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Abstract

The risk of severe condition caused by Corona Virus Disease 2019 (COVID-19) increases with age. However, the under-
lying mechanisms have not been clearly understood. The dataset GSE157103 was used to perform weighted gene co-
expression network analysis on 100 COVID-19 patients in our analysis. Through weighted gene co-expression network
analysis, we identified a key module which was significantly related with age. This age-related module could predict
Intensive Care Unit status and mechanical-ventilation usage, and enriched with positive regulation of T cell recep-

tor signaling pathway biological progress. Moreover, 10 hub genes were identified as crucial gene of the age-related
module. Protein—protein interaction network and transcription factors-gene interactions were established. Lastly,
independent data sets and RT-qPCR were used to validate the key module and hub genes. Our conclusion revealed
that key genes were associated with the age-related phenotypes in COVID-19 patients, and it would be beneficial for

clinical doctors to develop reasonable therapeutic strategies in elderly COVID-19 patients.
Keywords COVID-19, Weighted gene, Aging, T-cell immunity

Background

The Corona Virus Disease 2019 (COVID-19) pandemic
caused by the severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2) has had a significant impact on
society and the economy worldwide, resulting in a large
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number of deaths. It has been identified that age-related
vulnerability is a key factor in the burden of disease dur-
ing this pandemic [1]. Research has shown that COVID-
19 mainly affects the elderly population and many risk
factors, such as advanced age [2], male gender, and
clinical complications, contribute to the progression of
the disease to severe and critical stages [3]. Despite the
efforts made in researching and developing vaccines and
drugs, COVID-19 has not been well controlled or cured,
and there are still many irreversible complications [4—6].
Therefore, it is crucial to investigate the spectrum and
pathogenesis of the disease in susceptible populations
during this pandemic.

Macrophage infiltration into the lung cause a rapid and
intense cytokine storm in COVID-19 patients, ultimately
leading to complications such as metabolic syndrome,
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obesity, type 2 diabetes, lung disease, and cardiovascular
disease. These age-related diseases increase the severity
and lethality of COVID-19, and in some cases, can even
lead to multi-organ failure and death [7]. It is widely
accepted that elderly patients with COVID-19 are more
likely to progress to a severe condition and unfavour-
able outcome due to age-related biological alterations
[2, 8, 9]. The underlying mechanisms that cause differ-
ent outcomes in different age groups may include age-
related pattern recognition receptor activation, type 1
interferon activation, functionally impaired neutrophils,
macrophages, T cells response, and other complex pro-
gressive changes in the immune system [10, 11]. How-
ever, the exact mechanism is still unclear, and it is urgent
for us to investigate the most important factor causing
different outcomes in different age groups of COVID-19
patients.

Several computational and research methods have
been developed in order to understand the pathogen-
esis of specific disease states. Part of these methods are
used to explore underlying gene networks, which are use-
ful in guiding diseases understanding and their mecha-
nistic pathways. Notably, co-expression analysis is one
of many approaches. In this analysis, clusters genes into
co-expression groups are called modules. Genes which
belong to the same module are considered to have the
same functional properties [12]. By using the concepts
of graph-theory, it enables researchers to systemati-
cally understand the relationship between module genes
and phenotypes based on module characteristic genes
[12]. Indeed, weighted correlation network analysis
(WGCNA) of co-expression analysis has been applied
to many biological processes [13—18]. In short, gene net-
works provide tools to perform group level gene com-
parisons and identify biologically relationships between
genes and phenotypes comprehensively.

Therefore, in this study, we analysed age-related gene
networks through co-expression analysis in 100 COVID-
19 patients. The SRP279280 dataset was used to identify
the gene module which tightly connected with age trait.
The function and hub genes of the key module were iden-
tified, the protein—protein interaction network and tran-
scription factor-gene interaction were constructed. The
results of our study may provide new insights into the
mechanisms underlying adverse progression of COVID-
19 in advanced age and may help identify potential diag-
nostic biomarkers and therapeutic targets.

Methods

Data collection and pre-processing

The gene expression profile and clinical information of
GSE157103 were downloaded from publicly Sequence
Read Archive (SRA) database SRP279280 (https://www.
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ncbinlm.nih.gov/sra/). Dataset GSE157103 contained a
total of 100 COVID-19 patients’ normalized peripheral
blood mononuclear cell (PBMC) data in vivo, including
62 males and 38 females, 50 ICU-patients and 50 non-
ICU-patients, 42 mechanical-ventilation-patients and 58
non-mechanical-ventilation-patients [19]. Of note, there
was a sample for which age information was missing.
The age of rest samples ranged from 21 to 90. The 10,985
genes whose transcript per million (TPM) was more than
1 were selected for further analysis from all 19,472 gene
set in expression profile. Average method was used to
calculate the distance between samples, and 3 samples
were eliminated as outliers.

