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Abstract

Background: Age-related macular degeneration (AMD) is the progressive degenerative disease of
the macula and the main cause of blindness in older adults. Various risk factors have been associated
with disease progression among different individuals. As a multifactorial disease, AMD is affected
by different risk factors such as aging, genetic susceptibility, environmental risk factors and lifestyle.
Since the etiology of AMD is not fully known, it would be essential to identify disease risk factors
and novel predictive risk factors to detect AMD at an early stage.

Material and Methods: The expression data were obtained from the Gene Expression Omnibus
database. Samples were quantile normalized, and log2 transformed. Furthermore, outlier samples
were removed by hierarchical clustering. R limma was used to run a linear model and identify
differentially expressed genes (DEGs). As a result, 33 genes were discovered with a g-value less
than 0.05 and a |log (FC)[>0.7. With a machine learning (ML) approach, DEGs were applied to
discriminate between the case and control samples. Furthermore, FeatureSelect is used to extract the
most effective separator genes. Nine genes were identified as the best disease discriminator genes
through 11 feature selection algorithms.

Results: The gene set found in the study distinguishes healthy samples from patient samples with an
accuracy of 87.5 %. We found DEF119B, UBD, and GRP to be three novel potential AMD candidate
biomarkers using ML models and feature selection.

Conclusion: Machine learning can be beneficial in diagnosing, preventing and treating diseases,
especially in diseases such as AMD that do not have a clear etiology.
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Introduction

AMD isthe leading cause of blindness in people
over 55 in industrialized countries, accounting
for 6 to 9 % of the world’s blindness '. By
2020, AMD is expected to affect 196 million
people, and by 2040, it will affect 288 million 2.
Drusen are deposits of insoluble extracellular
debris found between the retinal pigment
epithelium (RPE) and Bruch’s membrane
(BM) *4, causing progressive degeneration of
photoreceptors and RPE, ultimately resulting
in loss of central vision. The macula, which is
the central part of the retina and has the highest
density of photoreceptor cells, is significantly
altered pathologically by AMD °.

There are two types of AMD, wet and
dry, based on whether blood vessels have
disrupted the retina or not. In dry cases, there
is often some degree of vision impairment and
sometimes severe blindness. Approximately
15-30 percent of AMD patients have the wet
form, which presents abruptly and rapidly
progresses to blindness if untreated *. The
late stage of dry AMD, known as geographic
atrophy (GA), is the most damaging endpoint
of the drusen(lipid) life cycle °. At the end
stages of wet AMD, also known as choroidal
neovascularization (CNV), immature blood
vessels emerge from the underlying choroid
. GA
currently does not have a treatment; however,

and grow toward the outer retina

complement cascades are expected to offer
a potential therapeutic option 2, while the
exudative late wet form of the disease is
treatable via intravitreal injections of VEGF
inhibitors, although it is a labour-intensive
process °.

AMD is known as a multifactorial disease
in which many factors such as age, genetics,
oxidative stress, lipid metabolism, and
environmental and lifestyle risk factors such

as diet and smoking are involved, and due to

this, the underlying disease mechanism has not
yet been established been identified clearly >’
Due to all of this,
AMD, identification of genes involved in

early detection of

it, and AMD pathogenesis pathways have

become increasingly important. Recently,
transcriptome analysis®!! was performed on
RPE-choroid and retina samples to identify
AMD global biomarkers 2.

differentially expressed genes have been

In addition,

identified by the co-expression network
analysis approach in some studies . Also,
another study has analyzed the aqueous humor
proteome in patients with AMD '*. These
analyses were carried out to identify potential
therapeutic drugs in some cases '°.

Machine
computational methods and models that can be

learning (ML) is a set of
used for various purposes, such as classifying
or predicting the results of experimental
data (transcriptomics or proteomics data)
These
features are used to build a model that is more

and selecting the best features's's,

accurate than when all the features are used for
prediction or classification '°.

