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ABSTRACT

Age-related macular degeneration (AMD) is a common vision-threatening disease. The current
study sought to integrate DNA methylation with transcriptome profile to explore key features in
AMD. Gene expression data were obtained from the Gene Expression Omnibus (GEO, accession ID:
GSE135092) and DNA methylation data were obtained from the ArrayExpress repository (E-MTAB-
7183). A total of 456 differentially expressed genes (DEGs) and 4827 intragenic differentially
methylated CpGs (DMCs) were identified between AMD and controls. DEGs and DMCs were
intersected and 19 epigenetically induced (El) genes and 15 epigenetically suppressed (ES)
genes were identified. Immune cell infiltration analysis was performed to estimate the abundance
of different types of immune cell in each sample. Enrichment scores of inflammatory response and
tumor necrosis factor-alpha (TNFa) signaling via nuclear factor kappa B (NF-kb) were positively
correlated with abundance of activated memory CD4 T cells and M1 macrophages. Subsequently,
two significant random forest classifiers were constructed based on DNA methylation and tran-
scriptome data. SMAD2 and NGFR were selected as key genes through functional epigenetic
modules (FEM) analysis. Expression level of SMAD2, NGFR and their integrating proteins was
validated in hydrogen peroxide (H,O,) and TNFa co-treated retinal pigment epithelium (RPE)
in vitro. The findings of the current study showed that local inflammation and systemic inflam-
matory host response play key roles in pathogenesis of AMD. SMAD2 and NGFR provide new
insight in understanding the molecular mechanism and are potential therapeutic targets for
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development of AMD therapy.

Introduction

Age-related macular degeneration (AMD) is the
most common vision-threatening disease in elderly
people [1,2]. It is characterized by pigmentation
abnormalities in retinal pigment epithelium (RPE),
yellowish drusen and loss of photoreceptor in the
macular region. In an advanced stage of AMD, inva-
sion of choroidal neovascularization or geographic
atrophy causes severe visual impairment, thus the
individual cannot undertake basic activity and
reduces the quality of life [2]. Studies predicted that
approximately 288 million people will be affected by
AMD globally by 2040 [3]. A high prevalence of
AMD leads to a major burden on public health.
AMD is a multifactorial disorder implying
that both environmental factors and genetic

risks are involved in the onset and progression
of AMD [2]. Environmental factors, such as
aging, smoking and diet, play key roles in
AMD. However, the mechanism of these factors
has not been fully elucidated [4]. Epigenetic
mechanisms are impressionable by external sti-
muli and mediate gene-environment interaction.
Advances in high-throughput strategies, such as
next-generation sequencing, have enables eluci-
dation of numerous genetic and epigenetic
pathogenesis factors. A genome-wide association
study for AMD reported 34 genetic variants loci
implicated in pathogenesis of AMD [5]. Several
studies report that epigenetic abnormalities play
a role in promoting AMD [6]. DNA methylation
is a major epigenetic modification that is occurs
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by adding a methyl group to DNA molecules.
Previous studies report aberrant DNA methyla-
tion in AMD, such as hypomethylation of
ILI7RC and differential methylation of SKI,
GTF2H4 and TNXB [7-9]. Therefore, AMD-
specific methylation markers and their detailed
functions are potentially significant in investigat-
ing pathogenesis and treatment of AMD.

DNA methylation plays an important role in
disease prediction and prognosis prediction,
including carcinoma and Parkinson’s disease [10-
13]. In addition, combining transcriptome and
DNA methylation can help in identifying impor-
tant genes implicated in the mechanism of the
diseases and can serve as therapeutic targets
[14,15]. However, only a few studies have inte-
grated DNA methylation and transcriptome pro-
file to explore key features of AMD. Therefore, the
current study systematically explored DNA methy-
lation level and gene expression level of AMD by
analyzing RPE-sourced DNA methylation array
and RNA-seq data. Furthermore, random forest
classifiers were constructed based on methylation
data and gene expression data to distinguish AMD
from controls. In addition, functional epigenetic
modules analysis was performed to explore key
genes implicated in AMD.

Methods
Ethics statement and culture of human RPE cells

RPE tissue was provided by Aier Eye Bank
(Changsha, China) and written informed consent
was obtained from the donor. Ethical approval
was obtained from the medical ethics committee
of Aier Eye Hospital Group (AIER2018IRB21).
All experimental procedures were in accordance
with the Declaration of Helsinki. Isolation and
culture of RPE cells was performed as described
in our previous study [16]. The retina was
removed from the ocular tissue under the micro-
scope and the RPE layer was digested using
0.25% ethylenediaminetetraacetic acid (EDTA)-
trypsinase (Gibco, USA) in the remainder of the
eyecup. After centrifugation (100 g, 5 min), RPE
cells were resuspended in culture media, which
comprised DMEM/F12 (Gibco), 10% fetal bovine
serum and 1% penicillin-streptomycin (Gibco).

RPE cells were co-treated with 100 ng/ml tumor
necrosis factor-alpha (TNFa) and 100 uM hydro-
gen peroxide (H,0,) for 24 h to simulate oxida-
tive stress condition of AMD in vitro.

Data collection

Gene expression data for RPE tissues from post-
mortem eyes were downloaded from Gene
Expression Omnibus (GEO, accession ID:
GSE135092) [17]. According to the original
paper, postmortem eyes from 53 female and 76
male donors, ranging from 59 to 98 years of age,
were procured by the Florida Lions Eye Bank
(Tampa, FL). Eyes were enucleated 4 h postmor-
tem or less to maintain the integrity of RNA.
Grading of postmortem eyes was performed
based on the Minnesota Grading System after
removal of anterior segment and vitreous tissue
[18]. Only eyes with category 1 disease (con-
trols) and category 4 disease (advanced AMD)
were used in the original study ([17]. Bulk
expression data of RPE tissues were extracted
for the present study, comprisingl31 macular
and 135 non-macular RPE samples. Macular
samples were used for differential gene expres-
sion analysis, whereas non-macular samples were
used to validate the accuracy of the random
forest classifier. All data were generated with
[lumina HiSeq2500 (Illumina, San Diego, CA,
USA) and raw count values and RPKM (Reads
Per Kilobase Million) values were obtained.

Genome-wide DNA methylation data contain-
ing RPE tissues of 19 normal controls and 25
AMD patients were downloaded from the
ArrayExpress database (accession ID: E-MTAB-
7183) (https://www.ebi.ac.uk/arrayexpress/experi
ments/E-MTAB-7183/) [7]. The postmortem eyes
were obtained from the Manchester Eye Bank
(UK) from donors aged over 50 years. Tissue phe-
notyping was also performed based on the
Minnesota Grading System [19]. RPE samples
from 19 normal control donors (level 1) and 25
AMD donors (level 2 and 3) were used for DNA
methylation assay [7]. DNA methylation levels
were determined using Illumina Infinium
HumanMethylation450 (‘450 K array’) BeadChip
(Ilumina, San Diego, CA, USA) and raw IDAT
files were obtained.
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Differential expression analysis

A total of 131 macular RPE-based samples were
extracted for differential expression analysis
between AMD samples and controls. The edgeR
R package was used to determine differentially
expressed genes (DEGs) based on raw read counts
using generalized linear models [20]. DEGs were
then defined based on a Benjamini-Hochberg
adjusted p-value <0.05 and fold change >1.5.