In addition, independent dataset, which was collected
from the research of Huang et al. [20], are used to ver-
ify the consistency and reliability of our results. It con-
tains 4 mild COVID-19 patients’ and 4 severe COVID-19
patients’ normalized PBMC RNA-seq data.

Weighted gene co-expression network analysis

and screening for key modules

The WGCNA R package (version 1.7.1) based on R (ver-
sion 4.2.1) were performed to identify key genes associ-
ated with different age groups in dataset GSE157103
COVID-19 patients [19]. WGCNA is the most widely
used methods to identify genes and modules associ-
ated with specific phenotypes [21]. All genes and sam-
ples were checked for excessive deletion values and
for abnormal samples. And three outliers were cut out.
R? was set as 0.8 to weight highly correlated genes, and
the soft thresholding power () was 14. For the purpose
of defining clusters of genes and getting a more suitable
number of modules, the minimal module size was set as
30, mergeCutHeight was set as 0.05 and other parameters
retain the default values. The adjacency matrix was used
to calculate the topological overlap matrix (TOM) and a
heatmap was used to show the degree of overlap in share
neighbours between pairs of genes in the network.

In order to identify the key module with significant
correlation, we calculated the correlation between each
module eigengenes connectivity and the age of samples.
The correlation coefficient values were displayed within a
heatmap. The module that was most significantly associ-
ated with age was considered as the key module. The cor-
relation analysis in this study were performed using the
Pearson correlation as described in the “WGCNA” pack-
age [12].

Functional enrichment analysis and immune evaluation

of key module

The enrichment analysis was performed to explore the
functions of the key modules. DAVID (https://david.
ncifcrf.gov/) [22] is a powerful tool for gene functional
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annotation and analysis. The comprehensive resource
such as Kyoto Encyclopedia of Genes and Genomes
(KEGG) [23-26], Gene Ontology (GO) etc. datasets
were included in the enriched pathways. The Benja-
mini—-Hochberg (BH) adjusted p-values were sorted for
visualization.

We used single-sample GSEA (ssGSEA) which is the
measure of genes that are co-ordinately up- or down-reg-
ulated within a sample to calculate immune enrichment
scores for each sample. ssGSEA define an enrichment
score that represents the absolute degree of enrichment
of the gene set in each sample within a dataset. Sequenc-
ing normalization of gene expression values was per-
formed, and enrichment scores were generated using the
empirical cumulative distribution function (ECDF) of the
genes in the signature and the remaining genes. We used
the immune cell set as a reference to perform immune
scores between 100 samples.

Principal component analysis and receiver operating
characteristic curve analysis

Principal component analysis (PCA) is one of the most
widely applied data dimensionality reduction algorithms
[27]. It was used to remove noise and unimportant fea-
tures and retain the most important features of the key
module. The key module genes with possible correlation
were transformed into linearly uncorrelated variables
through orthogonal transformation, and the first prin-
cipal component (PC1) was chosen for further analysis
according to the contribution rate. The first two princi-
pal components were selected for two-dimensional visu-
alization. To further evaluate the potential diagnostic
value of the first principal component in key module for
COVID-19, the receiver operating characteristic (ROC)
curve analysis was performed by using the pROC (ver-
sion 1.18.0) [28] routine in R. We evaluated the diagnos-
tic efficacy of PC1 and age for sex, ICU admission, and
mechanical-ventilation.

Protein-protein interaction analysis and network
construction

In biological systems, protein—protein interaction (PPI)
networks are evaluated and analysed to understand the
interaction between intracellular protein, which can
improve the comprehension of protein function. The
key module genes were used to construct PPI network
through STRING web tools [29], and all parameters were
set to default values. STRING provides the PPI network
that shows how the identified hub genes (proteins) inter-
relate functionally and physically with each other through
encoding the gene list as input [30]. The PPI results were
analysed and visualized by Cytoscape (V3.8.2) [31-33].
The hub genes were chosen based on degree connectivity
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via cytoHubba [34] in Cytoscape. Among the 11 methods
in Cytoscape’s plug-in ctyoHubba, Maximal Clique Cen-
trality (MCC) performs the best, with the advantage of
precision predictive function in essential proteins from
the Yeast PPI network [34]. After MCC algorithm, all
module genes were ranked according to their intramodu-
lar connectivity, and only the top ten genes were selected
as hub genes.