AMD can be precisely diagnosed and staged
with fundus imaging or optical coherence
tomography (OCT) images of the retina. So
far, machine learning classifiers are mainly
used to detect and diagnose AMD through
these images ». Furthermore, it has the ability
to predict the longitudinal progression status
of disease .

In this study, we aim to find candidate
for AMD by
analyzing transcriptome data using machine

biomarkers studying and
learning. Firstly, we analyzed gene expression,
identified DEGs, and then used a machine
learning approach to select the best disease-
predicting genes. Chosen genes were evaluated
and screened from the functional enrichment
perspective. Finally, the best subset of genes
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was selected that could accurately predict the
status of the case.

Material and Methods

Gene Expression Profile and Study Population

Demographic Information

The expression data were retrieved from GEO
(Gene Expression Omnibus, http://www.ncbi.
nlm.nih.gov/geo/) under the accession number
GSE29801 . The data were composed of 293
samples; 177 belonged to the human retinal
pigmented epithelium (RPE)-choroid complex,
and 118 belonged to retina tissue. Only two
samples of choroidal tissue were replicated
among the whole samples. The Series Matrix
File was downloaded and used for subsequent
analysis. The experiment type was Expression
profiling by array, and the Agilent-014850
Whole Human Genome Microarray 4x44K
G4112F was used for transcriptome analysis.
The platform accession number is GPL4133.
We performed our analyzes focusing on retinal
tissue samples.

The data were obtained from a common cohort
of 31 normal, 26 AMD, and 11 potential pre-
AMD human eyes derived from the University
of Towa. Two retina specialists evaluated all
Iowa donors and grouped them according
to morphological and pathological features.
From human donor eyes obtained from the
University of lowa, RPE-choroid and retinal
samples were isolated. AMD cases are
divided into five different subtypes based on
their phenotypic features like drusen size:
MD1 (Pre-AMD), MD2 (Sub-clinical pre-
AMD), Dry AMD (non-GA Dry AMD), GA
(Geographic atrophy), and CNV (Wet AMD)

22 23,24

Data Pre-Processing and Differential

normalized and log, adjusted. Then, a box plot
and density plot were drawn to visualize the
distribution of modified data. Moreover, the
hierarchical clustering method was used to
determine noisy and outlier data and remove
them. Finally, the probe IDs whit unknown
gene names were excluded.

After data preprocessing, all AMD/pre-AMD
phenotypes were combined and tested for
significant differential expression against
normal donor samples. A linear model was
used to identify differentially expressed genes
using the R package Limma 3.5.1 * as used in
other gene expression analysis studies > 2627,
The P values adjusted by the False Discovery
Rate method and those with FDR < 0.05 were
considered statistically significant to identify
significant DEG between patients and normal
subjects.

Feature selection and Gene correlation

In order to select the best genes for predicting
the state of a sample, a smaller number was
chosen from the identified DEGs found using
FeatureSelect software. FeatureSelect is a
feature or gene selection software that offers
the best features using 11 different algorithms
based on wrapper methods #?°. To reduce the
possibility of overfitting, we conducted 10-
fold cross-validation to our feature selection
and model construction . This process was
repeated for all 11 algorithms; moreover, the
Max Feature was equivalent to 10, and the
parameters of each algorithm were set to
default.

Functional enrichment

To select the best gene subset from the 11
proposed subsets, eight groups with the highest
accuracy were selected. In the next stage, we

Expression Analysis used a gene ontology approach based on three
Data was read in R and then quantile categories, including Biological Process,
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Pathway, and Disease, to select the best subset
among the eight remaining groups.

