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Abstract

Mathematical optimization is used to detect potential genetic differentially expressed genes and
propose probable signaling structures common to Alzheimer (AD), Parkinson (PD) and
Huntington’s Disease (HD). The characterizations of these three affections have been elusive in
the literature, although their impact in society is projected to increase in the next decades
worldwide. There are studies in the literature for each individual illness, but this work novelty is
the study and comparison of all three disorders together. The search for the most correlated path
among differentially expressed genes is carried out using network optimization formulations:
Travelling Salesman Problem (TSP) and Minimum Spanning Tree (MST). For both, a set of
differentially expressed genes is identified previously through multiple criteria optimization; a
correlation coefficient is used to link every pair of genes.A cost model was developed with the

information of the high yearly cost of the neurological diseases discussed in this work.



Resumen

Utilizacién de optimizacion matematica para detectar genes potenciales con diferenciacion
genética de expresion y proponer estructuras probables de sefializacion comunes en la enfermedad
de Alzheimer (AD), Parkinson (PD) y Huntington (HD). Las caracterizaciones de estas afecciones
son escasas en la literatura, su impacto en la sociedad proyecta aumentar en las préximas décadas
mundialmente. Hay estudios para cada enfermedad individual, sin embargo la novedad es el
estudio y la comparacion de los tres trastornos juntos. La busqueda de la via mas correlacionada
entre los genes expresados diferencialmente se realiza utilizando formulaciones de optimizacion
de redes: TSP (“Traveling Salesman Problem”) y MST (“Minimum Spanning Tree”). Para ambos,
un conjunto de genes expresados diferencialmente se identifica previamente mediante la
optimizacion de criterios multiples; un coeficiente de correlacion se utiliza para vincular cada par
de genes. Con la informacién del costo anual de las enfermedades neurologicas se desarrollo un

modelo de costo.
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1. Introduction

This project proposes the study of commonalities among three important neurological conditions:
PD, AD and HD. The characterizations of these three conditions have been elusive in the literature,
although their impact in society is projected to dramatically increase in the next decades
worldwide. In United States, current estimates of people affected with these diseases add up to
5,300,000 for AD, 1,000,000 for PD, and 30,000 for HD [1-3]. In addition, it must also be noted
that Caribbean-Americans are 1.5 times as likely to suffer dementia as White Americans [4]. The
high incidence of these conditions in Puerto Rico calls for accelerating their understanding and

characterization.

There is a large amount of publicly-available data associated to mRNA microarrays and
microRNA arrays, as well as several other types of high throughput biological experiments related
to AD, PD and HD with the potential to be analyzed in a coordinated manner [5, 6]. Also, the three
diseases have been reported as induced by protein aggregation and as neurodegenerative in nature.
In PD, one of the characteristics is the aggregation of a-synuclein protein. In AD, Beta amyloids
aggregates outside the cells and tau-filaments inside the cells. In HD the aggregation of huntingtin
is an important characteristic. In PD and AD it is known that some genetic information could be
hereditary in addition to spontaneous mutations that relate to both illnesses. For HD it is known

that it is caused by at least one gene and that it is hereditary.

Our research group has specialized in designing analysis strategies based on mathematical
optimization that facilitate the simultaneous analysis of multiple experimental data without the

manipulation of parameters by the user. In this sense, our strategies offer consistent convergence



to a manageable number of key pieces of information for each disorder that can be correlated with
convenience in search for commonalities. Figure 1 is a scheme of the proposed research design for
this project. Moving horizontally from left to right, the first stage involves the simultaneous
analysis of multiple microarrays (or microRNA arrays) to detect potentially important genes or
regulatory molecules. This first stage will be executed with our originally-designed multiple
criteria optimization approach. The second stage will use the lists of potentially important genes
from the previous stage to determine the optimally correlated circular path among them as a proxy
for a biological signaling path. Moving vertically downwards in Figure 1, these two stages will be
carried out for all three conditions (AD, PD and HD). In Stage 3, these analyses will then allow
establishing commonalities in terms of differentially expressed genes and potential signaling paths.
These commonalities could be common genes, similar levels of expression, common pathways,
among others. Biological and medical literature will be used to marshal evidence of similar

mechanisms among illnesses and to propose mechanisms that have eluded discovery to date.
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This work’s goal is to characterize commonalities between the three neurological disorders.
Below, the generalities of each illness are discussed individually and then, commonalities

between them are presented.

1.1 Parkinson’s disease

Parkinson’s disease is a neurodegenerative brain disorder that progresses slowly in most people.

Most people's symptoms take years to develop, and they live for years with the disease [7].

The person's brain slowly stops producing a neurotransmitter called dopamine. With less and less
dopamine, a person has less and less ability to regulate their movements, body and emotions.
Dopamine is a chemical that relays messages between the substantia nigra and other parts of the
brain to control movements of the human body. Dopamine helps humans to have smooth,
coordinated muscle movements. When approximately 60 to 80% of the dopamine-producing cells
are damaged, and do not produce enough dopamine, the motor symptoms of Parkinson's disease

appear. This process of impairment of brain cells is called neurodegeneration [8].

There are four main symptoms of PD. First symptom is tremor, which means shaking or trembling,
they may affect hands, arms, or legs. Other symptoms include stiff muscles, slow movement and/or
problems with balance or walking [9]. In time, PD affects muscles all through the body, so it can
lead to problems like trouble swallowing or constipation. In the later stages of the disease, a person
with PD may have a fixed or blank expression, trouble speaking, and other problems. Some people

also lose mental skills (dementia). People usually start to have symptoms between the ages of fifty
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and sixty. But sometimes symptoms start earlier [9]. Currently there is not cure for Parkinson’s

disease.

Parkinson’s disease has five stages [10]. The first stage is recognized when people has mild
symptoms that generally do not interfere with daily activities. In this stage tremor and other
movement symptoms occur on one side of the body only, also some changes in posture, walking
and facial expression may be noticed. In the second stage of the disease, the tremor, rigidity and
other movement symptoms affect both sides of the body; also walking problems and poor posture
may become apparent. Completing day-to-day tasks becomes more difficult and may take longer.
In the third stage or mid stage, loss of balance and slowness of movements are hallmarks. Falls are
also very common. Symptoms significantly impair activities of daily living such as dressing and
eating. The stage four symptoms get severe and become very limiting. The person needs help with
activities of daily living and is unable to live alone. The stage five is the most advanced and
debilitating stage of Parkinson’s disease. Stiffness in the legs may make it impossible to stand or
walk, making it a requirement to use a wheelchair or remain confined to a bed. The person may

experience hallucinations and delusions [10].

This work is relevant since the analysis of potential genes and signaling pathways related to PD
will be performed. The information presented in this work will help to accelerate the discovery of

the genetic aspects of the disease to improve diagnosis and prognosis.



1.2 Huntington’s disease

Huntington’s disease is a fatal genetic disorder that causes the progressive breakdown of nerve
cells in the brain. It deteriorates a person’s physical and mental abilities during their prime working
years and has no cure. HD is known as the quintessential family disease because every child of a
parent with HD has a 50/50 chance of carrying the faulty gene. Many describe the symptoms of
HD as having PD and AD — simultaneously [11]. Physical symptoms of HD can begin at any age
from infancy to old age, but usually begin between 35 and 44 years of age. About 6% of cases start
before the age of 21 years; they progress faster and vary slightly. The symptoms include
personality changes, mood swings, depression, forgetfulness, impaired judgment, unsteady gait,
involuntary movements (chorea), slurred speech, difficulty in swallowing, and significant weight
loss [12]. Everyone has the gene that causes HD, but only those that inherit the expansion of the
gene will develop HD and perhaps pass it on to each of their children. Every person who inherits

the expanded HD gene will eventually develop the disease [12].

The progression of the disease can be roughly divided into three stages. The early stage HD usually
includes subtle changes in coordination, perhaps some involuntary movements (chorea), difficulty
thinking through problems and often a depressed or irritable mood. The effects of the disease may
make the person less able to work at their customary level and less functional in their regular
activities at home. In the middle stage, the movement disorder may become more of a problem.
Occupational and physical therapists may be needed to help maintain control of voluntary
movements and to deal with changes in thinking and reasoning abilities. Diminished speech and
difficulty swallowing may require help from a speech language pathologist. Ordinary activities

will become harder to do. In the late stage, the person with HD is totally dependent on others for



their care. Choking becomes a major concern. Chorea (neurological disorder characterized by
jerky involuntary movements affecting especially the shoulders, hips, and face) may be severe or
it may cease. At this stage, the person with HD can no longer walk and will be unable to speak.
However, he or she is generally still able to comprehend language and retains an awareness of
family and friends. When a person with HD dies, it is typically from complications of the disease,
such as choking or infection and not from the disease itself. In all stages of HD, weight loss can
be an important complication that can correspond with worsening symptoms and should be

countered by adjusting the diet and maintaining appetite [11].

This work will propose a set of important genes in the presence of the disease that could help the
acceleration of HD characterization. The work will also evaluate important pathways where the

set of genes has already been found relevant in the literature.

1.3 Alzheimer’s disease

Alzheimer’s disease is a progressive brain ailment that causes memory loss, and eventually
destroys the common functions such as thinking, the ability to perform simple tasks, and can —
therefore- disrupt human behavior [13][14]. AD is usually diagnosed in people 65 years and older.
However, 5 to 10 percent of cases are detected before this age [13]. AD is not easy to detect in
people before several stages have already passed. The National Alzheimer's Association and the
National Institutes of Health identify seven stages of this disease [14]. The first stage is known as
“no impairment”, when people do not present any sign of having the disease. The second stage is
described as “very mild decline”, when people start to forget words or the location of everyday
objects, but the disease cannot be detected. ‘Mild cognitive decline” (early stage) is the third stage,
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when close people and doctors can detect the person’s difficulties, for example performing tasks,
remembering names, losing objects, among others. The fourth stage is “moderate cognitive
decline”, when people do not have the ability to perform complex tasks, mental challenges or even
paying bills. The next stage is “moderately severe cognitive decline”. In this stage people have
gaps in memory and thinking, they cannot remember their own phone number or address, they also
may need help to choose clothes. The sixth stage is known as “severe cognitive decline”, when the
person experiments personality changes, can lose awareness of recent experiences, and tend to
wander or become lost, among others. The last stage is known as “very severe cognitive decline”,
in which the person loses the ability to carry a conversation, needs help with most of their daily

personal care and the muscles grow rigid.

The brain is comprised of a complex network of nerve cells that controls the body; movement,
thinking, learning, memory, senses, as well as all critical involuntary body functions that sustain
life. Scientists are not sure how it happens, but somehow AD causes an inability of these cells to

perform their individual jobs and eventually die [14].

This work presents a set of relevant information for AD. A set of important genes previously
identified by our group was analyzed and the actual pathways were discussed. Also, the genetic

information obtained was compared with PD and HD analysis and commonalities are discussed.



2. Background

2.1 Signaling Pathways

A signaling pathway describes a group of molecules in a cell that work together to control one or
more cell functions, such as cell division or cell death [15]. It is a series of actions among molecules
in a cell that leads to a certain product or change in a cell [16]. After the first molecule in a pathway
receives a signal, it activates another molecule. This process is repeated until the last molecule is
activated and the cell function is carried out [15]. Signaling pathways have a key role in various
functions of a cell, for this reason they are of interest in diseases research. Studying the pathways
that were disrupted by the genetic mutations could possibly narrow the search for improving
treatments designed to combat neurological diseases development. As described in the following
sections of this document, several methods in the literature identify genes of interest and possible
pathways that match these genes. According to Rosas [17], statistical tests and probability
distributions (e.g., Fisher’s exact test, hyper-geometric distributions, among others) are highly
utilized first to then make use of specialized database search engines to possibly find matches in
already known pathways. In our research group we have advocated the use of network optimization
representations to approach the elucidation of proxies for genetic signaling paths by finding the

most correlated structure among a series of candidate genes.



2.2 Microarrays

The main goal of a microarray analysis is finding a set of array probes related to genes that have
an expression profile with an unusual level of under-expression or over-expression [18]. The DNA
microarray is used to determine whether the DNA from a particular individual contains a mutation
in genes. The chip consists of a small glass plate encased in plastic. On the surface, each chip
contains thousands of short, synthetic, single-stranded DNA sequences, which together add up to
the normal gene in question, and to variants (mutations) of that gene that have been found in the

human population [18].

The amount of information generated by microarray analysis is particularly suited to certain

specialized tasks such as biomarker discovery [19].

2.3 Differential Expression Analysis

Differentially expressed genes (DEG) may provide valuable information regarding the insights of
certain diseases. For this reason differential expression analysis is used in this research to analyze
if certain genes that significantly change their expression in control and illness-ridden samples
affect certain cell functions or are related to pathways that could lead to the progression of the
illnesses in study. Differential expression is a gene expression that responds to signals or triggers,
for example: gene regulation and effects of certain hormones on protein biosynthesis [21].
The three postulates of differential gene expression, as presented in [22], are as follows:

1. Every cell nucleus contains the complete genome established in the fertilized egg. In

molecular terms, the DNAs of all differentiated cells are identical.

2. The unused genes in differentiated cells are not destroyed or mutated, and they retain

the potential for being expressed.
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3. Only a small percentage of the genome is expressed in each cell, and a portion of the

RNA synthesized in the cell is specific for that cell type.
There are multiple differentially expressed genes identified in the existing literature. Eleven
methods for differential expression analysis of RNA-seq data were evaluated and compared in
the publication [23]. Nine of them work on the count data directly: DESeq, edgeR, NBPSeq ,
TSPM, baySeq, EBSeq, NOISeq, SAMseq and ShrinkSeq. The remaining two combine a data
transformation with limma for differential expression analysis. Limmais a package for
differential expression analysis of data arising from microarray experiments. The package is
designed to analyze complex experiments involving comparisons between many RNA targets
simultaneously while remaining reasonably easy to use for simple experiments. For the

interested reader, other techniques can be found in [24].

2.4 Literature Review

This work uses the data bases from the study “Polyamine pathway contributes to the pathogenesis
of Parkinson disease”, from Lewandowski, et al., published in 2010 [24]. These databases came
from functional MRI, and were used to identify brainstem regions differentially affected and
resistant to PD. CBV (Cerebral Blood Volumes) maps of the brainstem were generated with fMRI
(Functional Magnetic Resonance Imaging) in five PD patients (mean age = 56.4 y) and five healthy

age matched controls (mean age = 56.2 y). The samples were taken from autopsies.

The work mentioned previously [24] presented gene expression-profiling techniques such as
microarray to identify molecular pathways contributing to the pathogenesis of PD. In this study

their microarray data was re-analyzed to find correlations between the changes for those genes that
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changed their expression the most. The study described in [24], pinpointed regions within the same
brain structure that are differentially targeted by and resistant to a disease to determine genetic
pathways. The methodology proposed in this thesis, based on network optimization methods, is
capable of determining an optimal solution, which is novel and expected to differ from otherwise
obtained structures. Another important point is that the work analyzed stipulated that one region
of the brain was being affected (DMNV) in PD presence and the other region remained unaffected
(ION). This is challenged in this work with our results that point to both regions being affected

with the presence of the illness.

The study on HD (“Transcriptional modulator H2A histone family, member Y (H2AFY)) marks
Huntington disease activity in man and mouse”) [26] provided data bases of human blood samples
on people associated to the disease and control, used as input for HD analysis in this work.
Differently from the work discussed previously
[24] that stated the PD affects one region of the brain and other regions remain unaffected, this
work stated that although HD symptoms reflected preferential neuronal death in specific brain
regions, Huntingtin is expressed in almost all tissues and may cause detectable but clinically silent
changes in gene expression and biochemistry in blood cells [26]. In this work [26], ninety-nine
genes were classified as significantly differentially expressed in patients with HD, with a fold
change >1.5 or <0.66 and a false discovery rate (FDR) <0.00002 based on 50,000 permutations of
the dataset. These include the transcriptional modulator H2AFY, which was 1.6-fold
overexpressed in cellular blood of patients with HD. A FDR is one way of conceptualizing the rate

of type I errors in null hypothesis when conducting multiple comparisons. A type 1 error occurs

12



when a null hypothesis is rejected while being true. The error accepts the alternative hypothesis,

despite it being attributed to chance [24].

The work described in [26] stated that gene expression data can be used to rank individuals
according to molecular characteristics to generate hypotheses about disease mechanisms. Such
data may be particularly useful for identifying prototype biomarkers for quantitatively and
longitudinally tracking dynamic disease traits that cannot readily be explained by static variation
in DNA sequence. This thesis will use gene expression data to find the most correlated path of

differentially expressed genes (with potential bio marking characteristics) in the presence of HD.