Differential methylation analysis

ChAMP R package was used to process DNA
methylation data from the IDAT files generated by
the Illumina HumanMethylaton450 platform [21].
Probes that met the following criteria were filtered:
(1) detection p-value >0.01; (2) <3 beads in at least
5% of samples per probe; (3) non-CpG probes; (4)
SNP-related probes; (5) multi-hit probes and (6)
located in chromosome X and Y. After filtering,
normalization was performed using the beta-
mixture quantile normalization method and
ComBat function in sva R package was used to
adjust for the effect of array slides [22]. The normal-
ized beta values were used to identify differentially
methylated CpGs (DMCs) with a p-value <0.01. In
addition to promoter methylation suppressing gene
expression, DMCs can come exhibit other effects,
such as gene body methylation-associated regulation
[23]. Therefore, corresponding genes of intragenic
DMCs were defined as differentially methylated
genes (DMGs) regardless of the specific region.

Functional enrichment analysis

Functional enrichment analysis was performed with
the clusterProfile R package for the Kyoto
Encyclopedia of Genes and Genomes (KEGG) path-
ways and Gene Ontology (GO) terms [24]. Significant
terms were defined as terms with an adjusted p-value
<0.05. Enrichment analysis results were visualized
through clusterProfile and GOplot R package [24,25].

Gene set enrichment analysis and Gene set
variation analysis

For Gene set enrichment analysis (GSEA), the
hallmark gene set of ‘h.all.v7.4.symbols.gmt’ was

BIOENGINEERED e 7063

retrieved from MSigDB (https://www.gsea-msigdb.
org/gsea/msigdb) and used as the reference. GSEA
was performed using clusterProfiler R package and
adjusted p < 0.05 indicated significance [24]. Gene
set variation analysis (GSVA) is an unsupervised
method that estimates variation of gene sets over
a sample population [26]. In the present study,
GSVA method was used to quantify significantly
enriched gene sets identified in GSEA.

Immune cell infiltration and correlation
analysis

CIBERSORT is an analytical tool that provides an
estimation of the abundance of 22 immune cell
types in mixed cell tissue with bulk expression data
[27]. CIBERSORT was used to explore infiltration of
immune cells in RPE from the AMD cohort.
Differences in immune cell composition between
AMD and controls were determined using
Wilcoxon sign rank test. Combination of GSVA and
immune cell infiltration is useful in revealing the
possible impact of immune infiltration in as described
previously [28,29]. In the current study, correlation
analysis between the proposition of immune cells and
GSVA scores of enriched immune processes were
performed using Spearman correlation analysis.
A p-value <0.05 was considered statistically
significant.

Intersection of DEGs and DMGs

To explore the relationship between methylation
level and gene expression, DMGs and DEGs were
intersected to identify overlapping genes. Hypo-
methylated genes with a high expression level
referred as epigenetically induced (EI) and hyper-
methylated gene with a low expression level
referred as epigenetically suppressed (ES) genes
were extracted for subsequent analyses.

Construction of random forest classifiers

The random forest algorithm is an ensemble
machine learning method based on construction
of several decision trees. In the current study,
a random forest classifier was used to separately
distinguish AMD patients from controls based on
gene expression data and DNA methylation data.
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EI and ES genes were selected as candidate vari-
ables. A normalized beta value of CpGs was used
to construct the classifier based on DNA methyla-
tion data. Log2 transformed count data was used
to construct the classifier for gene expression. The
Bioconductor package randomForest was used to
run the random forest algorithm [30]. The impor-
tance of each variable was initially determined.
Variables were added consecutively based on
order of importance to identify the best classifica-
tion capacity of classifiers with the leave-one-out
cross-validation (LOOCV) method. The area
under the curve (AUC) of the receiver operating
characteristic (ROC) curve was then calculated to
determine the quality of classifiers using pROC
R package [31]. In addition, the non-macular
RPE expression data in GSE135092 were used to
validate the accuracy of the gene expression
classifier.

Functional epigenetic modules analysis

Functional epigenetic modules (FEM) analysis is
a method for identification of interactome hot-
spots of differential methylation and differential
expression [32]. FEM analysis was widely used to
identify protein modules in integrative analysis of
DNA methylation and transcriptome, such as
Parkinson’s  disease, colorectal cancer and
Pituitary Adenomas [33-35]. FEM analysis was
performed to further explore association between
DNA methylation and gene expression under pro-
tein interaction networks. FEM analysis was per-
formed using a Bioconductor package FEM, using
RPKM values of gene expression data and normal-
ized methylation beta values. The input para-
set as follows: nseeds = 100,
gamma = 0.5 and nMC = 1000. A significant mod-
ule was defined by a p-value <0.05. Centric genes
identified in FEM were selected for candidate key
genes.

meters were

Quantitative polymerase chain reaction
(qPCR)

Total RNA was extracted from RPE cells in 12-well
plates (n = 4 in each group) using Trizol reagent
(Invitrogen, USA). Total RNA was reverse tran-
scribed into cDNA using HiScript II Q Select RT

SuperMix for qPCR (Vazyme, China). qPCR was
performed using SYBR green reagent (Vazyme,
China) on Roche 96 (Roche, USA). Gene expres-
sion level was quantified using 2~**“* method.
GAPDH (glyceraldehyde 3-phosphate dehydro-
genase) was used as internal control gene.
Analysis of each sample was performed in tripli-
cate. Primer sequences are listed in Supplement
Table S1. Statistical analysis was performed in
Graphpad Prism software. Statistical difference
between groups was assessed by Student’s t-test.
p < 0.05 was considered statistically significant.
Data were presented as mean + SEM.

Results

Integrated analysis of DNA methylation data and
transcriptome profile provides information on the
mechanism of diseases and provides a basis for
exploring potential targets for further research. In
the current study, DEGs, DMGs and enriched GO
terms and KEGG pathways were identified in
AMD. Further, immune infiltration analysis and
GSVA analysis was conducted to explore the role
of immune filtration in inflammation in AMD.
Subsequently, DEGs and DEGs were intersected
to identify epigenetically induced (EI) genes and
epigenetically suppressed (ES) genes. Two classi-
fiers were constructed using random forest algo-
rithm to explore the prediction power of EI and ES
genes in distinguishing AMD patients from con-
trols. Finally, key genes were identified by FEM
analysis and further validated in cultured RPE cell
in vitro.

