Genetic Commonalities of Autism Spectrum Disorder and Schizophrenia
By:
Amil A. Font Valentin
A thesis submitted in partial fulfillment of the requirements for the degree of
MASTERS QF SCIENCE
INDUSTRIAL IIQNGINEERING

UNIVERSITY OF PUERTO RICO

MAYAGUEZ CAMPUS
2019

Approved by:
Mauricio Cabrera-Rios, Ph.D. Date
President, Graduate Committee
Mayra Méndez, Ph.D. Date
Member, Graduate Committee
Jaime Seguel, Ph.D. Date
Member, Graduate Committee
Gloribell Ortiz, Dr PH Date
Representative of Graduate School
Viviana I. Cesani Vazquez, Ph.D. Date

Department Chairperson



Abstract of Thesis Presented to the Graduate School
of the University of Puerto Rico in Partial Fulfillment of the
Requirements for the Degree of Masters of Science

Genetic Commonalities of Autism Spectrum Disorder and Schizophrenia
By
Amil A. Font Valentin
May 2019
Chair: Dr. Mauricio Cabrera-Rios
Department: Industrial Engineering Department

The characterization of a disease through the detection of differentially expressed genes is
of interest for early detection, diagnosis, prognosis, and prediction. Autism Spectrum Disorder
(ASD) and Schizophrenia (SCZ) have been correlated in literature for sharing similar symptoms
and behaviors, however, not at the genetic level. This work aims to correlate both conditions
through the analysis of microarray datasets. Multiple Criteria Optimization was used to find the
most significant gene expression changes common to both conditions. Thirty-six genes resulted
from this first step. Subsequently, the most correlated structures were identified through the
Traveling Salesman Problem and the Minimum Spanning Tree. Mathematical optimization, as a
driver for gene selection and structuring, defines an analysis point of view advocated by our group
that is different to biostatistics and bioinformatics. ASD and SCZ are analyzed simultaneously for

the first time in this work owing to the capabilities of our group’s strategy.
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Chapter 1 Introduction

1.1 Introduction

This thesis proposes the study of genetic commonalities between two neurological
disorders: Autism Spectrum Disorder (ASD) and Schizophrenia (SCZ). Autism Spectrum Disorder
(ASD) is a series of neurodevelopmental ailments that can be acquired during childhood. These
are characterized by difficulties in social and communication skills and repetitive behavior,
noticeable since the first two years of age. ASD’s main causes and development are not entirely
characterized to date. There could be an explanation that includes either genetic factors or
environmental factors, or a combination between them [1]. Another disorder that is similar in
symptoms and behavior similarities is Schizophrenia (SCZ). This disease is a non-common chronic
neurological brain disorder that tends to alter a person’s reality. Its symptoms usually appear
between 16 and 30 years of age, but rarely during childhood. Symptoms in SCZ are classified into
three categories: positive, negative and cognitive [2]. Positive symptoms (psychotic symptoms)
consist of hallucinations, delusions, and formal thought disorder. Negative symptoms relate to
social isolation, loss of motivation, difficulty to express emotions, and lack of speech [3].
Cognitive symptoms maintain the person disabled and lead to poor functional outcomes, such as
poor concentration [4]. The latter is related to the loss of contact with reality, the lack of ability to
function normally and memory and thinking aspects [5]. SCZ’s main causes are not characterized
to date. It has been noted out that a combination of physical, genetic, psychological and

environmental factors are the possible causes of the development of this disease.

While these two disorders present themselves in different life stages, they manifest in

behaviors that can be deemed similar. The lack of communications skills, uncommon thinking



and unusual behaviors in ASD, for example, can be similar to negative symptoms and disorganized
thought and behavior in SCZ. These characteristics’ overlap produces a challenge for doctors in
distinguishing between ASD from SCZ to avoid misdiagnosing patients. A study by K. Takara et
al. [6] pinpoints that symptoms like unusual fears, thought disorder and unusual anxiety reaction
are linked to psychosis in ASD but are also present in SCZ. Woodbury-Smith et al. [7], describe a
case where a 24 year- old man was diagnosed with schizophrenia based on persecutory ideation
and ten years later was referred and diagnosed with ASD. Studies indicate that ASD in adults is
unnoticed or misdiagnosed with other mental disorder. It is imperative to have a record of the
childhood history of this patient [8]. Therefore, it is essential to characterize better these two

diseases, including their genetic commonalities.

The genesis of this study derived from our previous microarray study based (ASD database
GSE22507) on multiple criteria optimization (MCO), where the ASD genes were identified and
analyzed, and in which twenty-seven were found. Two of those twenty-seven genes (IFITM2 and
IFITM3) are related to SCZ [9]. After obtaining these results, it was proposed to analyze these
conditions simultaneously, because if we analyze them individually, the results may be different.
However, when performing a simultaneous analysis between them, the outcome would be the

genes in common that change their expressions the most.

The analysis of Microarray database provides reliable input to this study. A Microarray
database contains relative expression levels of a large number of genes in a tissue and blood
samples as compared to a control. This information has been used to find the differentially
expressed genes in a specific condition [10]. In literature, it has been found the use of linear
regression, general linear effect model, analysis of variance, and statistical packages to identify

the differentially expressed genes in a disease [11] [12] [13] [14]. These statistical methods have



in common the requirement of data normalization, parameter estimations, and corrections for the
microarray database analysis. On the other hand, our group has utilized methods based on
mathematical optimization such as the Multiple Criteria Optimization (MCO), Minimum Spanning
Tree (MST) and Traveling Salesman Problem (TSP) that facilitate the microarray database
analysis without parameter and data manipulation. In this way, it offers convergence to crucial

pieces of information that can be correlated to find genetic commonalities between ailments.

This work aims to use optimization methods previously proposed by our group to find how
genetically ASD and SCZ are related. This contribution could lead to findings to enable early
detection, diagnosis, prognosis, and prediction of these ailments. This work discusses the issue of
finding highly differentiated expressed genes between two diseases simultaneously using the
Multiple Criteria Optimization in a list of genes that change their expression the most between the
condition samples and the controls. Furthermore, it also discusses finding the most correlated
cyclic and noncyclic structure between genes that show their interaction. The Traveling Salesman
Problem (TSP) and the Minimum Spanning Tree (MST) were used to find the most correlated

structure between genes, as previously proposed by our group.

1.2 Objective

The main objective of this work is to characterize the relation between Autism Spectrum
Disorder (ASD) and Schizophrenia (SCZ). Identifying the genetic commonalities between
diseases with an operations research approach previously proposed by our group. Beginning with
the analysis of both diseases together to identify the differentially expressed genes between
ailments with the use of the multiple criteria optimization (MCQO). After MCO we continued to
build the most correlated structure among the genes that change their expression the most. The

cyclic and non-cyclic structures of genes network were obtained using the traveling salesman



problem (TSP) and the minimum spanning tree (MST) respectively. In addition, a cost model for

ASD and SCZ to estimate annual expenses for each patient.
1.3 Contribution

Our group had proposed the use of a mathematical optimization model to identify the differentially
expressed genes using microarray databases. First Sanchez-Pefia [15], proposed to identify the
differentially expressed genes from microarray database as an MCO problem with two P-values
as performances measures and solved with Data Enveloped Analysis (DEA). Later, Camacho-
Céceres [16] another member of our group, proposed to analyze the databases as an MCO problem
with two performance measures in this case with the mean and the median. The MCO was solved
applying the Pareto optimality conditions to find the highly differentiated expressed genes

following our research group [16].

As part of a continuation of the work of Camacho-Céceres [16], J. Rosas’s work [17] used
the Minimum Spanning Tree (MST) to find the relationship between the differentially expressed
genes in Alzheimer’s disease. Afterwards, Y. Santiago [18] proposed the use of Rank Order
Clustering Algorithm to explore more about genes and MiRNAs in Alzheimer. Next N. Ortiz’s
[19] research used the MCO method and Combinatorial Optimization (include Traveling Salesman
Problem (TSP) and MST) to detect differentially expressed genes and signaling structures in
common to Alzheimer, Parkinson and Huntington diseases. The analysis was done for each disease

at a time while our proposed study analyzes them simultaneously.

This study contributes to analyzing two conditions at the same time to find genetic
similarities between them that are not fully understood currently using methods previously

proposed by our group. MCO is used to identify the differentially expressed genes among diseases.



The use of TSP and the MST is used to find a cyclic and non-cyclic relation between genes. The
principal contribution in the present thesis is the simultaneous microarray analysis obtaining genes
that change their expression the most among ASD and SCZ. This work aims to integrate the study
of genomics using the relative gene expression obtained in microarray databases. Also, the
evaluation of the cost associated to ASD and SCZ through the creation of a cost model and

analysis.



Chapter 2 Literature Review/Background

2.1 Literature Review

L.F. Ning et al. [20] proposed a meta-analysis to identify the differentially expressed genes
in ASD. To perform the meta-analysis the Gene Expression Omnibus (GEO) dataset was used for
ASD. The methodology started with data normalization due to the databases coming from different
platforms and different genes nomenclature. To identify the differentially expressed genes the
Student t-test statistical value and the failure discovery rate (FDR) was used for the analysis.
Finally, Gene Ontology (GO) enrichment analysis was used for the differential expressed genes
significance. In this research, they identified a total of 10 expression profiling studies (microarray
databases), which included 364 condition and 248 control samples. The value used for the FDR is
less than 0.05, and minimal 2-fold changes, 3,105 differentially expressed genes were found
between condition and control. Also, the authors identified 7 genes associated with PLA2 that have

been related to the PLAZ2 in red blood cells with schizophrenia [21], and autism [22]

The study described in [20] was similar to the research project proposed in this document
because it uses several microarray databases from tissue and blood samples to identify
differentially expressed genes in ASD. The differences between this research and the proposed
one are that we use a mathematical optimization model that does not require parameter adjustments
by the user. Therefore, a more objective set of genes is obtained. The work described previously
had limitations due to the heterogeneity and confounding factors of the databases that could lead

to distorting their analysis.