The study described above [26] was not able to evaluate all genes from the samples, eliminating
some genes from the study. This could imply that important information of differentially expressed
genes was not analyzed. The limitation was due to technical variation and it the limitation was
higher for genes with low average expression intensities (on Affymetrix Human GeneChip U133A
arrays). Only genes with intensities >100 in at least one sample were considered for further
analysis, the remaining genes were excluded from the analysis. This conservative statistical
analysis keeps the number of false-positive results at a minimum, although the number of false-
negative results is likely to remain high. In this thesis work, more comprehensive numbers of genes
will be analyzed simultaneously in their relative expression and will provide a demonstrably

optimal proxy for a signaling path.

The study “Gene Expression Profiling in Human Neurodegenerative Disease” [27] presented

microarray human GEP (gene expression profiling) studies in the common neurodegenerative
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diseases amyotrophic lateral sclerosis (ALS), PD and AD. Studies using samples from disease and
controls included: postmortem spinal cord, substantia nigra (PD) and blood mononuclear cells and
peripheral leukocytes (AD). Results from [27] included that for ALS and PD, gene expression
related to RNA splicing and protein turnover is disrupted, and several studies in ALS support
involvement of the cytoskeleton. GEP studies have implicated the ubiquitin—proteasome system
in PD pathogenesis, and have provided evidence of mitochondrial dysfunction in PD and AD. In
AD, a possible role for dysregulation of intracellular signaling pathways, including calcium
signaling was highlighted. Similar to this thesis, [27] presented commonalities and prevalent
pathways in three neurodegenerative diseases, although the combination of diseases was not the
same. In this paper, the most significant changes were found using P-value for differentially
expressed clusters that exhibited better functional enrichment than a similar number of the most
differentially expressed individual genes. This implies that differentially expressed clusters

contained genes that were more functionally similar to each other.

The use of different microarrays platforms and analysis techniques was identified in the study as
one the limitations. In this thesis the results from the proposed method is not affected by the

microarray platform, also the methodology and analysis will be the same for the three diseases.

In the paper “Integrative  Gene  Expression  Analysis of lung  cancer
based on a technology-merging approach” [28], different data from several independent studies
were integrated to tackle with the scarce number of samples that can be collected by only one
study. They created a bigger database of lung cancer studies in order to obtain more significantly

expressed genes in the differential gene expression. The scope of this paper is the comparison
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between the final DEGs in a lung cancer study found by the meta-analysis approaches. Most
identified genes were associated with the immune response. In comparison with the paper
discussed, this thesis analyzes microarrays to find a set of array probes related to genes that have
an expression profile with an unusual level of under-expression or over-expression. The work in
[29] scanned through the literature to identify the genes, mostly associated with the immune
response. Literature search aiming for biological evidence is also performed in this thesis. Both,
the work described previously [29] and this thesis demonstrate that merging data from different
studies is easily extensible to any other disease or differential analysis, as a methodology to

integrate microarray data regardless of the experiment and origin of such data.

To reduce the false-positive discovery rate, in [29] the authors essayed different configurations
varying several parameters: threshold of P-value, fold change, collapsing probes method,
normalization of dataset, among others. Additionally, they obtained the intersection of the
outstanding genes which are more likely to encode relevant information for the differential
analysis. This step was done with meta-analysis. The normalization was needed because gene
expression values must be comparable to each other before combining datasets. Consequently,
those genes providing an expression profile which is significantly different between healthy and
tumor cohorts according to these parameters were selected. The criteria for significance was an
adjusted p-value<0.05 as well as a log fold change (FC) higher than 2. Consequently, those genes
providing an expression profile significantly different between healthy and tumor cohorts
according to these parameters were selected. By the contrary, this thesis proposes the use of

analysis strategies based on mathematical optimization that facilitate the simultaneous analysis of

15



multiple experiments without the manipulation of parameters by the user while not requiring

normalization of data.

The literature review presented here provides evidence of the novelty of using a deterministic
optimization-driven approach to the construction of signaling path proxies, even as a way to
contrast results from the stochastic/statistic approaches already available, as advocated by our

group in [30].

2.5 Methodology Background

2.5.1 Multiple Criteria Optimization

Multiple Criteria Optimization (MCO) is a field from Engineering Mathematics that deals with
making decisions in the presence of multiple performance measures in conflict [30][31][32].
Because of the presence of conflict, an MCO problem does not find a single best solution but rather
a set of best compromising solutions for the performance measures under analysis [35]. An

example of a MCO problem is shown below.
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Figure 2: Example of an efficient frontier

The general mathematical formulation of an unconstrained MCO problem is as follows:

Find x to

Minimize f;(x) j=1.2,...,J (1)
The MCO problem in (1) can be discretized onto a set K with |K| points in the space of the decision
variables so as to define particular solutions x*, (k=1,2,..., |K]) which can, in turn, be evaluated
in the J performance measures to result in values f; (x*).That is, the k** combination of values
for the decision variables evaluated in the j** objective function [30].

The MCO formulation under such discretization is, then as follows:

Find x* (keK) to
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Minimize f; x*) j=1,2,...,J )
The solutions to (2) are, then, the Pareto-efficient solutions of the discretized MCO problem.
Considering formulation (2), a particular combination x° with evaluations f j (x%) will yield a

Pareto-Efficient solution to (2) if and only if no other solution xV¥ exists that meets two conditions,

from this point on called Pareto-optimality conditions:

fi(x¥)<f; x°)vj (Condition 1)
fi(x¥) < f; (x°) in at least one (Condition 2)
Conditions (1) and (2) imply that no other solution x¥ dominates the solution under evaluation,x?,

in all performance measures simultaneously.

2.5.2 Traveling Salesman Problem

The Traveler Salesman Problem (TSP) is one of the most famous combinatorial optimization
problems. TSP tries to construct the shortest tour through n cities for a salesperson to visit, usually
going back to a preselected base city [33]. The object of TSP is to “Find the shortest tour that visits
each city in a given list exactly once and then returns to the starting city” [33].

An illustration of how the resulting graph would look like for a five genes problem is shown in
Figure 3. As an example, take the network presented in Figure 4. A salesperson has to start
traveling from city 1 through each city exactly once and return home to city 1. If the objective
were to obtain a route that minimizes the total distances, that is a cycle with minimum total

distance, there would be total of (5-1)! =24 possible cycles [17].
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Figure 3: Representation of a Potential Sequence of a Signaling Pathway
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Figure 4: Representation of a TSP optimal solution example
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The TSP optimization model is as follows:

Minimize Z CijVij 3)
(ijea
z yl]:]. Vi=1,2,...,n (4)
1<j<n
z yj=1 Vj=12..,n (5)
1<i<n
Nx=b (6)
X <(m -1y V(i,j) €A 7
yij =0or1l V(ij) €A 9)

Let A’ = {(i,j): yij =1} and let A”> ={(i,j): xij >0}. The constraints (4) and (5) imply that exactly
one arc of A’ leaves and enters any node i; therefore, A’ is the union of node disjoint cycles
containing all of the nodes of N. In general, any integer solution satisfying (4) and (5) will be a
union of disjoint cycles; if any such solution contains more than one cycle; they are referred to as

sub tours, since they pass through only a subset of nodes.

In constraint (6) N is an nxm matrix, called the node-arc incidence matrix of the minimum cost
flow problem. Each column Nij in the matrix corresponds to the variable xij. The column Nij has
a +1 in the i™ row, a —1 in the j'™ row; the rest of its entries are zero. Constraint (6) ensures

that A” is connected since we need to send 1 unit of flow from node 1 to every other node via arcs

20



in A”. The forcing constraints (7) imply that A” is a subset A’. These conditions imply that the arc

set A’ is connected and thus cannot contain sub tours [33].

2.5.3 Minimum Spanning Tree

The Minimum Spanning Tree considers an undirected and connected network, a measure of the
positive length (e.g., distance, cost, time, etc.) associated to each link [35] The MST methodology
consist in choosing a set of links that have the shortest total length among all sets of links that

ensure that the chosen links provide a path between each pair of nodes [38].

An example, explained in [17] of the MST is presented in Figure 8 with five nodes of a network
with their potential links and the positive length for each if it is inserted into the network. It is
important to ensure enough links are inserted to satisfy the requirement that there is a path between
every pair of nodes. The objective of this method is to satisfy this requirement while at the same
time minimizing the total length of the links inserted into the network. As an example the Figure
8 presents the solution, highlighted by the darker lines. Enough links must be inserted to satisfy
the requirement that there is a path between every pair of nodes. The objective is to satisfy this
requirement while at the same time minimizing the total length of the links inserted into the
network, in the example in Figure 5 the solution is highlighted by the darker and thicker lines. In
the case of a spanning tree the total number of possible solutions could be calculated with Cayley’s
formula n"? where n is the number of edges or arcs in the graph [17]. In this particular example

there are a total of 5°2 =125 possible solutions
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Figure 5: Example of a Minimum Spanning Tree (MST)

3. Methodology

PD is the second most common neurodegenerative disease. Although many of the pathogenic
molecules underlying the rare autosomal-dominant forms of PD have been identified, the full
complement of pathogenic pathways involved in the common “sporadic” form of PD remains
unknown [25]. For this reason PD was the first neurological disorder analyzed and then, the
methodology was replicated to HD and AD respectively. First, two microarray databases [25]
were selected for analysis, each containing 22,277 probes in the microarray and their respective
lectures in six samples in brain tissues for PD and five samples for control. Both databases were
obtained from [23]. The first database came from a high-resolution variant of functional MRI

(fMRI) that maps basal cerebral blood volume (CBV) with submillimeter resolution to show that
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the DMNV (Dorsal Motor Nucleus of the Vagus) is dysfunctional in PD according with the study
mentioned above. The second database came from a neighboring region relatively resistant to the
disease, ION (Inferior Olivary Nucleus), taken from the same study. The PD samples were taken
from autopsies from people with a mean age 56.4 years and control samples were taken from

autopsies of people with mean age of 56.2 years [25].

The first step was to calculate the difference of PD and Control expressions in both databases
simultaneously modeling the analysis as a Multiple Criteria Optimization (MCO) Problem as
described in [34][35]. In brief, MCO deals with making decisions in the presence of multiple
performance measures in conflict. Because of the presence of conflict, an MCO problem does not
find a single best solution but rather a set of best compromising solutions in light of the
performance measures under analysis [34]. The general MCO problem involves at least two
performance measures to be optimized, where only the case with two performance measures has a
convenient graphical representation. An MCO problem, however, can include as many dimensions
(or performance measures) as necessary [36]. The performance measures used in this case, were
the absolute median differences, calculated for PD and control samples in DMNYV and also PD and
control samples in ION databases as shown in Figure 6. The performance measures used were
absolute median differences between control and PD tissues in each data base. Then both

performance measure were graphed and analyzed using MCO.
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Figure 6: Gene expression differences between PD and control in DMNV and ION tissue

In this study, the set of solutions that provide the best compromise between the conflicting
performance measures was found using the Pareto-Efficient Frontier of the candidate set of genes.
The genes selected by this Frontier are those that change their expression the most between the
controls and the PD samples using all performance measures at hand. For this study the first ten
efficient frontiers were considered to avoid missing genes that also should be considered solutions,
as explained in [35]. Due to computer memory constrains the databases were divided in 4 groups
of 5,600 genes or less and iterated to converge to the final efficient frontier. An example of an

efficient frontier analysis is shown in Figure 2, under a case with maximization of two performance
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measures. Do notice that any performance measure to be maximized can be transformed linearly

to become a perfectly equivalent performance measure to be minimized individually.

The original work from where the databases were obtained [2] stipulated that one region of the
brain is being affected (DMNV) in PD presence and the other region remained unaffected (ION).
This is challenged in our results as it will be shown later in this document. In addition, it is known
that gene expressions works as a network and neighboring brain regions could be affected. For this
reason our approach was to perform six analyses (presented in Table 1) to determine if ION was
unaffected; or if the main variable driven the expression differences was the presence/absence of

PD in the samples. All analyses were treated as MCO problems.

Table 1: Analysis with DMNV and ION databases

DMNV ION

Experiment #4

Experiment #1
i JuswiRax3

CONTROL CONTROL

Experiment #3
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The first analysis was on the DMNV region samples (PD vs Control) where two performance
measures (mean and median) were used, see Figure 7 as an example. The difference absolute
value between each performance measure related to PD and control was calculated. In figure 7 it
is shown the case when only one data base was used (in this example DMNYV). For this specific
case the performance measures used were the absolute mean difference and absolute median

difference between PD and control gene expression.

Genes (i) Control (x) Iliness (y)

/

di1=|oF — ¢}
d;2 |#f - l'livl
i=1,2,3.....22,277 d; = differences

Performance Measure: Absolute Median
Differences and Absolute Mean Difference

x v
022,277 035297 D32.277

Data Base : DMNV

Figure 7: DMINV (PD vs control differences) Analysis

Ten series of Pareto Efficient Frontiers were identified on all analyses resulting in distinct sets of
differentially expressed genes. As stated before, there were 22,777 genes initially, from which ten

Pareto Efficient Frontiers were analyzed in each analysis. Accumulating the Pareto optimal
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solutions (differentially expressed genes) from every analysis, there were a total of 44
differentially expressed genes. From those 44 differentially expressed genes, eight genes that were
in common in every single analysis were further analyzed. Table 2 shows the 44 differentially
expressed genes from every analysis. The genes that were found in a specific case have a number

one in the table.

27



Table 2: Selected Genes each of the six comparative analyses

DMNV

ION -
DMNV-
PD

ION

DMVN
vs ION

DMNV
PD-ION
CONTROL

DMNN
CONTROL
-ION PD

ION-
DMNV-
Control

ARF3

CCLS5

DDX39B

GDI2

PTPN21

RPLI1

RPL21

THRA

UBA7

AHSALI

MXD4

SRP14

PAXS

PTGDS

PVTI1

RABGGTB

ATGI12

BCATI1

CD3D

GUCAIA

NENF

RABI11A

RAB3GAPI1

RPS6

ATP2C1

CIRBP

ECHDC3

EIF4H

TFF2

VAMP4

RFC2

SLCS5A12

IGKV4-1

ZBTB17

EIF3D

GYGlI

ENOSF1

=N Nl Neoll BECW BT Neoll Reoll BEC BE BTSN W BE Neoll Neoll Neoll BE W Neoll BN BE Neoll P Neoll IO Nesll O B BENN BEN TS T I I I I I I Y

[N Fll Nl Nl Nl Neoll B-l Feoll Neoll ol Neoll Neoll Neasll BECW IETN Reoll BEW BESN Neoll BE Neoll IE IETE IS B BE IE BT TS I I I I I I I Y

[N BTN B Nl Neoll Bo BEU ol Heoll HFeoll Nl Nl Nenll Neoll Neolll Reoll BEW BETN Neoll BT Neoll Neoll Neoll Nasl IO B BENN BEN TS IEN I IE BE I I N Y

[N ol Fol Foll Foll Rl Nl Rl B Rell Rkl Bt BN B B Bel Neoll Rl B0 Rewll BE i I B It el B N B B B e e e B B B

(=]} =) ol ol fojl faj fajl flall fall ol E=l i =2 I =] =] k=] k=) =) =) =) =) =) F=) L) =) =) f=) K=l Kol o L i I L Bl Ul Bl e

(=} =) =l ol ol ol Ral b 1= Ll Bl =2 B =2 E=2 E=2 Ll E=2 k=) k=1 K=l L Rel I It N I Rerl Keol le Il el B0l el el el el el

=l k=1 k=1 F=l Nl Tl Foll ol Nl Nl Nl Nl Rel B BE BTN Nl el BE BETN P e Rl IR Neoll Neoll BE I Neoll IO IEES IE IE IE S B Y

28




. . ION - DMVN DMNV DMNN ION-

Continuation DMNV | DMNV- ION PD-ION CONTROL | DMNV-

PD VSION | cONTROL | -IONPD | Control
DCTNS 0 1 0 0 0 0 0
HSPA6 0 1 0 0 0 0 0
EIF4G2 0 1 0 0 0 0 0
HNRNPL 0 0 0 0 0 1 0
NCBP1 0 0 0 0 0 1 0
ESR2 0 0 0 0 0 1 0
LILRB3 0 0 0 0 0 1 0

The genes that obtained a one in every analysis were selected for future analysis. Table 3 shows

the eight differentially expressed genes selected.

