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Abstract

Background: COVID-19 displays an increased mortality rate and higher risk of severe symptoms with increasing age, which is thought to
be a result of the compromised immunity of elderly patients. However, the underlying mechanisms of aging-associated immunodeficiency
against Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) remains unclear. Epigenetic modifications show considerable
changes with age, causing altered gene regulations and cell functions during the aging process. The DNA methylation patterns among
patients with coronavirus 2019 disease (COVID-19) who had different ages were compared to explore the effect of aging-associated
methylation modifications in SARS-CoV-2 infection. Methods: Patients with COVID-19 were divided into three groups according to
age. Boruta was used on the DNA methylation profiles of the patients to remove irrelevant features and retain essential signature sites
to identify substantial aging-associated DNA methylation changes in COVID-19. Next, these features were ranked using the minimum
redundancy maximum relevance (mRMR) method, and the feature list generated by mRMR was processed into the incremental feature
selection method with decision tree (DT), random forest, k-nearest neighbor, and support vector machine to obtain the key methylation
sites, optimal classifier, and decision rules. Results: Several key methylation sites that showed distinct patterns among the patients with
COVID-19 who had different ages were identified, and these methylation modifications may play crucial roles in regulating immune cell
functions. An optimal classifier was built based on selected methylation signatures, which can be useful to predict the aging-associated
disease risk of COVID-19. Conclusions: Existing works and our predictions suggest that the methylation modifications of genes, such
as NHLH2, ZEB2, NWDI1, ELOVL2, FGGY, and FHL?2, are closely associated with age in patients with COVID-19, and the 39 decision
rules extracted with the optimal DT classifier provides quantitative context to the methylation modifications in elderly patients with
COVID-19. Our findings contribute to the understanding of the epigenetic regulations of aging-associated COVID-19 symptoms and
provide the potential methylation targets for intervention strategies in elderly patients.
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1. Introduction speed causes the virus to spread rapidly, causing great chal-

. . lenges to epidemic prevention and control.
Severe acute respiratory syndrome coronavirus 2

(SARS-CoV-2), which belongs to subfamily Coronaviri-
nae, is a highly pathogenic coronavirus that triggered the
coronavirus disease 2019 (COVID-19) pandemic. The
SARS-CoV-2 genome is approximately 29.9 kb and con-
tains four structural proteins and 16 non-structural proteins.
Certain non-structural proteins can inhibit the host’s viral
defense function by influencing the mRNA splicing, trans-
lation, and transport of secreted proteins. Molecular struc-
ture mutations have different kinds, and the fast mutation

Atpresent, in addition to layered prevention strategies,
including wearing masks, vaccination is the most effective
way to fight infection. Various countries and regions have
adopted an active vaccination strategy, and the COVID-19
pneumonia has been controlled to a certain extent. How-
ever, some problems persist. On the one hand, vaccine cov-
erage in some parts of the world is low and is not enough to
form an immune barrier. On the other hand, virus variants,
such as the alpha, beta, and B.1.617.2 (delta) variants, have
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appeared in the population. In comparison with the origi-
nal SARS-CoV-2, the delta variant spreads faster and can
cause more infections. The results of two studies in Canada
and Scotland showed that the delta variant may cause more
serious diseases than the previous variants. Moreover, an
increasing number of people infected with the new coro-
navirus has experienced various symptoms, such as huge
tongue and wrong sense of smell. Aside from causing pneu-
monia, SARS-CoV-2 can also cause thrombosis and other
neurological diseases. After the acute SARS-CoV-2 infec-
tion of patients with COVID-19, cell metabolism becomes
disordered and may eventually develop into diabetes [1,2].
In addition, SARS-CoV-2 targets pancreatic islet endocrine
cells [3] and destroys its structure, resulting in abnormal in-
sulin levels in the body.