Gene ontology and pathway terms are obtained
using the ToppGene web tool (http://toppgene.

cchme.org/) *°. We identified significant
terms using the adjusted P value, which was
less than 0.05. As a result of enrichment, we
reached to top three gene subsets. In the next
step, we used the Enrichr web tool (https:/
maayanlab.cloud/Enrichr/) *' and KEGG 2021

Human module to select the most specific

subsets. Finally, a gene subset was selected as
the best feature class. Significant terms were
identified using the adjusted P value, which
was less than 0.05. The gene subset with the
most similar biological pathways to AMD

was selected. Figl shows the workflow of
the proposed method discussed in this and
subsequent sections.

Gene-disease association analysis

To investigate the gene-disease relationship,
the DisGeNET web tool was used (https://
32, DisGeNET
contains one of the largest collections of

www.disgenet.org/home/)

genes and variants associated with human
diseases, which can be used for several
research purposes, including investigating the
molecular basis of diseases and comorbidities,
analyzing the properties of disease genes, and
evaluating computationally predicted disease
genes ¥,

Download dataset from GEO

N/

Normalize dataset (quantile normalization) & Log2 transformation

[ FeatureSelect ]
/ Algorithms \
| WCC ][ LCA ]| GA || PSO ]| ACO ]| ICA ]l LA ” HTS H FOA || DSOS ][ CUK |
\ . )
SVM
g
‘3 Algorithms with highest accuracy
2
% | DSOS ][ wcCC H LCA l | GA l [ PSO l | ACO | | LA l CUK l
&
3] ToppGene GO analysis
O
— [ wce H LCA H ACO l

Enrichr functional enrichment analysis

) 4

Extraction of Best predictive genes
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Results

Data preprocessing and DEGs Identification

Using the clustering method to analyze data
and dendrograms to draw conclusions, three
samples, consisting of two normal data and

one patient data, were identified as outliers.

They were removed from all future samples
and analyses. Detailed information on retina
samples has been shown in table 1. We
excluded probes without annotated genes or
NaN values from the experimental study. The
total number of probes falls from 45220 to
19749. We identified differentially expressed
genes using the general linear model. Genes
with an adjusted P value < 0.05 were filtered
and assigned as DEGs. As a result, 403 DEGs
were identified (Additional File 1). Then, in
order to further reduce the number of genes
and reach more significant ones, the genes
with (|logFC|) > 0.7 were selected, and as a
result, 33 DEGs were identified (Additional
File 2) between normal and AMD (including
pre-AMD). identified
DEGs. Three samples were removed due

figure 1 shows

to using a hierarchical clustering method to
determine noisy and outlier data (figure S1 in
Supplementary file).

Feature selection using different wrapper

methods

First, all FeatureSelect

applied to the data to select the genes/features

algorithms were

with the utmost accuracy from the 33 DEGs
for classification. According to the results,
eight algorithms with high accuracy, including
the WCC, LCA, GA, PSO, ACO, LA, DSOS,
and CUK, were seclected to choose the best
gene set for classification and potential
biomarkers. Furthermore, the gene correlation
matrix of all 33 genes was calculated using
the Pearson correlation coefficient (figure
S2 in Supplementary file) to understand
the relationship between genes better. table
3 shows the information for each feature
selection algorithm. The highest accuracy
was obtained using the DSOS algorithm
(95.83 %). figure 1 shows the performance of
each algorithm per iteration and the stability

Volcano plot (Retina)

-log10(adj.P.Val)

* logFC > 0.7
® logFC <-0.7
* no-significant

T T T
2 4 6

logFC

Figure 1: The volcano plot demonstrates identified DEGs. Red dots
show DEGs with logFC > 0.7 and adjusted P value less than 0.05
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Table 1: Demographic features of retina samples in the study

AMD Age Sex (male/female) Retina
classification samples
Normal 61.65 (£25.04) 30 (54.55 %) 55
25 (45.45 %)
MD1 78.77 (£ 11.60) 5(55.55 %) 9
4 (44.45 %)
MD2 87 (£ 7.35) 3 (60 %) 5
2 (40 %)
Dry AMD 79.1 (= 13.24) 8 (25.81 %) 31
23 (74.19 %)
GA 82 (£9.24) 2 (50 %) 4
2 (50 %)
CNV 82 (£3.93) 6 (75 %) 8
2 (25 %)
GA/CNV 85.67 (= 5.82) 2 (33.33 %) 6
4 (66.67 %)

of accuracy and error. In addition, receiver
operating characteristic (ROC) curve was
plotted to better compare algorithms and their
discriminative power, figure 2.