Identifying 456 macular RPE-based DEGs in
AMD

Macular RPE samples in RNA sequencing data-
set (GSE135092) were selected (26 AMD, 105
normal) for identification of DEGs in RPE of
AMD patients. A total of 456 significant DEGs
were identified in which 201 genes were down-
regulated and 255 genes were upregulated
(Supplement Figure S1, Supplement Table S2).
Enrichment analysis was performed on DEGs.
All enriched GO terms and KEGG pathways
are presented in Table S3. KEGG analysis
showed a significant enrichment of upregulated



genes involved in interleukin-17 (IL-17) signal-
ing pathway, neuroactive ligand-receptor inter-
action, tumor necrosis factor (TNF) signaling
pathway and extracellular matrix (ECM)-
receptor interaction (Figure 1a). The relationship
between genes and representative KEGG path-
ways is presented in Figure lc. GO analysis
showed significant enrichment of extracellular
structure organization, ECM organization, neu-
trophil chemotaxis, neutrophil migration, cyto-
kine activity and chemokine activity (Figure 1b,
Supplement Table S3). The relationship between
genes and representative GO terms is shown in
Figure 1d.
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M1 macrophages and activated memory CD4
T cells are positively correlated with
inflammation

GSEA was performed to explore biological dif-
ferences between AMD and controls. Genes
involved in apoptosis, epithelial-mesenchymal
transition (EMT), inflammatory response and
TNFa signaling through nuclear factor kappa
B (NF-xkb) were enriched in the AMD group
(Figure 2a). In bulk RNA-seq, the expression
level is a comprehensive result of all kinds of
cells regardless of specific cell types. For both
functional enrichment and GSEA results empha-
sis on inflammation in AMD, we used the
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Figure 1. GO and KEGG analysis results of upregulated genes in AMD. (a) KEGG pathway enrichment results in AMD. Dotplot

demonstrates enriched KEGG pathways of upregulated genes

in AMD. (b) GO enrichment results in AMD. Barplot demonstrates

upregulated enriched GO terms of biological process, cellular component and molecule function of upregulated genes in AMD. (c)
Chord plot of representative KEGG pathways. (d) Chord plot of representative GO terms. The chords connect altered genes with
enriched KEGG pathways or GO terms. The color of boxes next to gene labels indicates the log2 fold change. Adjusted p-value <0.05

was considered as significant.
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Figure 2. GSEA results and immune cell infiltration in AMD. (a)The GSEA results of representative gene sets associated with AMD.
Adjusted p < 0.05 was regarded as significant. (b) Composition of immune cell types in RPE tissues. X-axis represent different
immune cell types. Y-axis represent the estimated composition of immune cells. (c) Correlation analysis of GSVA scores of
‘inflammatory response’ gene set with composition of infiltrating immune cells. (d) Correlation analysis of GSVA scores of ‘TNF
signaling via NF-kb’ gene set with composition of infiltrating immune cells. The size of dots is proportional to the absolute value of
correlation coefficient. And the color of dots represents p value of correlation (greener indicates lower p value and purpler indicates
higher p value). Correlation analysis was performed by Spearman correlation. A p-value <0.05 was considered statistically significant.

CIBERSORT tool to explore the potential
immune cell types involved in AMD.
Estimation of abundances of 22 immune cell
types is shown in Figure 2b. Compositions of
activated mast cell and regulatory T cell were
significantly different between AMD and con-
trols (Supplement Table S4). Further, GSAV
was performed to quantity enriched biological
processes identified in GSEA (Supplement
Table S5). GSVA scores of the ‘inflammatory
response’ and “TNFa signaling through NF-xb
biological processes’ were used to correlate with
immune cell compositions. The findings showed
that activated memory CD4 T cells and Ml
macrophages were positively correlated with
‘inflammatory response’ (Figure 2c) and “TNFa
signaling through NF-xb’ (Figure 2d). The posi-
tive correlation indicated that infiltration of CD4
T cells and M1 macrophage may be one of
causes of inflammation in AMD.

A total of 3718 RPE-based DMGs were
identified in AMD

After rigorous filtering, normalized beta values of
412,481 probes were used for DNA methylation
analysis. A total of 6441 CpGs met the differential
methylation criteria in which 3659 CpGs were
hypermethylated and 2782 CpGs were hypomethy-
lated (Supplement Table S6). Chromosome distri-
bution of these CpGs is shown in Figure 3. In
addition, the regional distribution of these differ-
ential methylation CpGs was summarized. The
findings showed that the preponderance of
DMCs resides in the gene body region
(Figure 4a). Notably, only intragenic CpGs (tran-
scriptional start sites (TSS)1500, TSS200, 5K
untranslated region (UTR), IstExon, body and
3XUTR) were further analyzed owing to the little
knowledge of CpGs at the intergenic region (IGR)
region. Therefore, 4827 DMCs were corresponding
to 3718 DMGs. The findings showed that most
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Figure 3. Chromosome distribution of differentially methylated CpGs. The color indicates the delta normalized beta value for
AMD group comparing with control group. Red represents the hypermethylated sites in AMD, while blue represents the hypo-

methylated sites in AMD.

DMCs were

individually region-specific and

DMCs at the gene body and TSS1500 shared the
most common genes (Figure 4b).

GO and KEGG analyses were performed to
further explore these DMGs (Supplement Table
§7). The findings showed enriched GO terms
such as axonogenesis, cell-cell junction and cell
adhesion molecule binding (Figure 4c). In KEGG
pathways, PI3K-Akt signaling pathway, Ras signal-
ing pathway and ECM-receptor interaction were
significantly  associated with these DMGs
(Figure 4d).

Effect of DNA methylation on gene
expression in AMD

The first step of integrative analysis of DNA
methylation and gene expression is intersecting

DMGs and DEGs. Genes were classified based
on the intersection results into four groups:
hypermethylated-upregulated, hypermethylated-
downregulated, hypomethylated-upregulated
and hypomethylated-downregulated
(Figure 5a). Generally, the methylation level is
negatively correlated with gene expression level.
The findings of the current study showed 15
hypermethylated-downregulated genes as ES
genes (corresponding to 23 DMCs) and 19
hypomethylated-upregulated genes as EI genes
(corresponding to 24 DMCs) (Supplement
Table S8). Details on chromosome location,
expression level and methylation level of the
ES and EI genes are shown in Figure 5b.

To validate the expression level of these ES and
EI genes, H,O, and TNFa co-treated RPE were
used to simulate oxidative stress and inflammation
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status in vitro, which are two critical factors in
development and progression of AMD [36,37].
The level of VEGFA, a critical factor and thera-
peutic target of AMD was explored to determine
reliability of the in vitro model. The findings
showed that the level of VEGFA was significantly
increased after co-treatment with H,O, and TNFa
(Figure 5c¢). Moreover, FGF1, E2F2 and TNFAIP3
genes were chosen to validate expression level of
ES or EI genes by qPCR assay. The finding showed
that the expression level of TNFAIP3 and FGF1
was significantly increased, while the expression
level of E2F2 was significantly decreased under co-
treatment with H,0, and TNFa (Figure 5c). These
results are consistent with the effect of DNA
methylation on gene expression (Figure 5b).

Two significant random forest classifiers were
constructed

Expression data of 34 EI and ES genes and 47
corresponding CpGs methylation data were
used to construct two classifiers with random

forest algorithm and LOOCV methods to dis-
tinguish AMD patients from normal controls.
Importance of each variable was first deter-
mined and variables were ranked in descending
order (Supplement Table S9). Variables were
then added consecutively to identify the best
predictors of classifiers by calculating the pre-
dicting power of each classifier. The top 10
genes had the highest predicting power of the
gene expression classifier and the top 39 CpGs
had the highest predicting power of the DNA
methylation classifier (Figure 6a-6b). The ROC
curve of the two classifiers with the best pre-
dictor are presented in Figure 6c-6d. Both clas-
sifiers showed significant classification capacity.
The classifier based on DNA methylation data
(AUC 0.973, p-value 5.5188e-08) showed higher
predictive power compared with the gene
expression classifier (AUC 0.825, p-value
1.4862e-07) (Figure 6c-6d). Gene expression
data of 135 non-macular RPE samples from
GSE135092 was then used as a test dataset to
test robustness of the gene expression classifier.
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stimulation of H,0, and TNFa. Barplots demonstrate that the expression level of VEGFA, E2F2, TNFAIP3 and FGF1 significantly altered
under co-stimulation of H,0, and TNFa (p < 0.0001, p = 0.0204, p < 0.0001, and p = 0.0186, respectively). Statistical difference
between groups was assessed by Student’s t-test. p < 0.05 was considered statistically significant. (n = 4, mean + SEM). *p < 0.05,
**p < 0.01, ***p < 0.001, and ****p < 0.001 compare with control group.