Table 3: Optimal Genes in every database analysis

Genes

DMNV

ION

ION-
DMNV-
Control

ION -
DMNV-
PD

DMNV
PD-ION
CONTROL

DMNN
CONTROL
-ION PD

DMVN
vs ION

CCL5
DDX39B
GDI2
PTPN21
RPLI11
RPL21
THRA

—_— = = = = =] —
—_ = = — ] — ] -
—_ = = = == -

—_— === ===
—_— === ]=] ==
—_— === ]=] =]
—_— === ]=]=]| =

Using the selected differentially expressed genes from the last process, individually for each
analyzes and for which behavior was measured as a statistical correlation, the next step was to find
coordinated behavior among the expression changes of the selected genes. As explained in [17],

statistical correlation can be defined as a measure of the coordinated behavior between two random
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variables. It measures the strength or degree of association between two variables, for example X
and Y. Linear correlation values range from -1 to +1. The closer the linear correlation values are
to either +1 or -1, the more intense the correlation is considered. If we have a series of n
measurements of X and Y written as x; and y; where i = 1, 2...n, then the sample correlation

coefficient can be used to estimate the Pearson correlation r between X and Y as follows:

I Yim1(xi =) i —y) _ Yis1(xi —X)i —Y)
Y (-Dsss, S - B 2, - )

(10)

where X and y are the sample means of X and Y, and s,. and s,, are the sample standard deviations

of X and Y [33].

When a linear correlation is positive, this implies a positive association between the two
variables being analyzed; for example larger values of X tend to be associated with larger values
of Y and smaller values of X tend to be associated with smaller values of Y. When a linear
correlation has a negative value this implies a negative or inverse association, that is larger values
of X would tend to be associated with smaller values of Y and smaller values of X could tend to

be related to larger values of Y[17].

The statistical correlation was computed as linear as a first approach and carried out in a pairwise
manner. The linear correlation values found are proxies for suppressed or stimulated behavior in
the expression level changes of the two genes under analysis. Because these values range from -1
to 1, their absolute values are computed to handle them as quantities to be maximized. Thus two
genes will be strongly correlated if the absolute of their correlation value is close to 1. The

correlations calculated for each pair of gene were further arranged in a correlation matrix (Figure
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9). To construct this matrix, the differences taken in consideration in each analysis (see Table 1)
had to be calculated for each gene. Then, the absolute values of the correlation coefficients were
calculated among each pair of genes based on these differences and stored in the said matrix. The
correlation of genes in each analysis was the combined to converge on a final solution as

illustrated in Figure 8.

Gene 1
| s |
=
—
(%]
e

Gene 8...........

A J

X12 = (P%z)( P%z)( P%z) ----- (0172)

Figure 8: Combined correlations solution matrix example

Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Gen 7 Gen 8
Gen 1 0.000 0.967 0.089 0.839 0.933 0.910 0.980 0.902
Gen 2 0.967 0.000 0.066 0911 0.970 0.970 0.983 0.970
Gen 3 0.089 0.066 0.000 0.035 0.065 0.045 0.069 0.040
Gen 4 0.839 0911 0.035 0.000 0.944 0.943 0.912 0.957
Gen 5 0.933 0.970 0.065 0.944 0.000 0.969 0.985 0.964
Gen 6 0.910 0.970 0.045 0.943 0.969 0.000 0.961 0.991
Gen 7 0.980 0.983 0.069 0.912 0.985 0.961 0.000 0.953
Gen 8 0.902 0.970 0.040 0.957 0.964 0.991 0.953 0.000

Figure 9: Correlations solution matrix for PD
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This method consisted in multiplying the absolute correlation values of each gene combination
from all analyses on the same position. This ensured that changes in correlation values be reflected

in a combined correlation factor. This combined correlation factor represented each pair of genes.

The methodology was explained using PD analysis for reference. For HD and AD the methodology
was replicated, with the only difference that only one analysis was performed for each disease, and
the correlation matrix used for optimization purposes was the correlation matrix from that
particular analysis, not a combined matrix was needed. The absolute value correlation matrix for

HD and AD disease are shown below in respective figures.

Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6
Gen 1 0 0.043 0.03 0.08 0.187 0.001
Gen 2 0.043 0 0.351 0.355 0.383 0.42
Gen 3 0.03 0.351 0 0.889 0.637 0.398
Gen 4 0.08 0.355 0.889 0 0.768 0.599
Gen 5 0.187 0.383 0.637 0.768 0 0.567
Gen 6 0.001 0.42 0.398 0.599 0.567 0

Figure 10: Correlations solution matrix for HD
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Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Gen 7 Gen 8 Gen 9 Gen 10

Gen 1 0 0.989 0.959 0.971 0.690 0.529 0.167 0.618 0.996 0.745
Gen 2 0.989 0 0.942 0.972 0.704 0.558 0.200 0.626 0.992 0.774
Gen 3 0.959 0.942 0 0.951 0.654 0.601 0.117 0.651 0.958 0.660
Gen 4 0.971 0.972 0.951 0 0.680 0.548 0.131 0.603 0.977 0.715
Gen 5 0.690 0.704 0.654 0.680 0 0.859 0.670 0.917 0.706 0.888
Gen 6 0.529 0.558 0.601 0.548 0.859 0 0.565 0.952 0.551 0.655
Gen 7 0.167 0.200 0.117 0.131 0.670 0.565 0 0.639 0.184 0.579
Gen 8 0.618 0.626 0.651 0.603 0.917 0.952 0.639 0 0.628 0.713
Gen 9 0.996 0.992 0.958 0.977 0.706 0.551 0.184 0.628 0 0.756
Gen 10 0.745 0.774 0.660 0.715 0.888 0.655 0.579 0.713 0.756 0

Figure 11: Correlations solution matrix for AD

If each gene is represented through a node in a graph, then the undirected arc joining a pair of
genes can hold their absolute correlation value. This led to the Traveling Salesman Problem (TSP)

formulation, where the idea is to find the most correlated complete tour [17].

3.1. Traveling Salesman Problem

The TSP can be used to discover a potential signaling pathway from a network of genes by
identifying a sequence that maximizes the linear correlation among the genes [37]. TSP tries to
construct the shortest tour through n cities for a salesperson to visit, usually going back to a
preselected base city [39]. The object of TSP is to “Find the shortest tour that visits each city in a
given list exactly once and then returns to the starting city” [41]. If one rephrases the quoted
sentence as “Find the most correlated tour that visits each potential differentially expressed gene
in a given list exactly”, then it is clear that such solution might shed light on how PD works. In
this particular research, the TSP is used to obtain an optimal sequence maximizing linear

correlations among the eight genes considered as potential differentially expressed genes.
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3.2. Minimum Spanning Tree

Due to the fact that the Traveling Salesman problem has to make the somewhat restrictive
assumption that a signaling pathway behaves as a tour, the decision was made to explore an

alternative method. This method is the minimum spanning tree (MST).

The methodology mentioned in Section 2.6.3 is applied as an alternative to the TSP. The
purpose of this additional methodology to develop a signaling pathway from a list of genes
identified as potentially expressed genes (see Table 4), same used in TSP methodology . Utilizing
the same matrix developed from the linear correlations of the genes of interest (Figure 9). The
logic of the MST is applied in order to find a minimal tree with the largest correlation among the

nodes of interest.

3.3 GeneMANIA

GeneMANIA is a web-based tool. It is a web interface for generating hypothesis about gene
function, analyzing gene lists and prioritizing for functional analysis [43]. This method was
discussed and explained in [17]. Data sets utilized by GeneMania are collected from publicly
available databases [41]. This includes co-expression data that is collected from Gene Expression
Omnibus (GEO), physical and genetic interaction data from BioGRID and predicted protein
interaction data is based on orthology from Interologous Interaction Database (I12D). Also pathway

and molecular interaction data from Pathway Commons, which contains data from BioGRID,
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Memorial Sloan-Kettering Cancer Center, Human Protein Reference Database, HumanCyc,

among others (43).

The researcher must enter a list of predetermined genes of interest, optionally also selected from a
list a specific data sets wished to query. GeneMANIA then extends the list with genes that are
functionally similar or have shared properties with the initial query genes. It displays an interactive
association network, which illustrates the relations among the genes and data sets [43]. Based on
a query list of genes, it assigns weights to data sets based on how useful they are for each query.
Individual data sets are represented as networks. Each network is assigned a weight primarily
based on how well connected genes in the query list are to each other compared with their
connectivity to non-query genes. GeneMANIA is based on a heuristic algorithm that builds a
composite functional association network by integrating multiple functional association networks
and predicts gene function [43]. The constructed composite network is a weighted sum of
individual data sources. Each edge in the composite network is weighted by the corresponding
individual data source. Given the composite network, GeneMANIA uses label propagation to score
all genes not in the query gene list. The scores are used to rank the genes. The score assigned to
each gene reflects how often paths that start at a given gene node end up in one of the query gene

nodes and how long and heavily weighted those paths are [43].
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4. Results for each disorder
4.1 Results for Parkinson’s disease

In order to demonstrate the proposed analysis pipeline, Table 4 presents the resulting differentially
expressed genes. The potential differentially expressed genes were taken from two microarray
databases [25] and were selected for analysis, each containing 22,277 probes in the microarray and

their respective lectures in six samples in brain tissues for PD and five samples for control.

Table 4: Set of potential differentially expressed genes

Gene Gene
Number Name

1 ARF3
CCL5
DDX39B
GDI2
PTPN21
RPLI1
RPL21
THRA

[cNIENT Ko W RV, I [N SN VS B | (9}

4.2 Signaling Pathways for PD utilizing TSP

The optimal solution to this particular TSP is the tour among the genes of interest with the largest
possible correlation, shown in Figure 12 (the signs in the figure represent the original correlation
coefficient value). For this particular case there are a total of (8-1)! =5,040 ways in which a cyclic

path can be drawn among the 8 genes, the optimal path was found in this research.
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Figure 12: Optimal solution path for potential expressed genes

4.3 Signaling Pathways for PD utilizing MST

As an alternative method to the TSP, the MST was applied to obtain a tree that maximizes the
linear correlations of the eight genes that were identified previously as potential differentially
expressed genes. Parting from the list of genes of interest, the MST method was applied and an
optimal structure that maximizes these correlation values was obtained MST is applied as an
alternative to the TSP as a means to develop a signaling pathway from a list of genes identified as
potential differentially expressed genes (see Table 4). Starting from the same matrix developed
from the linear correlations of the genes of interest the logic of the MST is applied in order to find
a minimal tree with the largest correlation among the nodes of interest. The MST model is shown

in Figure 13.
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DDX39B

- 0.089

PTPN21

Figure 13: Optimal solution network for potential expressed genes

4.4 Signaling Pathways utilizing GeneMANIA

In order to have a comparison with an already existing tool, geneMANIA was used. As
mentioned before the program requires the list to be entered in its query list located at its

website. Figure 14 shows the resulting diagram.
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Figure 14: Solution diagram for most correlated changes in genes expressions using geneMANIA tool

It must be noted that GeneMANIA was unsuccessful in including all our original genes in the

network. The genes THRA, APF3 and CCLS5 were not connected to the rest of the genes even

though they significantly changed expression with the method presented in this work.

4.5 Biological Discussion for PD genes

The biological expertise in this section was importantly contributed by Clara Isaza and Janice

Garcia. The differentially expressed genes and relations among them, found with this

methodology, are not necessarily associated with PD at this moment. A search for biological

pathways and characteristics for each genes in KEGG [49] databases and Pubmed publications

[47] was conducted. It was found that ARF3 is localized in the Flemming body and play important
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roles in cytokinesis. For CCLS; recent advances in discovering the role in metastatic breast cancer,
cell gene regulation, autoimmunity inmunoregulatory and inflammatory processes. It was also
related to polarization of the immune response in ovalbumin-induced airway inflammation, herpes
simplex infections, chaga disease and influenza A. Diseases associated with CCLS5 include angina
pectoris and ulcer of lower limbs. Gene DDX39B has association with clinical outcomes of
patients with asmodium vivax malaria, the risk of late-onset Alzheimer's Disease in Iranian
Population, RNA transport and Influenza A. The gene GDI2 regulates ciliogenesis after mitosis,
drivers of metastatic dissemination in sonic hedgehog medulloblastoma. The following gene,
PTPN21, exerts pro-neuronal survival and neuritic elongation via ErbB4/NRG3 signaling,
identified by genome-wide association study data-mining and replication, are associated with
schizophrenia, frameshift mutations in coding repeats of protein tyrosine phosphatase genes in
colorectal tumors with microsatellite instability. In other hands, the RPL11 analysis of psoriasis
reveals discordant and concordant changes in mRNA and protein abundance, molecular
mechanisms underlying the pathology of Diamond-Blackfan anemia, contributes to the biogenesis
of 60S ribosomal subunits and influences nucleolar morphology. Studies on RPL21, assemble
characteristics of large subunit ribosomal proteins in S. cerevisiae, mutation in ribosomal protein
L21 underlies hereditary hypotrichosis simplex. Last, THRA is related to a neuroactive ligand-
receptor interaction, thyroid hormone signaling pathway, transcriptional network associated with

the contractile phenotype of smooth muscle cells in human carotid atherosclerosis.

The eight differentially expressed genes were investigated in PUBMED to understand where those
genes were reported in published literature. PubMed comprises more than 25 million citations for

biomedical literature from MEDLINE, life science journals, and online books [46].
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In the table below are shown the differentially expressed genes and where they have been reported
in PUBMED. Mostly of the genes has been reported in apoptosis, cell proliferation, inflammation,

mitochondria and neurodegenerative. The gene RPL21 was already related to Parkinson’s disease.

Table 5: Genes reported in PUBMED in respective literature

Dgéc ARF3 | ccLs | THRA | RPL1I | GDI2 PTII’NZ RPL21 | Total
Apoptosis 0 1 1 1 1 1 1 0 6
Cell Proliferation 1 1 1 1 1 1 0 0 6
Inflammation 1 1 1 1 0 1 0 0 5
Mitochondria 1 1 1 1 1 0 1 0 6
Neuro-Degenerative 1 1 1 0 0 0 0 0 3
Parkinson's Disease 0 0 1 0 0 0 0 0 1
Immuno-regulatory
and Inflammatory 0 0 1 0 0 0 0 0 1
processes
Cholera toxin 0 1 1 0 0 0 0 0 1
N/A 0 0 0 0 0 0 0 1 1
Total 4 6 8 4 3 3 2 1

The differentially expressed genes pathways were also investigated in KEGG (Kyoto
Encyclopedia of Genes and Genomes). KEGG is a database resource for understanding high-level
functions and utilities of the biological system, such as the cell, the organism and the ecosystem,
from molecular-level information, especially large-scale molecular datasets generated by genome
sequencing and other high-throughput experimental technologies (46). In the table below it is
shown the pathways related with each gene. The pathways ribosome and influence were related
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with more than one differentially expressed gene. Also the gene CCL5 was related with twelve

pathways and the gene DDX39B was related with four pathways. The genes ARF3, GDI2 and

PTPNBI1 were not related with any pathway in KEGG.

Table 6: Genes reported in KEGG in respective literature

Parkinson’s Disease Differentially Expressed Genes
ARF3 CCL5 | DDX39B G? I PTI;NZ RPL11 | RPL21 | THRA | Total
Alzheimer's 0 0 1 0 0 0 0 0 1
Disease
Squizophrenia 0 0 0 0 1 0 0 0 1
RNA transport 0 0 1 0 0 0 0 0 1
Spliceosome 0 0 1 0 0 0 0 0 1
Influenza A 0 1 1 0 0 0 0 0 2
mRNA
surveillance 0 0 1 0 0 0 0 0 1
pathway
Ribosome 0 0 0 0 0 1 1 0 2
Chemokine
signalling 0 1 0 0 0 0 0 0 1
pathway
Herpes
simplex 0 1 0 0 0 0 0 0 1
infection
NOD-like
receptor 0 1 0 0 0 0 0 0 1
signalling
pathway
TNF
signalling 0 1 0 0 0 0 0 0 1
pathway
Toll-like
receptor 0 1 0 0 0 0 0 0 1
signalling
pathway
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Parkinson’s Disease Differentially Expressed Genes
ARF3 | CCLS5 DDé( & GDI2 PTli’N2 RPILI RP1L2 THRA Total
Cytokine-
cytokine receptor 0 1 0 0 0 0 0 0 1
interaction
Chagas disease
(American 0 1 0 0 0 0 0 0 1
trypanosomiasis)
Cytosolic DNA-
sensing pathway 0 ! 0 0 0 0 0 0 1
Rheumatoid
arthritis 0 1 0 0 0 0 0 0 1
Epithelial cell
signalling in
Helicobacter 0 ! 0 0 0 0 0 0 1
pylori infection
Prion diseases 0 1 0 0 0 0 0 0 1
Neuroactive
ligand-receptor 0 0 0 0 0 0 0 1 1
interaction
Thyroid hormone
signalling 0 0 0 0 0 0 0 1 1
pathway
n/a 1 1 1 3
Total 1 12 4 1 1 1 1 2

4.6 Results for Huntington’s disease

The genes that changed the expression the most using the HD data base are presented in Table 6.
These genes were selected using Pareto Efficient Frontier, discussed in methodology section, using
data bases of human blood samples on people associated to the disease and control [26]. This
particular databases presented data from patients diagnosed with HD and patient without a HD
diagnostic, mostly spouses of the affected people. Each expression was presented in probes as

shown in table 7. The data base analyzed contained 22,284 probes, each probe with eleven sample
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from HD patients and eight control samples. Each probe was investigated in gene cards and the
genes that were part of each probes were compiled in table 7.Some probes contained the same
genes, in this particular case they were grouped together and the sample data was analyzed together
to have more samples for each case. The probes that were grouped since they contained the same
genes are color coded in the table below (probes with the same genes share the same color) . Some
probes that were also optimal, were controls from the previous experiment, from where the
databases were used initially. Some control probes came from mouse or tomatoes tissues, they

were excluded for further analysis.
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Table 7: Set of potential differentially expressed genes and probes where the genes were found

Probes Genes
204018 x_at HAB?2
209116 _x_at HBD
211696 x_at HBD
211699 x at HBA2, HBA1
211745 x_at HAB?2
AFFX-r2-Pl-cre-5_at Control
209458 x at HAB?2
AFFX-r2-Pl-cre-3_at Control
AFFX-CreX-3 at Control
AFFX-hum_alu_at Control
AFFX-CreX-5_at Control
AFFX-r2-Ec-bioD-3 at | Control
AFFX-BioDn-3_at Control
214414 x_at HAB?2
217414 x_at HAB?2
201315 x at IFITM3, IFITM1, LOC100101246, LOC391020, IFITM9P, IFITMS8P,
— = LOC144383
217232 x at HBD, RPS2PS5, RPS2P8, RPS2P40, RPS2P7, RPS2P11, RPS2P29,
— = RPS2P17
203107 x_at
204848 x_at HBG2
213828 x at H3F3A
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For optimization analysis only one gene of each probe was used as reference, mostly because
they are grouped together in probes because they are part of the same family. The genes used for

TSP and MST are presented in table 7.