Transcription factors-genes interactions

Transcription Factors (TFs) are proteins that bind DNA
and regulate transcription in a sequence specified man-
ner. In order to further understand the regulation of
hub genes, we found out the TFs of the hub genes and
constructed the TFs-genes network map through Net-
workAnalyst 3.0 (https://www.networkanalyst.ca/) [35].
The TFs and gene targets data were obtained based on
the ENCODE ChIP-seq database (https://www.encod
eproject.org/) [36]. By BETA Minus algorithm, only peak
intensity signal < 500 and the predicted regulatory poten-
tial score < 1 was included.

Collecting experimental samples, isolating PBMC

and extracting total RNA

5 mL of fasting elbow venous blood was collected from
6 samples (3 samples in 20-30 years old considered as
younger group and 3 samples in 40-50 years old con-
sidered as older group) and centrifuged at 800 g/min at
25 °C for 8 min. The supernatant was thoroughly mixed
with the same amount of PBS, 6 mL of Ficoll separation
solution was added and centrifuged at 1200 g/min at
25 °C for 10 min. The PBMC was absorbed and placed
in a new 50 mL centrifuge tube, thoroughly mixed with
PBS by 5 times, centrifuged at 300 g/min at 25 °C for
10 min. The supernatant was discarded and 2 mL RBC
cracking solution was added into the tube, stood at room
temperature for 5 min. An appropriate amount of PBS
was added and centrifuged at 2500 rpm/min at 25 °C for
5 min. The supernatant is discarded and the precipitation
is retained. Trizol (American ambion) was added into the
precipitation, and the total RNA was extracted by Trizol
method. Then the dissolved RNA was transferred to the
ice box, and the concentration and quality of total RNA
were evaluated by NanoDrop ND-2000 spectrophotome-
ter. The samples were stored in the refrigerator at — 80 °C
for further using.

RT-qPCR

Total RNA was reverse-transcribed into ¢cDNA using
PrimerScript RT Master Mix kit (Japan Takara), and
then real-time fluorescent quantitative PCR was per-
formed according to the instructions of TB Green
Premix Ex Taq II kit (Japan Takara). The primers were
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synthesized by Shanghai Shengong Biological Engi-
neering Company, and the sequence was:

(1) RORC: upstream primer 5~AGCGCTCCAACATCT
TCTCC-3, downstream primer 5-ACCACTTCC
ATTGCTCCTGC-3,

(2) CCR7: upstream primer 5-TTCCAGCTGCCCTAC
AATGG-3’, downstream primer 5-CAAGAAAGG
GTTGACGCAGC-3;

(3) MYC: upstream primer 5-GGCTCCTGGCAAAAG
GTCA-3’, downstream primer 5-CTGCGTAGTTGT
GCTGATGT-3..

The reaction total volume was 20 uL of PCR reaction
system, including SYBR Premix Ex Taq 10 uL, upper
and downstream primers 0.4uL of each, ROX Reference
Dyell 0.4 uL, cDNA template 2 uL and sterilized dis-
tilled water supplement system to 20 uL. Using GAPDH
as the internal reference, the experiment was repeated
for 3 times to take the mean value, and the relative
mRNA expression was calculated by 2-AACt method.

SPSS 23.0 and Graphpad prism 9.0 were used for sta-
tistical analysis, and T-test analysis was performed for
comparison between groups. p<0.05 was considered
statistically significant.
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Results

Identification of key module with highest correlation

with age phenotype

We developed a flowchart to systematically analyze the
age-related genes in COVID-19 (Fig. 1). First, 10,985
genes (TPM > 1) in the 100 samples of COVID-19 patients
were used to set up the co-expression network. Three
outliers which found by samples clustering (Additional
file 1: Fig. S1A) were eliminated in order to make the sub-
sequent analysis more reliable. To construct the network,
a soft-threshold of 14 was used to obtain the approximate
scale-free topology (Additional file 1: Fig. S1B, C). Genes
across the 97 samples were hierarchically clustered based
on topological overlap (Fig. 2A). 39 modules were identi-
fied in which genes are co-expressed and random colours
were allotted to distinguish different modules. To exam-
ine the relation of these modules, we built an eigengene
adjacency matrix by calculating the correlation of the
eigengenes matrix. Correlation between modules were
represented by heatmap (Fig. 2B), and it indicated rela-
tive independence among these modules.

