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Purpose: The 7-methylguanosine (m7G)-related genes were used to identify the clinical severity and prognosis of patients with
coronavirus disease 2019 (COVID-19) and to identify possible therapeutic targets.

Patients and Methods: The GSE157103 dataset provides the transcriptional spectrum and clinical information required to analyze
the expression of m7G-related genes and the disease subtypes. R language was applied for immune infiltration analysis, functional
enrichment analysis, and nomogram model construction.

Results: Most m7G-related genes were up-regulated in COVID-19 and were closely related to immune cell infiltration. Disease
subtypes were grouped using a clustering algorithm. It was found that the m7G-cluster B was associated with higher immune
infiltration, lower mechanical ventilation, lower intensive care unit (ICU) status, higher ventilator-free days, and lower m7G scores.
Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis showed that differentially expressed genes (DEGs) between m7G-
cluster A and B were enriched in viral infection and immune-related aspects, including COVID-19 infection; Th17, Thl, and Th2 cell
differentiation, and human T-cell leukemia virus 1 infection. Finally, through machine learning, six disease characteristic genes,
NUDT4B, IFITS, LARP1, EIF4E, LSM1, and NUDT4, were screened and used to develop a nomogram model to estimate disease risk.
Conclusion: The expression of most m7G genes was higher in COVID-19 patients compared with that in non-COVID-19 patients.
The m7G-cluster B showed higher immune infiltration and milder symptoms. The predictive nomogram based on the six m7G genes
can be used to accurately assess risk.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has caused widespread health concerns worldwide. The
clinical symptoms of individuals with coronavirus 2019 (COVID-19) can range from asymptomatic to pneumonia, severe
hypoxia, or even organ failure.! COVID-19 patients who are elderly or exhibit obesity, hypertension, or diabetes may
have higher mortality and hospitalization rates.” However, the specific mechanism underlying disease risk disparities and
individual outcomes is still unclear. It is imperative to elucidate the underlying pathophysiology and identify therapeutic
approaches to treat COVID-19.

Over 170 types of RNA modifications play crucial roles in regulating mRNA translation, stability, transport, and RNA
processing. In eukaryotic cells, the N6-methyladenosine (m6A) modification is the most prevalent among the messenger
RNAs (mRNAs).”> N7-methylguanosine (m7G) is another ubiquitous RNA modification that was first reported in the
1970s located at the 5° caps of eukaryotic mRNA or internally within rRNA and tRNA of all species,” ® and it affects
RNA processing, metabolism, and function.'® Furthermore, in addition to its presence at the cap position in mRNAs,
m7G has been found in internal mRNA regions.”'"'? Increasing evidence suggests that m7G plays an important role in
the development of human diseases."?
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Modifications to viral RNA also play a critical role in the viral life cycle. m6A, 5-methylcytosine (m5C), and N4-
acetylcytidine (ac4C) have been reported to be involved in viral infection regulation.'*'” Owing to the multiple
functions related to the m7G cap structure in cellular mRNAs, several viruses modify the 5* end of their viral RNA in
the same way. During the infectious cycle, most viruses use the cellular nuclear capping machinery to cap RNA.
However, other viruses fetch caps from other pathways and cellular mRNAs or are encoded by viral capping enzymes.'®”
20 Furthermore, viral infection also regulates the expression of host gens for m7G RNA modification.?’

Many studies have demonstrated the impact of SARS-CoV-2 on host cell m6A methylome.?*** However, few studies
have revealed alterations in m7G in SARS-CoV-2-infected cells. In the present study, we assessed the expression of 29
major regulators of m7G RNA modification in SARS-CoV-2-infected patients. Additionally, according to the m7G-
related gene expression, the individuals were divided into two clusters by consensus clustering with different prognoses.
Furthermore, a nomogram model based on the six m7G genes was developed for individual risk prediction.

Material and Methods

The RNA-Seq of COVID-19 Patients and m7G-Related Gene

The GSE157103 dataset® containing transcript profiles of COVID-19 patients was downloaded from GEO.?® The
GSE157103 dataset included 100 COVID-19 patients and 26 non-COVID-19 controls. Clinical information included gender,
age, Charlson comorbidity index score, ventilator-free days, mechanical ventilation, and intensive care unit (ICU) status. The
m7G-related genes were identified by a literature search and GSEA (http://www.gsea-msigdb.org/gsea/login.jsp) database,

and a total of 29 m7G-related genes were obtained. R software was used for all data processing and analyses in this study.
Statistical significance was defined as p<0.05.