The research proposed by S. E. Ellis [23] studies the genetic relationship between ASD,

SCZ and bipolar disorder (BPD). ASD database is composed of tissue samples from 40 control



and 32 ASD subjects. Otherwise, SCZ and BPD database are collected from 31 SCZ, 25 BPD and
26 controls subjects from a tissue sample. The data processing was executed using quantile
normalization. Subsequently, after the normalization, the outliers were removed. For the genes
expressions estimation, it was used the general mixed effect model for ASD and standard linear
regression for SCZ and BPD. The differentially expressed genes among disorder were found
multiplying the Z-scores across the three disorders. The genes that obtained the highest Z-scores
were considered as differentially expressed between the disorders. The genes that obtained a p-
value less than 0.05 were considered significant. Then to assess the similarity of genes among
disorder, Pearson correlation was obtained for the Z-scores. As a result, the correlation across
disorder comparison highlights a similarity of altered transcriptome with a P-value less than 0.001
for ASD-SCZ with 191 differentially expressed genes. Nevertheless, for ASD-BPD and SCZ-BPD

correlation was not significant.

The similarity of this research described above [23] and the one proposed in this document,
is that both seek to identify genes in common. First, they applied quantile normalization to the
data and outliers were eliminated while the proposed one does not manipulate the data. Second, it
differs in the way to identify the differentially expressed genes across disease in which they used
the multiplication of Z-score while our optimization model identified them using Pareto optimality

conditions to analyze all genes expressions of both diseases simultaneously.

Another study found in the literature with the main objective to quantify behavioral
phenotypes shared by ASD, and the autistic subgroup of SCZ patients was conducted by A.
Kastner et al [24]. The Positive and Negative Syndrome Scale (PANSS) was used to characterize
autistic phenotypes in SCZ patients. Due to the high consistency of all individuals with autism

variables it was encouraged to add them to create an autism severity score (PANSS autism severity



score, PAUSS); it was achieved and validated by integrating a total of 1,156 schizophrenia patients
and 165 autism spectrum disorder adult patients. The evaluations were conducted with
observations and questionnaires applying PAUSS. The scores obtained were analyzed through
statistical methods. The Spearman rank correlation coefficient was used for the factors evaluated
in the questionnaires. To evaluate group differences the use of the Mann Whitney U test and Chi-
square/Fisher exact test were applied. Also, Bonferroni multiple corrections were applied for the
analysis. As a result, the use of PAUSS could differentiate between ASD, SCZ and control
samples. It concluded that the negative symptoms of SCZ overlap with the autistic feature
supporting that PAUSS is appropriate for the evaluation of autistic behavior in SCZ patient and

with ASD patient.

The previous study’s main focus [24] is to identify the symptoms shared between ASD and SCZ
while our proposed work identifies the genes in common between them. Another difference is that
they applied a statistical method to analyze the data while we used deterministic methods. Besides
they had to apply corrections while our method does not require them. Although both studies have
different approaches, both seek to identify what these disorders have in common. A similar
study, like the one before, was found in the literature proposed by B. St. Pourcain et al. [25]. Their
main objective is to evaluate the polygenic influences commonalities in SCZ and ASD through the
genetic overlap with phenotypic symptoms. The data used for the analysis was obtained from
publicly available genome-wide data. Statistical methods were used to estimate the cumulative
effect of common SNP (single-nucleotide polymorphisms). The genetic correlation between
clinical ASD and SCZ using linkage disequilibrium (LD) score correlation analysis. The changes

in genetic effect over time was determined by a mixed Poisson regression. Analyzing the results,



they found out that ASD and SCZ shared social communication difficulties. Also, both disorders

showed to have certain genetic overlap.

In the studies described before, [24] [25] both aim to identify the overlapping symptoms.
Kastner [24] and St. Pourcain [25] used questionnaires and genome data respectively to be
analyzed by statistical methods. After the analysis, they highlighted that ASD and SCZ share
phenotypic symptoms such as negative symptoms and social communication difficulties. Unlike
them, the proposed work in this thesis identifies the genes that these diseases have in common
through optimization models. Although the focuses of these two studies are different, we have the

same objective in common, to be able to identify commonalities among disease.

2.2 Methodology Background

2.2.1 Multiple Criteria Optimization

Multiple Criteria Optimization (MCO) is an area within the field of optimization that deals
with multiple objective conflicts [26]. Following the work of Sanchez-Pefia et al. [15] and
Camacho-Céceres [16], applying MCO allows us to find the best set of solutions for the
performance measures that are going to be analyzed. Figure 1 represents the MCO problem
showing the non-dominated solutions having as objective the performance measure (PM). PM’s
used are the absolute values of difference between control medians and condition medians of
relative expression for each disease. These non-dominated solutions are denominated as a Pareto

efficient frontier.
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Figure 1: Representation of MCO problem

In MCO, G represents a set of many solutions that contains n genes to be analyzed
represented as gi(i=1, 2, ... n). C is number of PMs that is going to be considered in the analysis
where each one is represented as k (k=1, 2, ..., C). The PMs or criteria under analysis are denoted
as mi*for the i-th gene in the k-th PM. PMs regularly are related to the difference between genes

expressions to look for the highly expressed genes in the ailments that are going to be studied.

To obtain Pareto Efficient solutions (non-dominated solutions), these must meet Pareto
optimality conditions. These can be found in as the following: a solution X @) is said to dominate

the other solution X®@ if both condition 1 and 2 are true:
1. The solution X is no worse than X®@ in all PMs.
2. The solution X® is strictly better than X in at least one PM

The Pareto optimality conditions mentioned before, are used to evaluate every pair of genes
obtaining the ones that are not dominated by others. After doing this, Pareto-efficient genes are

found, and these form the Pareto-efficient frontier of the MCO shown in Figure 1.
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All gene expressions are measured in two states to look for the differentially expressed
genes. In this work, the relative expression of the two states named “control” and “condition” were
used to calculate the difference of the medians between them for each gene in each disease. The
main objective of this method is to find the Pareto efficient solutions by maximizing the absolute

value of the difference of the medians (PMs).

For this work, we adopted the Camacho-Céceres [16] MCO methodology for microarray
analysis. For gi (mit, m, ..., m, ..., mi®) represents the i-th gene in terms of its value of the C
PMs. The Pareto efficient solutions (non-dominated solutions) are denoted as gi" (mi**, m”, ...,
mi¥", ..., mi®") which represent the objective of this analysis. First, we build a matrix 5 for the k-

th PM resulting in C matrices with n x n dimensions for the full pairwise comparison as follows:

K Kk k Kk
m; m m; my
k k k k k
m; d;; Op O O1n
NS k k k
L (M2 8 O 8); O2n
o= :
Kk sk k k
m;  &; Oy 0
kK <k k k k
my 8nl 8n2 Snj Snn

Where:

1, ifmk> mjk
ok=40, ifrn%‘z mjk ; Fori=1,2,...n;j=1,2,....n; k=1,2,....C (2.1)

ij
W, if mk< mjl-‘

W is defined as a large negative number for this case because it is maximizing as a penalty. For

this work, W = - 1000 is used.

The matrix sums are computed as follows:
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C
aijzz s (2.2)
k=1

The matrix vy is built by evaluating aj; values. The general form to obtain the values of yij for any
value of C is the following:

Cinr -

EW, lf(li]-E{O,W,...,(C-l)W}

Y§=3)CW, if a;;=2W (2.3)
0, Otherwise

To find the gi*, a B vector is made with the sums of each row of the matrix y as follows:
Bl] = ]n=1 Y1] 1=1, 2, | (24)

The equation (2.5) is used to obtain the Pareto efficient frontier, which contains all non-dominated

solutions as following:

g = {g/| B;>CW, i=1,2,..n} (2.5)

1

Through this step, the Pareto efficient solutions are identified as g ={m/", m?", ...m{",..., m{" }.
The objective of this algorithm is to identify every solution contained in the Pareto efficient

frontier. Applying the MCO in this way, the differentially expressed genes among diseases are

obtained.
2.2.2 Pairwise Difference

The pairwise difference is based on the calculation of the difference between one element
from the group a and one element from the group b, and this approach allows to consider all
possible combination. In this case, group a represents all control samples expressions while group
b represents all condition samples expressions. And the difference to be calculated corresponds to

the difference of expression of a single gene. To calculate the total number of combinations is by
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multiplying the total number of the control sample and the total number of condition sample. For
example, if two control sample and three condition sample were obtained the total number of pairs
between them will be six pairs. After grouping the six pairs, the difference between them is
calculated. An example of this would be if we have a dataset that contains six pairs: (7,2), (7,11),
(7,21), (19,2), (19,11) and (19,21). To calculate the difference for the first pair is 7 — 2 = 5, second
pair is 7 — 11 = -4 and for the third pair is 7 — 21 = -14. In this way the differences are calculated
for the six pairs obtaining the following results: 5, -4, -14, 17, 8 and -2. This method is used to
quantify the changes between control and condition expression. Let 0;, represent the relative
expression levels of g; in a-th control sample and T , represent the relative expression levels of
g; in b-th condition sample. The pairwise difference is given by D:'l,b which represent the
difference for the i-th gene between the a-th control samples and b-th condition samples to be
studied. To determine the total number of differences in relative expression levels of the g; is
calculated multiplying the total of control and condition samples. The Pairwise Difference is

represented as follows:

b= Oia— Tip (2.6)
Fori=1,2,3,....,n
Fora=1,2,3, ...
Forb=1,2,3, ...

