performance.

In the following, for each model (FLR, RRL and ARL) we present in one table
the results for all the 5 systems. Other figures for are presented here only for the
Normal system; one of then presents the performance along all cross-validations and
in the others are shown the most important miRNAs from the point of view of the
classifier. These same figures for the other four systems are shown in the Appendix.

3.1 FRL model

This model uses the modified logistic regression method with all 1926 miRNAs (the
matrix A has dimension (1926 x 133)). The results are summarized in Table 3.1, where
we would like to point the excellent result obtained from the Normal system.

11
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CHAPTER 3. RESULTS

Table 3.1. Results for Full Logistic Regression (FLR) model

Performance
System sensitivity | specificity | F; | AUC
Normal 0.92 1 0.95 | 0.96
TNBC 0.91 0.85 0.88 | 0.94
Luminal A 0.84 0.77 0.80 | 0.85
Luminal B 0.67 0.74 0.69 | 0.74
Her2 0.85 0.70 0.76 | 0.82

To each one of the 50 cross-validations in the Normal system we randomly select

3 non-breast tissue data and 25 of all other cancer profile tissues for test. The other 8
normal tissues profiles and the remaining 97 cancer profiles are used to construct the
model in each of the 50 rounds. Figure 3.1 shows all the values of P(z) computed in
each folder. The most relevant miRNAs from the point of view of the values of a are
shown in Figure 3.3.

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

normal breast tissue x all

Figure 3.1. P(z) values computed along all 50 cross-validations

O True positive
O  True negative
False negative
Cutoff
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3.2 RLR model

This model uses a subset of 20 features selected from the FLR model (see Table 3.3). In
table 3.4 we show the references in the literature of this set of miRNAs. The results are
in Table 3.2. Again, the Normal system, that distinguishes non-tumor breast cancer
from early breast cancer tissues had the best performance. The result for Luminal
B system was improved from F; = 0.69 to F; = 0.83, when compared with the FLR
model. In Figure 3.2 we show the performance of the model RLR in the Normal system.

Table 3.2. Results for Reduced Logistic Regression (RLR) model

Performance
System sensitivity | specificity | F; | AUC
Normal 0.99 0.92 0.95 | 0.97
TNBC 0.94 0.85 0.88 | 0.94
Luminal A 0.90 0.80 0.85 | 0.92
Luminal B 0.81 0.83 0.81 | 0.88
Her2 0.74 0.75 0.74 | 0.79

Table 3.3. Selected miRNAs for RLR model
miRNAs with a > 0 | miRNAs with oo < 0

hsa-miR~147b hsa-miR-4726-5p
hsa-miR-125a-5p hsa-miR-4419b
hsa-miR-4475 hsa-miR-135a-3p
hsa-miR-4421 hsa-miR-4764-3p
hsa-miR-4667-5p hsa-miR-~491-3p
hsa-miR~4507 hsa-miR-1908
hsa-miR-3621 hsa-miR-1973

hsa-miR-3124-3p hsa-miR-21-5p
hsa-miR-125b-5p hsa-miR-720
hsa-miR-4695-3p hsa-miR-4456
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Table 3.4. References found in literature of the selected 20 miRNAs used in
RLR model

miRNA Type of Cancer References

hsa-miR-147b

ovarian, Colon

[Kleemann et al., 2017]
[Bertero et al., 2012; Omrane et al., 2014]

hsa-miR-125a-5p

Lung, gastric

[Jiang et al., 2010; Leotta et al., 2014]
[Hashiguchi et al., 2012]

hsa-miR-4475 Esophagus [Drahos et al., 2015]
hsa-miR-4421 Mucosa [Slattery et al., 2016]
hsa-miR-4667-5p | Bone marrow [Ronchetti et al., 2016|

(plasmocyte)
hsa-miR-4507 Pancreas [Schreiber et al., 2016; Xun et al., 2015|
hsa-miR-3621 Rectal , Colorectal [Mullany et al., 2016; Jung et al., 2016|
hsa-miR-3124-3p | breast [Wang et al., 2017]
hsa-miR-125b-5p | Hepatocellular, [Giray et al., 2014]

Lymphomas [Manfe et al., 2013]
hsa-miR-4695-3p | Colorectal [Moshammer et al., 2014]
hsa-miR-4726-5p | Colorectal [Mullany et al., 2016]
hsa-miR-4419b Esophageal, [Okumura et al., 2015]