Viral mutations make existing vaccines incapable of
protecting the human body efficiently, especially people
who only received one shot of the vaccine [4]. An increas-
ing number of patients has experienced various sequelae.
These undesirable factors are closely related to host genetic
factors. Researchers analyzed the DNA methylation data of
lung tissue, screened the methylation variants of the ACE2
gene, and found that changes in the human epigenome may
be related to COVID-19 risk [5]. In addition, scientists
found that the severity and poor prognosis of COVID-19 are
affected by old age [6—10]. Elderly patients with COVID-
19 can produce a high level of lymphocyte activating fac-
tor. Patients with severe COVID-19 have high levels of in-
flammatory cytokines, such as interleukin (IL)-6 and IL-173
[11-15], and the concentration of inflammatory cytokines
increases with age [16]. IL-10 is correlated with COVID-
19 severity [17]. High IL-10 and PD-L1 concentrations
have been detected in critically ill patients and are therefore
considered biomarkers of immune failure [18]. IL-10 was
reported to play an important role in the COVID-19 pro-
cess [19]. Circulating hepatocyte growth factor can regu-
late cell proliferation and migration [20], angiogenesis, tis-
sue regeneration, and other cellular processes. It has a high
concentration in critically ill patients with COVID-19 [21]
and increases with age. These findings may help explain
the high incidence of COVID-19 among the elderly and
patients with underlying diseases [22]. In addition to ad-
vanced age, risk factors, such as underlying diseases [9,23—
29] and complications [30-33], are related to COVID-19
severity.

Statistical analysis of high-throughput data can pro-
vide an important reference for revealing the pathophys-
iology and pathogenic mechanism of COVID-19. Our
team has long been committed to using machine learn-
ing analysis methods to screen disease-related signatures
and explain their pathogenic mechanisms. Accordingly,
we aimed to further explore the pathogenic mechanism
of COVID-19 and determined the molecular informa-
tion related to disease complications based on the blood
methylation profiles of 407 patients with mild or se-

vere COVID-19 (https://www.ncbi.nlm.nih.gov/geo/query
/acc.cgi?acc=GSE168739). We used appropriate calcula-
tion methods to select important epigenetic information,
which may help in the effective understanding of severe
COVID-19 with age. Boruta [34,35] and minimal redun-
dancy maximum relevance (mRMR) [36] were adopted to
select the methylation sites with the highest correlation with
the age of patients with COVID-19, and the selected sites
were ranked to obtain a list of methylation sites. This list
was fed into the incremental feature selection (IFS) method
[37], which integrated four classification algorithms, to
identify aging-associated methylation sites and construct
decision rules, which provide a quantitative description of
the correlation between methylation changes and aging in
patients with COVID-19. Furthermore, efficient classifiers
were built with essential aging-associated methylation sites.
Some of the important methylation sites obtained from the
analysis are supported through literature review. Our study
revealed the aging-associated methylation changes that may
impact antiviral immune responses in SARS-CoV-2 infec-
tion. Our findings contribute to the understanding of epige-
netic regulations in aging-associated COVID-19 symptoms
and provide the potential methylation targets for interven-
tion strategies in elderly patients.

2. Materials and Methods

In the present study, feature selection methods and
machine learning algorithms were used to filter out key
methylation site features and decision rules. The detailed
analysis flow is shown in Fig. 1, and its detailed descrip-
tion is presented below.

2.1 Dataset

The COVID-19 blood methylation profiles ana-
lyzed in this study were collected from the Gene
Expression Omnibus (GEO) database with access ID
GSE168739 (https://www.ncbi.nlm.nih.gov/geo/query/acc
.cgi?acc=GSE168739) [38]. Among the 407 patients with
COVID-19, 111 were below 35 years old, 132 were 35—
45 years old, and 164 were over 45 years old. Age groups
were considered the classification labels for this study. This
dataset contains 865,149 DNA methylation sites. The de-
tailed information of the samples can be found at the GEO
website https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?a
cc=GSE168739 and from the descriptions of Castro de
Moura et al.’s study [38].

2.2 Boruta Feature Selection

The investigated COVID-19 methylation profiles in-
volved a large number of methylation sites. Evidently, not
all sites are related to the age of patients with COVID-
19. Irrelevant sites were excluded. As elaborated in [35],
Boruta [34] is an excellent feature selection method and
always provides best performance among random forest
(RF)-based feature selection methods. Thus, in this study,
it was employed to analyze the methylation profiles.
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Fig. 1. Flow chart for classifying samples from three age groups of patients with COVID-19. The dataset was analyzed by Boruta and

mRMR individually to obtain a feature list. The list was fed into the incremental feature selection method to extract essential methylation

sites, classification rules and build optimal classifiers.