Figure 2 represents the application of these variables to the previous example.
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Gene 1
Control Condition pajrwise Pairwise
Samples Samples pifference Differences
0., T,, Calculation D',
7 2 7-2 5
19 11 7-11 -4
21 7-21 -14
19-2 17
19-11 8
19-21 -2

Figure 2: Example of Pairwise Difference Calculation

2.2.3 Correlation

The correlation coefficient has been calculated for the expression differences between
“control” and “condition” .Let denote that x represents the difference of g, which is D}, and y

represent the difference of g,which is DZ ;. The expression to find the Pearson coefficient for the

differences is as follows:

DXy o
S —=—Xxy
rxy — Xy — n-—1 (27)
SxxSy  [La=®)? Fy-y)?
n-1 n-1

Where:

e S,y isthe covariance of xy

e S, isthe standard deviation of x
e S, isthe standard deviation of y
e X is the mean of x

e yisthe meanof y

e 7 is the total of differences.
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2.2.4 Travelling Salesman Problem

This work uses the traveling salesman problem method to find the most correlated path
optimally. TSP methodology is well known in networks and combinatorial optimization. It is a
generic model that has a diversity of application such as planning, logistic, DNA sequencing, and
others. This method constructs a cyclic path that starts with a home base node and visiting the
remaining nodes once that minimize the total tour cost. Let Cj; represent the traveling cost of node
i to node j and yij be a binary variable, which whether the salesman travels from city i to city j. The
variable xi; defines the flow on every arc (i,j) and assuming that salesman has n-1 units available
at node 1. The source node is selected arbitrary and salesman must deliver 1 unit to each of the

other nodes. The model formulation is as following [27]:

Minimize Y jyea CijVij (2.8)
Subject to

YijenYij = 1 foralli=1,2,...,n (2.9)
Yi<jenYij = 1 forallj=1,2,...,n (2.10)
Nx=b (2.11)
xXij < (n—1)y;; forall (i, j) €A (2.12)
xi; =0 forall (i,j) €A (2.13)
yij = binary forall (i,])) €A (2.14)

The constraint (9) and (10) ensure that one arc enters a node and one arc exits the node. Constraint
(11) consists of the incidence matrix that should be equal to the supply/demand ensuring that one

unit enters the arc and one unit exits. Constraint (12) represents the flow restriction.
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2.2.5 Minimum Spanning Tree

The minimum spanning tree (MST) is a network optimization model previously used by J.
Rosas [17].This model seeks to connect all network nodes with minimum possible number of arcs
and without cycles, minimizing total arc length. Let A (S) represent the set of arcs contained in the
subgraph of G = (N, A) induced by the node set S [i.e., A(S) is the set of arcs of A with both
endpoints in S]. Let Cj; denote the traveling cost of city i to city j and yij is the variable that

represents the selection of arc (i,j). The formulation for the minimum spanning tree problem is as

follow [27]:
Minimize Y. jyea CijYij (2.15)
Subject to
Yijeayij=n—1 (2.16)
Y jeas)Yij < |S| — 1 forany set S of nodes (2.17)
yij = 0and integer (2.18)

In this formulation, yi; have values of 0-lindicate whether we select arc (i,j) as part of the
chosen spanning tree ( note that the second set of constraints with |[S| = 2 indicates that every
yij < 1). The constraint 2.16 is a cardinality constraint implying that we choose exactly n — 1 arc,
and the “packing” constraint 2.17 implies that the set of chosen arcs contain no cycles (if the chosen
solution contained a cycle and S were the set of nodes on a chose to cycle, the solution would

violate this constraint).
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Chapter 3 Methodology

This work uses the database from the study “Autism and Increased Paternal Age-Related
Changes in Global Levels of Gene Expression Regulation” by Alter et al., published in 2011 [28].
This database of genes expressions were obtained from peripheral blood lymphocytes (PBL) of
children with autism (n=82) and controls (n=64). Also, this work used the database from the study
"Analysis of gene expression in two large schizophrenia cohorts which identifies multiple changes
associated with nerve terminal function" by Maycox et al., published in 2009 [29]. The gene
expressions were obtained from postmortem tissue of adults with schizophrenia (n=28) and control
(n=23). These two databases have in common that after the extraction of RNA these were labeled

using Affymetrix's GeneChip. Figure 3 represents a summary of the databases of each disease.

Microarray Database

ASD
(54,613 Probes)

Condition Samples Control Samples Condition Samples

Figure 3: ASD and SCZ database summary

Samples

ni=
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The first step is the pre-processing phase of the data that consists on calculating the median
of the relative expressions to consolidate the genes that are repeated. This phase facilitates the
analysis of these databases. Figure 4 represents an example of how the database looks like and
Figure 5 how it looks after the pre-processing phase. These were made using R software for the

ease of calculation.

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6 Sample 7 Sample 8
Gene 1 56 23 64 48 16 62 19 18
Gene 1 20 26 17 69 35 13 57 31
Gene 2 57 38 67 29 53 55 41 33
Gene 3 74 39 66 35 27 75 44 16
Gene 3 41 58 75 58 34 32 61 67
Gene 4 32 52 14 16 58 27 24 65
Gene 4 70 57 63 40 30 45 73 34
Gene 5 71 13 35 38 23 47 11 28

Figure 4: Representation of the raw database before the pre-processing.

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6 Sample 7 Sample 8
Gene 1 38 24.5 40.5 58.5 25.5 37.5 38 24.5
Gene 2 57 38 67 29 53 55 41 33
Gene 3 57.5 48.5 70.5 46.5 30.5 53.5 52.5 41.5
Gene 4 51 54.5 38.5 28 44 36 48.5 49.5
Gene 5 71 13 35 38 23 47 11 28

Figure 5: Result of the pre-processing using the median.

As a result, ASD and SCZ database were consolidated to 21,924 genes. After verifying the genes
that are overlapping between the databases the overlapping was of 99.9%. The total of genes
selected for the simultaneous analysis was of 21,915 genes. After finishing with the pre-processing

of the data, it was continued with the identification of the differential expressed genes.

The performance measures used in this work are the absolute value of the median group,

which was calculated for ASD (condition and control samples) and SCZ (condition and control
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samples). Then the resulting performance measures are graphed and analyzed with the use of MCO
problem. This work finds the first five Pareto efficient frontiers for the simultaneous microarray
analysis of ASD and SCZ to identify the important genes in common. The databases were divided
into 4 groups of 7,000 or less due to the computer memory constraint and iterated until the final
efficient frontier. These groups contain the absolute median difference of ASD and SCZ. An

example of the MCO is shown in Figure 6.

Equation (2.1) Equation (2.2)
ml\m2| 3 5 2 6 2 3 1 4 5 1 ml\m2| 13 6 11 2 8 3 7 3 2 5
3 0 -1000 1 -1000 1 0 1 -1000 -1000 1 3 0 -99 2 -99 2 1 2 -999 -999 2
5 1 0 1 -1000 1 1 1 1 0 1 5 -999 0 -999 -999 -999 2 -999 2 1 2
2 |-1000 -1000 O -1000 O -1000 1 -1000 -1000 1 2 |[-2000 -999 0 -999 1 -999 2 -999 -999 2
6 1 1 1 0 1 1 1 1 1 1 6 -999 -999 -999 0 -999 -999 -999 -999 1  -999
5'= 2 |-1000 -1000 O -1000 O -1000 1 -1000 -1000 1 o= 2 |-2000 -999 -1000 -999 O -999 2 -999 -999 2
3 0 -1000 1 -1000 1 0 1 -1000 -1000 1 3 |-1000 -2000 -999 -999 -999 0 -999 -1000 -999 -999
1 |-1000 -1000 -1000 -1000 -1000 -1000 O -1000 -1000 O 1 |-2000 -999 -2000 -999 -2000 -999 0 -999 -999 1
4 1 -1000 1 -1000 1 1 1 0 -1000 1 4 -999 -2000 -999 -999 -999 1 -999 0 -999 -999
5 1 0 1 -1000 1 1 1 1 0 1 5 -999 -1000 -999 -1000 -999 -999 -999 -999 0 -999
1 -1000 -1000 -1000 -1000 -1000 -1000 O -1000 -1000 O 1 -2000 -2000 -2000 -999 -2000 -999 -1000 -999 -999 O
Equation (2.1) Equation (2.3)
m1\m2| 13 6 11 2 8 3 7 3 2 5 ml\m2| 13 6 11 2 8 3 7 3 2 5
13 0 1 1 1 1 1 1 1 1 1 3 |-1000 O 0 0 0 0 0 0 0 0
6 |-1000 O -1000 1 -1000 1 -1000 1 1 1 5 0 1000 O 0 0 0 0 0 0 0
11 |-1000 1 0 1 1 1 1 1 1 1 2 |-2000 O -1000 O 0 0 0 0 0 0
2 -1000 -1000 -1000 O -1000 -1000 -1000 -1000 O -1000 6 0 0 0 1000 O 0 0 0 0 0
&= 8 |1000 1 -1000 1 0 1 1 1 1 1 y= 2 [2000 0 -1000 0 -1000 0 0 O 0 0O
3 |-1000 -1000 -1000 1 -1000 O -1000 O 1 -1000| 3 |-1000 2000 0 0 0 -1000 O -1000 0 O
7 |1000 1 -1000 1 -1000 1 0 1 1 1 1 [-2000 0 -2000 0 -2000 0 -1000 0 0 0O
3 |-1000 -1000 -1000 1 -1000 O -1000 O 1 -1000| 4 0 2000 0 0 O 0O 0 -1000 0 0
2 |-1000 -1000 -1000 0O -1000 -1000 -1000 -1000 O -1000| 5 0 -1000 0 -000 0 0O O 0 -1000 O
5 |-1000 -1000 -1000 1 -1000 1 -1000 1 1 0 1 |-2000 -2000 -2000 0 -2000 O -1000 O O -1000|
Equation (2.4) and (2.5)
Bi luti
-1000 |Non-dominated
-1000 | Non-dominated
-3000 Dominated
-1000 | Non-dominated
-4000 Dominated
-5000 Dominated
-7000 Dominated
-3000 Dominated
-3000 Dominated
-10000 Dominated

Figure 6: Example of Multiple Criteria Optimization Method
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Pareto Efficient Frontier
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Figure 7: Pareto Efficient Frontier Example Result

With the differentially expressed genes obtained from the MCO, the behavior of the genes
among them are measured with the statistical correlation. To measure the statistical correlation
first need to calculate the pairwise difference between each gene expressions shown in Section
2.2.2. When the pairwise difference is applied to the genes, a total of 5,248 of differences for a
gene in ASD and a total of 552 of differences for a single gene in SCZ . This total can be calculated
multiplying the total of control (n = 64) and condition ( n =82) for ASD and for SCZ multiplying
the total of control (n = 23) and condition (n=28). After calculating all the differences for all the
genes the next step is to calculate the correlation. This correlation is used to measure the
coordinated behavior between differences [30]. Figure 8 shows an example of the correlation

matrix between genes for each disease.
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ASD Genel Gene2 Gene 3 Gene 4 Gene5 SCZ Genel Gene2 Gene 3 Gene 4 Gene5
Gene 1| 1.0000 -0.0647 -0.1046 -0.1574 -0.0982| |Gene 1] 1.0000 0.1297 0.1060 0.5030 0.1333
Gene 2|-0.0647 1.0000 0.9922 0.0009 0.9348] |Gene 2| 0.1297 1.0000 0.9822 0.2191 0.9787
Gene 3|-0.1046 0.9922 1.0000 0.0120 0.9399| | Gene 3| 0.1060 0.9822 1.0000 0.2118 0.9911
Gene 4|-0.1574 0.0009 0.0120 1.0000 -0.0344| | Gene 4| 0.5030 0.2191 0.2118 1.0000 0.2354
Gene 5/-0.0982 0.9348 0.9399 -0.0344 1.0000| |Gene 5] 0.1333 0.9787 0.9911 0.2354 1.0000

Figure 8: Example of correlation matrix between genes for ASD and SCZ

After obtaining the correlation matrix for each disease, the sums of the absolute value the
traveling salesman problem (TSP) is followed. The main objective of this method is to find the
most correlated cyclic path between genes. Through the TSP it can be seen how the genes interact
or the correlated behavior between them in a cyclic way that helps to understand how they
contribute to the ailment development. To obtain the cost matrix, the sum of the absolute value of

the two matrices shown in Equation 3.1.
pis e = 1pf5* | + lpif” (3.1)

Figure 9 represents the cost matrix that is given by c;; explained in Section 2.2.4 . This cost matrix
represents the cost of going of gene i to gene j. The selection matrix has the same dimension of the
cost matrix and is given by a binary variable y;;. A graphical representation of the network
problem can be seen in Figure 10, which contains the genes network and the correlation coefficient
as cost. An example of the traveling salesman problem using the correlation matrix between genes

to find the most correlated path is shown in Figure 11.