Gastric and hepatic [Hibino et al., 2014|
hsa-miR-135a-3p | Gallbladder [Fukagawa et al., 2017; Zhou et al., 2014]
hsa-miR-4764-3p | Breast [Wang et al., 2017]
hsa-miR-491-3p | Tongue, [Zheng et al., 2015|

hepatocellular carcinoma

[Zhao et al., 2017]

hsa-miR-1908

Glioblastoma (brain)

[Xia et al., 2015]

hsa-miR-1973

Classic Hodgkin’s
Lymphoma

[Jones et al., 2013]

hsa-miR-21-5p

Rectum

[Lopes-Ramos et al., 2014|

hsa-miR-720

Breast, Colorectal
Cervical cancer

[Li et al., 2013c; Wang et al., 2015|
[Tang et al., 2015|

hsa-miR-4456

[Ge et al., 2017]
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3.3 ALR model

In the Normal system discussed here is present the same 20 features shown in Table
3.3 . But only a subset of samples are used to construct the model. In other words,
for each query in the test set, the model is built from selected profiles of 3 non-tumor
breast tissues and 59 from other cancer tissues. All profiles are retrieved among the
most similar ones using SVD technique. We achieved an exceptional result for this
system (F; = 0.98).

Table 3.5. Results for Ad hoc Logistic Regression (ALR) model

Performance
System sensitivity | specificity | F; | AUC
Normal 0.98 0.98 0.98 | 0.99
TNBC 0.89 0.87 0.88 | 0.92
Luminal A 0.91 0.86 0.88 | 0.94
Luminal B 0.86 0.82 0.83 | 0.90
Her2 0.79 0.78 0.77 | 0.82

adhoc normal breast tissue x all

O True positive
O  True negative

False negative
X False positive
Cutoff

03[

0.2 O

Figure 3.4. P(x) values computed along all 50 cross-validations
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3.4 On the number of features

In the RLR and ALR methods, only a subset of 20 from all 1926 features are present
in the models. This number of features (20) was assigned without any rational criteria.
We have some insights that it is possible to use a lower number of then. In the following
we report results using 10 and 6 features in the RLR algorithm and 4 features in the
ALR.

Using 10 features (see Table 3.6), the RLR in Normal system achieves F} = 0.94
sensitivity = 0.99, speci ficity = 0.91 and AUC = 0.97.

Table 3.6. Selected 10 miRNAs for RLR model
miRNAs with a > 0 | miRNAs with aa < 0

hsa-miR-4507

hsa-miR-491-3p

hsa-miR-3621

hsa-miR-4764-3p

hsa-miR-3124-3p

hsa-miR-~135a-3p

hsa-miR-125b-5p

hsa-miR-4419b

hsa-miR-4695-3p

hsa-miR-~4726-5p

Table 3.7. References found in literature of the selected 10 miRNAs used in

RLR model
miRNA Type of Cancer References
hsa-miR-4507 Pancreas [Schreiber et al., 2016; Xun et al., 2015|
hsa-miR-3621 Rectal , Colorectal [Mullany et al., 2016; Jung et al., 2016|
hsa-miR-3124-3p | breast [Wang et al., 2017]
hsa-miR-125b-5p | Hepatocellular, |Giray et al., 2014]
Lymphomas [Manfe et al., 2013]
hsa-miR-4695-3p | Colorectal [Moshammer et al., 2014]
hsa-miR-4726-5p | Colorectal [Mullany et al., 2016]
hsa-miR-4419b Esophageal, [Okumura et al., 2015]
Gastric and hepatic [Hibino et al., 2014|
hsa-miR-135a-3p | Gallbladder [Fukagawa et al., 2017; Zhou et al., 2014]
hsa-miR-4764-3p | Breast [Wang et al., 2017]
hsa-miR-491-3p | Tongue, [Zheng et al., 2015|

hepatocellular carcinoma

[Zhao et al., 2017]
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normal breast tissue x all 10 best miRNA
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Figure 3.5. RLR applied to the the Normal system using 10 miRNAs

P(z) computed along 50 cross-validations

The figures using using 6 miRNs are: F} = 0.85, sensibility = 0.89, speci ficity =
0.83 and AUC = 0.75.