Classification of Disease Subtypes

Current research mainly involves three types of classification for disease subtypes, m7G clusters, gene clusters, and
m7G-score clusters. Both m7G clusters and gene clusters select the optimal consensus matrix to determine the optimal
number of clusters by partitioning around the medoids algorithm. The R package “limma” was used to perform
differential expression analysis. The R package “ConsensusClusterPlus” was used to group the patients with COVID-
19. The screening condition for differentially expressed genes (DEGs) was set to an adjusted p-value of < 0.05. First, 15
m7G-related differentially expressed genes (m7G-DEGs) were found between COVID-19 patients and individuals not
infected with COVID-19. The classification of COVID-19 patients into m7G-clusters is based on the expression level of
these 15 m7G-related genes, and patients were assigned to “m7G cluster A” and “m7G cluster B”. Next, we analyzed all
differentially expressed genes (DEGs) between m7G cluster A and m7G cluster B, including but not limited to m7G-
related genes. The classification of gene clusters is based on the expression level of these DEGs which were detected
between m7G-clusters, and then the COVID-19 patients are assigned to “gene cluster A” and “gene cluster B”. In
addition, we constructed an m7G score. This score index is based on the principal component analysis (PCA) algorithm
to analyze the 15 m7G DEGs. The m7G score combines the PC1 and PC2 scores to form a signature score. According to
the median, the patients were divided into “m7G-score high” and “m7G-score low” groups.

The Abundance Estimates for Immune Cells

ssGSEA analysis was used to evaluate the abundance estimates for the 23 immune cell types. This was done to infer the
individual immune cell abundance of the current sample using the previously published immune cell signature gene
panel. Furthermore, a study was conducted to determine the correlation between m7G genes and immune cells. In order
to analyze and visualize data, we used “ggplot2”, “limma”, and “GSEABase” packages.

Functional Enrichment Analysis
The present research is mainly related to the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology
(GO) enrichment analyses. Through assessing the signaling pathway and biological function in DEGs enrichment, we can
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further infer the possible pathogenesis. The “enrichplot”, “clusterProfiler”, and “org.Hs.eg.db” packages were used to
perform the analysis.

The Nomogram Model

The machine learning of the RF and SVM classifiers was compared to determine the optimal algorithm to screen disease
characteristic genes. The indicators compared included residual, reverse cumulative distribution of residual, and area
under the curve (AUC) value. Next, the screened feature genes were obtained by machine learning, and a predictive
nomogram was generated to assess the disease risk. In addition, clinical impact curve analysis (CICA) was used to assess
clinical usability. Calibration curves and decision curve analysis (DCA) were used to evaluate the accuracy and measure
the net benefit. We use the “IrmModel” function to construct the nomogram model. The packages “rms” and “rmda” were
used to analyze and visualize data. One thousand bootstrap resamplings were used to validate the nomogram model.

Results
Patterns of m7G-Related Genes in COVID-19

A total of 29 m7G-related genes were retrieved from the GSEA databases and the literature, and the names of these 29
genes and their chromosomal locations are shown in Figure 1. In this study, 126 individuals, including 100 COVID-19
patients and 26 non-COVID-19 patients, were enrolled. We analyzed the difference in the expression of m7G-related
genes between COVID-19 patients and non-COVID-19 patients. A total of 15 m7G-DEGs were found. The expression of
NSUN2, NUDT4, NUDT4B, AGO2, EIF4E, EIF4E3, GEMINS, LARP1, NCBPI1, EIF4G3, IFIT5, and LSM1 was
significantly up-regulated in COVID-19 patients (p<0.05). However, the expression levels of CYFIP1, EIF4E2, and
EIF3D in COVID-19 patients were significantly down-regulated (p<0.05) (Figure 1B). In addition, a specific transcrip-
tion profile was generated between COVID-19 and non-COVID-19 patients based on the expression levels of the m7G-
DEGs (Figure 1C).

By analyzing the expression levels of m7G-DEGs to determine the subtypes of the disease, it is helpful to distinguish
the disease phenotype, improve the detection rate, and improve the therapeutic effect. The PAM algorithm was used to
determine the best consensus matrix. The best consensus matrix (k=2) was obtained (Figure 1D). Based on the m7G
DEGs expression, 100 patients were divided into 2 categories, m7G-cluster A and B. m7G cluster A revealed high
expression of NUDT4, NUDT4B, AGO2, EIF4E, EIF4E3, LARP1, EIF4G3, and IFITS, while m7G cluster B was
characterized by high expression levels of CYFIP1, EIF4E2, EIF3D, and LSM1 (Figure 1E). Furthermore, a specific
transcription profile was generated between m7G cluster A and m7G cluster B (Figure 1F).

Immune Infiltration and Functional Enrichment Analysis of m7G Patterns
Principal component analysis (PCA) showed that the clusters could be distinguished based on m7G DEGs (Figure 2A).
As the number of COVID-19 patients increases, it is particularly important to study the immune response mechanisms of
the disease. We analyzed immune infiltration between m7G clusters A and B (Figure 2B). The results showed that m7G
cluster B had high immune cell abundance, suggesting that m7G cluster B had significant immune cell infiltration. These
results illustrate the differences in immune penetration among the m7G-based disease subtypes of COVID-19. To
investigate the relationship between different m7G genes and immune cell infiltration, we further analyzed the correlation
between 15 m7G DEGs and immune cells (Figure 2C). Surprisingly, most genes were positively correlated with immune
cells, and the most significant positive correlation was found between EIF3D and immune cells. Furthermore, only six
genes were negatively correlated with immune cells: NUDT4, NUDT4B, AGO2, EIF4E, EIF4E3, and EIF4G3.