The ROC curve of the test dataset showed that  to identify significant modules in the protein inter-
the gene expression classifier was robust and  action network. Nine gene-centric interaction sub-
was accurate using non-macular RPE (AUC  networks were identified and the central genes
0.713, p-value 0.00066934, Figure 6e). This find- were CD79B, EED, LCNI12, MAPKI12, NGFR,
ing indicated that predictors from the EI and ES  PEX19, SMAD2, SMURF2 and XYLTI1
genes are potential RPE-sourced biomarkers  (Supplement Table S$10). The main function and
for AMD. associated diseases of the nine central genes were

explored and the results are summarized in Table
SMAD2 and NGFR were identified as hub 1. Although none of these genes was reported to be
gens t!"°“9h functional epigenetic module directly associated with AMD, NGFR and SMAD?2
analysis were selected for further analysis (Figure 7a-
To further explore the role of DNA methylation ~ Figure 7b). SMAD2 mediates the signal of trans-
and gene expression, FEM analysis was conducted forming growth factor (TGF)-p from cell
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Table 1. Characteristics of the nine candidate key genes.
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Gene Full name

Main functions or pathways

Associated diseases

CD79B  CD79b molecule

B cell receptor signaling pathway
EED Embryonic ectoderm development Member of the epigenetic regulator gene family,
transcriptional repression

Lymphoma!*®4%!
Weaver syndrome, colorectal

cancer%!
[52,53]

LCN12  Lipocalin 12 Retinoic acid binding, long-chain fatty acid transport Keratoconus
MAPK12 Mitogen-activated protein kinase ~ MAPK signaling pathway Cancer®**%
12
NGFR Nerve growth factor receptor Regulating apoptosis and activity of amyloid-beta Alzheimer's Disease™*44
PEX19  Peroxisomal biogenesis factor 19  Peroxisome biogenesis Peroxisome biogenesis disorders>®’
SMAD2  SMAD family member 2 Transforming growth factor-beta signaling pathway Colorectal cancer, cardiovascular
disease”>®
SMURF2  SMAD specific E3 ubiquitin-protein  SMAD-transforming growth factor-beta signaling Cancert*%%
ligase 2
XYLT1  Xylosyltransferase 1 Biosynthesis of chondroitin sulfate and dermatan sulfate Desbuquois dysplasia type Il "

proteoglycans

membrane to nucleus [38]. Previous studies report
that TGF-p pathway plays a significant role in
occurrence and progression of AMD [39,40]. In
addition, SMAD2 can be regulated by another
central gene, SMURF2, which is a key member of
the TGF-B signaling pathway [41]. NGFR, also
known as p75NTR, is a receptor of neurotrophin
which regulates various cell functions and is impli-
cated in Alzheimer’s disease [42-44]. A link
between Alzheimer’s disease and AMD has been
previously reported [45-47]. This indicates that
SMAD2 and NGFR are implicated in AMD.
Further, expression level of SMAD2, NGFR and
their interacting proteins in H202 and TNFa co-
treated RPE was validated using qPCR. The find-
ings showed that expression levels of NGFR and
SMAD?2 genes were significantly higher in H,O,
and TNFa co-treated RPE compared with controls
(p = 0.0011, p = 0.001, respectively. Figure 7c). In
addition, DNA methylation level of SMAD2 was
hypomethylated in AMD group, whereas the gene
expression was not different (Figure 7a). DNA
methylation occurs prior to gene expression in
epigenetic manner, thus the mRNA level of
SMAD2 may increase with disease progression.
Furthermore, expression of proteins integrated
with SMAD2 and NGFR, such as NEDD4L,
ZEB2, APP, GDF11 and PTPN13 were explore.
Among these genes, the expression level of
SAMD2, NGFR, NEDD4L, ZEB2 and APP
increased significantly under co-stimulation of H,
O, and TNFa (p = 0.0022, 0.0016, 0.0004, 0.0035
and 0.0165, respectively) (Figure 7c). Although no

significant difference is detected of GDF11 and
PTPN13 (p = 0.0.0602, 0.1877, respectively),
there is certain tendency for increased expression
level in H,O, and TNFa co-treatment group
(Figure 7c). Expression levels of these integrating
proteins was highly consistent with the findings
from high-throughput data (Figure 7b). This find-
ing indicated that SMAD2 and NGEFR are potential
markers in elucidating AMD pathogenesis.
However, the detailed functions and mechanisms
should be explored further.

Discussion

AMD is a highly complex and disease resulting in
vision loss, however, its pathogenesis has not been
fully elucidated. Gene-environment interaction
causes epigenetic modification and may play
a significant role in AMD development [6].
Although several studies have reported novel
methylation genes for AMD, a full combination
with gene expression changes based on RPE tissues
has not been explored [7-9,62]. Xu et al. [63].
identified several aberrant methylation-based bio-
markers by integrating retina-based methylation
data and gene expression data. RPE is the primary
site of injury in AMD and promotes early devel-
opment of the disease before retinal degeneration
[64,65]. A recent study conducted ATAC-seq ana-
lysis and reported that global decreases in chro-
matin accessibility occur in the RPE in early stages
of AMD and in the retina of advanced disease [66].
This implies that molecular alteration in RPE may
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Figure 7. Interaction networks and validation expression level of key genes. (a) Network diagram of SMAD2 centric interaction
network. (b) Network diagram of NGFR centric interaction network. Color of core of the node represents the t-statistics of the
differential methylation analysis using FEM package. Blue indicates the hyper- hypermethylation in AMD group, while yellow
indicates the hypo- hypermethylation in AMD group. Color of border of the node represents the t-statistics of the differential
methylation analysis using FEM package. Red indicates the up-regulation of gene expression in AMD group, while green indicates
the down-regulation of gene expression in AMD group. (c) Relative expression level of SMAD2, NGFR, NEDDA4L, GDF11, ZEB2, APP
and PTPN13 under co-stimulation of H,0, and TNFa. Among these genes, the expression level of SAMD2, NGFR, NEDD4L, ZEB2 and
APP significantly increased under co-stimulation of H,0, and TNFa (p = 0.0022, 0.0016, 0.0004, 0.0035 and 0.0165, respectively).
Although no significant difference is detected of GDF11 and PTPN13 (p = 0.0.0602, 0.1877, respectively), there is certain tendency for
increased expression level in H,0, and TNFa co-treatment group. Statistical difference between groups was assessed by Student’s

t-test. p < 0.05 was considered statistically significant. (n = 4, mean = SEM). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.001
compare with control group.

be more sensitive and essential in understanding
AMD pathogenesis. To the best of our knowledge,
this is the first study to integrate DNA methylation
data and transcriptome profiles based on RPE
tissues to identify key genes in AMD pathogenesis.