For the purpose of determining if any of the identified
co-expression modules were associated with age, the cor-
relation coefficient were calculated between each module
and aging status by correlating the eigengene values of
each module with the age trait (Fig. 2C). We found more
modules were negatively correlated with age phenotype,

GSE157103
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control=26)

Huang et al. supplement files
(severe=4, mild=4, control=4)
R

{ Weighted gene co-expression network analysis (WGCNA) was used to identify the key module ]—P

y

GO, KEGG and ssGSEA
analysis explore the
functionality of the key module
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identify the hub genes
by MCC algorithm
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Fig. 1 Schematic flow chart demonstrating the process of the analysis

(See figure on next page.)

Fig. 2 Results of Weight Gene Co-expression Network Analysis (WGCNA) in 100 COVID-19 patients of different ages. A Clustering dendrogram of
10,985 co-expression genes (TPM > 1) based on topological overlap. B Eigengene adjacency heatmap of different gene co-expression modules. C
Module-age correlative analysis. Each row corresponds to a module eigengene and each column corresponds to different ages. Heatmap block
with p-values and correlation coefficients. The red box in the figure shows the module with the highest correlation coefficient in the age range. D
The barplot shows the absolute value of the correlation coefficient of each module for different ages
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and only a few were positively correlated with this trait.
Barplot was used to further represent gene significance
across modules (Fig. 2D). The results demonstrated that
age was most significantly correlated with the lightgreen
module, which composed of 108 genes, suggested those
108 genes were mostly associated with the age-related
phenotypes in COVID-19 patients. Therefore, this
module can be adopted to represent the ageing stage of
COVID-19 patients. For those, we selected lightgreen
module for further investigation and will use the key
module to refer to them.

Key module was shown to correlate with T cell function

To further investigate the relationship between key mod-
ule’s gene expression and distribution in COVID-19
patients, patients were divided into 7 age groups every
10 years [37]. By performing the eigengene variation
analysis (Fig. 3A), we found module eigengenes (ME)
values were generally higher in younger patients than
in older patients (p=0.00035). In general, the ME value
gradually decreased with the increase of age. The gene
expression was further analysed and results revealed that
higher expression of key module genes in young adults,
while lower expression in aged patients (Fig. 3B).

In order to further explore the function of the key
module. Enrichment analysis were performed by DAVID
platform [22]. KEGG pathway enrichment analysis
showed that T cell-related categories, including Th17
cell differentiation and Th1l and Th2 cell differentiation,
were enriched in these key module genes (Fig. 3C). We
also performed GO enrichment analysis (Fig. 3D). The
key module genes were also significantly enriched in T
cell related pathways, such as positive regulation of T
cell receptor signaling pathway, thymic T cell selection, T
cell receptor signaling pathway and T cell differentiation.
It suggested that T cell-related genes expressed variant
in different age groups of COVID-19 patients. We fur-
ther characterized the immune cell components in 100
COVID-19 patients by scoring key module genes using
ssGSEA (Fig. 3E). Interestingly, Key module genes were
scored mainly in T cells subtypes, including natural killer
T cell, type 17 T helper cell, activated CD4+T cell, cen-
tral memory CD4+ T cell, effector memory CD8+ T cell,
activated CD8+T cell, type 1 T helper cell and type 2 T
helper cell. Nevertheless, the immune cell composition
was significantly different among 50 ICU-patients and
50 non-ICU-patients. Except effector memory CD8+ T
cell which was not significant, the composition of other
subtypes of T cells was higher in non-ICU patients than
in ICU patients while memory B cell was the opposite.
Thus, T cell depletion characterizes severe COVID-19
disease.
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Key module genes can distinguish COVID-19 patients
between different status

To further determine the power of key module in
COVID-19 patients, principal component analysis (PCA)
was proceeded to construct the key module signatures.
We selected the top two significant components with the
higher contribution degree, which explained 81.7% and
2.68% of the key module variation, to identify COVID-19
patients’ different status. Surprisingly, the first principal
component (PC1) mainly separated mechanical-ventila-
tion patients from non-mechanical-ventilation patients
(Fig. 4A), and it also effectively separated ICU patients
from non-ICU patients (Fig. 4B). We also analysis the
gender distribution in two dimensions by the top two
significant components (Additional file 2: Fig. S2A), just
like we thought, there was little discrimination between
gender. Taken together, measures mentioned above con-
firmed the importance of the key module in COVID-19
status.