Table 8: Genes selected from each probe for further analysis

Nl?rzger Gen Name
1 HAB?2
2 HBD
3 IFITM3
4 RPS2P46
5 HBG2
6 H3F3A

4.7 Signaling Pathways for HD utilizing TSP

The optimal solution to this particular TSP is the tour among the genes of interest from HD
database, with the largest possible correlation is shown in Figure 15. For this particular case there
are a total of (6-1)! =120 ways in which a cyclic path can be drawn among the 6 genes, the optimal

path was found in this research.
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Figure 15: Optimal solution path for potential expressed genes

4.8 Signaling Pathways for HD utilizing MST

The MST was applied to obtain a tree that maximizes the linear correlations of the six genes that
were identified previously. Starting from the same matrix developed from the linear correlations
of the genes of interest the logic of the MST is applied in order to find a minimal tree with the

largest correlation among the nodes of interest.
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Figure 16: Optimal solution network for potential expressed genes

4.9 Biological Discussion for HD genes

Some of the gene reported in HD were related to viral infections. Also immune system and
cytokine (messenger of immune system) were pathways of genes that changed their expression the
most in HD. HBG2 has been reported already in patients with Alzheimer’s disease. Several of the
genes that change their expression in HD are related to hemoglobin. It was interesting that in a
study that our research group is conduction on autism using similar techniques, IFITM2 and HBB
(found as part of the optimal probes in HD) were found optimal for Autism analysis.

Analyzing the genes’ information available in the literature the delta (HBD) and beta (HBB) genes
are normally expressed in the adult: two alpha chains plus two beta chains constitute HbA, which
in normal adult life comprises about 97% of the total hemoglobin. Two alpha chains plus two delta
chains constitute HbA-2, which with HbF comprises the remaining 3% of adult hemoglobin. Five
beta-like globin genes are found within a 45 kb cluster on chromosome 11 in the following order:

5'-epsilon--Ggamma--Agamma--delta--beta-3'. Mutations in the delta-globin gene are associated
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with beta-thalassemia. Some diseases associated with HBD include hemoglobin lepore-beta-
thalassemia syndrome and fetal hemoglobin quantitative trait locus 1. Among its related pathways
are factors involved in megakaryocyte development and platelet production and Platelet

activation, signaling and aggregation [46].

The HBA2 gene provides instructions for making a protein called alpha-globin. This protein is
also produced from a nearly identical gene called HBAT1. These two alpha-globin genes are located
close together in a region of chromosome 16 known as the alpha-globin locus. Alpha-globin is a
subunit of a larger protein called hemoglobin, which is the protein in red blood cells that carries
oxygen to cells and tissues throughout the body. Hemoglobin is made up of four subunits: two
subunits of alpha-globin and two subunits of another type of globin. Alpha-globin is a component
of both fetal hemoglobin, which is active only before birth and in the newborn period, and adult
hemoglobin, which is active throughout the rest of life [45] Diseases associated with HBA2
include thalassemias, alpha- and hemoglobin h disease, nondeletional [46].

For the gene IFITM3, the protein encoded by this gene is an interferon-induced membrane protein
that helps confer immunity to influenza A HIN1 virus, West Nile virus, and dengue virus. Two
transcript variants, only one of them protein-coding, have been found for this gene. Another variant
encoding an N-terminally truncated isoform has been reported, but the full-length nature of this
variant has not been determined [46]. Diseases associated with IFITM3 include influenza,
severe and west nile virus [46].

Ribosomal protein S2 pseudogene 46, gene RPS2P46, is expressed in organism parts: temporal
lobe, lung, gallbladder, spleen, gastroesophageal junction, subcutaneous adipose tissue, breast,

liver, uterus, arm muscle, etc. [50].

49



The gamma globin genes (HBG1 and HBG2) are normally expressed in the fetal liver, spleen and
bone marrow. Two gamma chains together with two alpha chains constitute fetal hemoglobin
(HbF) which is normally replaced by adult hemoglobin (HbA) at birth. In some beta-thalassemias
and related conditions, gamma chain production continues into adulthood. The two types of
gamma chains differ at residue 136 where glycine is found in the G-gamma product (HBG2) and
alanine is found in the A-gamma product (HBG1). The former is predominant at birth. Diseases
associated with HBG2 include cyanosis, transient neonatal and fetal hemoglobin quantitative trait
locus 1[46].

H3F3A gene codes for a replication-independent member of the histone H3 protein
family. Diseases associated with H3F3A include blepharophimosis-intellectual disability
syndrome, sbbys type and ohdo syndrome. Among its related pathways are activated PKNI1
stimulates transcription of AR (androgen receptor) regulated genes KLK2 and
KLK3 and Transcriptional misregulation in cancer [46].

Searches for the selected genes were performed in PUBMED, GeneCards, and KEGG to find
pathways for the genes found in HD that changed their expression the most. This information was

summarized in the tables below.

Table 9: Genes reported in PUBMED & Gene Cards in respective literature
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HD Pathways: PUBMED & Gene Cards

HBD | HBA2 | [FITM3 [ RPS2P46 | HBG2 | H3F3A | Total
Hemostasis 1 0 0 0 1 0 2
Megakaryocyte 1 0 0 0 1 0 2
Immune System 0 0 1 0 0 0 1
Interferon o | o 1 0 0 0 1
Signalling
Cytokine Signalling 0 0 1 0 0 0 1

in Immune system
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Continuation: HD Pathways: PUBMED & Gene Cards

HBD | HBA2 | [FITM3 [ RPS2P46 | HBG2 | H3F3A | Total
Interferon
alpha/beta signalling 0 0 ! 0 0 0 1
p70S6K Signalling 0 0 0 0 1 0 1
IL-4 Pathway 0 0 0 0 1 0 1
Activated PKNI
stimulates
transcription of AR 0 0 0 0 0 1 1
(androgen receptor)
regulated genes
LK2 and KLK3
Cellular Senescence 0 0 0 0 0 1 1
Mitotic Prophase 0 0 0 0 0 1 1
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Continuation: HD Pathways: PUBMED & Gene Cards

HBD | HBA2 | IFITM3 | RPS2P46 | HBG2 | H3F3A | Total
Cell Cycle, Mitotic 0 0 0 0 0 1 1
Development
NOTCHI-mediated
pathway for NF-KB 0 0 0 0 0 ! 1
activity modulation
Infection disease 0 0 1 0 0 1 2
Alzheimer's Disease 0 0 0 1 1
N/A 0 1 1 2
Total 2 1 5 1 5 6
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Table 10: Genes reported in KEGG in respective literature

HD Pathways: KEGG

HBD | HBA2 | IFITM3 RPS2P46 HBG2 | H3F3A | Total
Diabetic 1 0 0 0 0 0 1
complications
Metabolic 1 0 0 0 0 0 1
pathways
Complement and
coagulation 1 0 0 0 0 0 1
cascades
Carbon metabolism 1 0 0 0 0 0 1
Benzoate
degradation ! 0 0 0 0 0 1
Amino b.enzoate 1 0 0 0 0 0 1
degradation
Butanoate ] 0 0 0 0 0 1
metabolism
Microbial
metabohsm in 1 0 0 0 0 0 1
diverse
environments
B cell r'eceptor 0 0 1 0 0 0 1
signalling pathway
n/a 0 0 1 1 1 3
Total 8 0 1 1 1 1
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4.10 Results for Alzheimer’s disease

The differently expressed genes using AD database are presented in Table 11. The analysis was
done with the use of a microarray database GDS2795 [47] related to AD disease that is focused on
neurofibrillary tangles. The samples consisted of Entorhinal cortex of 19 cases and 14 control
samples supplied from the brain banks of the AD Center (ADC) program. The database has a total

of 54,675 genes. This data base also gave the probe, the respective genes are presented in table 11.
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Table 11: Genes selected from each probe for further analysis

Probe aniﬁer Gen Name

1553551 s at 1 ND2
1553538 s _at 2 COX1
224373 s at 3 ND4, Hnrnpm, DCAF6

1555653 _at 4 HNRNPA3

1553588 at 5 ND3, SH3KBPI
201492 s at 6 RPL41
212788 x at 7 FTL

203540 at 8 GFAP
200095 _x_at 9 RPS10
229353 s at 10 NUCKS]1
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4.11 Signaling Pathways for AD utilizing TSP

The optimal solution to this particular TSP is the tour among the genes of interest in AD with the
largest possible correlation is shown in Figure 17 .For this particular case there are a total of (10-
1)! = 362,880 ways in which a cyclic path can be drawn among the 6 genes, the optimal path was

found in this research.

0.989 0.996 0.977 0.951
+ + + +
0.774 + + 0.601
+ i +
RPS10 GFAP '__>“
0.888 0.670 0.639 0.952

Figure 17: Optimal solution path for potential expressed genes

4.12 Signaling Pathways for AD utilizing MST

MST was applied to obtain a tree that maximizes the linear correlations of the ten genes that were
identified previously as potential differentially expressed genes. —The MST graphical

representation is shown in Figure 18.
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NUCKS1

HNRNPA3

Figure 18: Optimal solution network for potential expressed genes

4.10 Biological Discussion for AD genes

Based on previous work by our research group “Characterization of AD: An Operations Research
Approach”[54] the biological interpretation of the genes that changed their expression the most
was performed. The interpretation of that work is reviewed in this thesis. From the literature review
performed in that work [48], some of the probes recognize more than one gene for example probe
1553588 at recognizes ND3 and SH3KBP1. Probe 224373 s at recognizes ND4, Hnrnpm and
DCAF6. The protein encoded by the MT-DN4, or mitochondrially encoded NADH
Dehydrogenase 4, forms part of the core subunit of the mitochondrial NADH dehydrogenase
(Complex I). The mRNA expression for this gene has been reported to decrease in the
hippocampus and inferior parietal lobule of AD patients DCAF6 is related to androgen receptors
which are a path way to AD, this is proof that the method can move past the intermediary gene, as
well as in the temporal cortex of AD patients. Mutations of this gene have been also link to
maternally inherited schizophrenia. Drosophila ND2 mutants show progressive

neurodegeneration. A study for the expression of mitochondrial ND2 and ND4 genes in
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amyotrophic lateral sclerosis (ALS), found that the anterior neurons in the cervical spinal cord had
reduced mtDNA gene levels and an increment in the amount of mtDNA deletions [51][52]. The
next gene, MT-ND3, codes for another member of Complex I. The product of this gene was shown
to bind to a peptide corresponding to 25 amino acids of the C-terminal of amyloid-beta [51][92].
The authors of the report proposed that the ND3 Amyloid- beta interaction could explain in part

the lower activity of Complex I in astrocytes and neurons.

Next gene, COX3, is also a mitochondrial gene. It encodes a protein that forms part of the
cytochorome C Oxidase enzyme complex. In an experiment that was testing the protective effect
of melatonin, COX3 was found to have an increment in its expression [54][55]. PTPRO codes for
the protein tyrosine phosphatase receptor type O, one of the proteins involved in the development
of growth and branch morphology of axonal branches of sensory neurons under development is
not directly linked to AD but it has been reported that it controls negative PH receptors which have

been coined recently as to being one of the causes of Alzheimer’s Disease [56].

NUCKSI codes for nuclear casein kinase and cyclin-dependent kinase substrate 1. Its product has
been shown very recently to participate in homologous recombination DNA repair[57][58].
NUCKSI gene product is also used by the HIV-1 for the viral transcription of its genetic material
and has been reported as a biomarker for some cancer [59][60].The expression the NUCKS1 gene

has a link with mood disorders, It is related to Parkinson’s disease [60][63].

RPS10 gene codes for one of the proteins of the 40S ribosomal subunit. The expression of this

gene was found to be lower in Schizophrenia patients than in controls [65]. Changes in expression
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of this gene has been observed in colorectal cancer [66]. Mutations in the RPS10 are link to
diamond-blackfan anemia [68]. RPS10 is part of the ribosomal protein family that has been

reported to change its expression in neurodegenerative diseases such as AD [67].

FTL gene codes for the ferritin light polypeptide protein. Ferritin is the main intracellular iron
storage protein. It has been reported that levels of ferritin are lower in the peripheral blood
mononuclear cells from AD patients, and it has been proposed that this change is one of the factors
responsible for the dysregulation of iron found in AD patients .This gene is associated with
neurodegenerative disorder associated with iron accumulation in the brain, primarily in the basal

ganglia and enhances oxidative damage [71][72].

The Ribosomal Protein L41, encoded by RPL41, has been suggested to play roles in cell
proliferation and differentiation during neurogenesis..This protein was found also to help with
virus replication in some avian viruses: infectious bursal disease virus[47] and Sindbis virus [73].
It also promotes the expression of the c-myb proto-oncogene [74]. The mutation in this gene is
responsible for Alexander disease (a rare disorder of the central nervous system),

to leukodystrophy and AD. The disease causes the destruction of myelin [76].

MEG3 is a long non-coding RNA tumor suppressor [77]. Experiments in mice suggest that MEG3
could participate in the early development of the central nervous system and problems with it may
be related with cortical malfunctions. MEG3 [80] has been found to be downregulated in

Huntington’s disease [81].
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Grouping the genes that code for proteins that form part of a bigger complex, there are ND4, ND2,
and ND3, mitochondrial encoded NADH dehydrogenase (Complex I) genes. Another
mitochondrial encoded gene is COX3 and its product also forms part of one of the electron
transport complexes. The correlations between the expression changes for these genes is high,
more than 0.9. These results coincide with the reports of mitochondrial genes expression change
in AD [83][85]and other neurodegenerative diseases [82][95].There are two genes that code for
different ribosomal proteins: RPS10 and RPL4, with a correlation coefficient of 0.86. in the TSP
they are separated by FTL. Some of the selected genes have been reported to change their
expression in different cancers and some are known to help in viral infections.

Similarly on what was done for PD and HD, a search for published pathways was

performed in PUBMED, Gene Cards and KEG. The information is detailed in the tables below.
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Table 12: Genes reported in PUBMED & Gene Cards in respective literature

AD Pathways: PUBMED & Gene Cards

COX1

ND2

ND3

HNRNPA 3

RPS10

RPLA41

GFAP

FTL

ND4

NUCKS1

Total

Respiratory
electron
transport,
ATP
synthesis by
chemiosmot
ic coupling,
and heat
production
by
uncoupling
proteins.