Table 3.8. Selected miRNAs for Normal System in RLR model

miRNAs with a > 0 | miRNAs with o < 0
hsa-miR-3124-3p hsa-miR-135a-3p
hsa-miR-125b-5p hsa-miR-4419b
hsa-miR-~4695-3p hsa-miR-4726-5p
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Table 3.9. References found in literature of the selected 6 miRNAs used in RLR
model

miRNA Type of Cancer References
hsa-miR-3124-3p | breast [Wang et al., 2017]
hsa-miR-125b-5p | Hepatocellular, [Giray et al., 2014]
Lymphomas [Manfe et al., 2013|
[
[

hsa-miR-4695-3p | Colorectal Moshammer et al., 2014|
hsa-miR-4726-5p | Colorectal Mullany et al., 2016|

hsa-miR-4419b Esophageal, [Okumura et al., 2015]
Gastric and hepatic | [Hibino et al., 2014]
hsa-miR-135a-3p | Gallbladder [Fukagawa et al., 2017; Zhou et al., 2014]
normal breast tissue x all 6 best miRNA
025

O True positive
o O  True negative

False negative
X False positive
0.2~ Cutoff

0.15 -

X X
01  ©O

0.05 gg cgg% g *

Figure 3.6. P(z) computed for test set of Normal system in RLR model along
50 cross-validations

Using only 4 out of 1926 miRNAs present in the profile of each sample(ALR
algorithm with k0 = 1 and k1 = 1), we have the following result: F; = 0.80,
sensivity = 0.89 speci ficity = 0.75 and AUC = 0.88.

Table 3.10. Selected miRNAs for Normal System in ALR model
miRNAs with a > 0 | miRNAs with a < 0
hsa-miR-125b-5p hsa-miR-~4419b
hsa-miR-4695-3p hsa-miR-4726-5p
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Table 3.11. References found in literature of the selected 4 miRNAs used in
ALR model

miRNA Type of Cancer References

hsa-miR-125b-5p | Hepatocellular, |Giray et al., 2014]
Lymphomas [Manfe et al., 2013|

hsa-miR-4695-3p | Colorectal [Moshammer et al., 2014]

hsa-miR-4726-5p | Colorectal [Mullany et al., 2016]

hsa-miR-4419b | Esophageal, [Okumura et al., 2015]
Gastric and hepatic | [Hibino et al., 2014]

1 - normal breast tissue x all 4 best miRNA
@O % (8 x X x >Z< X X XX x x x

True negative
False negative
False positive
Cutoff

Figure 3.7. P(x) computed for test set of Normal system in ALR model along

50 cross-validations

3.5 Conclusions

600

We presented tree efficient methods (FRL,RLA and ALR) to classify breast cancer in
early stage that had remarkable results. We are able not only to detect early breast
cancer in tissues from their miRNA profile but it was also possible to classify them in
the four possible molecular subtypes (TNBC, Luminal A, Luminal B and Her2). Our
main result was attained with the ARL in the case that distinguishes healthy tissues
from tumor tissues using a set of only 10 miRNAs (sensitivity 0.99 and specificity 0.91).

In the RLR model we verify that some miRNAs are common in some systems
(see Figure 3.8). We used a naive algorithm to select them; the set of 20 miRNAs was
selected picking the 10 miRNAs with the greater o and the 10 miRNAs with lowest
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values of . We think some heuristic should be used based in a criteria that maximizes
the usage of the miRNA along the five systems should be used.
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Figure 3.8. Common miRNAs in all 5 RLR systems with 20 features extracted

from FRL models







Chapter 4

Conclusions

MiRNAs are emerging as promising diagnostic tool and has a potential to play a
fundamental role in cancer prevention and treatment. Our study signs their remarkable
discrimination power. With only a small number of miRNAs; 4 from 1926; we are able
to classify healthy tissues from early breast cancer with F; = 0.80;. With 10 this figure
jumps to 0.94.

Along this project was developed efficient algorithms to solve a class of indetermi-
nate data mining problems where the number of features are greater than the number
of samples. The contribution in Logistic Regression field generates interesting models
that can be applied in a broad range of problems. At first, FRL uses all 1926 features
in five models to distinguish healthy tissues and each molecular breast cancer sub-type.
As a sub-product using only the & (20, 10, 6 and 4) features with more discrimination
power indicated by FRL we propose the RLR method. Finally we build ad hoc models
(ARL) specific for each query, that uses only a subset of the most similar profiles from
the samples to classify the query.