Boruta is a wrapper approach that uses a RF [39] clas-
sification algorithm. The importance of features is evalu-
ated by comparing them with shadow features. For a dataset
with n features, Boruta first creates a shadow feature for
each real feature, whose values are produced by shuffling
values under the real feature. Accordingly, a new dataset
with 2n features is generated and fed into a RF to compute
the importance of all features. Feature importance is de-
fined as the accuracy loss of RF caused by the permutation
of values under this feature. The Z score of each shadow
feature is defined as the average loss divided by standard de-
viation of the accuracy loss. The maximum Z score among
shadow features, called MZSA, was found. The real fea-
tures with importance significantly lower than the MZSA
was tagged as “unimportant”, whereas those with impor-
tance significantly higher than the MZSA was tagged as
“important”. The “unimportant” features and shadow fea-
tures were removed. The procedure was repeated until all
remaining features were tagged as “important” or RF ran
the predefined times. The “important” features were output
as the outcome of Boruta.

In this study, the Boruta program retrieved from https:
//github.com/scikit-learn-contrib/boruta_py was applied on
the methylation profiles mentioned in Section 2.1, and de-
fault parameters were set to execute such program. The
methylation features selected by Boruta were further inves-
tigated in the following analysis.

2.3 Minimum Redundancy Maximum Relevance

The features selected by Boruta were further analyzed
by mRMR. mRMR is a feature selection method proposed
by Peng et al. [36] and is extensively utilized in bioinfor-
matics and biomedical research.

The mRMR method evaluates the importance of fea-
tures based on maximum relevance and minimum redun-
dancy, which are quantified based on mutual information
(MI). The outcome of the mRMR method is a feature list,
named the mRMR feature list. The list is generated with
the following procedures. The mRMR method first creates
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an empty mRMR feature list and gradually adds one feature
that has the most relevance to the classification labels and
the least redundancies to features already in the list. The
procedure stops when all features are in the list. Evidently,
features with high ranks in the list can comprise an opti-
mal feature subspace for a classification algorithm. These
features are essential for the classification problem.

The mRMR program used in this article was accessed
at http://home.penglab.com/proj/mRMR/ and processed us-
ing default parameters. An mRMR feature list was ob-
tained, which was denoted by F in this study, by analyzing
the methylation profiles with features selected by Boruta.

2.4 Incremental Feature Selection

Although the mRMR method evaluates the impor-
tance by outputting an mRMR feature list, selecting fea-
tures from this list to optimally represent samples is still
a problem. In view of this problem, the IFS method was
employed in this study. The IFS method is an excellent fea-
ture selection algorithm that can determine optimal features
[37] from a feature list for a given classification algorithm.
IFS first produces a series of feature subsets from a fea-
ture list (mRMR feature list in this study) according to a
given step interval. For example, if the step interval is set
to 1, the first feature subset includes the top feature in the
list, the second feature subset contains the top two features,
and so on. Next, for each feature subset, a training dataset,
where samples are represented by features in the subset, is
fed into one classification algorithm to build the classifier.
This classifier is assessed by 10-fold cross-validation [40].
The classifier with the best performance can be found after
all the classifiers have been tested. This classifier is called
the optimal classifier, and features used in the classifier are
termed as optimal features in this study.

2.5 Synthetic Minority Oversampling Technique

The performances of all classifiers, which can be in-
fluenced by several factors, were evaluated by IFS. Sample
distribution (patients with COVID-19 in this study) is one
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of the major factors. As mentioned in Section 2.1, different
groups contained different numbers of samples. Therefore,
the classifier directly built on such dataset will not be ef-
ficient enough. Accordingly, synthetic minority oversam-
pling technique (SMOTE) [41] was adopted in this study.