Alzheimer's
Disease

Metabolic
Pathways

Apoptosis

Metabolism

Parkinson's
Disease

S |o|Io]| ©

[ K=k Rl BN

(=2 K= Rl BN )

S |o|1o] ©

Huntinton's
Disease

Gene
expression

Effects of
nitric oxide

Generic
Transcriptio
n Pathway

mRNA
Splicing -
Major
Pathway

Spliceosome

Viral
mRNA
Trans lation
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Continuation: AD Pathways: PUBMED & Gene Cards

COX1

ND2

ND3

HNRNPA 3

RPS10

RPLA41

GFAP

FTL

ND4

NUCKSI

Total

Metabolism
ofamino
acids and
derivatives

Activation
ofthe
mRNA upon
binding of
the cap-
binding
complex and
elFs, and
subsequent
binding to
43S

Influenza
Viral RNA
Transcriptio

n and
Replication

Influenza

Infectious
disease

rRNA
processing

Viral
mRNA
Translation

Signaling by
GPCR

Neural Stem
Cell
Differentiati
on Pathways
and
Lineage-
specific
Markers

Spinal Cord
Injury

ERK
Signaling
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Continuation: AD Pathways: PUBMED & Gene Cards

COX1

ND2

ND3

HNRNPA 3

RPS10

RPL41

GFAP

FTL

ND4

NUCKSI1

Total

Clathrin
derived

vesicle
budding

Vesicle-
mediated
transport

Binding and
Update of
Ligands by
Scavenger
Receptors

Integrated
pancreatic
cancer
pathways

Transport of
glucose and
other sugars,
bile salts
and organic
acids, metal
ions and
amine
compounds

Cell cycle
pathway

Cell
proliferation

Schizophren
ia

Total

10
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Table 13: Genes reported in PUBMED & Gene Cards in respective literature

AD Pathways: KEGG

COX1

ND2

ND3

HNRNPA 3

RPS10

RPLA41

GFAP

FTL

ND4

NUCKSI1

Total

Metabolic
pathways

Oxidative
phosphory
lation

Porphyin and
chlorophyll
metabolism

Biosynthesis
of secondary
metabolites

Two-
component
system

Cardiac
muscle
contraction
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Continuation: AD Pathways: KEGG

COX1 | ND2 | ND3 | HNRNPA 3 | RPS10 | RPL41 | GFAP | FTL | ND4 | NUCKSI1 | Total
Non-alcoholic
fatty liver 1 o | o 0 0 0 0 0| o 0 1
disease
(NAFLD)
Alzheimer's
disease 1 o | o 0 0 0 0 0| o 0 1
Parkinson's
discase 1 | 1 0 0 0 0 0o | 1 0 4
Huntington's 1 0o | o 0 0 0 o | o] o 0 1
disease
Transcriptional
misregulation
in cancer

0 1 0 0 0 0 0 0 0 0 1
Hedgehog
signaling
pathway 0 1 0 0 0 0 0 0 0 0 1
Cell
proliferation 0 1 0 0 0 0 0 0 0 0 1
HTLV-I
i focti
infection 0 1 0 0 0 0 ol o 0 1
Viral
carcinogenesis

0 1 1 0 0 0 0 0 0 0 2
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Continuation: AD Pathways: KEGG

COX1

ND2

ND3

HNRNPA 3

RPS10

RPLA41

GFAP

FTL

ND4

NUCKSI1

Total

Neomycin,
kanamycin and
gentamicin
biosynthesis

Meiosis - yeast

Prolactin
signalling
pathway

Polycyclic
aromatic
hydrocarbon
degradation

Microbial
metabolism in
diverse
environments

FoxO
signalling
pathway

Cell cycle

Wnt signalling
pathway

Hippo
signalling
pathway

Jak-STAT
signaling
pathway
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Continuation: AD Pathways: KEGG

COXI1 [ ND2 [ ND3 [ HNRNPA 3 | RPS10 | RPL41 | GFAP | FTL | ND4 | NUCKSI | Total
Serotonergic 0 1| o 0 0 0 o | o] o 0 1
synapse
Measles 0 1 1 0 0 0 0 0 0 0 2
MicroRNAs in 0 1 0 0 0 0 0 0 0 0 1
cancer
Jak-STAT
signalling 0 0 0 0 0 0 1 0 0 0 1
pathway
Mineral o | o] o 0 0 0 o | 1] o 0 1
absorption
p33signalling | | o | 0 0 0 o | o o 0 1
pathway
P13K-Akt
signalling 0 0 1 0 0 0 0 0 0 0 1
pathway
n/a 0 0 0 1 1 1 0 0 1 4
Total 10 19 11 1 1 1 1 1 1
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5. Commonalities Analysis

Analyzing the three diseases together, it was interesting to easily notice there are a lot of
commonalities between PD, AD and HD. This support the initial idea of this thesis: the genetic
behavior of all three diseases has commonalities. Even though the same genes were not repeated
among the diseases, it was found that the genes shares common pathways that are already reported
in the literature and also, some genes found in a particular disorder were already reported in one

of the others disorder under analysis.

The gene COX1 was found optimal in AD and it has been related with PD, HD and AD pathways
in the literature. The genes COX1, ND2, ND3, ND4 and NUCKS1 were found in AD and all has
been related with PD pathways already. Also COX1, RPS10, ND4 and GFAP were found in AD
and they have been reported in AD pathways. In other hands, COX1 was found in AD and have
been reported with pathways in HD in literature. RPL21 was found in PD and reported in PD
pathways. HBG2 was found in HD and reported in AD pathways and DDX39B was found in PD
and reported in AD pathways. From this analysis it can be deduced that COX1 is optimal for all
disorders. Four genes (COX1, RPS10, ND4 and GFAP) were found optimal in AD analysis with
the proposed methodology in this work and are already reported in AD in the literature. The same
case with RPL21 found in PD with this methodology and reported in PD pathways in literature.
This shows that the proposed methodology is powerful and successfully identified genes that were
reported already using other mythologies. Also some genes were optimal in a particular disease
with the methodology proposed in this work and published in one of the other two diseases under

discussion. This is presented in Table 21.
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Table 15: Common pathways between PD, HD and AD

Common Pathways

. ) - \
Pathway Parl.(mson > Hu ntington's Alzheimer's Disease | Total Genes
Disease Disease
Metabolic COX1, ND2, ND3,
Pathways HBD ND4 S
Parkinson's NUCKS 1, COXI,
Disease CCLS ND2, ND3,ND4 6
DDX39B,
. . ARF3, CCL5,
Cell proliferation GDI2, THRA. RPS10, NUCKS 1 8
RPL11
ARF3, PTPN21,
Apoptosis CCL5,GDI2, COX1 7
THRA, RPL11
Metabolism HBD COX1,ND2,ND3,ND4 5
Influenza CCLS5, DDX39B RPS10, RPL41 4
HBA2,
Infectious Disease RPS2P46, RPS10, RPL41 5
IFTM3
Cell Cycle H3F3A ND2, ND3 3
pathway
CytoklnejCytoklne CCL5 [FITM3 )
receptor interactor
Alzheimer's RPS10, GFAP,ND4,
disease DDX398B HBG2 COX1 S
Schizophrenia PTPN21 RPS10, NUCKS 1 2
Hpntmgton s COX1
Disease 1
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Also it is important to mention that the disorders also share common pathways. This means that
some optimal genes in a particular disorder are related in the literature with a pathway and some
other genes that were optimal in another disease was also related to the same pathway in the
literature. PD and AD share the following pathways: Parkinson's disease, cell proliferation,
apoptosis, Alzheimer’s disease, schizophrenia and influenza. PD and HD shares the pathways:
Cytokine-cytokine receptor interaction and Alzheimer’s disease. HD and AD shares: metabolic
pathway, cell cycle pathway, Alzheimer’s disease, metabolism and infectious disease. It was

noted that all three diseases has pathways reported already related to PD.

6. Cost Model

6.1. Costs related in PD, AD and HD available in literature

A cost model focused on patients with a neurological disease like PD, AD and HD was developed
in this work. The purpose is to give an idea of the cost of living with a disease like one these. Also
the model could be used for planning purposes. A research in the literature was performed to
understand what cost were considered in previous studies. According to the Alzheimer Foundation
of America [101] in 2010, the average cost care per dementia case was between $41,000 and

$56,000.

For PD, incidence increases with age, but an estimated four percent of people with PD are
diagnosed before the age of 50 [96]. In previous research it was estimated that the number of
people living with PD will double by 2040. The average age when people is diagnose with PD is

60 years old [117]. The average age at death is 81 years old [117].
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Medication costs for an individual person with PD average $2,500 a year, and therapeutic surgery
can cost up to $100,000 dollars per patient [94]. A model performed by Kowal SL [98] estimates
disease prevalence, excess healthcare use and medical costs, and nonmedical costs for each
demographic group defined by age and sex. The national economic burden of PD exceeds $14.4
billion in 2010 (approximately $22,800 per patient). In this particular study they stated that he
population with PD incurred medical expenses of approximately $14 billion in 2010, $8.1 billion
higher ($12,800 per capita) than expected for a similar population without PD. Indirect costs (e.g.,
reduced employment) are conservatively estimated at $6.3 billion (or close to $10,000 per person

with PD). According to APDA (American Parkinson’s Disease Association) the average yearly cost
associated to a person with PD is $22,800 [99]. This cost includes $2500 medication cost per year.

People with PD are more likely to live in nursing homes [97], nursing home care is accounted for

people with PD were more than ten times as likely as people who did not have PD [97].

According to the Alzheimer’s Association [100], since AD is a progressive disease, the type and
level of care needed will change over time. The common care cost for AD provided by the

Alzheimer’s Association [100] are:

¢ Ongoing medical treatment for Alzheimer's-related symptoms, diagnosis and follow-up

visits

o Treatment or medical equipment for other medical conditions

o Safety-related expenses, such as home safety modifications or safety services for a person

who wanders
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e Prescription drugs

e Personal care supplies

e Adult day care services

e In-home care services

e Full-time residential care service

The average cost for long-term care services in USA provided by the Alzheimer’s Association [98]

arc:

e $220 per day or $80,300 per year for a semi-private room in a nursing home

e $250 per day or $91,250 per year for a private room in a nursing home

e $3,600 per month or $43,200 per year for basic services in an assisted living facility

e $20 per hour for a home health aide

e $59 per day for adult day services

Among people age 70, 61 percent of those with AD are expected to die before the age of 80
compared with 30 percent of people without AD — a rate twice as high. Of the 5.4 million
Americans with AD, an estimated 5.2 million people are age 65 and older, and approximately
200,000 individuals are under age 65 (younger-onset AD).One in nine people age 65 and older has

Alzheimer's disease [102] They are 28 percent more likely than other adults to eat less or go hungry
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because they cannot afford to pay for food. At the same time, many survey respondents had
misconceptions about what expenses Medicare and Medicaid cover, leaving them unprepared to
handle the tremendous costs associated with the disease [102]. AD is the most expensive disease

in America, costing more than cancer and heart disease [10].

Nearly 800 people with mild Alzheimer's disease, about half of whom went to the hospital over
the course of the study period due to falls, infections or other problems [109]. Being hospitalized
was associated with nearly twice the likelihood of having a poor outcome, including mental decline
and death, and being delirious while hospitalized increased the risk by about 12 percent. "Delirium
can be quite a problem for patients even with mild Alzheimer's disease, and preventing it may be
a more effective treatment strategy than the current medications," said Dr. Tamara Fong, an

assistant professor of neurology at Harvard Medical School and lead author of the study [109].

The Alzheimer Association [109], stated that people with Alzheimer's disease are three times as
likely to spend time in the hospital. Between 20 percent and 40 percent of AD patients are

hospitalized each year for an average of about four days, the study authors noted.

For HD, Divino [104] presented patients were classified by disease stage (Early/Middle/Late) by
a hierarchical assessment of markers of disease severity, confirmed by literature review and key
opinion leader input. Costs were measured over the follow-up time of each patient with total costs
per patient per stage annualized using a patient-year cost approach. According to Parkinson
Association [104], the mean total annualized cost per patient increased by stage (average of
commercial $4,947- $22,582 and Medicaid: $3,257- 37,495). Outpatient costs were the primary
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healthcare cost component. The vast majority (73.8%) of Medicaid Late stage patients received
nursing home care and the majority (54.6%) of Medicaid Late stage costs were associated with
nursing home care. In comparison, only 40.6% of commercial late stage patients received nursing
home care, which contributed to only 4.6% of commercial late stage costs [104].According to this
study [104], the annual direct economic burden of HD is substantial and increased with disease
progression. More late stage Medicaid HD patients were in nursing homes and for a longer time
than their commercial counterparts, reflected by their higher costs (suggesting greater disease
severity). The average cost of HD could be decreased with Medicaid savings as much as 20 percent

[106].

Physical therapy is popular in PD treatment. It cannot cure PD, because neurological damage
cannot be reversed. But therapy can help the person compensate for the changes brought about by
the condition. These '"compensatory treatments," include learning about new movement
techniques, strategies, and equipment. A physical therapist teach exercises to strengthen and loosen
muscles. Many of these exercises can be performed at home. The goal of physical therapy is to
improve independence and quality of life by improving movement and function and relieving pain.
For patients covered by health insurance, out-of-pocket costs typically consist of a co-pay of $10-
$75 per session or coinsurance of 10%-50% or more. Physical therapy typically is covered by

health insurance when medically necessary [115].

Physical therapy can help with: balance problems, lack of coordination, fatigue, pain, gait,

immobility and weakness [114]. Treatments in physical therapy often can be completed in one to
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three office visits. The first appointment includes an evaluation and recommendations for
exercises. The following appointments check your progress and review and expand your home
program. Most hospitals can provide additional sessions of outpatient therapy if needed
[114].People with Parkinson’s disease (PD) typically visit their neurologist two to four times a
year [114] and according with Alzheimer’s Association [109] the average fee to visit a

neurologist is $15 with a medical insurance and around $250 without medical insurance.

In Puerto in specific, one of the most popular health insurance is Triple S [107], using the
information from the Triple S official website [109] the monthly rate of a health insurance
coverage varies from $330 to $480. Selecting one of the available medical insurance plans in Triple
S, the specialist fee goes from $15-$20, per visit and the hospitalization fee is in average $75 per
night. Beneficiaries with dementia are in the hospital 3.4 times more often than other elderly

beneficiaries, totalizing around seven times per year [110].

According to “Tu Cubierta” web page [105] the average fee of an emergency room with a medical
insurance coverage is $15 per visit. If laboratory or radiology is needed then the fee will be the
30% of the cost [109]. In 2013, the emergency room visits per patient was 1.01, and people with
dementia usually goes 3.4 times more [110], this gives an average of 3.43 visits to emergency
room per year. Also in 2003, 17% of people went one time per year to emergency room, 4%, two
times and 6% three times or more [112]. Blood work pricing at a laboratory can range anywhere
from $100 for one simple test, to $3,000 for several complex tests. On average, to get blood work
done at a lab when the patient is uninsured will cost around $1,500 [113]. Some medical insurances

cover 70 % of this cost and the insured person only pays 30% of the cost [109].
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6.2. Costs variables and model definition

With all the information related of the high yearly cost of the diseases discussed in this work, and
taking in consideration that the cost varies with the disease’s stage, this work focuses in a cost
model. This cost model could be used by any patient or patient’s relative for planning and budget
management purposes. The projection of the number of affected patients are increasing, so it is
important the study of the diseases’ cost. The cost also depends on the stage of the disease, for
convenience the cost model will be adapted for three stages using severity as reference (Low,
Medium, and High) similar to the severity hierarchy explained by Divino [104]. The cost model is

compounded by individual cost, shown in a cost diagram in Figurel9.

Cost Model for Neurological Disorders
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Figure 19: Cost Model for Neurological Disorders Representation
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Cost Variable definitions:

i=1,2,3, type of disease (1=PD, 2=HD, 3=AD)

j=1,2,3 Stage of disease I (1=Low, 2=Medium, 2=High)

TCij=

Total Cost of disease i in stage |
MI= Cost of medical insurance

DC= Cost of a patient with the disease
MM-= Cost of a patient death

FC= Cost of Funeral Services

YL= Annual Cost calculated from Present value (PV) of Year of life lost (opportunity cost). Years

of life lost caused by the disease

= AE=Average earning

=  YL-Year lost

ND=Cost of living with the disease

PL=Productivity Loss, Present value (PV) of earning lost due to productivity reduction

= AE=Average earnings

= AD=Day non Productive (Absence days in work)

HS=Health services cost

HC=Hospitalization Cost
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HD=Days spend in Hospital

DV=Doctor Visit cost

TD=Times visited doctor office

ER=Emergency Room Visit

TE=Times visited Emergency Room

MC=Medication and prescription cost

TH=Therapy cost

TT=Times in therapy

NL=Nursing Home Cost

OC=0Other Costs including diet, transportation, caregiver, personal articles, walkers, x-rays,

laboratories, electronic beds, etc.

The cost model is then the sum of all cost of the disease i in stage j.