Our models not only classify breast cancer in early stage from healthy tissues;
they also classify each molecular sub-type in early stage from the other sub-types and
healthy tissues. In particular, the TNBC system had a performance of F; = 0.88
(sensitivity=0.94, specificity=0.85); TNBC is reported as difficulty to classify [Cetin
and Topcul, 2014].

To our best knowledge, at present there isn’t another miRNA profiles repository
reported for early breast cancer. So, unfortunately, we are not able to confront our
results with another data base.

Our project was based only in miRNAs in tissues, although miRNAs in body
fluids are candidate diagnostics for a variety of conditions and diseases, including breast
cancer. One premise for using extracellular miRNAs to diagnose disease is the notion
that the abundance of the miRNAs in body fluids reflects their abundance in the cells
causing the disease. As a result, the search for such diagnostics in body fluids has
focused on miRNAs that are abundant in the cells of origin. There is a report that
released miRNAs do not necessarily reflect the abundance of miRNA in the cell of
origin ([Pigati et al., 2010]). So, as a future work, we would like to research profiles
from fluids for the identification of circulating miRNAs as biomarkers of disease.
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Appendix A

Results of the models FRL, RLR
and ALR in the cancer sub-types
systems

A.1 FRL Models

System TNBC

Figures A.1 and A.2 present the results for FRL model. As a test set was used
in 7 TNBC samples and 21 tissues from other sub-types of cancer and healthy tissues.
The training was built with 105 tissues from healthy and cancer profiles. The FRL
in the system TNBC attained sensitivity = 0.91, speci ficity = 0.85, F; = 0.88 and
AUC = 0.94.

triple negative x all
X

X | O True positive
O True negative

False negative
X False positive
Cutoff

X x X % wx xxx % X X x

Figure A.1. P(x) values computed along all 50 cross-validations (FRL)
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Figure A.2. Values of a computed for the TNBC system

System Luminal A

Figures A.3 and A.4 present the results for FRL model. As a test set was used in
7 Luminal A samples and 21 tissues from other sub-types of cancer and healthy tissues.
The training was built with 105 tissues from healthy and cancer profiles. The FRL in
the system Luminal A attained sensitivity = 0.84, speci ficity = 0.77, F; = 0.80 and
AUC = 0.85.
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Figure A.3. P(x) values computed along all 50 cross-validations (FRL)
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Figure A.4. Values of o computed for the Luminal A system

System Luminal B

Figures A.5 and A.6 present the results for FRL model. As a test set was used in
7 Luminal B samples and 20 tissues from other sub-types of cancer and healthy tissues.
The training was built with 106 tissues from healthy and cancer profiles. The FRL in
the system Luminal B attained sensitivity = 0.67, speci ficity = 0.74, F} = 0.69 and

AUC = 0.74.
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Figure A.5. P(x) values computed along all 50 cross-validations (FRL)
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Figure A.6. Values of o computed for the Luminal B system

System HER2

Figures A.7 and A.8 present the results for FRL model. As a test set was used
in 6 HER2 samples and 22 tissues from other sub-types of cancer and healthy tissues.
The training was built with 105 tissues from healthy and cancer profiles. The FRL
in the system HER2 attained sensitivity = 0.85, specificity = 0.71, I} = 0.76 and
AUC = 0.82.
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A.2 RLR models
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Table A.1. Selected miRNAs for RLR

miRNAs with a > 0

miRNAs with a < 0

hsa-miR-4459

hsa-miR-4284

hsa-miR-101-3p

hsa-miR-193a-3p

hsa-miR-135b-5p

hsa-miR-3607-3p

hsa-miR-135a-3p

hsa-miR-125a-5p

hsa-miR-4467

hsa-miR-5572

hsa-miR-30b-5p

hsa-miR-152

hsa-miR-4707-5p

hsa-miR-4532

hsa-miR-4708-3p

hsa-miR-342-3p

hsa-miR-4764-3p

hsa-miR-191-5p

hsa-miR-3941

hsa-miR-3940-5p

System Luminal A

Table A.2. Selected miRNAs for RLR

miRNAs with a > 0

miRNAs with a < 0

hsa-let-7c

hsa-miR-16-5p

hsa-miR-222-3p

hsa-miR-214-3p

hsa-miR-4769-5p

hsa-miR-4419b

hsa-miR-483-5p

hsa-miR-634

hsa-miR-3685

hsa-miR-4484

hsa-miR-4532

hsa-miR-3158-5p

hsa-miR-4288

hsa-miR-4800-3p

hsa-miR-4677-3p

hsa-miR-106b-5p

hsa-miR-342-3p

hsa-miR-~4687-5p

hsa-miR-199a-5p

hsa-miR-187-3p

System Luminal
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Table A.3. Selected miRNAs for RLR