Then, principal component 1 was selected to act as a
signature score predicting COVID-19 status on the basis
of its highest contribution degree. To further explore
the diagnostic potential of the key module, we perform
receiver operating characteristic (ROC) curve analy-
sis. The area under the curve (AUC) for discriminating
whether required to ICU was 0.836, and for discrimi-
nating whether used mechanical ventilation was 0.817
(Fig. 4C). For contrast, we demonstrated the diagnostic
power of PC1 for gender, and the AUC was only 0.588.
This suggests that the PC1 has a strong diagnostic capac-
ity for patients’ severity and mechanical-ventilation and
there is little discrimination for gender. To further dem-
onstrate the potential capabilities of age-related key mod-
ule, rather than the role of age itself. We also performed
ROC analysis by replacing PC1 with age, and analyzed
the diagnostic power of age for severity, mechanical-ven-
tilation and gender (Additional file 2: Fig. S2B). The AUC
were 0.548, 0.475 and 0.494, suggesting age-related key
module has high diagnostic potential for severe COVID-
19, while age cannot predict the severity of patients.
Because of the correlation between the key module and
T cell-related functions, we assumed that alteration of
the key T cell-related gene expression may be a reason for
elderly COVID-19 patients progressed to severe disease
with an unfavourable outcome.

Ten genes were identified as hub genes and three genes
were considered as key TF-genes

The PPI network was constructed with 108 key mod-
ule genes using the STRING database [29]. The net-
work diagram contains 47 nodes and 60 edges (Fig. 5A).
By MCC algorithm [38], the network interaction was
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presented among these genes and identified 10 hub
genes (the core components of the module that were
representative of the module’s function), including
GATA3, CCR7, IL2RB, CD5, SLAMFI1, TCF7, MYC,

RORC, IL23A and CARDI11, based on a higher degree
of connectivity in the key module.

TFs—genes interactions showed the interaction between
hub genes selected above by using NetworkAnalyst. The
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TFs—genes interaction network consisted of 157 nodes
and 448 edges (Fig. 5B). Among them, MYC was regulated
by 62 TF genes, IL23A was regulated by 48 genes, CCR7
was regulated by 41 genes, GATA3 was regulated by 35
genes and RORC was regulated by 19 genes. Among these
TFs-genes, HDGF, SUPT5H and MLLT1 with 4 edges was
considered as key TF-genes which was highly related with
regulation of T cell differentiation in elderly COVID-19
patients.

Validation of the key genes revealed significant differences
in the expression of genes related to T cell differentiation

in different age groups

To validate our results, we analysed RNA-seq data from
other independent COVID-19 datasets in vivo and
observed the same results (Fig. 6A). The expression of
key module genes was higher in the younger group. To
further validate the aforementioned bioinformatics anal-
ysis, we had consulted additional literature and found
more evidence of the association of RORC, CCR7, and
MYC with COVID-19 and T cells before we performed
laboratory experiments [39-47]. The mRNA expres-
sion levels of these genes were obtained by the RT-qPCR
experiment in key genes which was highly ranked in rela-
tion to transcription factors and associated with impor-
tant phenotype (Fig. 6B, C, D). In different age groups,
the mRNA relative expression of RORC and CCR7 gene
were significantly higher in younger group compared
with older group (RORC: p=0.0393, CCR7: p=0.0104).

MYC had the same trend although there was no statisti-
cal difference (MYC: p =0.1765).

Discussion

Due to the pandemic of COVID-19, millions of peo-
ple are severely affected. More and more people passed
away, especially among the elderly. Even though several
drug candidates and vaccines have been researched and
applied to treat the patients, there is still no reliable treat-
ments for elderly. Inspecting gene co-expression pat-
terns is proven to be an effective method to analyse and
uncover complicated genetic network. In our study, gene
co-expression analysis was performed on RNA-sequenc-
ing (RNA-seq) data set, which contained gene expression
data from 100 COVID-19 patients. We identified a key
module, consisting of 108 genes, which is most associ-
ated with age phenotypes. The results of the enrichment
analysis suggested that the key module and the underly-
ing pathological processes of the disease were associated
with T cell-related pathways.