TC;;_MI1+DC+HS+NL+OC

ij=
Where:
DC=MM+ND

MM=FC+(YL)

1

YL = () (1 - 420

A+r)n r
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=  Where:
YL=Present Value
CF= cash flow in future period
r = the periodic rate of return or interest

n = number of periods

_ CF
L= (1+r)n 15
1
AC=1- % (16)
HS=HC(HD)+DV(TD)+ER(TE)+MC+TC(TT) (17)

As it was stated at the beginning of this document each disorder has several stages. For PD, there
are five stages [10]. For convenience in this cost model the stages will be grouped as Low (stage
1 and 2), Medium (stage 3) and High (stage 4 and 5).This stages were similar as explained in [104]
by Divino, where patients were classified by disease stage (Early/Middle/Late) by a hierarchical
assessment of markers of disease severity. In the Low stage some symptoms appear [106], for
example tremor, movement and walking problems, poor posture, etc. This stage would mainly
require several medical appointments. For the Medium stage, [106] the loss of balance is one of
the main symptoms, resulting in falls that could end in several Emergency Room visits and some
medication cost. The patients have problems eating, getting dressed and performing daily
activities. This represent a higher cost in emergency room visit and medical appointments, since
the frequency of visits increases. Also this stage includes cost of care giver, other costs (diet,
transportations, and personal items) and therapy costs. For the stage High [106], the person has

hallucinations and dilutions, it is impossible to stand and walk , they need help with daily living
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and they can’t live alone, eventually the person could end confined to bed. In this stage the cost
include nursing cost as a major cost. Also all the other cost are present in this stage. In all stages
the medical insurance cost may be added if the patient has it, this would decrease cost of
Emergency room visits, medical appointments, hospitalization, medication, therapy, etc. Also the
opportunity cost, loss of productivity is present in all stages and it would increase proportional to

the stage. The death cost (funeral and year of live lost) could be present at any stage.

For HD there are 3 stages, each stage will be assigned to Low, Medium and High as explained
before. In Low stage [106], the major symptoms are depression, involuntary movements and
changes in coordination, the person starts to be less able to work. In this stage medical
appointments and productivity loss cost are easily present. In Medium stage [104], all the ordinary
occupational and psychical activities are harder to do. The productivity loss cost increases, therapy
(occupational and physical) and care giver cost are evident as well as other costs. Medication cost
is also present in this stage. In High stage [106], they are not able to talk or walk. They are totally
dependent on others so the nursing cost is the main cost in most cases in combination with all other
cost discussed. For all stages medical insurance could be present, decreasing another costs
mentioned. Opportunity cost, loss of productivity is present in all stages and it would increase
proportional to the stage. The death cost (funeral and year of live lost) could be present at any

stage.

For AD, The National Alzheimer's Association and the National Institutes of Health identified
seven stages of this disease [110]. For convenience and for this cost model this seven stages will
be reduced to Low, Medium and High. In the first stage [110], people do not present any sign of
having the disease and in the second stage people start to forget words or the location of everyday

objects, but the disease cannot be detected. It is in the third stage when people and doctors can
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detect the person’s difficulties, for example performing tasks, remembering names, losing objects,
among others. These first three stages will be grouped as Low. The mainly cost present in this Low
stage are: Medical Appointments (Doctor Visits), medical insurance, productivity loss and
medication cost. In the fourth stage, people do not have the ability to perform complex tasks,
mental challenges or even paying bills. In the fifth stage, people have gaps in memory and thinking,
they cannot remember their own phone number or address, and they also may need help to choose
clothes. This two stages will be grouped as Medium Stage, the main costs that are present in this
Medium stage are: Other Costs (care giver mainly), increased Productivity Loss, Medical

Insurance, Doctor Visits , Hospitalizations and some Therapy Cost.

The sixth stage [110] is when the person experiments personality changes, can lose awareness of
recent experiences, and tend to wander or become lost, among others. The last stage when the
person loses the ability to carry a conversation, needs help with most of their daily personal care
and the muscles grow rigid. This two stages will be grouped together in the High Stage. The main
costs related with the high stage are: Nursing Home Cost, Medication Cost, Therapy Cost, Other
Costs, etc. Depending on each particular case the costs mentioned may or may not be included as

well as all the other cost presented in this model.

Also, the opportunity cost, loss of productivity is present in all stages and it would increase
proportional to the stage. The death cost (funeral and year of live lost) could be present at any
stage. The Medical Insurance Cost may or may not be present in all stages (depending if the person

have a government or private medical plan).
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6.3. Model Verification

In order to verify the cost model, the literature available estimates will be used to calculate the cost
of a patient in the Medium Stage of PD, as a case study. The total cost calculated with the proposed
model will be compared with yearly estimates provided in other similar studies. For validation
processes, it will be assumed that the person has daily visits of a care giver, since in this stage they
cannot perform every task alone, the person has a medical insurance and the age of the person is

60 years old (average age provided by Parkinson’s National Foundation [117]).

The cost used to verify the model will be discussed and compared with recent studies estimates.
The Medical Insurance Cost [109] used was the average between the monthly payments (average
between $330 and $480= $405). The medication cost per year used is $2,500 as stated in [96]. The
Hospitalization Cost used was $2,100 per year, using 4 days per hospitalization [109], 7 times per
year [109] with the average hospitalization fee of $75 per night [110]. The cost of emergency room
was calculated using the average fee of an emergency room with a medical insurance coverage-
$15 per visit and 3.43 visits per year in average [110], totalizing $50.10. The doctor visits cost for
insured people is $15 per visit [113], in average 4 visits per year [116], with a yearly cost of
$60.00.The radiology cost (OC) is between $138-$265 (excluding esophagus radiology ($595) and
Usi w/ air w/sm bovel ($1139))[113]. Supposing a patient needs x-rays in at least one of the
Emergency room visits, then the average radiology cost would be $201.5. Supposing that at least
one blood laboratory (OC) is needed then the cost will be the average laboratory cost of $1500 per

0.30 [113], that is percentage that the insured person is responsible for according to [109]. Personal
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articles cost discussed in [119] includes: equipment costs to make a home comfortable and safe -
electric beds ($3,000 to $5,000), walkers ($100 to $450), bath lift ($1,200) and ramps ($200 to
$8,000) If we used the cheaper estimates the personal articles cost are $4,500 plus cost of adult
dippers that the estimated cost is $2,160 per year. The equipment cost could be used and bought
in any stage, and in different years during the life of the person, so it was not included in this
specific case. Only the diapers cost were included. In this case, using a daily caregiver minimizes
transportation cost, so it was not included in this specific example. A specific diet may be or may
not be required, $20 per day is the average cost of diet of any patient with a dementia disorder

[121], totalizing $7,300 per year.

Physical therapy cost for insured people goes from $10 to $75 [113]. In average [115], two visits
to the office to get therapy is enough for PD patients. The total cost is the average fee per 2 visits
per year, $127.50. To calculate nursing home cost per year, $59 per day was used [100], excluding

weekends, this gives a total cost of $15,340 per year.

The Productivity Loss (YL) was calculated using an annual interest pay per period of 0.75%, this
is the USA rate in 2016 presented by Trading Economics website [123] and presented in equation
(14). The first approach was to use Present Value (PV) using the PMT (payment) as the average
monthly salary in PR in 2016 ($2,244.58) [119]. The periods used was 36 months, since the
average age of PD patients is 60 years old [117] and the average retirement age in all USA states
and PR is 63 years old [118]. This means that the person will loss at least 3 years of

working/productive years (36 months). The yearly interest pay per period was converted to
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monthly (0.00625%). The PV cost is $72,158.68, the equation was presented in equation (16).
Then in order to annualize the PV the Annual Cost (AC) calculation was used, this was presented

in equation (15).

These costs were used as examples, the total cost could change depending each specific patient
and the stage of the disorder. The medical insurance could also have influence, the use of nursing

homes or care givers and surgeries interventions could also affect the cost.

Comparing this cost with other studies, in [101] the average cost for people with dementia
disorders were between $41,000 and $56,000 per year. The study performed in [99], only
including nursing home and medication cost estimates $22,800 per year. In [98] the cost of AD
was $43,200 per year for basic services in an assisted living facility including medical treatment
and equipment, prescription drugs and personal care supplies. The model proposed by this work
considers the cost in table 15, and total cost, including an opportunity cost- productivity loss (PL)
is $62,898.13. This cost is higher than the others but this consider Productivity Loss cost that
was neglected in the other studies. If we ignore this additional cost to compare with the studies

mentioned then the model TC would be $35,150.45.
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Table 15: Costs considered in Model Validation

Type Cost Calculation Details Formula Yearly Cost
MI=(Average Monthly Fee for Medical
Mi Insurance)x 2 MI=12*((330+480)/2) S 4,860.00
MC MC=Average Medication Cost per year | MC=2500 $ 2,500.00
HC=Average Hospitalization Fee/night
HC x(Average days per hospitalization)x
Hospitalization times/year HC=75x7x4 S 2,100.00
DV= (Doctor Visit Average Fee) x
DV (Average Visits/year) DV=4x15 S 60.00
ER= (Emergency Room Average Fee)x
ER Average visits/year ER=3.43x15 S 51.45
TH= (Average therapy cost)x Average
TH therapist visits TH=((10+75)/2)x3 S 127.50
OC (Care Giving) | OC=(Care giver cost/day)x days/year 0OC=59x52x5 S 15,340.00
OC=Laboratory Cost x Percentage not
OC(Labs) covered by Insurance 0OC=1500x0.3 S 450.00
OC(X-Rays) OC=Average radiology costs 0C=(13+265)/2 S 201.50
OC (Personal
Articles) OC=Diapers cost 0C=2,160 S 2,160.00
OC=Average Diet cost/day x
OC(Diet) (days/year) 0C=20x 365 S 7,300.00
YL(Present Value) =PV(interest rate,
number of payments, payments PV(0.00625,36,-2244.58)=
YL amount) -72,158.56
S 27,747.68
YL (Annual Cost=PMT(interest rate,
number of periods, amount) PMT(0.075,3,-72,158.56)
TC=4860+2500+2100+60+
TC TC=MI+MC+HC+DV4ER+TH+OCHYL | o rA2*127:5+15340+450+ | ) 29813

201.5+2160+7300+27747.

68
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7. Conclusions

This work proposes the study of commonalities among three important neurological disorders: PD,
AD and HD. The interrelations of the genes that change their expression the most can be enhanced
using optimization techniques. The purpose of the proposed method is the detection of a biological
pathway, as a combinatorial problem similar to the Traveling Salesman Problem and Minimum
Spanning Tree. This implies an optimal solution exists. It could also imply that current biological
pathways might have room for improvement to fully capture the signal in microarray experiments,

and thus open the possibility of further discovery in the characterization of PD, AD and HD.

The analysis has been applied for PD, HD and AD. For PD results of 8 genes that change their
expression the most were obtained, some of them related with inflammation, apoptosis,
neurological disorders, Parkinson’s disease, mitochondria and proliferation. The same analysis
was replicated to HD obtaining results of 6 genes. Most of them related to viral infections,
metabolism, hemoglobin and Alzheimer’s disease. Some genes were also found in Autism using
similar analysis in a work from my research group. In AD the analysis was performed and 10 genes
were found. Most of them related with metabolic pathways, cell peliferation, AD, PD and HD.
This analysis proposes genes that has not been explored in PD, AD and for HD yet and could

suggest new experiments.

It was concluded that the three disorders have genetic communalities between them. Some genes
from each disorder shares pathways with one or two of the other disorders. Also, some genes found

in a particular disorder were already reported in one of the others disorder under analysis.
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A cost model was performed to represent the actual average cost that is incurred in patient with a
neurological disease. Depending on the stage of the disorder this cost may vary. The main costs
include: medical insurance, disease cost, health services costs, nursing and other costs. Using the
proposed formulation and costs already available in the literature the yearly average cost of a

neurological disorder is $62,863.21.

As future work a biological comparison between MST and TSP results will be performed. Also
the genetics over expression or under expression biological’s effects between a pair of genes will
be analyzed by our research group. The analysis of using next generation sequencing instead of
microarrays as gene expressions measure could be performed by our research group to improve
the availability of the data. Medical effects of this results are also intended to discuss and

characterize them in the future.
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Appendix A

Al- Pareto Efficient Frontier Program used to calculate Pareto Efficient Frontier

Y%pareto2criteriosBio.m
%Analisis de frontera Pareto de dos criterios
dataT=load("Group_1 It2.txt"); %Cargar la data
[x,y]=size(dataT); % data completa x=num filas, y=num columnas
data=dataT(:,2:end); %Cargar la data de los criterios
[n,m]=size(data); %n=num filas (k), m=num columnas (j)
cl = 1000*ones(n,n,m); % matriz primera condicion
for j=1:m %recorrido para cada criterio
for a=1:n %recorrido Ffila
for b=1:n %recorrido columna
if data(a,j)==data(b,j) %condicion 1.1
cl(a,b,j)=0;
elseif data(a,j)<data(b,j)
cl(a,b,j)=-1;
end
end
end
end

% Procedimiento para sumar cl para dos criterios
c2=zeros(n,n); Y%matriz segunda condicion
for a=1:n %recorrido para filas
for b=1:n %recorrido de columnas
if cl(a,b,1)+cl(a,b,2)==0
c2(a,b)=1000;
elseif cl(a,b,1)+cl(a,b,2)==1000
c2(a,b)=1000;
elseif (cl(a,b,1)+cl(a,b,2))>=2000;
c2(a,b)=2000;
end
end
end

% Procedimiento para encontrar el conjunto dominado cd, y el no dominado
% cnd

cnd = zeros(X,y); %matriz del conjunto no dominado

cd = zeros(X,y); % matriz del conjunto dominado

i=0; %contador para cd
J=0; %contador para cnd
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for a=1:x
sumfila=sum(c2(a, :)); %comando para sumar la fila a, : de todas las
columnas
if sumfila>=2000; % condicion para sacar el conjunto dominado
i=i+l;
cd(i,:)=dataT(a,:);
else % conjunto no dominado
J=1+1;
cnd(j,:)=dataT(a,:);
end
end

index = 1:x; %contadores de los datos
disp([round(index®) cd]);
disp([round(index®) cnd]);

%Graficar el conjuno dominado y el conjunto no dominado
scatter(cd(1:1,2),cd(1:1,3),"bo", "linewidth®,2); % grafica del conjunto
dominado

Y%scatter(cd(1:1,2),cd(1:1,3),"m*", "linewidth",2); % grafica del conjunto
dominado

hold on % mantiene el grafico anterior
scatter(cnd(1:j,2),cnd(1:3,3), " r*","linewidth”,8); % grafica del conjunto no
dominado

axis([-1 5 -1 6]); % tamanho de los ejes

Y%xlabel ("F1 - Objective 1*",*fontsize",20, "fontweight”,"b", "color™, "k")
%ylabel ("F2 - Objective 2", "fontsize",20, "fontweight”,"b", "color™, "k")
xlabel (" Transformed(|Mean(Case)-
Mean(Control)|)", "fontsize",15, "fontweight”,"b","color”,"k"); %nombre del eje
X

ylabel (" Transformed(|Med(Case)-
Med(Control)|)", "fontsize",15, "fontweight®, "b","color”, "k"); %nombre del eje
y

title("Pareto Efficient

Frontier®,"fontsize",18, "fontweight®,"b", "color”®, "k");

%title("Minimizacion case”, "fontsize~,20, "fontweight®,"b","color™, "k");
%titulo

%Mostrar el Conjunto no dominado en un notepad, con los datos de
%x1,x2,f1,f2

disp(” Conjunto no dominado )

%disp("Gen Accesion F1(H) F2(C)");

cnd=cnd(1:j,:);

Ffilecnd = fopen(“cndcasel It2_txt","w");

%cnd=cnd(1:j,:);

fprintF(filecnd, "%6s  %12s %12s\r\n", "Posicion Genes","F1","F2%);
fprintf(Ffilecnd, "%6.4F %12 .4F %12 _4f\r\n”,cnd");
fclose(filecnd);

A2-TSP Matlab Program used

106



%tsp.m
function [costo secuencia matriz_solucion]=tsp(correlaciones)

% Funcidén para encontrar la secuencia con la maxima la suma de las
correlaciones
% Se utiliza programacién binaria con particion de subtours

% Argumentos y datos de salida del programa

% correlaciones: matriz de correlaciones de tamafio nxn

% costo: varlor 6ptimo de la solucidn

% secuencia: secuencia Optima (tamafio 1xn)

% matriz_solucion: representaci?n de la solucién 6ptima mediante matriz
% binaria

% Los informes de fallos y las sugerencias para mejorar el cédigo pueden ser
% enviadas a rodriguez@ingenieros.com
% Codigo elaborado por Jesus Andres Rodriguez Sarasty

nnodos=length(correlaciones);

correlaciones=-correlaciones+eye(nnodos)*nnodos*100;