In addition, to further explore the biological function between the two subtypes of disease, we first analyzed the
DEGs between m7G clusters A and B and finally obtained 700 DEGs. These 700 DEGs were then analyzed using KEGG
(Supplementary Table 1) and GO enrichment (Supplementary Table 2) analyses. Interestingly, the KEGG analysis results

showed that enrichment was predominant in viral infection and immune-related aspects, including COVID-19, Th17 cell
differentiation, Th1 and Th2 cell differentiation, and human T-cell leukemia virus 1 infection (Figure 2D). Furthermore,
among the three aspects of GO enrichment analysis, the number of genes enriched in biological processes (BP) was the
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Figure | The expression and patterns of m7G genes. (A) The chromosome location and names of these 29 m7G genes. (B) Differential expression of m7G-related genes in
COVID-19 and non-COVID-19 patients. (C) Heat map of m7G-related DEGs between COVID-19 and non-COVID-19. (D) The best consensus matrix (k=2). (E) m7G
genes expression between m7G clusters A and B. (F) Heat map of m7G genes expression between m7G cluster A and B.
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Figure 2 Immune Infiltration and functional enrichment analysis of m7G patterns. (A) Principal component analysis indicated that clustering was effective. (B) The 23 kinds
of immune cell infiltration between m7G cluster A and B. (C) The correlation between m7G-related genes and immune cells. (D) The KEGG enrichment analysis of DEGs
between m7G cluster A and B. (E) The GO functional analysis based on DEGs between m7G cluster A and B.

largest. BP was mainly enriched in immune cell regulation, including T cell activation (GO:0042110), positive regulation
of cell activation (GO:0050867), positive regulation of leukocyte activation (GO: 0002696), leukocyte cell-cell adhesion
(GO: 0007159), and regulation of T cell activation (GO: 0050863) (Figure 2E). Molecular functional enrichment analysis
was mainly enriched in the structural constituents of ribosomes (GO:0003735), NAD+ nucleosidase activity
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(G0O:0003953), MHC protein complex binding (GO:0023023), hydrolase activity, hydrolyzing N-glycosyl compounds
(GO:0016799), MHC class II protein complex binding (GO:0023026), and NAD(P)+ nucleosidase activity
(GO:0050135). Functional enrichment analysis of cellular component revealed that they were mainly enriched in
ribosomal subunits (G0:0044391), cytosolic ribosomes (G0O:0022626), ribosomes (GO:0005840), large ribosomal
subunits (GO:0015934), cytosolic large ribosomal subunit (GO:0022625), and cytosolic small ribosomal subunit
(GO:0022627). These results suggest that there are significant immune characteristics and related signals in the m7G
clusters.

Clinical Feature and m7G Clusters

We sought to find out the relationship between m7G clusters and clinical features. The results showed significant
differences in ventilator-free days (p<0.001), Hospital-free days post 45-day follow-up (p<<0.001), ICU status (p=0.004),
and mechanical ventilation status (p<0.001) between m7G clusters A and B. However, no significant differences in age,
gender, and Charlson comorbidity index were observed between the two groups (Table 1).

Construction of m7G Signatures

To verify whether the classification of disease subtype based on m7G is reasonable, consensus clustering analysis was
conducted again based on 700 DEGs, obtained from m7G clusters. Patients were divided into different genomic subtypes.
As shown in Figure 3A, k=2 was selected as the optimal consensus matrix. Based on the expression of 700 DEGs,
COVID-19 patients were grouped into two subtypes: gene cluster A and gene cluster B.

A specific transcription profile was generated between gene clusters A and B (Figure 3B). Next, we analyzed the
expression of m7G DEGs between gene clusters A and B. The results showed that m7G DEGs also showed significant
differences between the gene clusters (Figure 3C). Moreover, we analyzed the abundance of immune cells between gene
clusters A and B. Twelve types of immune cells were highly infiltrated in gene cluster A, whereas only four types of
immune cells were highly infiltrated in gene cluster B. Gene cluster A showed a higher abundance of immune cell
infiltration (Figure 3D).

In addition, we constructed a scoring system, the m7G-score, which is based on a composite score of m7G gene
expression in COVID-19 patients. Each patient received a corresponding m7G-score. We compared the scores of the
different disease subtypes. The results revealed a higher m7G score in gene cluster B than in cluster A (p<0.001)
(Figure 3E). However, the m7G score was higher in m7G cluster A than in m7G cluster B (p<0.001) (Figure 3F).