SMOTE aims to balance the number of samples in
the training process. This task is completed by using the
k-nearest neighbor (kNN) technique [42] to generate new
samples for minor classes, resulting in equal sample size
for each class in the dataset. In detail, a sample, denoted by
x, is randomly selected from one minor class. Its kKNNs in
this class are discovered, and one neighbor, denoted by y, is
randomly selected. A new sample is constructed based on
x and y, which is defined as their linear combination with
randomly produced combination coefficients. As this new
sample has strong associations with x and y, it is placed in
the same minor class. This procedure is executed several
times until the minor class has same number of samples in
the major class.

In this analysis, the Python version of the SMOTE pro-
gram was downloaded from https://github.com/scikit-learn
-contrib/imbalanced-learn, and the parameters were set to
default. The samples produced by SMOTE were only used
in IFS and were not involved in Boruta and mRMR.

2.6 Classification Algorithm

A classification algorithm is necessary to perform the
IFS method. In this study, four different classification al-
gorithms were selected, namely, RF [39], kNN [42], sup-
port vector machine (SVM) [43], and decision tree (DT)
[44]. We compared the performances of the classifiers gen-
erated based on these algorithms in IFS. These algorithms
are widely used to tackle various biological and medical
problems [45-55]. They are described in this section and
were programmed in Python via the Scikit-learn module
with default parameters.

2.6.1 Random Forest

RF is an ensemble learning method based on a bag-
ging algorithm, which consists of many decision trees. In
the training procedure, samples and features are randomly
selected to construct a DT for several times. These DTs
comprise the RF. For a query sample, each DT in the for-
est makes a prediction. RF integrates the predictions with
majority voting. Considering that RF uses an ensemble al-
gorithm, it has a superior performance over DT.

2.6.2 k-nearest Neighbor

kNN is a supervised learning algorithm that performs
classification by measuring the distances between a query
sample and training samples. Training samples are ranked
with increasing order of their distances to the query sample.
Then, kNN selects the top £ training samples and estimates
the frequency of occurrence of these k& sample labels. Fi-
nally, the class label with the highest frequency is regarded

as the label for the query sample.

2.6.3 Support Vector Machine

SVM is a well-known machine learning algorithm that
has attracted extensive attention. The original SVM finds
out the optimal hyperplane that can separate samples in two
class with maximum margins. However, this hyperplane
does not exist in many cases. In this case, SVM was used
to map the training samples into a high-dimensional feature
space through one kernel function. Subsequently, the opti-
mal hyperplane can be constructed in the high-dimensional
space. The query sample can also be mapped into the high-
dimensional feature space. Its class is determined by the
side of the hyperplane where it is located. For multiclassi-
fication problems, SVM adopts the “one against the rest”
strategy, which regards each class as positive and all other
samples as negative to construct a binary SVM classifier.

2.6.4 Decision Tree

Many classification algorithms, including RF, kNN,
and SVM, are complete black-box algorithms. Their clas-
sification principle learned from a training dataset is very
difficult to understand. Although efficient classifiers can
be set up based on these algorithms, few insights can be
extracted from these classifiers. For the problem investi-
gated in this study, we cannot obtain useful clues to uncover
methylation patterns on patients with COVID-19 under dif-
ferent age groups. Accordingly, DT, a white-box algorithm,
was also adopted in this study. The classification proce-
dure of DT is completely open, providing opportunities for
us to understand its classification principle. A tree can be
built by applying DT to a training dataset. From this tree,
several IF-THEN rules can be obtained. The conditions in
the IF clause indicate a special pattern for the result in the
THEN clause. A further investigation of the obtained rules
is helpful to uncover different patterns among patients with
COVID-19 with different ages.

2.7 Performance Measurement

In the present study, overall accuracy and Mathews
correlation coefficient (MCC) [56] were applied to evalu-
ate the performance of classifiers. Overall accuracy is one
of the most important measurements for multiclass classifi-
cation. It is defined as the proportion of correctly predicted
samples among all samples. However, this measurement is
not perfect when the sizes of classes have great differences.
In this case, the MCC is much more accurate. Its formula
is as follows:

cov(X,Y)

MCC - )
Veov(X, X) - cov(Y,Y)

(1

where X stands for the matrix of the predicted labels, Y rep-
resents the matrix of real labels, and cov(*,*) is used to cal-
culate the correlation coefficient of the two matrices. MCC
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Fig. 2. IFS curves of different classifiers on the different number of methylation site features. DT, KNN, RF, and SVM provided
the highest MCC values of 0.724, 0.744, 0.843, and 0.840, respectively, using the top 49, 7, 81, and 716 features, respectively. The RF

classifier with the top 81 features provided the best performance.

ranges from —1 to +1. A classifier with a MCC closer to
1 has a stronger performance. This study adopted MCC as
the key measurement.