The most accurate algorithms and features

proposed

Algorithms with the highest accuracy were
selected for feature selection. Finally, 7 to 10
features were proposed by different algorithms.
These algorithms and the features/genes
which have been proposed are demonstrated
in table 3.

In the following, all of the eight algorithms

and selected features were enriched for AMD

based on three gene ontology combinations,
including Biological Process, Pathway, and
Disease in Toppgene web tool (Additional
File 3). For DSOS, no common Biological
Process was found for the selected genes and
for several other algorithms, there were not
enough common Pathways with AMD or not
enough significantly relevant diseases found.
Eventually, three algorithms with the highest
similarity to AMD in terms of three gene
ontologies were selected: WCC, LCA, and
ACO.

Gene enrichment analysis

In the next step to select the best algorithm,

Table 2: Detailed information for each algorithm

Accuracy 10-fold cross-validation

Algorithm
name WCC LCA GA PSO ACO ICA LA HTS FOA DSOS CUK
NOF* 10 7 9 9 9 9 8 6 8 7 9
Accuracy 87.5 875 875 875 8715 83.33 87.5 83.33 83.33 95.83 875
Precision 87.78 87.06 87.78 87.06 87.06 82.86 87.78 57.14 83.33 96.67 87.78
Sensitivity  86.43 87.86 86.43 87.86 87.86 82.86 86.43 57.14 84.29 95 86.43
a. Number of features
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Figure 2: (A) demonstrates the Convergence of accuracy per iteration for each algorithm. As can
be seen, the DSOS algorithm has converged rapidly and achieved maximum accuracy (96.675 %).
GA converged at a slower rate than other algorithms. (B) shows the Convergence of Error per
iteration for each algorithm. DSOS has reached the minimum Error of slightly less than 0.05. (C) &
(D) demonstrate the Average convergence of accuracy and error, respectively. (E) & (F) show the
accuracy and error Stability diagram, respectively. In terms of accuracy stability, ACO has reached
the best accuracy, slightly over 95 %; also, it has the minimum error value in the stability diagram,
below 0.05
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Figure 3: ROC curve for each model shows how much the model can distinguish between classes,
in this case, healthy and disease people. DSOS has the highest area under the curve by about 97 %,
and the lowest belongs to HTS
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Table 3: Highest accuracy algorithm and their selected features