The findings showed that upregulated genes in
AMD were significantly enriched in inflammation-

associated pathways, such as cytokine-cytokine
receptor interaction, IL-17 signaling pathway and
TNF signaling pathway. In addition, GSEA results
showed inflammatory processes, including inflam-
matory response and TNFa signaling through NF-
kb were significantly enriched. Studies report that
immune activation, including innate immune



responses, microglia activation and pathological
parainflammation, significantly contribute to the
AMD phenotype [67]. A previous review hypothe-
sized that AMD 1is a consequence of the age-
related random accumulation of molecular
damage at the ocular level and subsequent sys-
temic inflammatory host response [68]. GO analy-
sis in the current study showed that upregulated
genes were enriched in neutrophil chemotaxis,
neutrophil migration and leukocyte chemotaxis.
Previous studies have not explored blood-sourced
inflammation mechanisms. Therefore, the current
study explored immune cells infiltration of RPE in
AMD patients. Gene sets of the inflammatory
response and TNFa signaling through NF-xb
were quantified wusing GSVA and then
a correlation analysis was conducted between the
genes and composition of immune cells. The cor-
relation results showed that activated memory
CD4 T cells and M1 macrophages were positively
correlated with inflammatory response and TNFa
signaling via NF-kb. A higher level of M1 macro-
phages chemokine transcript in advanced AMD
macula has been reported previously [69]. M1
macrophage is a pro-inflammatory immune cell
and is involved in secretion of cytokines, such as
IL-6 and TNFa[70]. The findings of the current
study showed that M1 macrophage is closely cor-
related with inflammatory response. A new kind of
T-cell activation, ‘bystander activation’, was
recently reported which is independent of the
T-cell receptor (TCR) [71]. Several cytokines
such as IL-1, IL-18 and IL-2 are potent activators
of bystander activation. Notably, effector/memory
CD4 T cells have a lower threshold of bystander
activation compared with naive CD4 T cells [72].
Bystander activation of CD4 T cells may play
important roles in infection, autoimmunity and
cancer [72]. However, the link between inflamma-
tion and infiltration of activated memory CD4
T cells in RPE of AMD has not been elucidated.
Therefore, future AMD therapy should explore
local inflammation and systemic inflammatory
host response.

Moreover, GO analysis showed that extracellu-
lar structure organization and ECM organization
are significantly associated with AMD. Basal
deposits and accumulation of ECM between RPE
and Bruch’s membrane (BrM) form in the early
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stages of the disease and are convert into drusen
with progression of AMD [73]. RPE cells play
a key role in secretion and remodeling of ECM
components, and dysregulation of RPE cells trig-
gers an inflammatory process by binding to active
complement C3 [74]. The enrichment analysis
results of DEGs indicated importance of inflam-
mation and ECM in AMD, which was consistent
with the findings of previous studies in the aspect
of molecular changes of postmortem RPE samples.

Normalized beta values were used in differential
methylated analysis to evaluate the methylation
level. The number of hypermethylated CpGs was
slightly higher compared with that of hypomethy-
lated CpGs. In addition to the promoter region,
a large number of DMCs are located in the gene
body region. Concerning gene body methylation-
associated regulation, all intragenic DMCs were
selected for DMGs analysis, regardless of the spe-
cific region [23]. A total of 3718 DMGs were
identified and selected for enrichment analysis.
Enrichment analysis results showed that some
enriched terms of DMGs were closely associated
with AMD. There terms included PI3K-Akt signal-
ing pathway and ECM-related terms, such as cell-
cell junction, cell adhesion molecule binding and
ECM-receptor interaction. This emphasizes the
importance of ECM organization in AMD, which
is consistent with DEGs enrichment analysis
results. Although the detailed mechanism of PI3K-
Akt pathway in AMD was not fully elucidated, it is
reported that the PI3K-Akt signaling pathway
mediated the formation of CNV and cell viability
of RPE [75,76].

EI and ES genes were extracted by intersecting
DEGs and DMGs. DNA methylation patterns are
potential good indicators of early disease develop-
ment and biological aging [77-80]. In the current
study, two random forest classifiers were con-
structed to distinguish AMD from normal samples
based on DNA methylation data and gene expres-
sion data. The two classifiers showed a significant
predictive value. However, DNA methylation-
based classifier was more sensitive compared with
the gene expression-based classifier. The grade of
AMD samples in DNA methylation were level 2 or
3 indicating that DNA methylation pattern is vul-
nerable and should be monitored in early stages of
AMD. Environmental factors affect multiple
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tissues and epigenetic alterations may exhibit simi-
lar patterns in different tissues [6]. For example,
methylation levels in PRSS50 promoter gene are
similar in blood and retinal tissue in AMD patients
[9]. This implies that the DNA methylation-based
classifier constructed in the current study may
work comparably in blood samples. Therefore, it
may have a high clinical value in diagnosing AMD
using blood samples. Notably, induced pluripotent
stem cells (iPSCs)-derived RPE (iRPE) signifi-
cantly revolutionized basic research and therapy
of AMD [81,82]. Araki et al. [83]. compared the
base-resolution methylome of iRPE and native
RPE (nRPE) and reported that iRPE methylome
closely resembled nRPE. Therefore, we speculate
that the DNA methylation-based classifier could
also be applied in evaluation of iRPE condition
and for determining if patients qualify for clinical
transplantation.

To further integrate DNA methylation and
transcriptome profile, FEM analysis was per-
formed and nine gene-centric subnetworks
(CD79B, EED, LCN12, MAPK12, NGFR, PEX19,
SMAD2, SMURF2 and XYLT1) were identified.
Out of the nine ‘hotspots’, SMD2 and NGFR
were identified as key genes (Table 1). SMAD?2 is
the downstream effector of the TGF-§ signaling
pathway. Wang et al. [84]. reported that TGF-p/
SMAD?2 signaling mediates formation of CNV
through upregulation of VEGF and TNFa. EMT
is a process induced by TGF- signaling, which
can lead to vascular fibrosis [39]. GSEA results
showed that EMT was enriched in AMD patients.
These processes are the main causes of vision loss
in advanced stage of AMD. NGEFR is involved in
several cellular processes, such as apoptosis, cell
survival and neurite outgrowth [85]. NGFR acts as
an amyloid-beta (APB) receptor that mediates AP
neurotoxicity and regulates AB production and
deposition [86-88]. AMD is an age-related degen-
eration disorder thus it shares several common
features with Alzheimer’s disease, including AP
deposition, oxidative stress and inflammation
[46,89]. In addition, expression level of SMAD2,
NGEFR and their integrating proteins was deter-
mined using H,O, and TNFa co-treated RPE to
simulate AMD-related oxidative stress and inflam-
mation model in vitro. The findings showed that
expression of NGFR and SMAD?2 was significantly

higher in H,O, and TNFa co-treated RPE com-
pared with controls. In addition, expression levels
of integrating proteins were pretty consistent with
levels shown through RNA-seq analysis using pub-
licly available data. SMAD2 and NGFR may play
a significant role in elucidating AMD pathogenesis
and are potential therapeutic targets of AMD. To
further explore the clinical significance of these
two genes, studies should conduct biological assays
and clinical validation, which are crucial for
understanding pathogenesis of AMD.