Table | Clinical Features in m7G Clusters

Overall m7G Cluster A | m7G Cluster B P-value

N 100 59 41
Charlson comorbidity index score (median[IQR]) 3[1, 5] 3[1, 4.5] 3[1, 5] 0.899
Ventilator-free days (median[IQR]) 28[10.5, 28] 22[1, 28] 28[28, 28] <0.001
Hospital-free days post 45 day follow-up (median[IQR]) 26[0, 38] 20[0, 31] 37[22, 40] <0.001
Gender

Female 38 20 18

Male 62 39 23 0.421
Age

<65 years 57 32 25

>65 years 43 27 16 0.643
ICU status

No 50 22 28

Yes 50 37 13 0.004
Mechanical ventilation

No 58 23 35

Yes 42 36 6 <0.001

Note: Significant p-values are bolded.
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Interestingly, gene cluster B and m7G cluster A, both with higher scores, were in the group with low immune infiltration.
These results suggest that the two subtypes, m7G clusters and gene clusters, have favorable immune characteristics and
genetic differences.

According to the median value of the m7G-score, patients can be divided into m7G-score high and low groups. To
better distinguish the subtypes of the disease in these three categories, we compared the patient populations of the three
groups. As shown in Figure 3G, the patient groups obtained using these three methods showed a high degree of
coincidence.

The Nomogram Model

A assessment of the risk of infection with COVID-19 helps control the infection and provides guidance for targeted
treatment. We attempted to establish a prediction model based on m7G genes to evaluate disease risk. Two different
machine-learning methods, RF and SVM, were performed to select the characteristic genes of the disease. By comparing
the residual distribution (Figure 4A) and reverse residual cumulative distribution (Figure 4B) of the two algorithms, we
evaluated which algorithm was better. The results found that RF algorithm has a higher accuracy and is suitable for
screening COVID-19 feature genes. Moreover, the AUC for RF (AUC=1) was higher than that for SVM (AUC=0.981)
(Figure 4C). Therefore, we screened the genes using RF. The optimal random forest model was constructed using 71
trees (Figure 4D). The importance scores for the m7G genes were then calculated. A total of six genes with importance
scores higher than 2.5 were included in our next prediction model, including NUDT4B, IFIT5, LARPI1, EIF4E, LSM1,
and NUDT4 (Figure 4E).

Next, we combined the effects of these 6 genes on the risk of COVID-19 to build a predictive nomogram for risk
evaluation. The corresponding score was assigned according to the gene expression level. The combined total score of the six
scores could be applied to evaluate the risk (Figure 4F). The calibration curve for the nomogram model is shown in Figure 4G.
The results revealed that the prediction model fits well with the ideal curve. DCA demonstrated that the prediction nomogram
based on m7G genes could obtain more net benefits (Figure 4H). The CICA results suggested that patients with a high risk
predicted by the model were highly similar to the patients who were actually positive (Figure 41).

Discussion

In the present study, we found that the highest expression of m7G genes in COVID-19 patients was significantly up-
regulated compared to that of non-COVID-19 patients, suggesting that m7G modification may play a key role in the
pathogenesis of viral infection. Furthermore, two subtypes were obtained by clustering based on m7G gene expression.
Analysis of immune cell infiltration and clinical characteristics showed that compared with m7G-cluster A, m7G-cluster
B showed higher immune cell infiltration. The number of patients in cluster B requiring ICU and mechanical ventilation
was significantly lower than that in cluster A. This suggests that clusters B had mild symptoms. These results further
suggest that cluster B, with rich immune infiltration, may have a better prognosis. This hypothesis was consistent with the
results reported by Wang et al.>” In addition, in the functional enrichment analysis of DEGs between m7G-cluster A and
B, it was found that the main signaling pathways were involved in COVID-19 and immune cell differentiation, and
biological functions were also enriched in the activation and regulation of immune cells. These results suggest that m7G
plays an important regulatory role in the occurrence and development of COVID-19.

After SARS-CoV-2 infects human cells, the antiviral response of the host and pathogenicity of the virus affect the
final clinical outcome. The mutant strain of SARS-CoV-2 RNA has appeared in just three years, and the transmission
ability has strengthened, which makes it particularly important to study the pathogenesis of viral infection and the host
immune response. The inflammatory response induced by alveolar macrophages leads to acute respiratory distress
syndrome, which involves a variety of inflammatory factors, such as TNF, IL12, and IL6.**° The number of CD8+T
cells in patients with COVID-19 is decreased, which can be used as a prognostic marker of disease severity.”” However,
a previous study has shown that the response of CD4+T cells to SARS-CoV-2 is more common than that of CD8+T cells,
and CD4+ T cells are related to the titers of anti-SARS-CoV-2 IgG and IgA.** The spike protein, as the main antigen to
recognize SARS-CoV-2, is also the main target of specific CD4+T cells.>' Among virus-specific CD4+ T cells, follicular
helper T cells account for a large proportion of SARS-CoV-2-specific CD4 T cells in patients with acute and convalescent
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Figure 4 Establishment and validation of the prediction model. Residual (A) and reverse cumulative distribution of residual (B) were used to compare the accuracy of RF
and SVM algorithms. (C) RF and SVM were evaluated by ROC curve. (D) The optimal nTree was obtained to find the disease feature genes. (E) The importance score of the
relevant gene was calculated. (F) The nomogram prediction model. (G) The calibration curve revealed a good degree of agreement. (H) Decision curve analysis showed
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COVID-19.*? Although the response of CD4+ T cells to SARS-CoV-2 infection is interesting, the study unexpectedly
found that peak reactive CD4+ T cells were detected in 35% of healthy people,®® which means that the possibility of
cross-reaction cannot be ruled out. The complex immune response in the body and various symptoms of clinical patients
indicate that the key to the success of antiviral therapy can never rely on single immune cells alone. COVID-19 patients
who received neutralizing monoclonal antibodies alone did not benefit greatly.**