In addition, the accuracy on each class was also com-
puted to evaluate the performance of classifiers on each
class. It is defined as the proportion of correctly predicted
samples in one class among all samples in the same class.

3. Results
3.1 Results of Feature Selection

The COVID-19 methylation profiles were first pro-
cessed by Boruta to exclude insubstantial features. A to-
tal of 1027 important sites were screened from 865,149
methylation sites as presented in Supplementary Table
1. The Boruta algorithm obtains a considerably good pre-
processing result, which also reduces the computation time
required to run the following analysis. Next, mRMR was
used to evaluate the importance of the retained features and
sort them in the mRMR feature list. The list is also shown
in Supplementary Table 1.

3.2 Results of IFS with Classification Algorithms

The mRMR feature list was imported into IFS and
combined with several classification algorithms to classify
samples into different age groups. The step interval of IFS
was set to 1, inducing a total of 1027 feature subsets. On
each feature subset, one classifier was built based on one of
the four classification algorithms. All classifiers were eval-
uated by 10-fold cross-validation. Overall accuracy, MCC,
and accuracy on each class were calculated as evaluation
metrics for each classifier, and the results are shown in Sup-
plementary Table 2. For an accurate presentation, we plot-
ted the IFS curve with the number of features in the x-axis
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and the MCC metric in the y-axis for each classification al-
gorithm as presented in Fig. 2. According to Fig. 2, MCC
reached the maximum values of 0.724, 0.744, 0.843, and
0.840 for DT, kNN, RF, and SVM, respectively, using the
top 49, 7, 81, and 716 features, respectively. The optimal
classifiers were also obtained for the four algorithms using
the above features. The overall accuracies of DT, kNN, RF,
and SVM were 0.818, 0.830, 0.897, and 0.894, respectively
(Table 1). Evidently, the optimal RF and SVM classifiers
were superior to the other two optimal classifiers. A bar
chart was plotted to show their performance on three classes
to fully display the performance of four optimal classifiers
(Fig. 3). The optimal RF and SVM classifiers had much bet-
ter performances on the patients aged 35—45 and >45 years,
and their superiority was not clear on the patients aged <35
years old. Although the classification performances of the
optimal DT and kNN classifiers were worse than the other
two algorithms, they resulted in a decent performance, in-
dicating the effectiveness of our analysis.

Table 1. Performance of the optimal classifiers based on
different classification algorithms.

Classification algorithm Number of Overall accuracy MCC
features

Decision tree 49 0.818 0.724

k-nearest neighbor 7 0.830 0.744

Random forest 81 0.897 0.843

Support vector machine 716 0.894 0.840

Although the optimal RF and SVM classifiers pro-
vided almost equal performance, their efficiencies were not
the same. The optimal RF classifier used 81 top features,
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Fig. 3. Performance of four optimal classifiers on three age
groups. The optimal RF and SVM classifiers provided evident
better performance on two age groups than the other two optimal
classifiers.

whereas the optimal SVM classifier adopted the top 716
features. Furthermore, RF is much faster than SVM. Thus,
the optimal RF classifier was more proper than the optimal
SVM classifier as a tool to predict the aging-associated risk
of COVID-19.

3.3 Results of Decision Rules

As mentioned in Section 2.6.4, DT can help uncover
methylation patterns in patients with COVID-19 under dif-
ferent age groups. As 49 features were used in the optimal
DT classifier, we applied DT to all samples represented by
these 49 features. A large tree was obtained, from which
a total of 39 rules were extracted. These rules are listed in
Supplementary Table 3. Among these 39 rules, 11 rules
are predictions for the category of patients below 35 years
of age, 18 rules are predictions for the category of patients
between 35 and 45 years of age, and 10 rules are predictions
for the category of patients over 45 years of age. A detailed
description of these rules is presented in Section 4.2.