Gene 1 Gene 2 Gene 3 Gene 4 Gene 5
Gene 1| 2.0000 0.1944 0.2107 0.6605 0.2314
Gene 2| 0.1944 2.0000 1.9743 0.2200 1.9135
Gene 3| 0.2107 1.9743 2.0000 0.2238 1.9310
Gene 4] 0.6605 0.2200 0.2238 2.0000 0.2698
Gene 5] 0.2314 1.9135 1.9310 0.2698 2.0000

Figure 9: Example of the Cost Matrix Using the Absolute Value of the Correlation Matrix
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Figure 11: Example of Traveling Salesman Problem Solution

Figure 11 is a graphical representation that shows the interaction between five genes. The
purple line represents the most correlated cyclic path. The sum of absolute correlations of this
path is of 3.27 in which is maximizing its correlation. Another way to structure the behavior of the
genes is using the minimum spanning tree (MST). This method can find the most correlated acyclic

path maximizing the correlation between genes. With the example shown before, the solution for
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the MST method was obtained. The purple lines represent the path that maximizes its total

correlation in Figure 12.
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In addition to the genetic analysis between ASD and SCZ, a cost model was developed to
estimate and compare the cost between them. This comparison is made through a cost analysis that
allows us to have an idea of the cost associated with misdiagnosis. This way it was possible to
identify which condition is more expensive. These results could be as a future reference to raise

awareness of the diagnosis process.

The methodology shown above demonstrates its usefulness to characterize two conditions
simultaneously using microarray databases. As a result, obtaining the common genetic aspects and
most correlated structures between them. These results can be used as guides to scientists for future
research to help to understand better ASD and SCZ. In this way, the scientists could transmit the

possible findings found to doctors for better diagnosis and treatment.
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4.1 Differentially Expressed Genes of Autism Spectrum Disorder and Schizophrenia.

As an outcome of the MCO implementation, it was possible to identify the genes in

common that change their expression the most between ASD and SCZ. The total genes selected

after data pre-processing for the simultaneous analysis was of 21,915 genes. After solving the

MCO with Pareto optimality conditions, a total of 36 differentially expressed genes were identified

in the first five Pareto efficient frontiers. These genes represent approximately 0.16% of the total

genes selected for the analysis. Table 1 contains genes whose expression differentiates the most

between control and condition expression in both diseases obtained with MCO method. The genes

obtained in the first frontier are those that change their expression the most.

Table 1 Differentially Expressed Genes of Autism Spectrum Disorder and Schizophrenia.

Frontier 1 Frontier 2 Frontier 3 Frontier 4 Frontier 5
CALM2; CALMS;
B2M HBB EEF1A1 BEX3 CALM1
HBAIL; HBA2 IFITM2 FCGR3B; FCGR3A COX6C MT1H
HSPAS8; SNORD14C;
HBA2; HBA1 TXNIP FTL SNORD14D ND2
PTGDS IFITM3 MT1HL1 ND5
MT1X NRGN NDRG4
RPL13A; SNORD33;
RPL13APS5;
MT2A PFN1 SNORD34;
SNORD35A;
SNORD32A
TMSB4X RPS11; SNORD35B RPL34
TUBAILA RPS25 RPS6
S100P SNORD55;

SNORD38B; RPS8

SNORD14D; HSPAS;

SNORD14C

SPP1

TALDO1

Later, all the genes were classified as upregulated and downregulated compared with

controls for each disease shown Table 2. It was observed that 14 genes have the same classification
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for ASD-SCZ, where 3 genes were downregulated (TUBA1A, NRGN, and CALM2-CALM3-
CALM1) and 11 genes were upregulated (B2M, EEF1Al, TMSB4X, RPS11-SNORD35B,
RPS25, SNORD14D-HSPA8-SNORD14C, ND5, RPL34, RPS6, and SNORD55-SNORD38B-
RPS8). This consistent behavior across both conditions make these genes especially interesting for

follow up.

Table 2 Upregulated and Downregulated Genes

Genes ASD-SCZ  SCZ ASD Genes ASD-SCZ SCZ ASD
B2M 1 MTLHLL 7 1
HBAL; HBA2 | 7 NRGN ]
HBA2; HBA1 1 1 PEN1 7 I
RPS1L;
PTGDS ! ! SNORD35B !
HBB 1 1 RPS25 7
IFITM2 7 I S100P 7 I
SNORD14D;
TXNIP 1 ! HSPAS; 1
SNORD14C
CALM?2; CALMS3;
EEF1A1 1 CALML !
FCGR3B; FCGR3A 7 | MT1H 7 |
FTL 1 I ND2 1 1
IFITM3 7 1 ND5 1
MTLX 7 | NDRG4 1 1
RPLI3A;
SNORD33;
RPL13APS;
MT2A ! t SNORD34; 1 t
SNORDS35A;
SNORD32A
TMSB4X 1 RPL34 1
TUBALA | RPS6 1
SNORDSS;
BEX3 ! ! SNORD38B; RPS8 !
COX6C 1 7 SPP1 7 I
HSPAS;
SNORD14C; 1 TALDO1 1 !
SNORD14D

4.2 Biological Evidence

After identifying the differentially expressed genes with MCO, the next step was to
understand the biological role that each gene plays. The information provided in this section
contains the genes that belong to the first four Pareto efficient frontiers obtained from the MCO.

The biological information was carried out with the collaboration of Diamarys Salome and
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Alejandro Marrero, undergraduate students who are part of our research group. This information
includes general information of the genes, how these could be related to ASD and/or SCZ, and
evidence found in research related to these diseases. These findings help to understand better the

genes biological role that leads to the development of the disease.

The principal adult hemoglobin A is composed of two a-globin and two B-globin
polypeptides, in which they are encoded by the genes HBA1, HBA2, and HBB. These hemoglobin
proteins’ main function is to transport the oxygen through blood to support oxidative metabolism.
Hemoglobin Subunit Alpha 1 and 2 are located on chromosome 16. These genes have been linked
to the binding of iron ions in the hemoglobin. Iron plays an essential role in brain function,
particularly during the early stages of brain development [31]. Without proper brain development,
children can develop any one of the numerous neurological disorders like Autism and
Schizophrenia. Evidence of iron deficiency was found in a study that showed a very high
prevalence of iron deficiency in children with autism [32]. These results suggest that iron
deficiency affects the development of these neurodegenerative diseases directly. A study of RNA-
Seq evaluation identified risk genes in schizophrenia [33]. Within the list of up-regulated genes
HBAL, HBA2, and HBB were found in schizophrenia blood samples. HBB has been identified
with a likely pathogenic variant after the evaluation of the heterozygous variant with autosomal

dominant inheritance in neurodevelopmental conditions including ASD [34].

Metallothionein (MT) (MT1X, MT2A, MT1H, MT1HL1) is a family of cysteine-rich, low
molecular weight proteins located in the membrane of the Golgi apparatus. These proteins act as
an antioxidants, and can bind heavy metal for their detoxification [35] and have been reported as
oxidative stress-inducing agents [36]. The MTs genes have an essential role in zinc regulation and

intracellular space distribution. [35]. Prenatal zinc deficiency can be relevant to SCZ due to lower
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levels of maternal zinc or fetal gene variants that affect zinc transportation across cellular
membranes [37]. Also, it has been found that children with ASD have lower levels of zinc [38].
Furthermore, having in consideration zinc-mediated up-regulation of MT genes expressions, has
been suggested a possible function alteration of the neuroprotective metallothionein system [38].
Research indicates that the frequency of low levels of zinc and copper toxicity can indicate that
the function of metallothionein system decreases [39] [40]. A cross-study analysis of psychosis
patient has been identified as a group of MT genes including (MT1X, MT2A, MT1H) that are
significantly up-regulated in psychosis in the prefrontal cortex [41]. Another study has been

reported that MT2A gene expression had increased in prefrontal cortex in SCZ [42].

A potential gene that affects neurodegenerative diseases is TXNIP or Thioredoxin
Interacting Protein. According to Al-Gayyar [43]: "thioredoxin-interacting protein (TXNIP) is an
endogenous inhibitor of the thioredoxin system™. The thioredoxin system is a vital cellular system
against oxidative stress. It has been suggested that oxidative stress occurs in some stages of the
schizophrenic episode and it could be involved with the pathogenesis and symptomology of SCZ
[44] [45] [46]. The normal function of the thioredoxin system proteins is accompanied by cell
protection against damage. When these proteins are not interacting correctly, they make cells more
vulnerable to death [47] [48]. The role of thioredoxin in brain development has been described
previously. [49] A disruption to the regular function of the thioredoxin system has been linked to
neurodegenerative diseases [50] [51] [52]. The impact of TXNIP on neuronal apoptosis,
neurodevelopment, and neurodegeneration may clarify the fundamental connection between

TXNIP and SCZ [53].

IFITM2 and IFITM3 are part of the IFITM family that has been described to have antiviral

effects that act against a broad range of RNA viruses in the stage of virus-cell fusion [54] [55]. As
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an outcome, they prevent viral replication, the sequelae of virus-associated disease, and
inflammation [55]. In the literature, it has been found that prenatal infection could be a risk for
SCZ and ASD development [56] [57] [58]. Microarray research with SCZ patient points that
IFITM3 could be critical for SCZ pathophysiology. The activation and expression of this gene are
essential for the central nervous system (CNS) of maternal immune activation [59]. Research that
used RNA-Seq data from the hippocampus, associated IFITM2 and IFITM3 with immune response
and inflammation in SCZ [9]. Also, it has been found that high mRNA levels of IFITM genes
could be related to neuroinflammatory processes SCZ [9]. It is suggested to study the possible

relation of these genes in prenatal infection and ASD.