Some viruses, such as autologous RNA, can successfully escape the recognition of retinoic acid-Inducible gene-I
through post-transcriptional m7G modification, thus achieving immune escape.”> The structure of the 5’ m7G cap
involves methyltransferases, RNA 5’ triphosphatase (RTPase), and guanylytransferase (GTase). However, capping of
SARS-CoV-2 RNA has rarely been studied. A SARS-CoV nspl3 helicase has been shown to have RTPase activity,
which may play a role in the formation of the 5’ cap structure.>® In addition, the SARS-CoV-2 nsp12 has nucleotidylation
activity. There is evidence that the cap core structure, GpppA, is catalyzed by SARS-CoV-2 nps12 through its GTase
activity.”’ Replication and transcription complexes assembled by a group of nps, including nps13 and nps12, facilitate the
transcription of SARS-CoV-2 mRNA.

We constructed a prediction model based on six m7G genes (NUDT4B, IFIT5, LARP1, EIF4E, LSM1, and NUDT4)
to predict the risk of COVID-19. Interestingly, some of these genes have been shown to be closely related to viral
infection. e[F4E has been confirmed to be involved in the translation of some viral mRNA and proliferation of infected
cells.®® SARS-CoV-2 has been shown to replicate effectively in target cells via the ERK/MNKI/eIF4E signaling
pathway. Emetine inhibits coronavirus replication by inhibiting the interaction between viral mRNA and eIF4E.*’
LARPI, as a host protein that can interact with nucleocapsid proteins, can also bind to SARS-CoV-2 RNA and inhibit
viral replication in vivo.*® Although the specific mechanism of other genes in coronaviruses have not been confirmed,
they are related to other viral infections. LSm1 participates in the replication of hepatitis C and dengue virus.*'***
However, studies have confirmed that dengue virus RNA is related to 63% of the RNA interactome of SARS-CoV-2.%
When IFITS is stimulated by viral infection, it promotes the antiviral response in host cells.*> The prediction model based
on these genes helped us further evaluate the risk of disease.

This study had some limitations. First, the analysis of immune cell infiltration was estimated, which may not fully
reflect the actual infiltration of immune cells in COVID-19 patients. However, this needs to be verified using real
samples. Second, limited clinical information and a lack of other basic clinical features, such as lung imaging findings,
basic disease conditions, treatment plans, and vaccines, may lead to different experimental results.

Conclusion

In conclusion, the expression of m7G-related genes in COVID-19 patients was higher than that in non-COVID-19
patients. There was a significant correlation between m7G genes and immune cell infiltration. The m7G-cluster B was
related to higher immune infiltration and milder symptoms. The nomogram based on the six m7G genes accurately
predicted the risk of COVID-19.

Data Sharing Statement
All data in this study were obtained from the GSE157103 dataset at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE157103.

Ethics Approval and Consent to Participate

This study was approved by the Ethics Committee of the 900th Hospital of the People’s Liberation Army Joint Logistics
Support Force and was carried out in accordance with the Helsinki Declaration. All data were obtained from GEO
databases, so that informed consent can be guaranteed.

Author Contributions

All authors made substantial contributions to conception and design, acquisition of data, or analysis and interpretation of
data; took part in drafting the article or revising it critically for important intellectual content; agreed to submit to the
current journal; gave final approval of the version to be published; and agree to be accountable for all aspects of the work.

2470 e Journal of Multidisciplinary Healthcare 2022:15

Dove!


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE157103
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE157103
https://www.dovepress.com
https://www.dovepress.com

Dove Lu et al

Funding

This study was supported by grants from the 900th Hospital of the Joint Logistics Support Force Fund (Grant Number:
2020Z12), the 900th Hospital of the Joint Logistics Support Force Fund (Grant Number: 2020Q02), and the Guiding
Project of Social Development of Fujian Province (Grant Number: 2021Y0062), Startup Fund for scientific research,
Fujian Medical University (Grant number: 2019QH1285).

Disclosure
The authors report no conflicts of interest in this work.