Overall, A total of 456 DEGs and 4827 intra-
genic DMCs were identified in AMD. Enrichment
analysis showed that upregulated genes in AMD
were involved in IL-17 signaling pathway, TNF
signaling pathway and ECM organization.
Moreover, upregulated genes were enriched in
systemic inflaimmatory response terms, such as
neutrophil chemotaxis, neutrophil migration and
leukocyte chemotaxis, which has not been
reported in previous studies. The findings showed
that immune infiltration was significant in AMD
patients, and M1 macrophages, and activated
memory CD4 T cells were positively correlated
with inflammatory processes. In addition, DMGs
were enriched in PI3K-Akt signaling pathway, cell-
cell junction and ECM-receptor interaction.
A total of 19 EI and 15 ES genes were obtained
after intersection of DEGs and DMCs. Two sig-
nificant random forest classifiers were constructed
based on DNA methylation and transcriptome
data. Analysis showed that the DNA methylation
classifier seems was more accurate in distinguish-
ing AMD from normal controls. To further inte-
grate DNA methylation and transcriptome profile,
FEM analysis was performed. SMAD2 and NGFR
were selected as key genes. Furthermore, expres-
sion level of SMAD2, NGFR and their integrating
proteins was validated in H,O, and TNFa co-
treated RPE. The findings showed that SMAD2
and NGEFR are potential marker for pathogenesis
and development of AMD therapy.

However, this study had limitations. First, this
study did not explore all different stages of AMD,
thus the characteristics of transcriptome and DNA
methylation were not demonstrated with disease
progress. Second, this study was based on two
public datasets from two studies, thus biasness is
inevitable in analytical strategies for integrating



the different omics data. Third, the experimental
validation conducted in the current study is pre-
liminary. Further studies should be conducted to
fully explore the roles of SMAD2 and NGFR
in AMD.

Conclusion

The current study integrated DNA methylation
and gene expression data based on postmortem
RPE samples. The findings showed that ECM
organization, local inflammation and infiltration
of specific immune cell types are implicated in
pathogenesis of AMD. Furthermore, SMAD2 and
NGEFR are potential markers for exploring mole-
cular mechanism and are potential therapeutic
targets for development of AMD therapy.

Acknowledgements

We acknowledge the authors who have submitted their data-
sets to the GEO database and ArrayExpress database.

Funding

This study was supported by grants from the Science and
Technology Project of Changsha, Hunan (kh1901251).

Data availability statement

All data generated during this study are included in this
article and its supplementary files.

Disclosure statement

Authors declare no competing interests.

Author contributions

S. Tang and J. Chen conceived and designed the experiment.
Z.Wang and Z. Cui acquired and analyzed the data. Z. Wang and
F. Chu wrote the manuscript. Y. Huang and K. Liao reviewed the
manuscript. All authors read and approved the final manuscript.

References

[1] Lim LS, Mitchell P, Seddon JM, et al. Age-related
macular degeneration. Lancet. 2012;379
(9827):1728-1738.

(10]

(11]

(12]

(13]

(14]

(15]

(16]

BIOENGINEERED e 7075

Mitchell P, Liew G, Gopinath B, et al. Age-related
macular degeneration. Lancet. 2018;392
(10153):1147-1159.

Wong WL, Su X, Li X, et al. Global prevalence of
age-related macular degeneration and disease burden
projection for 2020 and 2040: a systematic review and
meta-analysis. Lancet Glob Health. 2014;2(2):e106-16.
Lambert NG, ElShelmani H, Singh MK, et al. Risk
factors and biomarkers of age-related macular
degeneration. Prog Retin Eye Res. 2016;54:64-102.
Fritsche LG, Igl W, Bailey JN, et al. A large
genome-wide association study of age-related macular
degeneration highlights contributions of rare and com-
mon variants. Nat Genet. 2016;48(2):134-143.
Gemenetzi M, Lotery A]. Epigenetics in age-related
macular degeneration: new discoveries and future
perspectives. Cell Mol Life Sci. 2020;77(5):807-818.
Porter LF, Saptarshi N, Fang Y, et al. Whole-genome
methylation profiling of the retinal pigment epithe-
lium of individuals with age-related macular degen-
eration reveals differential methylation of the SKI,
GTF2H4, and TNXB genes. Clin Epigenetics.
2019;11(1):6.

Wei L, Liu B, Tuo J, et al. Hypomethylation of the
IL17RC promoter associates with age-related macular
degeneration. Cell Rep. 2012;2(5):1151-1158.

Oliver VF, Jaffe AE, Song J, et al. Differential DNA
methylation identified in the blood and retina of AMD
patients. Epigenetics. 2015;10(8):698-707.

Wang C, Chen L, Yang Y, et al. Identification of
potential blood biomarkers for Parkinson’s disease by
gene expression and DNA methylation data integration
analysis. Clin Epigenetics. 2019;11(1):24.

Shen H, Wu H, Sun F, et al. A novel four-gene of iron
metabolism-related and methylated for prognosis pre-
diction of hepatocellular carcinoma. Bioengineered.
2021;12(1):240-251.

Liu J, Sun G, Pan S, et al. The Cancer Genome Atlas
(TCGA) based m6 A methylation-related genes predict
prognosis in hepatocellular carcinoma. Bioengineered.
2020;11(1):759-768.

Huang H, Fu J, Zhang L, et al. Integrative analysis of
identifying methylation-driven genes signature predicts
prognosis in colorectal carcinoma. Front Oncol.
2021;11:629860.

Chen M, Yan J, Han Q, et al. Identification of
hub-methylated differentially expressed genes in
patients with gestational diabetes mellitus by
multi-omic WGCNA basing epigenome-wide and
transcriptome-wide  profiling. J Cell Biochem.
2020;121(5-6):3173-3184.

Gong G, Lin T, Yuan Y. Integrated analysis of gene
expression and DNA methylation profiles in ovarian
cancer. ] Ovarian Res. 2020;13(1):30.

Gu J, Wang Y, Cui Z, et al. The construction of retinal
pigment epithelium sheets with enhanced characteris-
tics and cilium assembly using ips conditioned medium



7076

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

[29]

(30]

(31]

(& Z. WANG ET AL.

and small incision lenticule extraction derived
lenticules. Acta Biomater. 2019;92:115-131.

Orozco LD, Chen HH, Cox C, et al. Integration of
eQTL and a single-cell atlas in the human eye identifies
causal genes for age-related macular degeneration. Cell
Rep. 2020;30(4):1246-59 e6.

Olsen TW, Feng X. The Minnesota Grading System of
eye bank eyes for age-related macular degeneration.
Invest Ophthalmol Vis Sci. 2004;45(12):4484-4490.
Olsen TW, Liao A, Robinson HS, et al. The nine-step
minnesota grading system for eyebank eyes with age
related macular degeneration: a systematic approach to
study disease stages. Invest Ophthalmol Vis Sci.
2017;58(12):5497-5506.

Robinson MD, McCarthy DJ, Smyth GK. edgeR:
a Bioconductor package for differential expression ana-
lysis of digital gene expression data. Bioinformatics.
2010;26(1):139-140.

Tian Y, Morris T], Webster AP, et al. ChAMP: updated
methylation analysis pipeline for Illumina BeadChips.
Bioinformatics. 2017;33(24):3982-3984.

Leek JT, Johnson WE, Parker HS, et al. The sva pack-
age for removing batch effects and other unwanted
variation in high-throughput
Bioinformatics. 2012;28(6):882-883.
Yang X, Han H, De Carvalho DD, et al. Gene body
methylation can alter gene expression and is
a therapeutic target in cancer. Cancer Cell. 2014;26
(4):577-590.

Wu T, Hu E, Xu S, et al. clusterProfiler 4.0: a universal
enrichment tool for interpreting data.
Innovation. 2021;2(3):100141.