miRNAs with a« > 0 | miRNAs with o < 0
hsa-miR-125a-5p hsa-miR-4764-3p
hsa-miR-660-3p hsa-miR-210
hsa-miR-4712-3p hsa-miR-222-3p
hsa-miR-5704 hsa-miR-3941
hsa-miR-214-3p hsa-miR-3653
hsa-miR~1280 hsa-miR-4787-5p
hsa-miR-205-5p hsa-miR-4500
hsa-miR-2964a-5p hsa-miR-10a-5p
hsa-miR-16-5p hsa-let-7c
hsa-miR-4644 hsa-miR-4732-5p

System HER?2

Table A.4. Selected miRNAs for RLR

miRNAs with o > 0 | miRNAs with o < 0
hsa-miR-744-5p hsa-miR-4707-5p
hsa-miR-34a-5p hsa-miR-30b-5p
hsa-miR-4800-3p hsa-miR-5704
hsa-miR-5572 hsa-miR-1249
hsa-miR-491-3p hsa-miR-585
hsa-miR-665 hsa-miR-29a-3p
hsa-miR-4284 hsa-miR-1280
hsa-miR-4301 hsa-miR-342-3p
hsa-miR-4530 hsa-miR-4467
hsa-miR-4419b hsa-miR-4421

A.3 ALR models

System TNBC

Figures A.9 present the results for ARL model. As a test set was used in 7 TNBC
samples and 21 tissues from other sub-types of cancer and healthy tissues. The training
was built with 105 tissues from healthy and cancer profiles. The ARL in the system

TNBC attained sensitivity = 0.89, speci ficity = 0.87, F; = 0.88 and AUC = 0.92.
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Figure A.9. P(x) values computed along all 50 cross-validations (ARL)

System Luminal A

Figures A.10 present the results for ARL model. As a test set was used in 7
Luminal A samples and 21 tissues from other sub-types of cancer and healthy tissues.
The training was built with 105 tissues from healthy and cancer profiles. The ARL in
the system Luminal A attained sensitivity = 0.91, speci ficity = 0.87, F; = 0.88 and
AUC = 0.94.
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Figure A.10. P(x) values computed along all 50 cross-validations (ARL)

System Luminal B

Figures A.11 present the results for ARL model. As a test set was used in 7
Luminal B samples and 20 tissues from other sub-types of cancer and healthy tissues.
The training was built with 106 tissues from healthy and cancer profiles. The ARL in

the system Luminal B attained sensitivity = 0.86, speci ficity = 0.82, F; = 0.82 and
AUC = 0.90.
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Figure A.11. P(zx) values computed along all 50 cross-validations (ARL)

System HER?2

Figures A.12 present the results for ARL model. As a test set was used in 6 HER2
samples and 22 tissues from other sub-types of cancer and healthy tissues. The training
was built with 105 tissues from healthy and cancer profiles. The ARL in the system

HER2 attained sensitivity = 0.79, speci ficity = 0.78, F} = 0.77 and AUC = 0.82.
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Figure A.12. P(zx) values computed along all 50 cross-validations (ARL)
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Appendix B

References found in literature of
the selected miRNAs

Table B.1. References found in literature of the selected 20 miRNAs used in
RLR model for Her2 system

miRNA

Type of Cancer

References

hsa-miR-744-5p

Hepatocellular Carcinoma

[Shen et al., 2016]

hsa-miR-34a-5p

Osteosarcoma

[Pu et al., 2017]

hsa-miR-4800-3p

Colon

[Zhang et al., 2017b|

hsa-miR-4800-3p

Colon, Breast, colorectal

[Zhang et al., 2017b|
[Xun et al., 2015]
[Wang et al., 2017]

hsa-miR-5572

[Li et al., 2017D]

hsa-miR-491-3p

Osteosarcoma,
Hepatocellular carcinoma

[Duan et al., 2017|
[Zhao et al., 2017|

hsa-miR-665 Breast [Nygren et al., 2014]
hsa-miR-4284 Prostate [McDermott et al., 2017]
hsa-miR-4301 Colorectal [Moshammer et al., 2014]
hsa-miR-4530 Breast [Zhang et al., 2017a|
hsa-miR-4419b | Esophagus [Okumura et al., 2015]