B2M (Beta 2 Microglobulin) is a protein found in nucleated cells and on most of the
biological fluids. This protein is vital for the immune inflection and scrutiny on vertebrate animals.
Patients with elevated plasma B2M levels have been found to have a range of inflammatory,
hematologic, immunodeficiency, and renal diseases [60]. The abnormality of the B2M is related
to multiple diseases and with the progress of cancer cells. Also, B2M is associated with the
formation of the MHC (major histocompatibility complex) enclosing from antigen presentation to
immune homeostasis [61]. A study [62] found that found that patient with SCZ had higher levels

of B2M serum and might play a role in the development of SCZ.

PTGDS (B trace protein) is one of the most common proteins found in the cerebrospinal
fluid (CSF) [63]. This protein has a role in the contraction of smooth muscle and platelet
aggregation and function as a neuromodulator in the CNS [64]. Also, has been found that PTGDS
is a significant apoptotic factor in Alzheimer disease plasma [65]. It has been found that this protein
is statistically significant up and down regulations in multiple sclerosis, Parkinson’s disease and

SCZ when compared with controls [66].



29

NRGN, known as neurogranin, is a small neuronal protein that binds to calmodulin free
form (Ca?") [67]. Neurogranin is a shared susceptibility gene of SCZ [68]. A study hypothesized
that this gene may mediate the risk associated with schizophrenia via intellectual dysfunction [69].
It has been suggested that NRGN is implicated to the pathophysiology of SCZ due to genetic risk

variant. [70]

Ferritin family (FTL) is a protein that storages and releases iron in a controlled manner.
Even though the iron is critical for the oxygen conversion to cellular energy, it has a high potential
of being toxic and ease the free radical formation [71]. The increment of FTL may suggest an
oxidative imbalance due to iron worsening the neurotoxicity and mitochondrial failure [72]. It has
been found that iron is linked with socio-cognitive and socio-emotional development in ASD [73].
A study identified that 24.1% of children with ASD had lower levels of iron and 15.5% had anemia

[74].

EEF1A1 (Eukaryotic Translation Elongation Factor 1 Alpha 1) is a protein in charge of the
enzymatic conveyance of aminoacyl tRNAs to the ribosome. Studies point out that can be able to
move among the nucleus and cytoplasm [75]. Also, it is a multifunctional gene involved in
signaling transduction, cellular apoptosis, heat shock response, cytoskeleton regulation, and RNA

virus replication [75] [76] [77].

The FCGR3A and FCGR3B (FC fragment of 1gG receptor Illa and FC fragment of 19G
receptor I11b) are similar genes located on chromosome 1. FCGR3A is expressed on natural killer
cells, while FCGR3B is expressed on polymorphonuclear neutrophils. According to the literature
that FCGR3A plays a role in the immune complex clearance and is reinforced the importance of

these receptors in the development of systemic lupus erythematosus [78].
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TMSB4X has a role in the regulation of actin polymerization, cell proliferation, migration,

and differentiation. It has been found under-expressed in acute myeloid leukemia. [79].

TUBALA (tubulin alpha 1a) belongs to the microtubules of the eukaryotic cytoskeleton
and is located in the chromosome 12g. Mutation of this gene could lead to severe brain
malformation [80]. A study identified abnormalities in cerebellar, brainstem and basal ganglia
associated with a mutation in tubulin genes including TUBA1A [81] [82]. Likewise, it has been
found that the complex brain malformation is due to the mutation of tubulin genes including

TUBALA [83].

BEX3 belong to the brain-expressed x-linked and is responsible for the regulation of TrkA
protein expression improving trkA promoter activity [84]. It has been also reported as a tumor
suppressor in numerous cancer [85]. Research indicated that BEX3 is related to cisplatin

sensitivity of nasopharyngeal carcinoma [86].

COXG6C is part of the enzyme of the mitochondrial respiratory chain and plays a role in the
electron transfer catalysis of cytochrome c reduced to oxygen. According to Lomvart V. et al.
identified and validated that COX6C is related to brain ischemia and the expression of this protein
increases in the ischemic tissue compared to control tissue [87]. COX6C expression was found

downregulated in postmortem tissue of patients with bipolar disorder [88].

PFN1 has a role different cellular process and interact with other proteins to develop
neurological disease. This gene has been related to neurodegenerative disease including
amyotrophic lateral sclerosis [89] [90]. PFN1 was found associated with fragile x syndrome being
the most common cause for ASD. This research showed that levels of PFN1 start to reduce after

postnatal day [91].
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HSPAS is a heat shock protein that acts as a chaperone, which helps the folding of other
proteins newly formed [92]. HSPAS8 was detected downregulated across brain tissues samples from
Alzheimer disease that includes entorhinal, auditory cortices and hippocampus [93]. Also,

wasidentified that methylation affects the function of HSPAS8 in Parkinson disease [94].

Calmodulin (CALM1, CALM2, CALMB3) is a family of proteins that performs multiple
functions through calcium binding. A study suggested that the lack of balance (calcium
homeostasis in cells does not occur) of calcium levels in cells leads to neural deterioration in
neurodegenerative ailment [95]. Studies indicate that alterations in the calcium signaling systems
that regulate many neural activities have been related to psychiatric diseases including SCZ and

bipolar disorder [96] [97].

Ribosomes family (RPL13A, RPL13A5, RPL34, RPS6, RPS8, RPS11, RPS25) are cellular
organelles the main function of which is to catalyze protein synthesis. Ribosomal proteins play
various roles, either increasing immune signaling or helping pathogen production. For example,

RPS25 helps in the translation viral transcripts process [98].

SNORD protein family (SNORD14C, SNORD14D, SNORD35B, SNORD33, SNORD34,
SNORD35A, SNORD32A) is a small nucleolar RNAs that takes a role in gene expression

regulation in the human cell.

In summary, the genes found in the first four Pareto efficient frontiers are related to the
immune system, metals, and oxidative stresses as part of the biological processes. Also, the genes
that were related to SCZ and ASD in the literature were listed. These findings are summarized in
Table 3. The genes found through the MCO method should be studied to see how they could be

related to both diseases.
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Table 3 Summary of the Findings Through Literature

Oxidative  Immune

Stress System Metals SCz ASD

HBA1
HBA2
HBB
MT1X
MT2A
MT1H
MT1HL1
TXNIP
IFITM2
IFITM3
B2M
PTGDS X
NRGN X X
HSPA8
EEF1A1 X
FTL X X
FCGR3A
FCGR3B
TMSB4X
TUBALA
BEX3
COX6C
PFN1 X
HSPAS8

XXX XXX

X
X
X
X
X
X
X

XX XXX X [X X

X

X [X X

4.3 Most Correlated Structures

This section discusses the results obtained through the Traveling Salesman Problem (TSP)
and Minimum Spanning Tree (MST) to build the most correlated structures among genes. This
was done using the first four Pareto efficient frontiers obtained with the MCO because there were
changes in the MATLAB version, obtaining difficulties to solve the TSP with five frontiers (36
genes). Afterwards, the genes were divided per group to identify to which pathway they are related

to using Reactome Pathway Analysis [99].

In order to build the most correlated cyclic and non-cyclic structure among genes, the
Pareto efficient solutions obtained in the first four frontiers (25 genes) was used. After obtaining

these genes, the TSP and MST methods were applied for the construction of the most correlated
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cyclic and non- cyclic structure respectively. There is a total of (25 — 1)! = 6.20448 x 10?3
ways in which a cyclic structure can be built among the 25 genes. The optimal cyclic structure is
shown in Figure 13. Next, the non-cyclic structure using the MST method with the same matrix

used for the TSP. The optimal non-cyclic structure is shown in Figure 14.
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Figure 13 Most Correlated Cyclic Structure
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Figure 14 Most Correlated Non-Cyclic Structure

Subsequently, sequential patterns were observed between structures and the genes were
divided into six groups shown in Figure 15. The groups are composed of the following genes:
Group 1 (RPS11-SNORD35B, RPS25, TXNIP, and FCGR3B-FCGR3A), Group 2 (NRGN,
BEXS, and COX6C), Group 3 (MT1X, MT1HL1, MT2A, IFITM3, IFITM2 , and FTL), group 4
(HBB, HBA1-HBA2, AND HBA2-HBA1), Group 5 (SNORD14D-HSPA8-SNORD14C, and
HSPA8-SNORD14C-SNORD14D), and Group 6 (B2M and EEF1A1). No pattern was found for
TMSB4X, TUBA1A, S100P, PFN1, and PTGDS between the network structures. In the literature

it was found that part of group 2 (MT2A, IFITM3, IFITM2) was found overexpressed in SCZ
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patients compared to controls. For the other groups, no study was found linking the genes to ASD

and/or SCZ.

Figure 15 Genes Pattern in the Most Correlated Structures

Later on, the task was to identify to which pathways the groups belonged. For this, the
Reactome Pathway Analysis package for R software was used [99]. With this package, it was
possible to carry out the gene set enrichment analysis with the groups previously mentioned. As
an outcome of the enrichment analysis, the pathway location, p-value, and the adjusted p-value
were obtained. For this analysis, the hypergeometric distribution test was used to calculate the p-
value and the adjusted p-value the Benjamini-Hochberg procedure (Appendix A). After obtaining
the pathway locations, it became the objective to identify the global pathway to which they

belonged. These results are summarized from Table 4 to Table 9 for each group.