[Aeq beq f]=generador(correlaciones);

A=L1;

b=[1;

solucion_inicial=bintprog(f,A,b,Aeq,beq);
matriz_solucion=reshape(solucion_inicial ,nnodos,nnodos)";

[menor_tour min_tour contador_tour]=identificacion_subtour(matriz_solucion);

secuencia=menor_tour;

matriz=matriz_solucion”;

x=matriz(:);

fprintf("Numero subtours \t Tour m?nimo \n");

if min_tour<nnodos
while min_tour<nnodos
disp(contador_tour);
disp(menor_tour);
menor_tour2=[menor_tour(2:end),menor_tour(1)];
matriz_tour=full (sparse(menor_tour,menor_tour2,1,nnodos,nnodos));
matriz_tour=matriz_tour";
vector_restriccion=matriz_tour(:);
A=[A;vector_restriccion"];
b=[b;min_tour-1];
X = bintprog(f,A,b,Aeq,beq);
matriz_solucion=reshape(x,nnodos,nnodos) " ;
[menor_tour min_tour
contador_tour]=identificacion_subtour(matriz_solucion);
end
end
[respuesta longitud]=identificacion_subtour(matriz_solucion);
if longitud==nnodos
secuencia=respuesta;
else
display("No se obtuvo solucion®)
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end
costo=f"*x;
end

function [Aeq beq f]=generador(correlaciones)

n=length(correlaciones);
nvariables=n*n;
matriz=zeros(n,nvariables);
vector=ones(1,n);
matrizl=zeros(n,nvariables);
for i=1:n
J=(1-1)*n+1;
matrizl(i,j:(@+n-1))=vector;
end

for 1=1:n
vector=i:n:nvariables;
coeficientes=sparse(l,vector,1,1,nvariables);
matriz(i,:)=Full(coeficientes);

end

Aeg=[matrizl;matriz];

beg=ones(2*n,1);

f=correlaciones”;

=F(:);

end

function [menor_tour min_tour
contador_tour]=identificacion_subtour(distancias)

A=distancias;
nnodos=length(A);
completo=false;
min_tour=inf;
restantes=1:nnodos;
contador_tour=0;
while completo==false
contador_tour=contador_tour+1;
nnodos=length(A);
indices=1:nnodos;
[fila columna]=Find(A,1);
tour=zeros(l,size(A,1));
tour(1)=Fila;
tour(2)=columna;
siguiente=fFind(A(tour(2),:));
contador_secuencia=3;
while (any(siguiente==tour)==0)
tour(contador_secuencia)=siguiente;
siguiente=Find(A(tour(contador_secuencia),:));
contador_secuencia=contador_secuencia+l;
end
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longitud=Find(tour,1, " last");

if longitud<min_tour
min_tour=longitud;
tour(tour==0)=[];
menor_tour=restantes(tour);
end

tour(tour==0)=[];
tour_real=restantes(tour);
restantes=setdiff(restantes,tour_real);
indices=setdiff(indices,tour);

iT isempty(restantes)
completo=true;
else
A=A(indices, indices);
end

end

end
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Appendix B

[-Minimum spanning tree and TSP method applied to this work example and steps

1) Extract data of relative expression for control and disorder tissues- Table B1
2) Pareto Efficient Frontier to obtain the genes that changes their expression the most- Figure B1
3) Calculate pairwise difference between disorder tissues and control tissues- Table B2
4) Calculate correlation of differences between genes - Table B3
5) Select the most correlated genes lineal/network path
e Method Comparison (Adjacent genes communalities between TSP and MST in
each disorder-Tables B4-B6
6) Establish commonalities between PD, AD and HD- Table B7

An example for Parkinson’s disease is shown below:
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Table B1- Relative Expression of control and Alzheimer’s disease tissues (Extract of samples)-

This is only a sample to show the process followed

Parkinson's Tissues

Control Tissues

GSM
48811

GSM
48812

GSM
48812

GSM
48812
5

GS
M48
812
7

GS
M48
8129

Mean
Parkins
ons

Median
Parkins
ons

GS
M48
8111

GS
M48
8113

GS
M48
8115

GSM4
88117

GSM488
131

Mean
Control

Median
Control

216299

11103.4

270.707

1143.74

3271.21

24768.3

7120057833

327121

455.15

1404.95

1983.89

4598.15

792.953

1847.0186

1404.95

3905.63

21632.9

1892.79

5048.94

49440.9

13701.05067

5048.94

706.512

211051

3325.02

871843

1092.8

3190.6544

22619

132734

157.89

987.834

2653.62

31552

8481.107333

2653.62

348.136

1052.73

19203

6283.5

546.263

2030.1858

1052.73

6682.78

38601

556.883

3054.54

921257

83009.2

23519.4955

921257

1233.56

35693

5694.18

13654.5

1733.73

5177.054

3569.3

5791.09

29114.7

527.853

3302.69

9182.67

60231.5

18025.08383

9182.67

115729

3795.85

5564.71

113313

2008.19

4771.468

3795.85

13940.3

70544.3

1147.63

7979.72

22040.6

154317

44994.925

22040.6

2163.94

7353.54

12903.1

28337.9

4144.98

10980.692

7353.54

32559.6

117643

2671.7

13429.2

33598.6

190331

65038.85

33598.6

9916.3

24809.9

21534.7

444146

8138.11

21762.722

21534.7

55227.8

171971

3409.59

20070.4

45417.2

257086

92196.99833

55227.8

971049

31033.5

29978.1

59864.2

12239.5

28565.158

29978.1

60401

161689

3959.19

20140.5

46911.6

264270

92895.215

60401

14883.3

42507.9

312326

61641.2

12709.4

32594.88

312326

38.905

162.18

18.5607

51.4297

105.683

105.111

80.31156667

80.31156667

40.8911

51.3019

94.9411

27.6157

22.9417

47.5383

40.8911

18.8934

106.697

18.4864

23.1113

90.8538

40.8585

49.81673333

40.8585

6.54427

137.517

31.9783

14.3447

7.47238

39.57133

14.3447

46.2818

129.005

47.9228

9.30178

140.303

96.8995

78.28564667

78.28564667

109.422

9.41568

34.0378

12.5667

56.130436

34.0378

46.9195

212.861

18.8189

19.7122

71.4243

38.8989

68.1058

46.9195

20.3508

7.84472

13.1848

37.1045

15.3913

18.775224

15.3913

63.3079

424143

18.8521

27.1947

127.076

33.2498

52,0158

424143

5.72838

37.8953

65.704

55.2062

7.64183

34.435142

13.7668

58.5993

13.4824

110.23

162.007

277.855

105.9900833

105.9900833

45.9831

77.5259

58.1438

9.58607

37.7022

45.788214

45.9831

2.15659

35.8335

18.494

54.4808

26.3082

62.1438

33.23614833

33.23614833

4.41727

47.296

17.0992

5.15612

17.0649

18.206698

17.0649

7.10183

36.4759

3.1783

10.0365

36.2602

6.87408

16.65446833

10.0365

31.2316

6.62176

16.5458

2.19077

3.38339

11.994664

6.62176

22,1622

77.6666

36.0164

25.396

99.1528

188.17

74.76066667

74.76066667

18.1593

31.4929

79.0156

22.5544

63.9842

43.04128

31.4929

7.11719

151.039

7.29883

12,5215

13.9975

233252

35.88320333

13.9975

49.9272

8.35776

105.722

21.3704

17.2875

40.532972

21.3704

437134

109.634

1.97002

17.2376

41.609

275096

33.72192667

275096

15.1678

6.20277

8.77102

36.0744

5.32198

14307594

8.77102

163692

16.8281

6.861

10.9011

33.4407

85.199

28.26651667

16.8281

40.0469

34,9572

9.22921

13.4269

8.62801

21257644

13.4269

11.4245

30.6689

27.1027

49.9285

262969

11.6823

26.18396667

262969

88.0414

36.6183

32.2498

27773

9.89596

38915692

32.2498

123962

320438

6.0268

26.5029

32.1306

23.694

70.19808333

265029

9.08208

30.9958

48.9993

7.10897

7.14293

20.665816

9.08208

1.50849

22.1743

19.5209

6.99452

119.049

227.302

66.091535

221743

7.50269

5.86959

33.7388

2647

17366756

132527

3245.55

16747.4

357.625

1723.74

404648

31505.5

9604.3825

404648

751.598

1610.23

328094

6413.08

991.623

2609.4942

161023
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AFFX-r2-

Ec-bioB-

M at 3601.68 22163.9 214912 2028.59 523221 49252.4 13748.94867 523221 781156 1191.83 3519.9 7829.61 905391 2845.5774 1191.83
AFFX-r2-

Ec-bioB-

3 at 2532.19 16779 265252 153049 446498 371919 10460.63533 446498 404252 1505.14 2686.23 8380.71 1150.28 2825.3224 1505.14

Figure B1- One of the ten Pareto efficient frontier from program “Pareto2CriteriosBio”- This

was one of efficient frontiers obtained.
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Table B2- Example of Pairwise difference one of the six analysis performed in PD (Used in the

sixth Analysis)
Pairwise Differences

diffl diff2 diff3 diff4 diff5 diffe diff7 diff8
-175010 -129039 | 2116.167 | -76165.5 -150648 -65250.6 -176592 | -57296.5
7794.8 125.2 -83.6 | -4337.98 | -4356.41 1193.62 6157.7 -1244.8
-49216.4 -30877 431.97 | -33612.6 | -28706.8 -16342.2 | -44917.4 | -19760.6
-584334 -576439 1531.19 -514709 -560757 -429636 -664274 -473862
-287287 -276151 598.98 -263269 -307689 -240294 -353640 -237894
-14435.4 -17716 -396.9 | -19082.5 | -25341.6 -11829.1 | -17379.8 | -17151.2
-144831 -101414 1634.767 | -61109.4 -129325 -52522.9 -150272 | -42402.9
37973.5 27749.8 -565 10718.1 16966.6 13921.32 32477.5 13648.8
-19037.7 -3252.4 -49.43 | -18556.5 -7383.8 -3614.5 | -18597.6 -4867
-554155 -548814 1049.79 -499653 -539434 -416908 -637954 -458968
-257108 -248526 117.58 -248213 -286366 -227566 -327320 -223000
15743.3 9908.6 -878.3 -4026.4 -4018.6 898.6 8940 -2257.6
-159640 -112689 1722.997 | -56325.2 -130380 -53513.2 -157024 | -45678.1
23165.1 16474.5 -476.77 15502.3 15911.2 12931.02 25725.1 10373.6
-33846.1 | -14527.7 38.8 | -137723 -8439.2 -4604.8 -25350 -8142.2
-568964 -560089 1138.02 -494868 -540489 -417898 -644706 -462243
-271917 -259801 205.81 -243428 -287421 -228556 -334072 -226275
934.9 -1366.7 -790.07 757.8 -5074 -91.7 2187.6 -5532.8
-130351 | -82280.8 | 2085.787 | -31289.2 -100494 -35398 -128842 | -22798.2
52453.5 46883.1 -113.98 40538.3 45797.3 | 31046.22 53907.7 33253.5
-4557.7 15880.9 401.59 11263.7 21446.9 135104 2832.6 14737.7
-539675 -529681 1500.81 -469832 -510603 -399783 -616524 -439363
-242628 -229393 568.6 -218392 -257535 -210441 -305890 -203395
30223.3 29041.9 -427.28 25793.8 24812.1 18023.5 30370.2 17347.1
-185971 -131213 | 2037.777 | -74939.3 -148119 -68682 -185434 | -59074.7
-3166.2 -2048.7 -161.99 -3111.8 -1827.4 -2237.82 -2684.7 | -3022.99
-60177.4 | -33050.9 353.58 | -32386.4 | -26177.8 -19773.6 | -53759.8 | -21538.8
-595295 -578613 1452.8 -513482 -558228 -433067 -673116 -475640
-298248 -278325 520.59 -262042 -305160 -243725 -362482 -239672

113



-25396.4

-19889.9

-475.29

-17856.3

-22812.6

-15260.5

-26222.2 | -18929.4

Table B3- Correlation Matrix for the sixth analysis in PD in absolute values

Gen 1
Gen 2
Gen 3
Gen 4
Gen 5
Gen 6
Gen 7
Gen 8

Gen 1

0
0.996
0.618
0.985
0.996
0.984
0.998
0.981

Gen 2 Gen 3 Gen 4

0.996 0.618 0.985

0 0.554 0.995
0.554 0 0.479
0.995 0.479 0
0.997 0.566 0.992
0.993 0.481 0.998
0.998 0.58 0.991
0.994 0.461 0.999

Gen 5
0.996
0.997
0.566
0.992

0
0.994
0.999

0.99

Gen 6 Gen 7

0.984
0.993
0.481
0.998
0.994

0
0.992
0.998

0.998
0.998
0.58
0.991
0.999
0.992
0
0.989

Gen 8
0.981
0.994
0.461
0.999

0.99
0.998
0.989

0

Table B4- TSP and MST comparison- Table to show adjacent correlated genes results in
common in both methods in PD

Adjacent Adjacent
Genes Relation Number of correlated genes | TSP MST
DDX39B-ARF3 2 v v
ARF3-RPL21-
PTPN21 3 v v
GDI12-THRA 2 0 0

Table B5- TSP and MST comparison- Table to show adjacent correlated genes results in
common in both methods in HD

Adjacent Adjacent
Genes Relation Number of correlated genes | TSP MST
HAB2-HBG2 2 v v
HBD-H3F3A-
RPS2P46-IFITM3 | 4 v v
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Table B6- TSP and MST comparison- Table to show adjacent correlated genes results in
common in both methods in AD

Adjacent Adjacent
Genes Relation Number of correlated genes | TSP MST
ND2-NUCKS1 2 v v
COX1-ND4-
HNRNPA3 3 v v
NUCKS1-RPS10-
GFAP 3 v v
FTL-RPL41 2 v v
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Table B7- Table of pathways found in each disorder

Parkinson's Huntington's Alzheimer's
Pathways . . . Total

Disease Disease Disease
Metabolic pathways 0 1 1 2
Oxidative phosphorylation 0 0 1 1
Pomhyrin and chlorophyll

. 0 0 1 1

metabolism
Blosynth651s of secondary 0 0 | 1
metabolites
Two-component system 0 0 1 1
Cardiac muscle contraction 0 0 1 1
Non-alcoholic fatty liver 0 0 1 1
disease (NAFLD)
Alzheimer's disease

1 1 1 3
Parkinson's disease 1 0 1 2
Huntington's disease 0 0 1 1
Transcriptional misregulation in 0 0 | 1
cancer
Hedgehog signaling pathway 0 0 1 1
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Cell proliferation 1 0 1 2
Continuation: Pathways Pa.lrkmson ° H}mtlngton > A%zhelmer ° Total
Disease Disease Disease
HTLV-I infection 0 0 1 1
Viral carcinogenesis 0 0 1 1
Neomycin, kanamycin and
N . 0 0 1 1

gentamicin biosynthesis
Meiosis -yeast 0 0 1 1
Prolactin signaling pathway 0 0 1 1
Polycyclic aromatic 0 0 | 1
hydrocarbon degradation
Microbial metabolism in

. . 0 0 1 1
diverse environments
FoxO signaling pathway 0 0 1 1
Wnt signaling pathway 0 0 1 1
Hippo signaling pathway 0 0 1 1
Jak-STAT signaling pathway 0 0 1 1
Serotonergic synapse 0 0 1 1
Measles 0 0 1 1
MicroRNAs in cancer 0 0 1 1
Mineral absorption 0 0 1 1
p53 signaling pathway 0 0 1 1
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P13K-Akt signaling pathway 0 0 1 1
Continuation: Pathways Pa?rklnson 5 Hyntlngton > A%zhelmer ° Total
Disease Disease Disease
Respiratory electron transport,
ATP synthesis by chemiosmotic
. . 0 0 1 1

coupling, and heat production
by uncoupling proteins
Apoptosis 1 0 1 2
Metabolism 0 1 1 2
Gene expression 0 0 1 1
Effects of nitric oxide 0 0 1 1
Generic Transcription Pathway | 0 0 1 1
mRNA Splicing - Major 0 0 | 1
Pathway
Spliceosome 0 0 1 1
Viral mRNA Translation 0 0 1 1
Metabolism of amino acids and

. 0 0 1 1
derivatives
Activation of the mRNA upon
binding of the cap-binding 0 0 | 1

convlex and elFs, and
subsequent binding to 43S
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Influenza Viral RNA