Carolyn et al. focused on the different SARS-CoV-2
specific T cell responses between in children and adults
and found low T cell responses in children [11]. We
focused on young and old patients and hypothesised
that T cell differentiation played a key role in different
outcomes of different age groups of COVID-19 patients.
Our results may complement those of Carolyn et al. T
cell differentiation is not only different in children and
adult, but also in different age groups of adult patients
with COVID-19. An age-dependent stratification of
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Fig.5 Network analysis. A PPI network diagram of lightgreen module genes. The network diagram contains 47 nodes and 60 edges. The first 10
genes are selected as GATA3, CCR7, IL2RB, CD5, SLAMF1, TCF7, MYC, RORC, IL23A and CARD11. B Transcriptional factors-genes network diagram. The

red circle represents the hub genes of PPI, and the blue circle represents the transcription factor
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severe COVID-19 patients was also reported in previ-
ous study [48]. Other researches have shown that severe
COVID-19 patients have a significant age-associated
increase of autoantibody levels against 16 targets (e.g.,
amyloid P peptide, B catenin, cardiolipin, claudin, enteric
nerve, fibulin, insulin receptor o, and platelet glycopro-
tein). These findings have provided key new insights into
the reason why the prognosis for older patients is worse
compared with younger ones [48].

T cells play a vital role in viral clearance, but the
underlying pathophysiology of T cells in COVID-19
is extremely complex [49]. It has been reported that
CD8 + cytotoxic T cells secrete a range of molecules such
as perforin, granzymes, and IFN-y to remove viruses
from the host [50]. At the same time, CD4+helper T
cells (Th cell) assist cytotoxic T cells and B cells, enhanc-
ing their ability to clear pathogens [51]. However, contin-
uous viral stimulation may induce T cell failure, resulting
in loss of cytokine production and reduced function [52,
53]. Earlier studies have been unclear regarding the num-
bers and function of T cells in COVID-19 patients, albeit
with suggestions of depressed lymphocyte counts [54,
55]. Diao et al. recently reported that the novel corona-
virus could trigger the release of cytokines which in turn
drive T cells depletion and exhaustion, instead of attack-
ing T cells directly. Beside, they also found the number
of T cells was negatively correlated with case severity
[56]. In our study, we identified a key module, consist-
ing of 108 genes through 100 COVID-19 patients. And
we found immunocyte enrichment scores of key module
genes were higher in the mild group than in the severe
group. It is consistent with the results of Diao et al. [56],
and also positive for the reliability of the key module.

Our findings also highlight the strong discrimina-
tion ability of the key module for mild and severe cases
of COVID-19. As we all know, ICU and mechanical

ventilation are important indicators in severe respiratory
disease. And there was no direct correlation between
gender and age-related module. At the same time, we
demonstrate that age is not an independent determi-
nant of disease progression. At present, the global rate of
severe cases of COVID-19 is gradually decreasing, which
may be due to the fact that doctors have more experience
in the diagnosis and treatment of COVID-19 as time goes
on. The mutation of the virus may also lead to the gradual
weakening of virulence. Of course, all of this has yet to be
further confirmed. Nevertheless, the progress of elderly
patients to severe disease still poses a great burden to
society. The hub genes and TFs we identified may help
further reduce the rate of severe progression in older
patients.

Our approach is markedly different from previous bio-
informatics reports in COVID-19 studies [57-60], which
relied on identifying genes by differential analysis. How-
ever, in order to provide insights into systems biology,
we implemented gene co-expression module analysis to
provide key gene modules instead of looking for differ-
ential gene expression (DEGs). We clustered age-related
genes and detected hub genes according to the highly
connected nodes in each module network. Lightgreen
module was identified as the key module with the high-
est level of significant association. And Ten genes in the
key module were further identified as hub genes, includ-
ing GATA3, CCR7, IL2RB, CDS, SLAMFI, TCF7, MYC,
RORC, IL23A and CARDI11. Most of these 10 hub genes
have been reported to be significantly associated with T
cell differentiation. For example, CCR7 activated muta-
tions in T cell receptor-NF-«kB signaling, T cell trafficking
and other T cell-related pathways [61]. Expression of the
Th17 transcription factor RORC was high in rheumatoid
arthritis [62]. CCR7, RORC and MYC were not only asso-
ciated with T cell differentiation, but also considered to
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be transcription factors that regulate many downstream
immune-related or T cell-related genes [62—65]. These
10 hub genes may have the most important effect on
outcomes in different age COVID-19 patients through
regulating downstream key module genes. However, how
those hub genes control the key modules needs further
investigation and requires more examinations.