Table 4 Group 1(RPS11-SNORD35B, RPS25, TXNIP, and FCGR3B-FCGR3A ) Pathways
Analysis Results. Source: Reactome PA

Pathway 1D Pathway Location p value  adjusted p_value genelD
Developmental Biology (Homo sapiens) R-HSA-9010553 Regulation of expression of SLITs and ROBOs 2.553E-03 4.441E-03 RPS11/RPS25
P 9y P R-HSA-376176 Signaling by ROBO receptors 4108E-03 _ 6.085E-03  RPSLURPS25
R-HSA-192823 Viral mPRNA Translation 7.063E-04 2.680E-03 RPS11/RPS25
R-HSA-168273 Influenza Viral RNA Transcription and Replication 1.558E-03 3.117E-03 RPS11/RPS25
Disease (Homo sapiens) R-HSA-168255 Influenza Life Cycle 1.797E-03 3.423E-03 RPS11/RPS25
R-HSA-168254 Influenza Infection 2.079E-03 3.780E-03 RPS11/RPS25
R-HSA-5663205 Infectious disease 1.220E-02 1.435E-02 RPS11/RPS25
R-HSA-2029481 FCGR activation 5.669E-03 7.820E-03 FCGR3A
R-HSA-844456 The NLRP3 inflammasome 5.669E-03 7.820E-03 TXNIP
R-HSA-622312 Inflammasomes 8.024E-03 1.035E-02 TXNIP
R-HSA-2029485 Role of phospholipids in phagocytosis 1.178E-02 1.428E-02 FCGR3A
Immune System (Homo sapiens) R-HSA-168643 NUCIES)t.'de_b'ndmg domain, I.eucnjbe rich repeat 2.438E-02 2.787E-02 TXNIP
containing receptor (NLR) signaling pathways
R-HSA-20204g2  Regulation ofactin dynamics for phagocytic e gege o 3173802 FCGR3A
formation
R-HSA-2029480 Fcgamma receptor (FCGR) dependent phagocytosis ~ 4.007E-02 4.331E-02 FCGR3A
R-HSA-2408557 Selenocysteine synthesis 7.703E-04 2.680E-03 RPS11/RPS25
Metabolism (Homo sapiens) R-HSA-2408522 Selenoamino acid metabolism 1.231E-03 2.680E-03 RPS11/RPS25
R-HSA-71291 Metabolism of amino acids and derivatives 1.147E-02 1.428E-02 RPS11/RPS25
R-HSA-72695  ormation ofthe ternary complex, and subsequently,  , yooe 4 56g0F-03  RPS1L/RPS25
the 43S complex
R-HSA-72649 Translation initiation complex formation 3.139E-04 2.680E-03 RPS11/RPS25
R-HSA-72702 Ribosomal scanning and start codon recognition 3.139E-04 2.680E-03 RPS11/RPS25
Activation of the mMRNA upon binding of the cap-
R-HSA-72662  binding complex and elFs, and subsequent bindingto ~ 3.245E-04 2.680E-03 RPS11/RPS25
438
R-HSA-156902 Peptide chain elongation 7.063E-04 2.680E-03 RPS11/RPS25
R-HSA-156842 Eukaryotic Translation Elongation 7.703E-04 2.680E-03 RPS11/RPS25
R-HSA-72764 Eukaryotic Translation Termination 7.703E-04 2.680E-03 RPS11/RPS25
. . . R-HSA-72689 Formation of a pool of free 40S subunits 9.241E-04 2.680E-03 RPS11/RPS25
Metabolism of proteins (Homo sapiens) L13a-mediated ranslational silencing of
R-HSA-156827 -ed i rencng 1.111E-03 2680E-03  RPS11/RPS25
Ceruloplasmin expression
R-HSA-1799339 SRP-dependent cotranslational protein targeting to 1.111E-03 2 680E-03 RPS11/RPS25
membrane
RHsA72706 O Morobsisand J:l:;ﬁr?itOf the60Srbosomal 1 13103 2680E-03  RPSLURPS2S
R-HSA-72613 Eukaryotic Translation Initiation 1.273E-03 2.680E-03 RPS11/RPS25
R-HSA-72737 Cap-dependent Translation Initiation 1.273E-03 2.680E-03 RPS11/RPS25
R-HSA-72766 Translation 7.257E-03 9.676E-03 RPS11/RPS25
R-HSA-163125 Post-translational rmdrﬁcatlon:'synthess of GPI- 4.327E-02 4.555E-02 FCGR3B
anchored proteins
R-HsA-g75956 ' onsense Medated Decay (NMD) indeperdent of g 550 04 2 6g0E-03  RPSILRPS2S
the Exon Junction Complex (EJC)
R-HSA-927802 Nonsense-Mediated Decay (NMD) 1.171E-03 2.680E-03 RPS11/RPS25
Nonsense Mediated Decay (NMD) enhanced by the
R-HSA-975957 1.171E-03 2.680E-03 RPS11/RPS25
Metabolism of RNA (Homo sapiens) Exon Junction Complex (EJC)
R-HSA-6791226 Malor pattway of IRNA processing inthe nucleoss — o796 53 4 065E.03  RPS11/RPS25
and cytosol
R-HSA-8868773 rRNA processing in the nucleus and cytosol 3.303E-03 5.285E-03 RPS11/RPS25
R-HSA-72312 rRNA processing 3.642E-03 5.604E-03 RPS11/RPS25

36
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Table 5 Group 2 (NRGN, BEX3, and COX6C) Pathway Analysis Results. Source: Reactome PA

Pathway 1D Pathway Location p value adjustedp value genelD

Gene expression (Transcription) 16 7 geoggg7 TP53 Regulates Metabolic Genes 1620E-02  3537E-02  COX6C
(Homo sapiens)

R-HSA-611105 Respiratory electron transport 1.885E-02 3.537E-02 COX6C

Respiratory electron transport, ATP synthesis by

R-HSA-163200 chemiosmotic coupling, and heat production by 2.316E-02 3.537E-02 COX6C
uncoupling proteins.

The citric acid (TCA) cycle and respiratory electron

Metabolism (Homo sapiens)

R-HSA-1428517 3.250E-02 3.714E-02 COX6C

transport
. - R-HSA-204998 _ Cell death signalling via NRAGE, NRIF and NADE  1.434E-02 3.537E-02 BEX3
Signal Transduction " —
(Homo sapiens) R-HSA-193704 p75 NTR receptor-mediated signalling 1.829E-02 3.537E-02 BEX3
R-HSA-73887 Death Receptor Signalling 2.653E-02 3.537E-02 BEX3

Table 6 Group 3 (MT1X, MT1HL1, MT2A, IFITM3, IFITM2, and FTL) Pathway Analysis
Results. Source: Reactome PA

Pathway 1D Pathway Location p_value adjusted p_value genelD
Cellular responses to external R-HSA-5661231 Metallothioneins bind metals 9.847E-06 9.769E-05 MT2A/MT1X
stimuli (Homo sapiens) R-HSA-5660526 Response to metal ions 1.628E-05 9.769E-05 MT2A/MT1X
R-HSA-913531 Interferon Signaling 6.125E-05 2.450E-04 IFITM2/IFITM3/MT2A
Immune System (Homo sapiens) ~ R-HSA-909733 Interferon alpha/beta signaling 4.154E-04 1.246E-03 IFITM2/IFITM3
R-HSA-877300 Interferon gamma signaling 4.281E-02 4.670E-02 MT2A
Transport of small molecules g s 917937 Iron uptake and transport 2716E-02  4.036E-02 FTL
(Homo sapiens)
R-HSA-3000480 Scavenging by Class A Receptors 8.965E-03 2.152E-02 FTL
) ! R-HSA-2173782  Dindingand Uptake of Ligands by Scavenger ) g5e o) 3 946E.02 FTL
Vesicle-mediated transport Receptors
(Homo sapiens) R-HSA-432722 Golgi Associated Vesicle Biogenesis 2.624E-02 4.036E-02 FTL
R-HSA-199992 trans-Golgi Network Vesicle Budding 3.363E-02 4,036E-02 FTL
R-HSA-421837 Clathrin derived vesicle budding 3.363E-02 4.036E-02 FTL

Table 7 Group 4 (HBAL, HBA2, HBB) Pathway Analysis Results. Source: Reactome PA

Pathway 1D Pathway Location p_value adjusted p_value genelD
Erythrocytes take up carbon dioxide and release

Transport of small molecules R-HSA-1237044 1.457E-09 2.914E-09 HBA1/HBA2/HBB

) oxygen
(Homo sapiers) R-HSA-1480926 02/C02 exchange in erythrocytes 1457E09  2014E.00 _ HBALHBA2HBB
R-HSA-2168880 Scavenging of heme from plasma 1.457E-09 2.914E-09 HBA1/HBA2/HBB

Vesicle-mediated transport

(Homo sapiens) R-HSA-2173782 Binding and Uptake of Ligands by Scavenger

5.849E-08 8.774E-08 HBA1/HBA2/HBB
Receptors




Table 8 Group 5(SNORD14D-HSPA8-SNORD14C, and HSPA8-SNORD14C-SNORD14D)
Pathway Analysis Results. Source: Reactome PA

Pathway 1D Pathway Location p value adjusted p_value genelD

R-HSA-2262752 Cellular responses to stress 4.053E-02 4.405E-02 HSPAS8

R-HSA-3371568 Attenuation phase 1.326E-03 1.420E-02 HSPAS8

R-HSA-3371571 HSF1-dependent transactivation 2.273E-03 1.420E-02 HSPA8

Cellular responses to external HSP90 chaperone cycle for steroid hormone
stimuli (Homo sapiens) R-HSA-3371497 5.208E-03 1.420E-02 HSPAS8
receptors (SHR)

R-HSA-3371453  Regulation of HSF1-mediated heat shock response  6.439E-03 1.420E-02 HSPA8

R-HSA-3371556 Cellular response to heat stress 8.333E-03 1.488E-02 HSPAS8

Developmental Biology R-HSA-373760 LLCAM interactions 1127E-02  1761E-02  HSPA8
(Homo sapiens)

R-HSA-6785807 Interleukin-4 and 13 signaling 1.023E-02 1.704E-02 HSPA8

Immune System (Homo sapiens)  R-HSA-449147 Signaling by Interleukins 4.394E-02 4.536E-02 HSPA8

R-HSA-6798695 Neutrophil degranulation 4.536E-02 4.536E-02 HSPA8

Metabolism of proteins R-HSA-8876725 Protein methylation 1799E-03  1420E-02  HSPAS
(Homo sapiens)

R-HSA-450408  AUF1 (hnRNP DO) binds and destabilizes MRNA  5.303E-03 1.420E-02 HSPAS8

Regulation of MRNA stability by proteins that bind

Metabolism of RNA R-HSA-450531 AU-rich elements 8.333E-03 1.488E-02 HSPAS8

(Homo sapiens) R-HSA-72163 mRNA Splicing - Major Pathway 1.733E-02 2.380E-02 HSPA8

R-HSA-72172 mRNA Splicing 1.809E-02 2.380E-02 HSPAS8

R-HSA-72203  Processing of Capped Intron-Containing Pre-mRNA  2.301E-02 2.739E-02 HSPA8

R-HSA-888590  GABA synthesis, release, reuptake and degradation  1.799E-03 1.420E-02 HSPA8

Neuronal System (Homo sapiens) R-HSA-112310 Neurotransmitter release cycle 4.829E-03 1.420E-02 HSPA8