Transcription and Replication 0 0 ! 1
Influenza 1 0 1 2
Continuation: Pathways Pz?rkmson ® Hyntmgton > A?zhemler ; Total
Disease Disease Disease
Infectious disease 0 1 1 2
rRNA processing 0 0 1 1
Signaling by GPCR 0 0 1 1
Neural Stem Cell
Differentiation Pathways and 0 0 1 1
Lineage-specific Markers
Spinal Cord Injury 0 0 1 1
ERK Signaling 0 0 1 1
Clathrin derived vesicle
budding 0 0 ! !
Vesicle-mediated transport 0 0 1 1
Binding and Uptake of Ligands
0 0 1 1

by Scavenger Receptors
Integrated pancreatic cancer 0 0 1 1
pathways
Transport of glucose and other
sugars, bile salts and organic

. . . 0 0 1 1
acids, metal ions and amine
compounds
Cell cycle pathway 0 1 1 2
Schizoprenia 0 0 1 1
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RNA transport 1 0 0 1
mRNA surveillance pathway 1 0 0 1
Ribosome 1 0 0 1
Continuation: Pathways Pa}rklnson ° Hgntlngton > A%zhelmer ° Total
Disease Disease Disease
Chemokine signaling pathway 1 0 0 1
Herpes simplex infection 1 0 0 1
NOD-like receptor signaling 1 0 0 1
pathway
TNF signaling pathway 1 0 0 1
Toll-like receptor signaling | 0 0 1
pathway
Cytokine-cytokine receptor | | 0 5
interaction
Chagas disease (American
. 1 0 0 1

trypanosomiasis)
Cytosolic DNA-sensing 1 0 0 1
pathway
Rheumatoid arthritis 1 0 0 1
Epithelial cell signaling in

. . . 1 0 0 1
Helicobacter pylori infection
Prion diseases 1 0 0 1
Neuroac.:tlve ligand-receptor | 0 0 1
Interaction
Thyroid hormone signaling | 0 0 1
pathway
Inflammation 1 0 0 1
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Neurodegenerative 1 0 0 1

Hemostasis 0 1 0 1

Megakaryocyte 0 1 0 1

Inmune System 0 1 0 1

Continuation: Pathways Pa.lrkmson ° H}mtlngton > A%zhelmer ° Total
Disease Disease Disease

Interferon Signaling 0 1 0 1

Interferon alpha/beta signaling | 0 1 0 1

p70S6K Signaling 0 1 0 1

IL-4 Pathway 0 1 0 1

Activated PKN1 stimulates

transcription of AR (androgen 0 | 0 1

receptor) regulated genes KLK2

and KLK3

Cellular Senescence 0 1 0 1

Mitotic Prophase 0 1 0 1

Developnent NOTCHI-

mediated pathway for NF-KB 0 1 0 1

activity modulation

Diabetic complications 0 1 0 1

Complement and coagulation 0 | 0 1

cascades

Carbon metabolism 0 1 0 1
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Benzoate degradation 0 1 0 1
Aminobenzoate degradation 0 1 0 1
Butanoate metabolism 0 1 0 1
Continuation: Pathways Pz?rkmson 5 Hyntmgton ¥ A%zhe1mer ° Total
Disease Disease Disease

Microbial metabolism in

. . 0 1 0 1
diverse environments
B cell receptor signaling 0 | 0 1
pathway
Schizoprenia 1 0 1
Total 23 25 56

B8-Accronyms

PD- Parkinson’s disease

AD- Alzheimer’s disease
HD- Huntington’s disease

DEG- differentially expressed genes
CBYV - Cerebral Blood Volumes
FMRI- Functional Magnetic Resonance Imaging

DMVN- Dorsal Motor Nucleus of the Vagus

ION- Inferior Olivary Nucleus
ALS- amyotrophic lateral sclerosis
MCO- Multiple Criteria Optimization

PV- Present Value
PMT- Payment
AC- Annual Cost
MST-
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Abstract
In this research, mathematical optimization is used to detect potential genetic differentially
expressed genes and proposes probable signaling structures in Alzheimer’s disease, Parkinson’s
disease and Autism. The characterizations of these three affections have been elusive in the
literature, although their impact in society is projected to dramatically increase in the next decades
worldwide. This project proposes the study of commonalities in the genetic signatures and genetic
pathways, through optimization analysis, among these three neurological disorders. The search for
the most correlated path is carried out using very popular integer optimization formulations:

Travelling Salesman Problem (TSP) and Minimum Spanning Tree (MST). For both, a set of

differentially expressed genes is identified previously through multiple criteria optimization; a
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correlation coefficient is used to link every pair of genes. This information is used to create a
mathematical graph, where genes are nodes and the absolute value of the correlation coefficient is
applied to each directed arc. A branch-and-bound approach is used to find the optimal path, that
is, the most correlated one. The analysis has been partially applied for Parkinson’s disease,
obtaining preliminary results of 8 differentially expressed genes, some of them related with

inflammation, apoptosis, neurological disorders, mitochondria and proliferation.

Keywords
Traveling Salesman Problem; Signaling Pathways; Multiple Criteria Optimization; Parkinson’s

disease

1. Introduction

This project proposes the study of commonalities among three important neurological conditions:
Alzheimer’s disease (ALS), Parkinson’s disease (PAR) and Autism (AUT). The characterizations
of these three conditions have been elusive in the literature, although their impact in society is
projected to dramatically increase in the next decades worldwide. In Puerto Rico alone, current
estimates for people affected with these disorders add up to 48,000 for ALS, 14,000 for PAR, and
7,800 for AUT [1]. In addition, it must also be noted that Caribbean-Americans are 1.5 times as
likely to suffer dementia as White Americans [1]. The high incidence of these conditions in Puerto

Rico call for accelerating their understanding and characterization.

There is a large amount of publicly-available data associated to mRNA microarrays and
microRNA arrays, as well as several other types of high throughput biological experiments related

to ALS, PAR and AUT with the potential to be analyzed in a coordinated manner [2, 3]. Our
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research group has specialized in designing analysis strategies based on mathematical optimization
that facilitate the simultaneous analysis of multiple experiments without the manipulation of
parameters by the user. In this sense, our strategies offer consistent convergence to a manageable
number of key pieces of information for each disorder that can be correlated with convenience in
search for commonalities. Figure 1 schematically shows the proposed research design for this pilot
project. Moving horizontally from left to right, the first stage involves the simultaneous analysis
of multiple microarrays (or microRNA arrays) to detect potentially important genes or regulatory
molecules. This first stage will be approached through our originally-devised multiple criteria
optimization approach. The second stage will use the lists of potentially important genes from the
previous stage to determine the optimally correlated circular path among them as a proxy for a
biological signaling path. Moving vertically downwards in Figure 1, these two stages will be
carried out for all three conditions (ALS, PAR and AUT). In Stage 3, these analyses will then
allow establishing commonalities in terms of differentially expressed genes and potential signaling
paths. Biological and medical literature will be used to marshal evidence of similar mechanisms

among illnesses and to propose mechanisms that have eluded discovery to date.
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Stage 1, Potential Biomarkers: approached
with Multiple Criteria Optimization

Alzheimer’s Disease

Stage 2, Most Correlated Path, approached
with Combinatorial Optimization

I Stage 3, Biological Commanalities | Com monal itieS

Figure 1: Research Design for Project

Even though this work goal is to characterize commonalities between the three neurological

disorders, at the moment only PD has been analyzed and will be discussed in this research paper.

2. Methodology

Parkinson’s disease (PD) is the second most common neurodegenerative disease. Although many
of the pathogenic molecules underlying the rare autosomal-dominant forms of PD have been

identified, the full complement of pathogenic pathways involved in the common “sporadic” form
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of PD remains unknown [4]. For this reason PD was the first neurological disorder analyzed at this
time and it is the one discussed in this research paper. First, two microarray databases [4] were
selected for analysis, each containing 22,277 probes in the microarray and their respective lectures
in six samples in brain tissues for PD and five samples for control. Both databases were obtained
from [4]. The first database came from a high-resolution variant of functional MRI (fMRI) that
maps basal cerebral blood volume (CBV) with submillimeter resolution to show that the DMNV
(Dorsal Motor Nucleus of the Vagus) is dysfunctional in PD according with the study mentioned
above. The second database came from a neighboring region relatively resistant to the disease,
ION (Inferior Olivary Nucleus), taken from the same study. The PD samples were taken from
autopsies from people with a mean age 56.4 years and control samples were taken from autopsies
of people with mean age of 56.2 years [4].

2.1 Multiple Criteria Optimization

The first step was to calculate the difference of PD and control expressions in both databases
simultaneously modeling the analysis as a Multiple Criteria Optimization (MCO) Problem as
described in [5, 6], both works by our research group. In brief, MCO deals with making decisions
in the presence of multiple performance measures in conflict. Because of the presence of conflict,
an MCO problem does not find a single best solution but rather a set of best compromising
solutions in light of the performance measures under analysis [7]. The general MCO problem
involves at least two performance measures to be optimized, where only the case with two
performance measures has a convenient graphical representation. An MCO problem, however, can
include as many dimensions (or performance measures) as necessary [7]. The performance
measure used in this case, was the median, calculated for PD and control samples in DMNV and

also PD and control samples in ION databases as shown in Figure 2.
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Figure 2: Gene expression differences between PD and control in DMNYV and ION tissues

In this study, the set of solution that provide the best compromise between the conflicting
performance measures were found using a Pareto-Efficient Frontier. The genes selected by this
Frontier are those that change their expression the most between the control and the PD samples.
For this study the first ten efficient frontiers were considered to avoid missing genes that also
should be considered solutions. Due to computer memory constrains the databases were divided
in 4 groups of 5,600 genes or less and iterated to converge to the final efficient frontier. An example
of an efficient frontier analysis is shown in Figure 3, under a case with maximization of two
performance measures. Do notice that any performance measure to be maximized can be
transformed linearly to become a perfectly equivalent performance measure to be minimized

individually.
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Figure 3: Example of an efficient frontier
The general mathematical formulation of an unconstrained MCO problem is as follows:
Find x to
Minimize fj(x) j=1,2,....] (1)

The MCO problem in (1) can be discretized onto a set K with [K| points in the space of the decision
variables so as to define particular solutions xk (k=1,2,..., [K]) which can, in turn, be evaluated
in the J performance measures to result in values f; x¥* That is, the k" combination of values for

the decision variables evaluated in the j* objective function.The MCO formulation under such

discretization is, then as follows:

Find x* (keK) to
Minimize f; ¥ j=1,2,...,] (2)

The solutions to (2) are, then, the Pareto-efficient solutions of the discretized MCO problem.

Considering formulation (2), a particular combination x° with evaluations f i x° will yield a
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Pareto-Efficient solution to (2) if and only if no other solution x¥ exists that meets two conditions,

from this point on called Pareto-optimality conditions

fi(x¥)<f; x° vj (Condition 1)

f]-(x‘l’) <fj x? in at least one j

(Condition 2)

Conditions (1) and (2) imply that no other solution x¥ dominates the solution under

evaluation, x°, in all performance measures simultaneously.

The original work from where the databases were obtained [2] stipulated that one region of the
brain is being affected (DMNV) in PD presence and the other region remained unaffected (ION).
This was challenged in this study since it is known that gene expressions works as a network and
neighboring brain regions could be affected. For this reason it was decided to perform six
additional analyses (presented in Table 1) to validate if ION region was unaffected; or if the main
variable driven the expression differences was the presence/absence of PD in the samples. All

analyses were also treated as MCO problems.

Table 1: Analyses with DMNV and ION database
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Series of Pareto Efficient Frontiers were identified on all analyses resulting in distinct sets of
differentially expressed genes. As stated before, there were 22,777 genes initially, from which ten
Pareto Efficient Frontiers were analyzed in each analysis. Accumulating the Pareto optimal
solutions (differentially expressed genes) from every analysis, there were a total of 44
differentially expressed genes. From those 44 differentially expressed genes, eight genes that were
in common in every single analysis were further analyzed. Using the selected differentially
expressed genes from the last process, individually for each analyzes and for which behavior was
measured as a statistical correlation, the next step was to find coordinated behavior among the
expression changes of the selected genes. The statistical correlation was computed as linear as a
first approach and carried out in a pairwise manner. The linear correlation values found are proxies
for suppressed or stimulated behavior in the expression level changes of the two genes under
analysis. Because these values range from -1 to 1, their absolute values are computed to handle
them as quantities to be maximized. Thus two genes will be strongly correlated if the absolute of
their correlation value is close to 1. The correlations calculated for each pair of gene were further
arranged in a correlation matrix. To construct this matrix, the differences taken in consideration in
each analysis (see Table 1) had to be calculated for each gene. Then, the absolute values of the

correlation coefficients were calculated among each pair of genes based on these differences and
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stored in the said matrix. The correlation of genes in each analyses was the combined to converge

on a final solution as illustrated in Figure 4.

Gene 1. Gene 8

..Gene 1
X

Gene 8.,
—

L owpt xpd* o
P X Pz XPyn ----Pra

Figure 4: Combined correlations solution matrix example

This method consisted in multiplying the absolute correlation values of each gene combination
from all analyses on the same position. This ensured that changes in correlation values be reflected
in a combined correlation factor. This combined correlation factor represented each pair of genes.

2.2 Traveler Salesman Problem

If each gene is represented through a node in a graph, then the undirected arc joining a pair of
genes can hold their absolute correlation value. This led to the Traveling Salesman Problem (TSP)
formulation, where the idea is to find the most correlated complete tour.[8] The TSP is one of the
most famous combinatorial optimization problems. TSP tries to construct the shortest tour through
n cities for a salesperson to visit, usually going back to a preselected base city [9]. The object of
TSP is to “Find the shortest tour that visits each city in a given list exactly once and then returns
to the starting city” [10]. If one rephrases the quoted sentence as “Find the most correlated tour
that visits each potential differentially expressed gene in a given list exactly”, then it is clear that

such solution might shed light on how PD works. In this particular research, the TSP is used to
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obtain an optimal sequence maximizing linear correlations among the eight genes considered as
potential differentially expressed genes. An illustration of how the resulting graph would look like

for a five genes problem is shown in Figure 5.

o- &

- X
Figure 5: TSP illustration example

The TSP optimization model is as follows:

Minimize Y. jyca Cij¥ij
(3)

Y1gj=n(Yij) =1 Vi 4)

Y1<isn(Yij) =1 Vj

(5)
Nx=b»b (6)
x;<(m—1)y; V(i j)EA (7
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®)

Let A’ = {(i,j): yij =1} and let A>’ ={(i,)): xij >0}. The constraints (4) and (5) imply that exactly
one arc of A’ leaves and enters any node i; therefore, A’ is the union of node disjoint cycles
containing all of the nodes of N. In general, any integer solution satisfying (4) and (5) will be a
union of disjoint cycles; if any such solution contains more than one cycle; they are referred to as
sub tours, since they pass through only a subset of nodes. In constraint (6) N is an nxm matrix,
called the node-arc incidence matrix of the minimum cost flow problem. Each column Njj in the
matrix corresponds to the variable xij. The column Nij has a +1 in the i*" row, a —1 in the j* row;
the rest of its entries are zero. Constraint (6) ensures that A” is connected since we need to send 1
unit of flow from node 1 to every other node via arcs in A”. The forcing constraints (7) imply
that A” is a subset A’. These conditions imply that the arc set A’ is connected and thus cannot

contain sub tours [11].

3. Results

The optimal solution to this particular TSP is the tour among the genes of interest with the largest
possible correlation, shown in Figure 6. For this particular case there are a total of 8! =40,320 ways
in which a cyclic path can be drawn among the 8 genes, the optimal path was found in this research.
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Figure 6: Optimal solution path for potential expressed genes

The differentially expressed genes and relations among them, found with this methodology, are
not necessarily associated with PD at this moment. A search for biological pathways and
characteristics for each genes in KEGG [12] databases and PubMed publications [13] was
conducted relating some of the genes with inflammation, apoptosis, neurological disorders,
mitochondria and proliferation. All this information will be further analyzed and discussed as
future work to validate the mathematical methods and biological structure presented in this work
Also, the same method discussed in this work would be applied to ALZ, AUT, and it is also under

consideration to include Huntington’s disease.

4. Conclusions

This work proposes the study of commonalities among three important neurological disorders:
Alzheimer’s disease (ALS), Parkinson’s disease (PAR) and Autism (AUT). As an initial state the
characterization of PD was performed to search for potential differentially expressed genes. Their
interrelations can be enhanced using optimization techniques. The purpose of the proposed method
is the detection of a biological pathway, as a combinatorial problem similar to the Traveling

Salesman Problem. This implies an optimal solution exists. It could also imply that current
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biological pathways might have room for improvement to fully capture the signal in microarray
experiments, and thus open the possibility of further discovery in the characterization of PD, as

well as ALS and AUT eventually.
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