References

—_

. Fung SY, Yuen KS, Ye ZW, Chan CP, Jin DY. A tug-of-war between severe acute respiratory syndrome coronavirus 2 and host antiviral defence:

lessons from other pathogenic viruses. Emerg Microbes Infect. 2020;9(1):558-570. doi:10.1080/22221751.2020.1736644

2. Muniyappa R, Gubbi S. COVID-19 pandemic, coronaviruses, and diabetes mellitus. Am J Physiol Endocrinol Metab. 2020;318(5):E736—e741.
doi:10.1152/ajpendo.00124.2020
3. Dominissini D, Moshitch-Moshkovitz S, Schwartz S, et al. Topology of the human and mouse m6A RNA methylomes revealed by m6A-seq.
Nature. 2012;485(7397):201-206. doi:10.1038/nature11112
4. Meyer KD, Saletore Y, Zumbo P, Elemento O, Mason CE, Jaffrey SR. Comprehensive analysis of mRNA methylation reveals enrichment in 3’
UTRs and near stop codons. Cell. 2012;149(7):1635-1646. doi:10.1016/j.cell.2012.05.003
5. Roundtree 1A, Evans ME, Pan T, He C. Dynamic RNA modifications in gene expression regulation. Cell. 2017;169(7):1187-1200. doi:10.1016/j.
cell.2017.05.045
6. Thapar R, Bacolla A, Oyeniran C, et al. RNA modifications: reversal mechanisms and cancer. Biochemistry. 2019;58(5):312-329. doi:10.1021/acs.
biochem.8b00949
7. Barbieri I, Kouzarides T. Role of RNA modifications in cancer. Nat Rev Cancer. 2020;20(6):303—322. doi:10.1038/s41568-020-0253-2
8. Muthukrishnan S, Both GW, Furuichi Y, Shatkin AJ. 5’-Terminal 7-methylguanosine in eukaryotic mRNA is required for translation. Nature.
1975;255(5503):33-37. doi:10.1038/255033a0
9. Malbec L, Zhang T, Chen YS, et al. Dynamic methylome of internal mRNA N(7)-methylguanosine and its regulatory role in translation. Cell Res.
2019;29(11):927-941. doi:10.1038/s41422-019-0230-z
10. Furuichi Y. Discovery of m(7) G-capin eukaryotic mRNAs. Proc Jpn Acad Ser B Phys Biol Sci. 2015;91(8):394—409. doi:10.2183/pjab.91.394
11. Chu JM, Ye TT, Ma CJ, et al. Existence of internal N7-methylguanosine modification in mRNA determined by differential enzyme treatment
coupled with mass spectrometry analysis. ACS Chem Biol. 2018;13(12):3243-3250. doi:10.1021/acschembio.7b00906
12. Zhang LS, Liu C, Ma H, et al. Transcriptome-wide mapping of internal N(7)-methylguanosine methylome in mammalian mRNA. Mol Cell.
2019;74(6):1304-1316.¢8. doi:10.1016/j.molcel.2019.03.036
13. Song B, Tang Y, Chen K, et al. m7GHub: deciphering the location, regulation and pathogenesis of internal mRNA N7-methylguanosine (m7G) sites
in human. Bioinformatics. 2020;36(11):3528-3536. doi:10.1093/bioinformatics/btaal 78
14. Tan B, Gao SJ. RNA epitranscriptomics: regulation of infection of RNA and DNA viruses by N(6) -methyladenosine (m(6) A). Rev Med Virol.
2018;28(4):¢1983. doi:10.1002/rmv.1983
15. Tan B, Gao SJ. The RNA epitranscriptome of DNA viruses. J Virol. 2018;92(22). doi:10.1128/jvi.00696-18
16. Courtney DG, Tsai K, Bogerd HP, et al. Epitranscriptomic addition of m(5) C to HIV-1 transcripts regulates viral gene expression. Cell Host
Microbe. 2019;26(2):217-227.¢6. doi:10.1016/j.chom.2019.07.005
17. Tsai K, Cullen BR. Epigenetic and epitranscriptomic regulation of viral replication. Nat Rev Microbiol. 2020;18(10):559-570. doi:10.1038/s41579-
020-0382-3
18. Aouadi W, Eydoux C, Coutard B, et al. Toward the identification of viral cap-methyltransferase inhibitors by fluorescence screening assay. Antiviral
Res. 2017;144:330-339. doi:10.1016/j.antiviral.2017.06.021
19. Sevajol M, Subissi L, Decroly E, Canard B, Imbert I. Insights into RNA synthesis, capping, and proofreading mechanisms of SARS-coronavirus.
Virus Res. 2014;194:90-99. doi:10.1016/j.virusres.2014.10.008
20. Ramanathan A, Robb GB, Chan SH. mRNA capping: biological functions and applications. Nucleic Acids Res. 2016;44(16):7511-7526.
doi:10.1093/nar/gkw551
21. Furuse Y. RNA modifications in genomic RNA of influenza A virus and the relationship between RNA modifications and viral infection. /nt J Mol
Sci. 2021;22(17):9127. doi:10.3390/ijms22179127
22. Meng Y, Zhang Q, Wang K, et al. RBM15-mediated N6-methyladenosine modification affects COVID-19 severity by regulating the expression of
multitarget genes. Cell Death Dis. 2021;12(8):732. doi:10.1038/s41419-021-04012-z
23. Li N, Hui H, Bray B, et al. METTL3 regulates viral m6A RNA modification and host cell innate immune responses during SARS-CoV-2 infection.
Cell Rep. 2021;35(6):109091. doi:10.1016/j.celrep.2021.109091
24. Zhang X, Hao H, Ma L, et al. Methyltransferase-like 3 modulates severe acute respiratory syndrome coronavirus-2 RNA N6-methyladenosine
modification and replication. mBio. 2021;12(4):e0106721. doi:10.1128/mBi0.01067-21
25. Overmyer KA, Shishkova E, Miller 1J, et al. Large-scale multi-omic analysis of COVID-19 severity. Cell sys. 2021;12(1):23—40.e7. doi:10.1016/;.
cels.2020.10.003
26. Edgar R, Domrachev M, Lash AE. Gene expression omnibus: NCBI gene expression and hybridization array data repository. Nucleic Acids Res.
2002;30(1):207-210. doi:10.1093/nar/30.1.207
27. Wang F, Nie J, Wang H, et al. Characteristics of peripheral lymphocyte subset alteration in COVID-19 pneumonia. J Infect Dis. 2020;221
(11):1762-1769. doi:10.1093/infdis/jiaal 50
Journal of Multidisciplinary Healthcare 2022:15 https: 2471