R-HSA-112315 Transmission across Chemical Synapses 2.140E-02 2.675E-02 HSPA8

R-HSA-112316 Neuronal System 3.494E-02 3.970E-02 HSPA8

R-HSA-432720 Lysosome Vesicle Biogenesis 3.314E-03 1.420E-02 HSPA8

Vesicle-mediated transport R-HSA-432722 Golgi Ass9ciated Vesiclg Biogenes'is 5.303E-03 1.420E-02 HSPA8

(Hormo sapiens) R-HSA-199992 trans-Golgi Network Vesicle Budding 6.818E-03 1.420E-02 HSPA8

R-HSA-421837 Clathrin derived vesicle budding 6.818E-03 1.420E-02 HSPAS8

R-HSA-8856828 Clathrin-mediated endocytosis 1.326E-02 1.949E-02 HSPA8

Table 9 Group 6(B2M and EEF1A1) Pathway Analysis Results. Source: Reactome PA

Pathway 1D Pathway Location p_value adjusted p_value genelD
Cellular responses to external R-HSA-3371511 HSF1 activation 2.271E-03 1.702E-02 EEF1A1
stimuli (Homo sapiens) R-HSA-3371556 Cellular response to heat stress 1.660E-02 2.827E-02 EEF1A1

R-HSA-164938 Nef-mediates dov.vp modulation of c.ell surface 3.784E-03 1.702E-02 B2M

receptors by recruiting them to clathrin adapters
Disease (Homo sapiens) R-HSA-164952 The role of Nefin HIV-1 rep!ication and disease 5.107E-03 1.702E-02 B2M
pathogenesis
R-HSA-162909 Host Interactions of HIV factors 2.409E-02 3.312E-02 B2M
R-HSA-6798695 Neutrophil degranulation 2.053E-03 1.702E-02 B2M/EEF1A1
R-HSA-1236977 Endosomal/Vacuolar pathway 2.082E-03 1.702E-02 B2M
R-HSA-983170 Antigen Presematiqn: Folding, assembly and peptide 4.729E-03 1.702E-02 B2M
loading of class | MHC

R-HSA-2424491 DAP12 signaling 5.673E-03 1.702E-02 B2M

Immune System (Homo sapiens) R-HSA-2172127 DAP12 interactions 8.127E-03 2.167E-02 B2M

R-HSA-1236974 ER-Phagosome pathway 1.566E-02 2.827E-02 B2M

R-HSA-877300 Interferon gamma signaling 1.735E-02 2.827E-02 B2M

R-HSA-1236975 Antigen processing-Cross presentation 1.866E-02 2.827E-02 B2M

R-HSA-198933 Immunoregulatory interactions beftween a Lymphoid 2 484E-02 3.312E-02 B2M

and a non-Lymphoid cell

R-HSA-913531 Interferon Signaling 3.677E-02 4.645E-02 B2M
R-HSA-8876725 Protein methylation 3.595E-03 1.702E-02 EEF1A1
Metabolism of proteins R-HSA-156902 Peptide chain elongation 1.697E-02 2.827E-02 EEF1A1
(Homo sapiens) R-HSA-156842 Eukaryotic Translation Elongation 1.772E-02 2.827E-02 EEF1A1

R-HSA-977225 Amyloid fiber formation 1.885E-02 2.827E-02 B2M
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Subsequently, it was observed that the groups have common pathways shown in Table 10.
The pathway represented by most of the groups was the Immune System. On the other hand, the
group that had fewer pathways in common with other groups was Group 2. These pathways were
added to the correlated structures to see how they are related to each group depending on the
structure. In the cyclic structure, there were three groups (Group 1, Group 5, and Group 6) that
share three pathways: immune system, disease, and metabolism of proteins. With the information
found through the literature provided in Section 4.2, B2M (Group 6) has been related to
inflammation, immunological deficiency, and immune homeostasis [60] [61]. The RNA virus
replication is one of the EEF1A1 functions [75] [76] (Group 6) while RPS25 helps in the initial
phase of virus transcription. FCGR3A (Group 1) has been found associated with systemic lupus
disease, which is an immunological disorder [78]. With these details obtained about the genes can
be inferred that could be linked with the immune system and at the same time Group 1 and Group

6 had in common Immune System Pathway.

Table 10 Pathways Summary per Group

Pathway
Immune System
Metabolism of proteins
Developmental Biology
Metabolism of RNA
Vesicle-mediated transport
Metabolism
Disease

Cellular responses to external stimuli - - -

Transport of small molecules

Neuronal System -

Gene expression (Transcription)
Signal Transduction

Group 3 Group 6 Group 5 Group 1 Group 4 Group?
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1.21039, 1.48889

E 1.33325

1.25901

HSPAS;
SNORD14C;
'SNORD14D

1.91570.

=

1.56814

1.16287

0.61058 :

Figure 16 Pathways Relationship Among Group of Genes in Cyclic Structure

1.97433

Analyzing the non-cycle structure with the pathways obtained for each group shown in
Figure 17 it can be seen that three groups (Group 1, Group 6, and Group 5), which are connected,
have in common the pathways of Immune System, Disease, and Metabolism of proteins.
Otherwise, four groups (Group 1, Group 3, Group 6, and Group 5) have in common the Immune
System pathway while in the cycle structure only three groups had in common the Immune System

Pathway. IFITM2, IFITM3 (Group 3) has been found in the literature as helping to prevent viral
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replication and inflammation [55]. With the literature found in this thesis, Group 1, Group 3, and

Group 6 are linked with the immune system as they also belong to the Immune System pathway.

Disease

Metabolism of
proteins

1.08858

1.04945

o T |

Transport of

small molecules.

Vesicle-mediated
transport

1.89606

-

Figure 17 Pathways Relationship Among Group of Genes in Non-Cyclic Structure

As a summary, through this analysis, it was possible to construct the most correlated
structures and at the same time identify patterns through them. These patterns were divided into
groups and it was observed that Group 1, Group 6, and Group 5 had in common the same pathways
(Metabolism of proteins, Immune System, and Disease) in both structures. On the other hand, in

the non-cyclic structure, it was observed that Group 1, Group 3, Group 6, and Group 5 have in



42

common the Immune System pathway. It was concluded that the immune system could play an

important role in the development of ASD and SCZ.
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Chapter 5 Cost Model for ASD and SCZ

This chapter aims to analyze the cost associated with Autism Spectrum Disorder (ASD)
and Schizophrenia (SCZ) per patient and create a cost model that estimates the annual cost per
patient. To perform the analysis and create the cost models, we used data from the literature where
the annual cost for each disease was summarized. Within the literature the cost classification has
been identified as follows: Direct Medical Costs, Direct Non-Medical Costs, and Indirect Costs.

Table 11 shows the types of costs and the classification in which they belong.

A systematic review by Chong H.Y. [99] was used to analyze the schizophrenia patient
cost. Within this review, only three articles were found which estimate schizophrenia cost in the
United States [100] [101] [102]. These global estimates were adjusted per patients using the
population obtained for the direct and indirect costs (2.9 and 3.03 million patients respectively)
[103]. Other SCZ costs were obtained from Miller B. [104], in which 3.5 million of people with
SCZ was estimated with a global cost of $37.7 billion of direct medical cost, $9.3 billion of direct
non-medical cost and $117.3 billion of indirect cost. With these data, annual costs per patient with

SCZ were estimated as shown in Table 12.

In the literature search, two articles were found that estimated the direct (medical and non-
medical) and indirect costs for patients with ASD in the United States. Buescher A. V.S et al.
estimated the direct and indirect costs per patient with different age, and, with and without
intellectual disability [105]. For these costs, the median was calculated for our analysis because is
not influenced by extreme values that could affect drastically the cost due to its variability. Gantz
M. research estimated ASD cost with a hypothetical incident child born in 2000 and diagnosed

2003 [106]. Table 13 shows the ASD cost obtained in the studies mentioned previously.



Table 11 Type of Cost Found in the Literature

Type of Cost

ASD SCZ

Direct Medical Cost

Inpatient and outpatient care
(hospital and physician)

Emergency

community-based care

home care

long-term institutional care

X | X

rehabilitation care

specialist and other
professional health care

diagnostic tests

pharmacy

medical supplies

XXX X

XXX X |IX[X|X[X[X] X

Direct Non-Medical Cost

transportation

food

X [X

lodging incurred during health

care visit

special education

treatment

XX X |X[X

social services

child care

special programs

after school

day care

summer school programs

weekend programs

home care modifications

XXX XXX ([ X

Indirect Cost

productivity loss

X

Table 12 SCZ Annual Cost per Patient
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Annual Global Cost estimates (USD, millions)

Annual Cost estimates per patient (USD)

Direct Direct Direct Direct
Reference i nonmedical Indirect cost Total f nonmedical  Indirect cost Total
medical cost medical cost
cost cost
[100] $ 29279 $ 12014 3 41,714  $ 83,007 $ 10237 $ 4200 $ 14585 $ 29,023
[101] $ 27745 3 4054 $ 70,597 $ 102,396 $ 9,701 $ 1417 $ 24684 $ 35,802
[103] $ 12,078 $ 57 $ 48,200 $ 60,335 $ 4,223  $ 19 $ 16853 $ 21,096
[104] $ 37,700 $ 9300 $ 117,300 $ 164,300 $ 10,771 $ 2657 $ 33514 $ 46,942




45

Table 13 ASD Annual Cost per Patient

Annual Cost Estimates per Patient (USD, millions)

. Direct
Direct . .
Reference i nonmedical Indirect cost Total
medical cost cost

[105] $ 15681 % 8540 $ 71989 $ 96,210
[106] $ 305956 $ 978,761 $ 1875667 $ 3,160,384

After obtaining the cost of ASD and SCZ per patient, a mathematical model to estimate
cost using the previous data was created. First the proportions were obtained for each cost
classification for ASD and SCZ shown in Table 14 and Table 15. The proportions are the
percentages that each cost classification contributes to the total cost of the patient. After obtaining
these proportions in this study, coefficients were obtained to be used in the cost model to estimate

the annual cost per patient.