[Hibino et al., 2014|

hsa-miR-4707-5p

Esophageal Squamous Cell

|Qin et al., 2016|

hsa-miR-30b-5p

Gastric

[Qiao et al., 2014]

hsa-miR-5704

Adenomas colon

[Zhang et al., 2017b|

hsa-miR-1249

Hepatocellular

[Ye et al., 2017|

hsa-miR-585

Myeloma

[Adamia et al., 2009]

hsa-miR-29a-3p

Gastric cancer

[Zhao et al., 2015]

hsa-miR-1280

Colorectal Cancer

[Huang et al., 2017]

hsa-miR-342-3p

Colon, cervical cancer

[Tao et al., 2014; Li et al., 2014|

hsa-miR-4467

Glioma

[Shou et al., 2015|

hsa-miR-4421

Colorectal

[Slattery et al., 2016]




Table B.2. References found in literature of the selected 20 miRNAs used in
RLR model for Luminal A system

miRNA Type of Cancer References

hsa-let-7c Hepatocellular [Lan et al., 2011]
hsa-miR-222-3p | Osteoclastogenesis [Takigawa et al., 2016]
hsa-miR-4769-5p | Breast |[Kim et al., 2016]
hsa-miR-483-5p | Lung [Song et al., 2014]

hsa-miR-3685

Lung, Vulvar squamous cell

[Yang and Wu, 2016]

hsa-miR-4532 Gastric [Bibi et al., 2016]
hsa-miR-4288 Colorectal [Naccarati et al., 2012]
hsa-miR-4677-3p | Colorectal [Wu et al., 2015]
hsa-miR-342-3p | Lung [Tai et al., 2015]
hsa-miR-199a-5p | Breast [Chen et al., 2016]
hsa-miR-16-5p Bone [Sang et al., 2017]
hsa-miR-214-3p | Bladder [Ecke et al., 2017|
hsa-miR-4419b | Esophagus |[Okumura et al., 2015]
hsa-miR-634 Ovarian [van Jaarsveld et al., 2015]

hsa-miR-4484

Large, B-Cell Lymphoma

[Tamaddon et al., 2016|

hsa-miR-3158-5p

[Galtsidis et al., 2017]

hsa-miR~4800-3p | Colon [Zhang et al., 2017Db]
hsa-miR-106b-5p | Glioma [Liu et al., 2014b|
hsa-miR-4687-5p | Breast [Maltseva et al., 2014]
hsa-miR-187-3p | Breast [Nygren et al., 2014]
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Table B.3. References found in literature of the selected 20 miRNAs used in
RLR model for Luminal B system

miRNA Type of Cancer References
hsa-miR-125a-5p | Lung [Jiang et al., 2010]
hsa-miR-660-3p Hepatocellular [Fu et al., 2017]
hsa-miR-4712-3p | glioblastoma [Dong et al., 2014]
hsa-miR-5704 colon [Zhang et al., 2017b]
hsa-miR-214-3p Oral squamous cell carcinoma | [Yoon et al., 2014|
hsa-miR-1280 Lung [Xu et al., 2015]
hsa-miR-205-5p Breast [De Cola et al., 2015]
hsa-miR-2964a-5p | Pancreatic [Chijiiwa et al., 2016]
hsa-miR-16-5p Gastric [Zhang et al., 2015a]
hsa-miR-4644 Pancreatobiliary tract [Machida et al., 2016]
hsa-miR-4764-3p | Oropharyngeal [Mirghani et al., 2016|
hsa-miR-210 Breast [Camps et al., 2008]
hsa-miR-222-3p Endometrial [Liu et al., 2014al
hsa-miR-3941 Lung [Sato et al., 2017]
hsa-miR-3653 Breast [Li et al., 2013b]
hsa-miR-4787-5p | Pancreatic [Mody et al., 2016]
hsa-miR-4500 Lung [Zhang et al., 2014|
hsa-miR-10a-5p Gastric [Lu et al., 2017]
hsa-let-7c HepG2 cancer cells [Wen et al., 2009
hsa-miR-4732-5p | Breast [Persson et al., 2011]