Algorithm  Accuracy NOF? Features/genes

name

DSOS 95.8 7 C4B, SCRG1, MOXDI1, NPVF, ANO3, DEFB119, ICAM1

WCC 87.5 10 C4B, SCRGI1, ANO3, SERPINA3, ANXAI1, CFB, GSTT2,
SLC47A2, LGALS3, CD163

LCA 87.5 7 SCRG1, NPVF, C1S, SQRDL, CFB, ICAM1, LGALS3

GA 87.5 9 SCRG1, NPVF, C1S, PTGS1, SQRDL, FZD7, ANXA1, ICAMI,
LGALS3

PSO 87.5 9 SCRGI, C1S, ABCC3, FCGBP, IGFBP2, SQRDL, SERPINA3,
ICAM1, LOC100128008

ACO 87.5 9 C4B, HLA-DRA, ANO3, FAM181A, GRP, CFB, DEFB119, UBD,
SLC47A2

LA 87.5 8 CP, ABCC3, ANO3, FAM181A, ANXA1, SLC47A2,
LOC100128008, LGALS3

CUK 87.5 9 C4B, HLA-DRA, CI1S, PTGS1, ABCC3, FAM181A, SQRDL, GRP,

SLC47A2

a. Number of features

the features brought to the Enrichr web tool
and examined from the functional enrichment
perspective; the KEGG 2021 Human module
was used for this mean, figure 4. Significant
terms with an adjusted P value less than 0.05
were used for enrichment analysis. ACO
chosen gene subset with the highest pathway
similarity to AMD was selected for further
analysis. Using the ACO-SVM algorithm, the
following genes were identified for AMD:
C4B, HLA-DRA, ANO3, FAM181A, GRP,
CFB, DEFB119, UBD, and SLC47A2.

Gene-disease association investigation

We compared the genes found in AMD with
those in the Summary of Gene-Disease
Associations database in DisGeNET. It was
found that six genes or their close family
members were reported in the database and
three genes were not. These three genes were:
UBD, DEFB119, and GRP.

Discussion

By using machine learning, candidate
biomarkers of AMD can be obtained more
accurately and quickly. Each gene as a
feature/ candidate biomarkers can predict
disease and its progression; furthermore, the
features selection can improve the disease
classification accuracy. In this study, we
proposed an efficient method of combining
gene expression analysis with a machine
learning approach and high-performance
feature selection algorithms to gain the best
disease predicting candidate biomarkers 3*
33 . The study probably contributed to the
discovery of more reliable genes involved in
the pathogenesis of diseases, as well as some
new candidate biomarkers .

It may seem like a large number of features
or genes in microarray data is advantageous,
but many of these are redundant or irrelevant,

resulting in the loss of classification accuracy
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KEGG 2021 Human

Staphylococcus aureus infection *9.80e-04
Coronavirus disease *5.67e-03
Glutathione metabolism 2.81e-02

Pertussis 3.74e-02

Drug metabolism 5.27e-02
Systemic lupus erythematosus 6.55e-02
Fluid shear stress and atherosclerosis 6.74e-02

Hepatocellular carcinoma 8.09e-02

Complement and coagulation cascades *7.86e-04

Metabolism of xenobiotics by cytochrome P450 3.74e-02

o +4

—logae(p-value)

KEGG 2021 Human

Staphylococcus aureus infection *3.58e-06

Coronavirus disease *2.71e-03
African trypanosomiasis 1.29e-02
Malaria 1.74e-02

Viral myocarditis 2.08e-02
Pertussis 2.63e-02

Rheumatoid arthritis 3.21e-02

NF-kappa B signaling pathway 3.58e-02

Complement and coagulation cascades *3.7e-04

AGE-RAGE signaling pathway in diabetic complications 3.45e-02

o 1 2

3
—logio(p-value)

KEGG 2021 Human

Staphylococcus aureus infection *8.54e-06

Systemic lupus erythematosus *1.58e-03
Coronavirus disease *4.57e-03

Asthma 1.39e-02

Allograft rejection 1.7e-02
Graft-versus-host disease 1.87e-02

Type | diabetes mellitus 1.92e-02

Autoimmune thyroid disease 2.36e-02

Complement and coagulation cascades *6.30e-04

Intestinal immune network for IgA production 2.14e-02

1 2

3
—logio(p-value)

Figure 4: A pathway analysis was conducted using the KEGG 2021 Human module in Enrichr for

three gene subsets. The bar chart shows the P values associated with the top 10 enriched terms in the

chosen library. The colored bars correspond to terms with significant P values (< 0.05). (a) shows

the bar chart that belongs to WCC, (b) to LCA, and (c) to ACO. The asterisk (*) beside a P value
indicates it also has a significant adjusted P value (< 0.05)

and causing overfitting. A microarray
analyzes the expression levels of thousands
of genes simultaneously and can be used as
a detective tool. Nevertheless, the accuracy is
impacted by a large number of features and
the limited number of samples. To overcome