Walter W, Sanchez-Cabo F, Ricote M. GOplot: an
R package for visually combining expression data
with functional Bioinformatics. 2015;31
(17):2912-2914.

Hanzelmann S, Castelo R, Guinney J. GSVA: gene set
variation analysis for microarray and RNA-seq data.
BMC Bioinformatics. 2013;14(1):7.

Newman AM, Liu CL, Green MR, et al. Robust enu-
meration of cell subsets from tissue expression profiles.
Nat Methods. 2015;12(5):453-457.

Cheng Q, Duan W, He S, et al. Multi-omics data
integration analysis of an immune-related gene signa-
ture in Igg patients with epilepsy. Front Cell Dev Biol.
2021;9:686909.

Zeng H, Huang Y, Chen L, et al. Exploration and
validation of the effects of robust co-expressed
immune-related genes on immune infiltration patterns
and prognosis in laryngeal
Int Immunopharmacol. 2020;85:106622.
Liaw A, Wiener M. Classification and regression by
randomForest. R News. 2002;2:18-22.

Robin X, Turck N, Hainard A, et al. pROC: an
open-source package for R and S+ to analyze and
compare ROC curves. BMC Bioinformatics. 2011;12
(1):77.

experiments.

omics

analysis.

cancer.

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

(41]

(42]

(43]

(44]

(45]

(46]

(47]

Jiao Y, Widschwendter M, Teschendorff AE. A
systems-level integrative framework for genome-wide
DNA methylation and gene expression data identifies
differential gene expression modules under epigenetic
control. Bioinformatics. 2014;30(16):2360-2366.
Salomon MP, Wang X, Marzese DM, et al. The epige-
nomic landscape of pituitary adenomas reveals specific
alterations and differentiates among acromegaly, cush-
ing’s disease and endocrine-inactive subtypes. Clin
Cancer Res. 2018;24(17):4126-4136.

Henderson AR, Wang Q, Meechoovet B, et al. DNA
methylation and expression profiles of whole blood in
parkinson’s disease. Front Genet. 2021;12:640266.

Yu H, Jiang W, Chen G, et al. Impact of colon-specific
DNA methylation-regulated gene modules on color-
ectal cancer patient Med Sci Monit.
2019;25:3549-3557.

Datta S, Cano M, Ebrahimi K, et al. The impact of
oxidative stress and inflammation on RPE degenera-
tion in non-neovascular AMD. Prog Retin Eye Res.
2017;60:201-218.

Shaw PX, Stiles T, Douglas C, et al. Oxidative stress,
innate  immunity, and  age-related  macular
degeneration. AIMS Mol Sci. 2016;3(2):196-221.

Shi Y, Massague J. Mechanisms of TGF-beta signaling
from cell membrane to the nucleus. Cell. 2003;113
(6):685-700.

Wang K, Li H, Sun R, et al. Emerging roles of trans-
forming growth factor beta signaling in wet age-related
macular degeneration. Acta Biochim Biophys Sin
(Shanghai). 2019;51(1):1-8.

Ma W, Silverman SM, Zhao L, et al. Absence of
TGFbeta signaling in retinal microglia induces retinal
choroidal

survival.

degeneration and exacerbates
neovascularization. Elife. 2019;8:e42049.
Lin X, Liang M, Feng XH. Smurf2 is a ubiquitin E3
ligase mediating proteasome-dependent degradation of
Smad2 in transforming growth factor-beta signaling.
] Biol Chem. 2000;275(47):36818-36822.

Nykjaer A, Willnow TE, Petersen CM. p75NTR-live or
let die. Curr Opin Neurobiol. 2005;15(1):49-57.
Mufson EJ, Counts SE, Ginsberg SD, et al. Nerve
growth factor pathobiology during the progression of
alzheimer’s disease. Front Neurosci. 2019;13:533.
Fahnestock M, Shekari A. ProNGF and neurodegen-
eration in alzheimer’s disease. Front Neurosci.
2019;13:129.

Frost S, Guymer R, Aung KZ, et al. Alzheimer’s disease
and the early signs of age-related macular degenera-
tion. Curr Alzheimer Res. 2016;13(11):1259-1266.
Ong SS, Proia AD, Whitson HE, et al. Ocular amyloid
imaging at the crossroad of Alzheimer’s disease and
age-related macular degeneration: implications for
diagnosis and therapy. ] Neurol. 2019;266
(7):1566-1577.

Smilnak GJ, Deans JR, Doraiswamy PM, et al.
Comorbidity of age-related macular degeneration



(48]

(49]

(50]

(51]

(52]

(53]

(54]

(55]

(56]

(57]

(58]

(59]

(60]

[61]

with Alzheimer’s disease: a histopathologic case-
control study. PLoS One. 2019;14(9):e0223199.

Arai A, Takase H, Yoshimori M, et al. Gene expression
profiling of primary vitreoretinal lymphoma. Cancer
Sci. 2020;111(4):1417-1421.

Yonese I, Takase H, Yoshimori M, et al. CD79B muta-
tions in primary vitreoretinal lymphoma: diagnostic
and prognostic potential. Eur ] Haematol. 2019;102
(2):191-196.

Ying X, Pan R, Zhong J, et al. Significant association of
EED promoter hypomethylation with colorectal cancer.
Oncol Lett. 2019;18:1564-1570.

Griffiths S, Loveday C, Zachariou A, et al. EED and
EZH2 constitutive variants: a study to expand the
Cohen-Gibson syndrome phenotype and contrast it
with Weaver syndrome. Am ] Med Genet A. 2019;179
(4):588-594.

Abu-Amero KK, Helwa I, Al-Muammar A, et al. Case-
control association between CCT-associated variants
and keratoconus in a Saudi Arabian population.
J Negat Results Biomed. 2015;14(1):10.

Lu Y, Vitart V, Burdon KP, et al. Genome-wide asso-
ciation analyses identify multiple loci associated with
central corneal thickness and keratoconus. Nat Genet.
2013;45(2):155-163.

Chen H, Wang X, Guo F, et al. Impact of p38gamma
mitogen-activated  protein kinase (MAPK) on
MDA-MB-231 breast cancer cells using metabolomic
approach. Int J Biochem Cell Biol. 2019;107:6-13.
Chen M, Myers AK, Markey MP, et al. The atypical
MAPK ERK3 potently suppresses melanoma cell
growth and invasiveness. ] Cell Physiol. 2019;234
(8):13220-13232.

Mohamed S, El-Meleagy E, Nasr A, et al. A mutation in
PEX19 causes a severe clinical phenotype in a patient
with peroxisomal biogenesis disorder. Am ] Med Genet
A. 2010;152A(9):2318-2321.

Fleming NI, Jorissen RN, Mouradov D, et al. SMAD2,
SMAD3 and SMAD4 mutations in colorectal cancer.
Cancer Res. 2013;73(2):725-735.

Granadillo JL, Chung WK, Hecht L, et al. Variable
cardiovascular phenotypes associated with SMAD2
pathogenic ~ variants. =~ Hum  Mutat.  2018;39
(12):1875-1884.

Smith MP, Ferguson ], Arozarena I, et al. Effect of
SMURE?2 targeting on susceptibility to MEK inhibi-
tors in melanoma. J Natl Cancer Inst. 2013;105
(1):33-46.

Li Y, Yang D, Tian N, et al. The ubiquitination ligase
SMURE?2 reduces aerobic glycolysis and colorectal can-
cer cell proliferation by promoting ChREBP ubiquiti-
nation and degradation. ] Biol Chem. 2019;294
(40):14745-14756.