Dove:


https://doi.org/10.1080/22221751.2020.1736644
https://doi.org/10.1152/ajpendo.00124.2020
https://doi.org/10.1038/nature11112
https://doi.org/10.1016/j.cell.2012.05.003
https://doi.org/10.1016/j.cell.2017.05.045
https://doi.org/10.1016/j.cell.2017.05.045
https://doi.org/10.1021/acs.biochem.8b00949
https://doi.org/10.1021/acs.biochem.8b00949
https://doi.org/10.1038/s41568-020-0253-2
https://doi.org/10.1038/255033a0
https://doi.org/10.1038/s41422-019-0230-z
https://doi.org/10.2183/pjab.91.394
https://doi.org/10.1021/acschembio.7b00906
https://doi.org/10.1016/j.molcel.2019.03.036
https://doi.org/10.1093/bioinformatics/btaa178
https://doi.org/10.1002/rmv.1983
https://doi.org/10.1128/jvi.00696-18
https://doi.org/10.1016/j.chom.2019.07.005
https://doi.org/10.1038/s41579-020-0382-3
https://doi.org/10.1038/s41579-020-0382-3
https://doi.org/10.1016/j.antiviral.2017.06.021
https://doi.org/10.1016/j.virusres.2014.10.008
https://doi.org/10.1093/nar/gkw551
https://doi.org/10.3390/ijms22179127
https://doi.org/10.1038/s41419-021-04012-z
https://doi.org/10.1016/j.celrep.2021.109091
https://doi.org/10.1128/mBio.01067-21
https://doi.org/10.1016/j.cels.2020.10.003
https://doi.org/10.1016/j.cels.2020.10.003
https://doi.org/10.1093/nar/30.1.207
https://doi.org/10.1093/infdis/jiaa150
https://www.dovepress.com
https://www.dovepress.com

Lu et al Dove

28.

29.

30.

31.
32.

33.

34.

35.

36.

37.

38.
39.

40.

41.

42.

43.

Silberstein M. Correlation between premorbid IL-6 levels and COVID-19 mortality: potential role for Vitamin D. Int Immunopharmacol.
2020;88:106995. doi:10.1016/j.intimp.2020.106995

Kloc M, Ghobrial RM, Lipinska-Opatka A, et al. Effects of vitamin D on macrophages and myeloid-derived suppressor cells (MDSCs)
hyperinflammatory response in the lungs of COVID-19 patients. Cell Immunol. 2021;360:104259. doi:10.1016/j.cellimm.2020.104259

Grifoni A, Weiskopf D, Ramirez SI, et al. Targets of T cell responses to SARS-CoV-2 coronavirus in humans with COVID-19 disease and
unexposed individuals. Cell. 2020;181(7):1489-1501.e15. doi:10.1016/j.cell.2020.05.015

Krammer F. SARS-CoV-2 vaccines in development. Nature. 2020;586(7830):516-527. doi:10.1038/s41586-020-2798-3

Rydyznski Moderbacher C, Ramirez SI, Dan JM, et al. Antigen-specific adaptive immunity to SARS-CoV-2 in acute COVID-19 and associations
with age and disease severity. Cell. 2020;183(4):996—1012.e19. doi:10.1016/j.cell.2020.09.038

Braun J, Loyal L, Frentsch M, et al. SARS-CoV-2-reactive T cells in healthy donors and patients with COVID-19. Nature. 2020;587
(7833):270-274. doi:10.1038/s41586-020-2598-9