this deterioration inaccuracy, dimensionality

reduction techniques, mainly feature selection
approaches, are employed *. Feature selection
techniques maximize prediction accuracy,
minimize training time, and counteract the
threat of model overfitting by handling the
dimension and better interpreting the feature
space *'.
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Many studies related to AMD prognosis and
diagnosis have utilized machine learning
methods. For example, in an investigation,
AMD GWAS studies combined with machine
learning to predict AMD risk through four
different approaches
significant SNPs as features *. In another

using genome-wide

study, the researchers combined fundus images
and feature SNPs in a deep learning-based
approach for predicting late AMD progression
using convolutional neural networks and
reached an average area under curve (AUC)
value of 0.85 *°. Genetic variants have been
identified at 34 loci associated with AMD by
genome-wide association studies (GWAS*41),
In a different investigation, using random walk
(RW) and support vector machines (SVM),
researchers identified AMD-related genes
based on gene interaction relationships and
gene significance to understand the disease
pathogenesis better. Their model’s area under
the curve (AUC) was 0.927, resulting in 65
new genes associated with AMD . First-line
therapy for CNV in AMD patients consists
of intravitreal injections of anti-vascular
endothelial growth factor (VEGF) agents.
The anti-VEGF treatment, however, does
not always produce satisfactory results in all
patients. Transcriptome analysis of peripheral
blood mononuclear cells (PBMCs) from
AMD patients before treatment to identify
biomarkers of response to ranibizumab with
the help of machine learning and correlation-
based feature selection algorithms showed
high accuracy with the area under curve of the
value 0.968 +.

Our proposed method identified C4B,
HLA-DRA, ANO3, FAM181A, GRP, CFB,
DEFB119, UBD, and SLC47A2 as potential
candidate biomarkers for AMD. Gene-disease
association investigation showed DEFBI119,
UBD and GRP as novel candidate biomarkers,

and the remaining six genes were either
directly related to the disease or belonged to a
very close family related to AMD.

Ubiquitin D or FAT10 is a ubiquitin-like
modifier (ULM) encoded
histocompatibility complex (MHC). It is

in the major

induced in various tissues upon stimulation
by inflammatory factors like tumour necrosis
factor (TNF) and interferon y (IFN- y) in
mammals. Through docking to the 26S
proteasome, FAT10 cause the bulk of its
conjugates to degrade with an overall half-
life of one hour. It is tightly regulated by
transcriptional as well as post-transcriptional
mechanisms. Thus, FAT10 is mainly expressed
in organs of the immune system, such as the
lymph nodes and spleen. The FAT10 protein
is implicated in various cellular functions,
including apoptosis, spindle checkpoints
during mitotic cell division, and NF-kB
activation. Additionally, it interacts with
a broad spectrum of proteins involved in
tumorigenesis “.

AIPL1, a retinal chaperone, is essential for
maintaining retinal phototransduction in
photoreceptors, and losing AIPL1 causes
rapid rod and cone cell degeneration. It plays
a vital role in phosphodiesterase 6 (PDE6)
assembly, an essential effector enzyme in
phototransduction which hydrolyzes c¢GMP.
FAT mRNA is expressed in the human retina,
and rod PDES® is identified as a retina-specific
substrate of FATI0 conjugation. AIPLI
stabilizes the PDE6-FAT10 conjugate. AIPL1
interacts with FAT 10 in a non-covalent manner.
PDE6 FAT10ylatoin leads to its proteasomal
degradation and consequently inhibits PDE6
c¢GMP hydrolyzing activity. Thus, FAT10 may
contribute to the loss of PDE6 and, as a result,
the degeneration of retinal cells in diseases
associated with inflammation and inherited

blindness caused by mutations in AIPL1 +.
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In conjunction with aging, oxidative damage
is accumulated, and oxidative damage is
considered the primary cause of age-related
degenerative diseases. In addition, oxidative
stress has been shown to trigger inflammation
during AMD pathology. Proteins, lipids and
DNA are damaged in pathological oxidative
damage, and mitochondria are dysfunctional,
resulting in pro-inflammatory responses,
macrophage infiltration, and polarization. It
is believed that inflammation caused by tissue
damage is necessary for the immune system
to create a protective response. Drusogenesis,
degeneration of the RPE/photoreceptor,
BM disruption, and development of CNV
are all caused by local inflammation. Thus
inflammation is thought to play an integral
role in the pathogenesis of both dry and wet
AMD 2.

