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Abstract

To search for potential Alzheimer’s disease biomarkers using microarray experiments often entails identifying genes
with significant changes in their relative expression between control and illness-ridden tissues. These genes are
deemed potentially important to characterize the illness. It is also important, however, to establish how these genes
might interact with each other to contribute to the evolution of Alzheimer’s disease. To this end, this work proposes
that finding a path of maximal correlation among all genes of interest would lead to a structure capable to guide
biological exploration with enhanced precision. Specifically, it proposes to find the path of maximal correlation among
the relative changes of expression of important genes through mathematical optimization. The approach makes use of
a mathematical network representation and its associated optimization problem known in the literature as the
Travelling Salesman Problem (TSP). The analysis of this optimal path is aimed to determine if biological structure
and function follows from this mathematical representation and solution. Furthermore, different correlation schemes
for Alzheimer’s disease biomarkers using microarray and microRNA experiments using network configurations are
assessed to characterize their effects on the resulting paths.
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Introduction

The importance of an Alzheimer ’s Disease biomarker stems from its role in early detection, diagnosis, prognosis and
recurrence prediction of Alzheimer’s Disease. A biomarker is defined as a substance that can be biologically measured
and it is related with an increased risk of a disease”. A good biomarking candidate is characterized by its distinct
behavior in different states (Pérez-Morales Et al, 2014). When taken to a genetic level of relative expression in the
presence of the illness. High throughput biological experiments like microarrays have been used to detect potential
Alzheimer’s Disease biomarkers under the difficulty of having to deal with large amounts of data. A microarray can
measure relative expression levels for tens of thousands of genes simultaneously.

This work discusses the issue of finding the potential signaling path among a list of potential Alzheimer’s Disease
genetic biomarkers. The list of biomarkers is known a priori through the application of multiple criteria optimization,
a strategy proposed by our research group. The novelty in this study is to attempt the characterization of the signaling
path thought the well-known Travelling Salesman Problem (TSP) combinatorial optimization formulation (Watts Et
al,2012).

Methodology

The analysis will be done with the use of a microarray database related to Alzheimer’s Disease by finding coordinated
behavior among the expression levels of different genes. This behavior can be measured as a statistical correlation.
The statistical correlation is computed as linear as a first approach. The final amount of genes to be worked is was
found through the application of multiple criteria optimization represented in figure 3. The database is represented in
Figure 1 and 2.

Alzheimer’s
5«‘7 Tissue
15

PatientA PatientB PatientC PatientD

Gene 1| 7.6233| 7.7765| 7.8555| 7.8353| 7.8143| 7.9001| 7.9381
Gene 2| 9.7077| 10.0280| 9.6452| 9.7888| 9.9902| 9.7609| 10.0855
Gene 3| 49772| 4.8139| 4.7596| 4.7172| 5.0581| 4.8991| 4.8584
Gene 4| 9.3293| 9.1734| 9.3732| 9.1128| 8.9205| 9.0751] 9.1584
Gene 5| 6.2785| 6.1994| 6.1902] 6.2631| 6.1811 6.1167| 65137
Gene 6| 6.8664| 6.4720| 6.2268| 6.2911| 6.1366] 6.1712| 6.46%4
Gene 7| 7.9830| 8.7247| 8.4095| 8.4209| 84822 8.6390| 8.2859
Gene 8| 5.0064| 4.8204| 4.7976| 5.0792| 4.9712( 4.918%| 4.8853
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Figure 1: Representation of the microarray database GSD2795 (Dunckley Et Al,2006)
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Figure 2: Another representation of the microarray database GSD2795 (Dunckley Et al, 2006)
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Figure 3: General representation of multiple criteria optimization problem using microarray with two performance
measures transformed to a series of minimization cases through a linear transformation

There was a total of 14 genes (Table 1) identified with multiple criteria optimization. The computation of the
correlations is necessarily carried out in a pairwise manner among all 14 genes. The linear correlation values found
are proxies for suppressed or stimulated behavior in the expression levels of the two genes under analysis. Because
these values range from -1 to 1, their absolute values indicate how strong the correlations are. Thus two genes will be
strongly correlated if the absolute of their correlation value is close to 1. 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 leads naturally
to the TSP formulation, where the idea is to find the most correlated complete tour. An illustration of how the resulting
graph would look like is shown in Figure 4. In our effort, we solve the TSP to optimality capitalizing in the shortlist
provided by the first part of the analysis. A Matlab code aided by the branch-and-bound method was used to this end.
Table 1: List of genes

Position

947
976
10037
10941
12988
20926
22094
27093
33040
308608
44327
47449
94622

Position in Microarray
1553551_s_at
1553588 _at
200095 _x_at
201492_s_at
203540 _at
211600_at
212788 _x_at
217807_s_at
224373 s_at
229353 s at
235077 _at
238199 x_at

Identifier

ND2
SH3KBP1
RSP10
RPL41
GFAP
PTPRO
FTL
GLTSCR2
DCAF6
NUCKS1
MEG3
COX3

AFFX-CreX-5_at AFFX-CreX-5_at

54668 AFFX-r2-P1-cre-3 at AFFX-r2-P1-cre-3 at

Name
NADH dehydrogenase subuni
SH3-domain kinase binding protein 1
radial spoke protein 10 tentative
ribosomal protein L41
glial fibrillary acidic protein
protein tyrosine phosphatase, receptor type, O
ferritin, light polypeptide
Glioma tumor suppressor candidate region gene 2
DDB1 and CUL4 associated factor 6
casein kinase and cyclin-dependent kinase substrate 1
maternally expressed 3 (non-protein coding)
Cytochrome ¢ OXidase
AFFX-CreX-5_at
AFFX-r2-P1-cre-3 at
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Figure 4: TSP representation
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TSP Solution