Table B.4. References found in literature of the selected 20 miRNAs used in
RLR model for TNBC system

miRNA

Type of Cancer

References

hsa-miR-4459 Lung [Zhou et al., 2016]
hsa-miR-101-3p | Hepatocellular [Li et al., 2017a]
hsa-miR-135b-5p | Osteosarcoma [Lauvrak et al., 2013|
hsa-miR-135a-3p | Ovarian [Palmenberg, 1987|
hsa-miR-4467 Endometrial [Canlorbe et al., 2016]
hsa-miR-30b-5p | Renal [Liu et al., 2017

hsa-miR-4707-5p

Esophageal Squamous Cell

[Qin et al., 2016]

hsa-miR-4708-3p

Pancreatic

[Madhavan et al., 2015]

hsa-miR-4764-3p

Oropharyngeal

[Mirghani et al., 2016|

hsa-miR-3941

Lymphoblastic Leukemia

[Lu et al., 2015]

hsa-miR-4284

Renal cell

[Munari et al., 2014]

hsa-miR-193a-3p | Colorectal [Yong et al., 2013|
hsa-miR-3607-3p | Gastric [Xie et al., 2014]
hsa-miR-125a-5p | Hepatocellular [Kim et al., 2013|
hsa-miR-5572 [Kondou et al., 2015]
hsa-miR-152 [Liu et al., 2016]
hsa-miR-4532 Gastric [Bibi et al., 2016]
hsa-miR-342-3p | Lung [Tai et al., 2015]
hsa-miR-191-5p | Colorectal |Zhang et al., 2015b]

hsa-miR-3940-5p

Lung

[Ren et al., 2017]
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Table B.5. Other miRNA references

miRNA Type of Cancer References
miR-125b-5p Hepatocelular, |Giray et al., 2014]
Cutaneous T-cell lymphomas [Manfe et al., 2013]
miR-3613-3p Neuroblastoma |Zheng et al., 2016]
miR-4668-5p Colorretal [Moshammer et al., 2014|
miR-3656 Gastric [Piazera, 2016]
miR-5704 Colon Adenomas, Breast |Zhang et al., 2017b]
[Wang et al., 2017]
miR-3676-3p Gastric |[Estreéla, 2014|
miR-3196 Lung [Andéng et al., 2008]
[Xu et al., 2016]
miR-3941 Lung [Sato et al., 2017]
miR-585 Lung [Ding et al., 2017|
miR-1264 Larynx [Xu et al., 2013|
miR-200a-3p Hepatocelular [Li et al., 2016b]
miR-1273g-3p | Glioblastoma [Dong et al., 2014]
miR-5581-3p Colon Adenomas, Breast [Zhang et al., 2017D|
[Wang et al., 2017|
miR-877-5p Leukemia [Feng et al., 2013]
miR-96-5p Breast, Colorectal [Calvano Filho et al., 2014]
[Ress et al., 2015]
miR-744-3p Laryngealsquamouscell carcinoma | [Li et al., 2016a)
miR-2276 Breast | Torkashvand et al., 2016]
miR-342-5p Breast [Cittelly et al., 2010]
miR-760 Breast [Lv et al., 2015]
miR-203 Breast |Zhang et al., 2011]
miRPlus-A1086 | Prostate [McDermott et al., 2017]
miR-185-5p Breast [Wang et al., 2014]
miR-20b-5p Breast [Li et al., 2013a]
miR-4521 leukemia / lymphoma 1 |[Pekarsky et al., 2016]
miR-4692 EsophagealSquamousCell [Qin et al., 2016]




Appendix C

Visualization of the samples

projected from their representation
using 20 miRNA

O Normal Tissue
Her2

A Luminal A

<" Luminal B
Triple negative

Figure C.1. Types of tissues represented by selected 20 miRNAs from 1929

Visualization of the distribution of tissue types analyzed using selected 20 miRNAs.
The vectors in space with dimension 6 where projected in space R® using the method
descibed by [Marcolino et al., 2010]
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