Defensins are cationic antimicrobial peptides
that are part of a large family of antimicrobial
peptides that share the same signature pattern
that consists of six conserved cysteines.
Defensins have a wide range of functions and
have been implicated in a variety of human
diseases. Natural antibacterial peptides, such
as defensin, have emerged as a crucial form of
innate immunity in animals and plants. Human
B-defensin (DEFB) is produced by epithelial
cells lining tissues exposed to the outside
world. Antibacterial activity has been detected
in vitro, suggesting that they may be involved
in innate immunity. Aside from their role in
innate immunity, human -defensins also act as
chemo-attractants for immature dendritic cells
and memory T cells, which link the innate and
adaptive immune systems. PB-defensins also
have essential roles in the male reproductive
tract and perform reproduction-specific tasks.
There is also evidence that defensins may
contribute to HIV- 1 resistance in male and
female genitourinary tract *. In a study on the

effects of ageing and anatomic location on
gene expression in the human retina, DEFB119
were expressed at higher levels in young
macula compared to older macula *’. Another
study carried out transcriptomic analysis
across different regions of the human retina
and RPE/choroid by RNA-seq, DEFBI119,
was identified as one of the DEGs between
temporal RPE/choroid vs temporal retina **.

(GRP) is a
neuropeptide comprised of 27 amino acids. It
binds to the GRP receptor (GRPR, also known
as BB2) on cell membranes. The GRP/GRPR
system appears to influence a wide range of

Gastrin-releasing  peptide

physiological processes: including exocrine
and endocrine secretions, thermal regulation,
blood sugar levels, feeding, inflammatory
responses, gastrin and somatostatin secretion,
gastric acid secretion, pancreatic secretion,
gastrointestinal motility, lung development,
pain perception, satiety, itchy responses,
memory formation and expression, and cell
proliferation in the immune system. Also,
brain function may be controlled by GRP, a
transmitter in the central nervous system
(CNS) that activates GRPRs on postsynaptic
membranes !

GRP acts as a mitogen, morphogen and pro-
angiogenic factor in specific cancers. Normal
kidney and renal cancer express GRP and its
receptor. It is known that GRP may promote
the growth of renal cancer cells. Studies have
shown that chronic kidney disease (CKD) is
associated with an increased risk of AMD >
Furthermore, it has been discovered that in
male sexual function, GRPs and GRPRs
play an essential role in spinal cord control
of erection and ejaculations *°. The evidence
from animal and human studies indicates that
abnormalities in GRPR-triggered cellular
signalling are linked to Alzheimer’s disease

(AD). The results of mouse and human studies
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suggest that abnormalities of the GRPR gene
expression and GRPR signalling (cellular
calcium homeostasis and oxidative stress) are
likely associated with AD.

There are several clinical and pathologic
similarities between AD and AMD. First
and foremost, aging is a major risk factor for
both multifactorial degenerative disorders.
Secondly, the pathological hallmark of AD,
the deposition of extracellular amyloid
B-peptide, is also a component of AMD
drusen ®. Moreover, preclinical research has
shown that GRP and its receptor are important
for modulating synaptic plasticity and memory
formation in the hippocampus and other areas
of the brain *. Although the GRP gene was
not explicitly mentioned in the DisGeNET
database, however GAST (gastrin coding)
gene was reported as one of the disease-
associated genes with a low association score.
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