4. Discussion

Feature selection methods, such as Boruta, mRMR,
and IFS, and classification algorithms, such as DT, RF,
kNN, and SVM, were performed to analyze the methyla-
tion profiles of patients with COVID-19 and obtain a list of
important candidate methylation sites. However, the use of
classifiers alone to screen for methylation modification sites
is not enough. Accordingly, we further applied the learning
algorithm, DT, to clarify the expression rules in patients.
We obtained 39 classification rules through rigorous anal-
ysis. The top-ranked features in the mRMR result can in-
dicate important methylation modification information re-
lated to aging-induced risk of COVID-19. The classifica-
tion rules present the methylation level of identified sites
for classifying different age groups. We focused on valu-
able features and decision rules, because they can identify
important DNA methylation sites and suggest their essen-
tial role as epigenetic susceptibility sites in patients infected
with SARS-CoV-2. We collected the scientific findings of
other researchers and initially summarized the experimen-

tal evidence of the above-mentioned features and rules to
prove the accuracy of the prediction.

4.1 Analysis of Top Features Identified via mRMR

We initially identified 49 important features with the
most relevance in the classification. We found that the
methylation levels of some CpGs are highly associated
with the age factor in patients with COVID-19, which was
consistent with previous research findings [57-59]. Some
methylation sites are located in the annotated coding region
of genes. Next, we briefly summarized the experimental
evidence of important features to provide more references
for the exploration of age-related COVID-19 mechanisms.

The first methylation site in the feature ranking is
cg21863110, and its methylation modification is closely re-
lated to aging phenotype. Aging is one of the important risk
factors for cancer [60]. An increasing number of elderly
patients are at higher risk of death owing to the COVID-19
outbreak. Studies showed that DNA damage has a time-
dependent characteristic [61] and that aging induces spe-
cific DNA methylation [62-66]. Cg21863110 is located in
the NHLH?2 gene (ENSG00000177551) interval, and func-
tional enrichment analysis showed that NHLH2 was associ-
ated with signaling pathways, including primary immunod-
eficiency signaling pathway, leukocyte extravasation sig-
naling pathway, pluripotent stem cell hematopoiesis, and
antigen presentation pathway. The above research evidence
suggests that NHLH? in elderly patients with COVID-19
exhibits abnormal hypermethylation [67], causing primary
immunodeficiency or abnormal antigen presentation, which
ultimately leads to more severe COVID-19 symptoms in el-
derly patients.

The methylation site, cg00573770, is located at
chr2:145278485 and belongs to the shelf region of the
CpG island. Several published epigenome-wide associa-
tion studies (EWASs) have reported the role of cg00573770
in aging [59,68,69]. Cg00573770 is associated with ZEB2
(ENSG00000169554) and is located in the promoter region
of the ZEB?2 gene. ZEB2 is a zinc finger transcription fac-
tor that can bind DNA molecules in tandem with ZEB1 and
directly compete for E-protein binding sites. ZEB2 expres-
sion can be induced by the transcription factor, T-bet, which
triggers the differentiation of cytotoxic T lymphocytes to
the terminal state [70]. ZEB2 deletion can cause the loss
of antigen-specific CD8+ T cells in patients with primary
and secondary infections. In addition, transcription factor
ZEB2 can promote epithelial-mesenchymal transition, reg-
ulate NK cell maturation, and remarkably reduce memory
cell production [71], as well as maintain the tissue speci-
ficity of macrophages [72]. The low methylation level of
ZEB2 in the elderly population leads to its abnormal ex-
pression, which may impair the specificity of macrophages
and the maturation of NK cells, ultimately causing severe
reactions in elderlies infected with SARS-CoV-2.