Guo L, Elcioglu NH, Iida A, et al. Novel and recurrent
XYLT1 mutations in two Turkish families with
Desbuquois dysplasia, type 2. ] Hum Genet. 2017;62
(3):447-451.

(62]

(63]

(64]

(65]

(66]

(67]

(68]

(69]

(70]

(71]

(72]

(73]

(74]

(75]

(76]

(771

BIOENGINEERED e 7077

Oliver VF, Franchina M, Jaffe AE, et al
Hypomethylation of the IL17RC promoter in periph-
eral blood leukocytes is not a hallmark of age-related
macular degeneration. Cell Rep. 2013;5(6):1527-1535.
Xu Z, Ruan Z, Huang X, et al. Identification of aber-
rantly methylated differentially expressed genes in
age-related  macular  degeneration. = Medicine
(Baltimore). 2019;98(14):e15083.

Mettu PS, Wielgus AR, Ong SS, et al. Retinal pigment
epithelium response to oxidant injury in the pathogen-
esis of early age-related macular degeneration. Mol
Aspects Med. 2012;33:376-398.

Fisher CR, Ferrington DA. Perspective on AMD
Pathobiology: a Bioenergetic Crisis in the RPE. Invest
Ophthalmol Vis Sci. 2018;59(4):AMD41-AMD?.
Wang J, Zibetti C, Shang P, et al. ATAC-Seq analysis
reveals a widespread decrease of chromatin accessibil-
ity in age-related macular degeneration. Nat Commun.
2018;9(1):1364.

Handa JT, Bowes Rickman C, Dick AD, et al
A systems biology approach towards understanding
and treating non-neovascular age-related macular
degeneration. Nat Commun. 2019;10(1):3347.

Rozing MP, Durhuus JA, Krogh Nielsen M, et al. Age-
related macular degeneration: a two-level model
hypothesis. Prog Retin Eye Res. 2019;76:100825.

Cao X, Shen D, Patel MM, et al. Macrophage polariza-
tion in the maculae of age-related macular degenera-
tion: a pilot study. Pathol Int. 2011;61(9):528-535.
Yunna C, Mengru H, Lei W, et al. Macrophage M1/M2
polarization. Eur J Pharmacol. 2020;877:173090.
Whiteside SK, Snook JP, Williams MA, et al. Bystander
T Cells: a balancing act of friends and foes. Trends
Immunol. 2018;39(12):1021-1035.

Lee HG, Cho MZ, Choi JM. Bystander CD4(+) T cells:
crossroads between innate and adaptive immunity. Exp
Mol Med. 2020;52(8):1255-1263.

Fernandez-Godino R, Pierce EA, Garland DL.
Extracellular matrix alterations and deposit formation
in AMD. Adv Exp Med Biol. 2016;854:53-58.
Fernandez-Godino R, Bujakowska KM, Pierce EA.
Changes in extracellular matrix cause RPE cells to
make basal deposits and activate the alternative com-
plement pathway. Hum Mol Genet. 2018;27
(1):147-159.

Sun L, Huang T, Xu W, et al. Advanced glycation end
products promote VEGF expression and thus choroidal
neovascularization via Cyr61-PI3K/AKT
pathway. Sci Rep. 2017;7(1):14925.

Zheng W, Meng Q, Wang H, et al. IGF-1-Mediated
Survival From Induced Death Of Human Primary
Cultured Retinal Pigment Epithelial Cells Is Mediated
By An Akt-Dependent Signaling Pathway. Mol
Neurobiol. 2018;55(3):1915-1927.

Ciechomska M, Roszkowski L, Maslinski W. DNA
methylation as a future therapeutic and diagnostic tar-
get in rheumatoid arthritis. Cells. 2019;8(9):953.

signaling



7078 (&) Z. WANG ET AL.

(78]

(79]

(80]

(81]

(82]

(83]

Pan Y, Liu G, Zhou F, et al. DNA methylation profiles
in cancer diagnosis and therapeutics. Clin Exp Med.
2018;18(1):1-14.

Hao X, Luo H, Krawczyk M, et al. DNA methylation
markers for diagnosis and prognosis of common
cancers. Proc Natl Acad Sci U S A. 2017;114
(28):7414-7419.

Dor Y, Cedar H. Principles of DNA methylation and
their implications for biology and medicine. Lancet.
2018;392(10149):777-786.

Oswald J, Baranov P. Regenerative medicine in the
retina: from stem cells to cell replacement therapy.
Ther Adv Ophthalmol. 2018;10:2515841418774433.
Zhu D, Xie M, Gademann F, et al. Protective effects of
human iPS-derived retinal pigmented epithelial cells
on retinal degenerative disease. Stem Cell Res Ther.
2020;11(1):98.

Araki H, Miura F, Watanabe A, et al. Base-resolution
methylome of retinal pigment epithelial cells used in
the first trial of human induced pluripotent stem
cell-based autologous transplantation. Stem Cell
Reports. 2019;13(4):761-774.

(84]

(85]

(86]

(87]

(88]

(89]

Wang X, Ma W, Han S, et al. TGF-beta participates
choroid neovascularization through Smad2/3-VEGF/
TNF-alpha signaling in mice with Laser-induced wet
age-related macular degeneration. Sci Rep. 2017;7(1):9672.
Barker PA. p75NTR is positively promiscuous: novel
partners and new insights. Neuron. 2004;42
(4):529-533.

Saadipour K, Manucat-Tan NB, Lim Y, et al. p75
neurotrophin receptor interacts with and promotes
BACEl localization in endosomes aggravating
amyloidogenesis. ] Neurochem. 2018;144(3):302-317.
Yaar M, Zhai S, Pilch PF, et al. Binding of beta-amyloid
to the p75 neurotrophin receptor induces apoptosis.
A possible mechanism for Alzheimer’s disease. J Clin
Invest. 1997;100:2333-2340.

Wang YJ, Wang X, Lu JJ, et al. p75NTR regulates
Abeta deposition by increasing Abeta production but
inhibiting Abeta aggregation with its extracellular
domain. J Neurosci. 2011;31(6):2292-2304.
Kaarniranta K, Salminen A, Haapasalo A, et al. Age-
related macular degeneration (AMD): alzheimer’s dis-
ease in the eye? J Alzheimers Dis. 2011;24(4):615-631.



	Abstract
	Introduction
	Methods
	Ethics statement and culture of human RPE cells

	Data collection
	Differential expression analysis
	Differential methylation analysis
	Functional enrichment analysis
	Gene set enrichment analysis and Gene set variation analysis
	Immune cell infiltration and correlation analysis
	Intersection of DEGs and DMGs
	Construction of random forest classifiers
	Functional epigenetic modules analysis
	Quantitative polymerase chain reaction (qPCR)
	Results
	Identifying 456 macular RPE-based DEGs in AMD
	M1 macrophages and activated memory CD4 Tcells are positively correlated with inflammation
	Atotal of 3718 RPE-based DMGs were identified in AMD
	Effect of DNA methylation on gene expression in AMD
	Two significant random forest classifiers were constructed
	SMAD2 and NGFR were identified as hub gens through functional epigenetic module analysis
	Discussion
	Conclusion
	Acknowledgements
	Funding
	Data availability statement
	Disclosure statement
	Author contributions
	References