Chen P, Nirula A, Heller B, et al. SARS-CoV-2 neutralizing antibody LY-CoV555 in outpatients with Covid-19. N Engl J Med. 2021;384
(3):229-237. doi:10.1056/NEJM02a2029849

Devarkar SC, Wang C, Miller MT, et al. Structural basis for m7G recognition and 2’-O-methyl discrimination in capped RNAs by the innate
immune receptor RIG-1. Proc Natl Acad Sci USA. 2016;113(3):596-601. doi:10.1073/pnas.1515152113

Ivanov KA, Thiel V, Dobbe JC, van der Meer Y, Snijder EJ, Ziebuhr J. Multiple enzymatic activities associated with severe acute respiratory
syndrome coronavirus helicase. J Virol. 2004;78(11):5619-5632. doi:10.1128/jvi.78.11.5619-5632.2004

Yan L, Ge J, Zheng L, et al. Cryo-EM structure of an extended SARS-CoV-2 replication and transcription complex reveals an intermediate state in
cap synthesis. Cell. 2021;184(1):184-193.¢10. doi:10.1016/j.cell.2020.11.016

Montero H, Garcia-Roman R, Mora SI. eIF4E as a control target for viruses. Viruses. 2015;7(2):739-750. doi:10.3390/v7020739

Kumar R, Afsar M, Khandelwal N, et al. Emetine suppresses SARS-CoV-2 replication by inhibiting interaction of viral mRNA with eIF4E.
Antiviral Res. 2021;189:105056. doi:10.1016/j.antiviral.2021.105056

Schmidt N, Lareau CA, Keshishian H, et al. The SARS-CoV-2 RNA-protein interactome in infected human cells. Nat Microbiol. 2021;6
(3):339-353. doi:10.1038/541564-020-00846-z

Dong Y, Yang J, Ye W, et al. LSm1 binds to the Dengue virus RNA 3” UTR and is a positive regulator of Dengue virus replication. /nt J Mol Med.
2015;35(6):1683—-1689. doi:10.3892/ijmm.2015.2169

Scheller N, Mina LB, Galdo RP, et al. Translation and replication of hepatitis C virus genomic RNA depends on ancient cellular proteins that
control mRNA fates. Proc Natl Acad Sci USA. 2009;106(32):13517-13522. doi:10.1073/pnas.0906413106

Zhang B, Liu X, Chen W, Chen L. IFIT5 potentiates anti-viral response through enhancing innate immune signaling pathways. Acta Biochim
Biophys Sin. 2013;45(10):867-874. doi:10.1093/abbs/gmt088

Journal of Multidisciplinary Healthcare Dove

Publish your work in this journal

The Journal of Multidisciplinary Healthcare is an international, peer-reviewed open-access journal that aims to represent and publish research in
healthcare areas delivered by practitioners of different disciplines. This includes studies and reviews conducted by multidisciplinary teams as well
as research which evaluates the results or conduct of such teams or healthcare processes in general. The journal covers a very wide range of areas
and welcomes submissions from practitioners at all levels, from all over the world. The manuscript management system is completely online and
includes a very quick and fair peer-review system. Visit http://www.dovepress.com/testimonials.php to read real quotes from published authors.

Submit your manuscript here: https://www.dovepress.com/journal-of-inflammation-research-journal

2472 B ¥ in B Dove Journal of Multidisciplinary Healthcare 2022:15


https://doi.org/10.1016/j.intimp.2020.106995
https://doi.org/10.1016/j.cellimm.2020.104259
https://doi.org/10.1016/j.cell.2020.05.015
https://doi.org/10.1038/s41586-020-2798-3
https://doi.org/10.1016/j.cell.2020.09.038
https://doi.org/10.1038/s41586-020-2598-9
https://doi.org/10.1056/NEJMoa2029849
https://doi.org/10.1073/pnas.1515152113
https://doi.org/10.1128/jvi.78.11.5619-5632.2004
https://doi.org/10.1016/j.cell.2020.11.016
https://doi.org/10.3390/v7020739
https://doi.org/10.1016/j.antiviral.2021.105056
https://doi.org/10.1038/s41564-020-00846-z
https://doi.org/10.3892/ijmm.2015.2169
https://doi.org/10.1073/pnas.0906413106
https://doi.org/10.1093/abbs/gmt088
https://www.dovepress.com
http://www.dovepress.com/testimonials.php
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress
https://www.dovepress.com
https://www.dovepress.com

	Introduction
	Material and Methods
	The RNA-Seq of COVID-19 Patients and m7G-Related Gene
	Classification of Disease Subtypes
	The Abundance Estimates for Immune Cells
	Functional Enrichment Analysis
	The Nomogram Model

	Results
	Patterns of m7G-Related Genes in COVID-19
	Immune Infiltration and Functional Enrichment Analysis of m7G Patterns
	Clinical Feature and m7G Clusters
	Construction of m7G Signatures
	The Nomogram Model

	Discussion
	Conclusion
	Data Sharing Statement
	Ethics Approval and Consent to Participate
	Author Contributions
	Funding
	Disclosure