Cgl19344626 is located in chr19:16830749 and the
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open sea of the CpG island. The top trait in the EWAS at-
las associated with this methylation site is aging [68,73—
76]. Cgl9344626 is located in the promoter of NWDI
(ENSG00000188039). NWDI1 is a member of the innate
immune protein subfamily, has a gene size of approxi-
mately 98 kb, and contains 19 exons and 1,358 amino
acids. Substantial evidence suggests that NWDI methy-
lation is associated with aging [76] and age-related dis-
eases [75] and can regulate circulating cytokines and leuko-
cyte function [77]. The levels of cytokines, such as TNF
[78], IL-6 [79], and IL-10 [80], are increased in the el-
derly. These factors can reflect the chronic inflammatory
state of the body and increase with age, gradually caus-
ing immune aging and death [81]. Another study reported
that DNA methylation levels at several loci are remarkably
associated with changes in the levels of the inflammatory
marker, C-reactive protein [82]. The findings suggest that
the age-related loss of DNA methylation increases the lev-
els of immune-related factors by increasing transcriptional
activity [83,84]. We screened the NWDI-related methy-
lation site, cg19344626, from samples from patients with
COVID-19 who had different ages. Combined with exist-
ing studies, we speculated that NWDI methylation may be
an age-related risk factor for COVID-19. Our findings pro-
vide a reference for the molecular mechanisms of differen-
tial COVID-19 symptoms.

4.2 Analysis of Decision Rules Identified by the DT Method

We constructed 38 decision rules from the 49 features
of 407 patients using the DT algorithm. Based on these
quantitative rules, methylation signatures can be used to
predict the elderly patients with COVID-19 who had a high
risk of severe disecase. We next briefly describe the relevant
research evidence based on the biological significance of
these rules.

The cgl6867657 site is located at chr6:11044877,
which belongs to the island area of the CpG island. Our
analysis found that the methylation levels of cg16867657
were different in the different age groups. The methylation
level of cg16867657 was significantly (p = 4.65 x 10~37)
associated with age [59], which was consistent with the
results of another study [76]. The genes associated with
cgl6867657 include ELOVL2 (ENSG00000197977) and
RP1-62D2.3 (ENSG00000230314). The protein-coding
gene ELOVL2 encodes a type of transmembrane protein,
which is involved in the formation of polyunsaturated fatty
acids. The expression products of ELOVLZ2 gene has trans-
ferase activity, partial acyl transfer, and fatty acid elon-
gase activity. Methylation studies in elderly twins revealed
the strongest age-related CpG methylation pattern in the
promoter region of the ELOVL2 gene [74]. The methyla-
tion modification of ELOVL2 may play an important role
in age-related diseases. Aging can induce the gut micro-
biota changes and lead to the dysregulation of ELOVL?2 ex-
pression [85]. Based on the whole-blood DNA analysis
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of 64 subjects, the researchers identified the CpG islands
of the ELOVL2, FHL2, and PENK genes, whose methy-
lation levels were strongly correlated with age. Among
them, ELOVL2 methylation levels gradually increased with
age (Spearman correlation coefficient = 0.92) and appeared
to be a very promising biomarker of aging [86]. Another
study based on monocytes and T cell lines found a remark-
able age-related methylation site on the ELOVL2 gene at
chromosome 6 [87]. The IncRNA of ELOVL? is associ-
ated with immune cell infiltration in breast cancer and af-
fects the prognosis of patients [88]. The methylation level
of ELOVL?2 in peripheral blood cells was higher than that in
EBV-transformed lymphoblastoid cell line, and the correla-
tion between chronological age and aging-related methyla-
tion sites in ELOVL2 was strong [89]. Our decision rules
showed that the hypermethylation of cg16867657 is indica-
tive of the older group of patients with COVID-19. The hy-
permethylation of ELOVL2 leads to the downregulation of
its expression level, which has adverse effects on the body’s
immunity. Moreover, this effect has become more severe
with age in patients infected with SARS-CoV-2. Aging or
senescence is an important risk factor for the severity of
illness and death of patients with COVID-19 [90]. The im-
mune function decreases with age and may make the el-
derly vulnerable to COVID-19. The patients with COVID-
19 who had high methylation level of ELOVL2 may have a
higher disease risk. These findings help in explaining the
severe symptoms of COVID-19 and provide important ref-
erences for the development of a therapeutic vaccine.