TSP consists of finding the most correlated tour that visits each potential biomarker gene in a given list exactly.
Coordinated behavior can be measured as a statistical correlation. The statistical correlation was computed as linear
as a first approach. The computations of the correlations were carried out in a pairwise manner. Their absolute values
indicate how strong the correlations are. Two genes will be strongly correlated if the absolute of their correlation value
is close to 1. Through this method the following route between genes is represented in figure 5:

228373 = at 1553551 s _at | AFFK-CraX-5 at1 [ AFFx-r2-P1-cre-3_at | | 1553588_at | | 238199_x_at | | 211600_at
4 I 4 I
| » X L
o
| 23s077_at | | _20s5a0at | | 217807 sat | [ 201492t | [ 212788 xa | [ 200095_x_at | | 229858 s at |

Figure 5: Gene coordinated behavior path determined by correlation
Correlation vs 1- P - Value
Another statistical measure used to find a route is the P-value. P-value is the probability of finding a difference at least
as big as the observed by pure chance. Maximization of the sum of 1- P-values used to match the objective of the
Traveling Salesman Problem. The solution is the path with the strongest signal. The route between genes found with
this measurement is represented in figure 6:

|_AFPx-Crex-5_at | [ 1553551 sat | | 20142sat | [ 203540t | | 211600_at | [T212788_x_at | | 217807 at |

[ 200085 xat ]| 1553588_at || AFFX-r2-P1-cre-3_at | | 235077_at |

Figure 6: Gene coordinated behavior path determined by 1 - P-value
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Correlation VS 1- P- Value
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Figure 7: Correlation vs 1- P-value comparison

Figure 7, on the other hand, shows how the optimal solutions of both approaches {correlation values, p-values}
compare to each other. They do not coincide, as there is a tradeoff between them. This study points to the need to
further explore the different pieces of information that can be used to measure genetic co-expression. Ultimately, when
biological exploration of these solutions is carried out in the future, a better assessment will be available to discern
among the competing representation strategies. It is, however, important to point out that comparing optimal
configurations provide a very efficient means to compare these strategies.

Biological Interpretation

Here we discuss the biological evidence of the 14 genes identified with multiple criteria optimization. According to
scientific literature, ND2 has a relationship with Alzheimer due a mutation that causes a disorder in the mitochondria
(Lin Et al, 1992). This is because between the entire hypothesis that can trigger Alzheimer stands the dysfunction of
the mitochondria, because its charge of the central function of the cell (Santos R., Et al, 2012). The brain is the organ
that is the most dependent of mitochondrial energy, representing 2% of the body’s weight but consuming 20% of the
oxygen (Coskun P. Et al, 2011). On the other hand SH3KBP1 has been identified to potentially play a role in Late-
Onset. This is because the accumulation of B-amyloid (AR) senile plaques in the brain as another factor that is capable
of initiating Alzheimer’s (Rosenthal S. Et al, 2012). In this case the paper recognizes that further study is necessary in
the subject. Another important gene is the GFAP; this gene is particularly interesting because it is mostly expressed
in the brain. The mutation in this gene is responsible for Alexander disease (a rare disorder of the central nervous
system), to leukodystrophy and Alzheimer’s disease. The disease causes the destruction of myelin (Chen Y., Et al,
2011). Another gene that stood out in our results was FTL, this gene is associated with neurodegenerative disorder
associated with iron accumulation in the brain, primarily in the basal ganglia (Maciel P, Et al, 2005). The expression
the NUCKSL gene has a link with mood disorders, though little is known (Savitz J. Et al. 2013). Also this gene has a
high expression in the brain like COX3.

However other of the selected genes have not a direct link - RSP10, PTPRO, DCAF6 - to Alzheimer’s Disease but for
some of them a link can be found through their roles in processes that can have an effect on Alzheimer’s Disease.
GLTSCR? is a tumor suppressor (Kim YJ Et al, 2008), MEG3 a potential long non coding RNA tumor-suppressing
gene (Balik V et al 2013) that has been associated with Huntington’s disease (Johnson R. Et al, 2011) RPL41, it is
also associated with ATF4 degradation (Wang A Et al, 2011) that in turn mediates neurodegeneration in Alzheimer’s
Disease and transmission of a neurodegenerative signal through some brain regions (Fayaz SM Et al, 2014) (Baleriola
J Et al, 2013). By using a MCO point of view important differential express genes become apparent while a single
criteria approach could fail to uncover all of them.
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Conclusion

There is proof-of-concept on the mathematical part of this idea, biological validation will ensue. If biological structure
and function follows, then a powerful discovery methodology is at hand. The need for models created with high-
throughput biological experiments is clear in the fight against Alzheimer’s disease. Its characterization has been very
elusive. It is believed that optimization models, such as the TSP can support this effort in a transparent and effective
way. Future work will consist on gathering more biological evidence to evaluate the resulting configurations
elucidated in this work.
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