Table 14 Proportions of SCZ Cost

Direct

Direct . . Coefficients
Reference . nonmedical Indirect cost (1+ Indirect cost
medical cost cost proportion)

[100] 35.3% 14.5% 50.3% 1.50
[101] 27.1% 4.0% 68.9% 1.69
[103] 20.0% 0.1% 79.9% 1.80
[104] 22.9% 5.7% 71.4% 1.71
Median 25.0% 4.8% 70.2% 1.70

Table 15 Proportions of ASD Cost

Direct

Direct ) ] Coefficients
References dical nonmedical  Indirect costs (1+ Indirect cost
medical costs costs proportion)
[105] 9.7% 31.0% 59.3% 1.59
[106] 16.3% 8.9% 74.8% 1.75

Median 13.0% 19.9% 67.1% 1.67
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After observing how the proportions of the indirect cost vary, the coefficient selected for the
indirect cost is 1.7 for ASD and SCZ. This coefficient means that indirect cost is 1.7 of the direct
cost. The coefficient of the indirect cost can vary between 1.59 - 1.8 for SCZ and 1.59 — 1.75 for

ASD. The mathematical cost models to estimate the conditions’ cost are as follows:
SCZCost = DMCscy; + DNMCgcz + 1.7 (DMCgcz + DNMCscy) (6.1)
ASDCost = DMCygp, + DNMCysp + 1.7 (DMCyasp + DNMCysp) (6.2)

Where DMCg., and DNMCs, represent the direct medical and direct non-medical cost for SCZ
respectively. DMCysp and DNMCygp represent direct medical and direct non-medical cost for

ASD.

To analyze the cost of misdiagnosing a patient due to the symptom similarities between
them, the information provided previously was used. For this analysis, the median of the total cost
of SCZ per patient was used to obtain a total annual cost of $32,413. For ASD the total annual cost
of $96,210 per patient was used. For this instance, ASD cost is higher than that SCZ due to the
indirect cost. For the misdiagnosis cost analysis, assumptions were made for the age of diagnosing
and the average time of life. The age of diagnosing ASD and SCZ was of 5 and 16 years old
respectively, and the average of time of life used was 75 years. Our objective in this analysis is to
evaluate what will be the cost of living with a wrong diagnosis for ten years. Starting with ASD
diagnosed at five years old and later having the second diagnose as SCZ at 15 years old. Then for
SCZ having the first diagnosed at 16 years old and the second as ASD at 26 years old. Figure 18

shows this information to visualize how cost changes over the years.
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$96,210.00

$90,000.00 —

$60,000.00 —|

$32,413.00
[m] (8]
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Figure 18 ASD and SCZ Annuity Cash Flow

Subsequently, it was decided to make a cost comparison over time using the present and
future value of the cost. The present and future value can be calculated using the annuity, the
number of periods, and the interest over time, which in this case, it was the inflation. These values
were used to determine which of the cases of misdiagnosis is more expensive. To estimate the
present value and future value of the different cases of diagnosis the annual cost, inflation, when
it was diagnosed, the average time of life, and the years with the condition were part of the input.
The present value represents the cost of diagnosis at the current moment. The future value
represents the total cost spent up on the average lifetime. Table 16 shows all the values used to
calculate the Future and Present Value. After obtaining the results, it can be seen that Case 1 (SCZ)
had a present value of $1.09 million and a future value of $ 3.7 million. Case 2 (ASD) had a
present value of $3.5 million and future value of 15.04 million. Evaluating these two cases, we
can say that ASD cost is approximately three times higher than SCZ for the present value and four
times higher for the future value. Case 3 and Case 4 are the ones that the first diagnosis is wrong

and the second one is correct. In other words, we could say it is diagnosed with ASD given it has



48

SCZ and vice versa. In this Case 4 (SCZ|ASD) cost is higher because the patient will live with
ASD for 49 years knowing that ASD is more expensive than SCZ. In Figure 19 it summarizes the

cost of misdiagnosing at the present time.

Table 16 Diagnosis Cost Over Time

Case 1 Case 2 Case 3 Case 4
SCZ ASD ASD | SCZ SCZ|ASD
Annual Cost $ 32413  $ 96,210 Annual Cost $ 96,210 $ 32413 $ 32413 $ 96,210
Inflation 2.10% 2.10% Inflation 2.10% 2.10% 2.10% 2.10%
Diagnosed at 16 5 Diagnosed at 5 15 16 26
. 2nd Diagnosed at -
Average Life 75 75 Average Life 15 75 26 75
Years with the 59 70 Years with the
condition condition 10 60 10 49
Future Value $ 3,716,923 $ 15,043,264 Future Value $ 1,058,301 $ 3,827,391 % 356,540 $ 8,102,748
Present Value $ 1,090,598 $ 3,511,883 Present Value $ 859,709 $ 1,099912 $ 289,634 $ 2,926,651
Total Future Value $7,509,984 $9,089,867
Total Present Value $1,753,221 $2,667,110

Misdiagnosis

Cost

ASD SCz

ASDIASD l ASDISCZ scz|scz l SCZ|ASD
| |

$3,511,883 l $1,753,221 $ 1,090,598 l $2,667,110

Figure 19 Estimated Cost of Misdiagnosing a Patient at Present Time

\

\

Indirect costs tend to have high variability because they can vary depending on the severity
of the condition causing productivity loss either to the patient or to the parents that take care of the
patient. After analyzing the annual cost per patient for all cases, it can be concluded that ASD is a
costly condition due to the indirect cost compared with SCZ. It was proceeded to estimate the

misdiagnosis cost due to the similarities that could lead to such wrong assessment. As an outcome
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of the misdiagnosis estimation cost it is obtained that the first scenario with higher cost is Case 2
(diagnosed with ASD given he/she has ASD) and the second is Case 4 (diagnosed with SCZ given
he/she has ASD). It is very important to be aware of the diagnosis decision because a misdiagnosis
causes a financial effect on the patient for an extended period. For future work, it is recommended
to do more research to understand better how these conditions affect family economics

emphasizing ASD.
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Chapter 6 Conclusions

Disease characterization is important because it helps to understand illness behavior and
thus it leads to potentially prevent its development and improve treatment. In the literature it has
been found that Autism Spectrum Disorder (ASD) and Schizophrenia (SCZ) share symptom
similarities that could lead to misdiagnosing [6] [7]. In this direction, our first results of ASD
through microarray analysis showed that two genes were also related with SCZ. Because of this,

it was proposed to perform a characterization of these diseases simultaneously at the genetic level.

The main contribution of this work is the characterization of ASD and SCZ through
simultaneous microarray analysis. This characterization identifies the differentially expressed
genes in common in ASD and SCZ, the construction of the most correlated cyclic and non-cyclic
structure among the differentially expressed genes, a cost model, a and cost analysis of
misdiagnosing a patient. Through the biological evidence, it has been found that metals (iron, zinc,
and copper) and the immune system might play a role in the development of ASD and SCZ. Also,
it was concluded that through the pathways analysis with most correlated structures that most of
the groups were related with Immune System pathway. It is suggested that these findings should
be evaluated or validated with biological research to identify the causes that lead to the

development of these ailments.

The ASD and SCZ Cost Models and Cost Analyses were done to provide a tool to estimate
the cost associated with each disease and at the same time being able to identify the cost of a wrong
diagnosis. The cost estimates obtained through the literature for each disease were used to compute
the annual cost per patient and misdiagnosis cost. The annual cost obtained for ASD was of
$96,210 and for SCZ $32,413 per patient. The cost of misdiagnosing was higher for a patient with

SCZ given that ten years later is diagnosed correctly with ASD.



o1

In conclusion, consistency and repeatability in optimization-driven analysis are further
evidenced in this work for the analysis of microarrays. The differentially expressed genes
identified in this work might help to understand the similarities between ASD and SCZ. The
immune system and metals should be investigated in the context of the genesis of these diseases.
The TSP and MST helped to build the most correlated structures among the genes previously
identified. As a result, most of the groups used to explore such structure were related to the immune

system pathway.

For future work, it is proposed to construct the most correlated structures with TSP and
MST for additional Pareto efficient frontiers for exploration purposes. With these results, it might
be possible to identify other different pathways related to ASD and SCZ. Future recommendations
could include the addition of environmental and clinical variables to the analysis to make it more

complete.
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Appendix

Appendix A

Hypergeometric Distribution

The pathway enrichment analysis is done by using the hypergeometric distribution. The

application of this distribution is as follows:

g (1) ()
Pvalue = -
vatue ;1 (f)

d

m = is the total number of genes in the pathway of interest

k = the number of genes

n=is number of differentially expressed (DE) genes in the pathway of interest
f= total of genes

d=the set of differentially expressed (DE) genes

Example:

min(13,3) (13) (10561 — 13
Pathway 1 p_value = z ( k ) ( 3 —k )

L (10361)

= 1.457 x 107°
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Total Total of  Total of
Pathway Total Genes Genes in DE Genes DE Genes p value
Patway inPathway of interest

Pathway 1 10561 13 3 3 1.457E-09
Pathway 2 10561 13 3 1.457E-09
Pathway 3 ~ 10561 13 3 3 1.457E-09
Pathway 4 10561 42 3 3 5.849E-08
Pathway 5 10561 172 1 3 4.807E-02
Pathway 6 10561 479 1 3 1.300E-01

Benjamini-Hochberg False Discovery Rate

The Benjamini-Hochberg method adjusts the p-value in such a way that it limits the number
of false positives that are reported as significant [107]. This adjustment means that the p-values

increase their values. The steps to adjust the p-values are the following:

1) Organize the p-values from smallest to largest values.

2) Rank the p-values, where the smallest value has a rank of 1.

3) Start the p-value adjustment from the largest to smallest values
a. The largest p-value remains the same

b. The next p-value adjustment is calculated as follows:

total number of pvalues)
pvalue rank

Adjusted pvalue = Min (previous pvalue, current pvalue X (

c. Continue the process until all the p-values are adjusted



Example:
P-Value 1.46E-09 1.46E-09 1.46E-09 5.85E-08 0.04807 0.13
Rank 1 2 3 4 5 6
Adjusted P-value 0.13
Rank 1 2 3 4 5 6
6
Adjusted pvalue = Min (0.13 ,0.04807 * <§)> = 0.05769
P-Value 1.46E-09 1.46E-09 1.46E-09 5.85E-08 0.04807 0.13
Rank 1 2 3 4 5 6
Adjusted P-value 0.05769 0.13
Rank 1 2 3 4 5 6
6
Adjusted pvalue = Min <0.04807 ,5.85EF — 08 * (Z)) = 8.77E — 08
P-Value 1.46E-09 1.46E-09 1.46E-09 5.85E-08 0.04807 0.13
Rank 1 2 3 4 5 6
Adjusted P-value 2.91E-09 2.91E-09 2.91E-09 8.77E-08 0.05769 0.13

Rank 1 2 3 4 5 6
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