Cg11425788 lies in chr1:60136100 and is located in
the open sea region of the CpG island. Traits related to
this methylation site include aging, prostate cancer, and
mortality according to EWAS atlas [68,91]. Cgl11425788
is located in the gene body of FGGY. The product en-
coded by FGGY has kinase and phosphotransferase ac-
tivities, and the receptor is an alcohol group, which can
phosphorylate carbohydrates, such as ribulose and ribitol.
Multiple studies reported the effect of FGGY in aging
phenotype [68,73,92]. In addition, a Chinese lung squa-
mous cell carcinoma (LUSC) cohort study found that
hypomethylation-induced FGGY retrotransposition (LINE-
1-FGGY) can overcome the local immune evasion of LUSC
and promote LUSC progression [93]. In the present study,
the methylation level of cg11425788 was much lower in
middle-aged and elderly patients with COVID-19, which
implies that the hypomethylation-induced transcriptional
regulation of FGGY may contribute to viral immune es-
cape, which in turn aggravates the infection symptoms of
patients.

Another important methylation site is ¢g22454769,
which is located at chr2:106015767 and belongs to the
island region of the CpG island. The most impor-
tant traits in EWAS atlas related to cg22454769 is ag-
ing [89]. (Cg22454769 is related to the FHL2 gene
(ENSG00000115641) and is located in the promoter re-
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gion of FHL?2. The protein coding gene, FHL2, with four
half-LIM domain 2, belongs to the four half-Lim-only pro-
tein family members and is involved in the assembly of
cell outer membranes [94,95]. FHL2 can interact with cell
surface receptors, kinases, cytoplasmic junctions, nuclear
transcription factors, and other molecules and participate in
peroxisome proliferator-activated receptor alpha and lipid
metabolism regulation pathways. The study found that 97%
of 1214 age-related DNA methylation sites in breast tis-
sue were elevated in methylation levels, particularly in au-
tosomal CpG islands and non-enhancers. Among them,
the methylation level of 15 transcription regulators, such
as FHL2, increases the risk of breast cancer with age [96].
The results of studies based on genome-wide DNA methy-
lation in pancreatic islets have shown that aging is asso-
ciated with increased levels of DNA methylation at many
loci. The methylation level of FHL2 in pancreatic islets
is related to age and insulin secretion. Abnormal methyla-
tion levels in aging populations may be associated with im-
paired islet function and increased diabetes risk [97]. In ad-
dition, life processes, such as epithelial-mesenchymal tran-
sition, tissue repair, cell proliferation, inflammation regu-
lation, apoptosis process, cell adhesion, and migration, are
associated with the role of FHL2 [94,98,99]. After the hu-
man body is infected with a virus, the FHL2 protein is trans-
ferred to the nucleus to support type I interferon transcrip-
tion. This defense mechanism can inhibit the proliferation
of pathogens and reduce tissue damage. FHL2 can also
help the transcription of pro-inflammatory cytokines, such
as IL-6 and IL-8 [98]. In the present study, the methylation
level of ¢g22454769 in FHL2 was increased in elderly pa-
tients with a value exceeding the threshold of 0.514. Com-
bined with existing research evidence, we speculated that
changes in the specific methylation sites of FHL2 may in-
crease the risk of disease in elderly patients by affecting
the body’s immunity. It may be a biomarker for monitor-
ing age-related COVID-19 risk and may help to explore the
pathogenic mechanisms of COVID-19.

5. Conclusions

This study aimed to determine the methylation sig-
natures associated with aging in patients with COVID-19
through computational analysis. Based on our computa-
tional studies, we carefully selected key methylation fea-
tures using machine learning methods, including Boruta,
mRMR, IFS, and four classification algorithms. The re-
sults showed that the identified key features are consis-
tent with published academic studies. We established a
computational framework to detect key methylation site
information, and the results were accurate and credible.
However, the correlation between the methylation candi-
date molecules and COVID-19 requires in-depth cellular
and molecular biological verification. The important age-
related methylation signatures obtained in this study are
helpful to understand the pathogenesis of COVID-19 risk

and provide references for the targeted intervention of the
disease.
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