The TFs-genes network showed that HDGF, SUPT5H
and MLLT1, with the most edges, played important roles
in age-related processes of COVID-19. To our surprise,
these key TFs were associated with T cells. For instance,
HDGF can induce the immune suppressor functions on
CD8(+) T cell activities [66]. SUPT5H was positively
correlated with activated memory CD4+T cells [67].
MLLT] is down-regulated in NK cells expressing T cell
immunoglobulin [68]. These TFs had been studied in
kinds of diseases, particularly in cancer, but the role of
these genes in advanced age COVID-19 patients need
further study.

Zhao et al. published a study by single-cell omics which
revealed T cell immune response in severe COVID-19
patients [69]. They suggested tissue-resident memory-
like Th17 cells were associated with disease severity and
lung damage. As mentioned above, RORC gene is related
to Th17 cells. Meanwhile, Hassaniazad et al. showed that
RORC is related to the recovery of acute inflammatory
response of COVID-19 [39]. Therefore, RORC was iden-
tified as an experiment-candidate gene. We also found
CCRY7 shares edges with all the key TFs (HDGF, SUPT5SH
and MLLTI) identified in this study. It was reported
that the specific marker CCR7 of immune cell subsets
in critically ill patients was significantly lower than that
in healthy case [44] and specific T cells trend to differ-
entiate to CCR7-CD45RA + effectors after exposure to
SARS-CoV-2 antigen [45]. In addition, MYC has the larg-
est number of TFs connected in our study. T cell prolif-
eration is closely related to MYC gene expression [70, 71],
and coronavirus infection can affect MYC gene expres-
sion [47]. Therefore, we performed RT-qPCR of RORC,
CCR7 and MYC. It showed that the expression of RORC
and CCR7 in PBMC in younger group (20-30 years old)
was significantly higher than older group (40-50 years
old). The expression of MYC in younger group was higher
than that older group, the difference was not statistically
significant. We considered the individual differences in
MYC may be due to more transcription factors and more
complex regulatory networks.

Our analysis focused on PBMC gene expression anal-
ysis to obtain further insights regarding the potential
utilization of the identified hub genes in diagnostic devel-
opment for COVID-19. Our analysis shows that the key
module has excellent diagnostic capabilities. This may
have potential in the future diagnosis and treatment of
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mild and severe cases of COVID-19. However, several
limitations of the study should be noted as expanding
the sample size will be more helpful to our conclusion.
In addition, it has been reported that the most striking
phenotypic differences between young and old humans
in immune parameters is the distribution of T cell dif-
ferentiation phenotypes [72]. This also provides evidence
for our conclusion. Changes in T cell differentiation-
related genes play a key role in the outcomes of COVID-
19 patients in different age groups. Our conclusion will
be useful for the development of therapeutic strategies
in elderly COVID-19 patients and give us a hint that we
should pay more attention to research about T cell differ-
entiation status in aged COVID-19 patients.

Conclusions

In conclusion, we identified 10 age-related genes asso-
ciated with the COVID-19 patients’ status, and con-
structed a TFs-genes interactions network of the hub
genes. And we discovered age-related genes were associ-
ated with T-cell function. These biomarkers can properly
predict the status of COVID-19 patients. Further studies
should be performed to explore the precise role of these
genes in COVID-19.

Abbreviations

AUC Area under the curve
BH Benjamini-Hochberg
CORUM The comprehensive resource such as mammalian

protein complexes

COVID-19 Corona virus disease 2019

DEGs Differential gene expression

ECDF Empirical cumulative distribution function

GO Gene ontology

ICU Intensive care unit

MCC Maximal clique centrality

ME Module eigengenes

PBMC Peripheral blood mononuclear cell

pPC Principal component

PCA Principal component analysis

PPI Protein—protein interaction

ROC Receiver operating characteristic

SARS-CoV-2 Severe acute respiratory syndrome coronavirus 2
SRA Sequence read archive

sSGSEA Single-sample GSEA

TFs-gene Transcription factors-gene

Th cell Helper T cells

TOM Topological overlap matrix

TPM Transcript per million

WGCNA Weighted gene co-expression network analysis

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512920-023-01490-2.

Additional file 1: Fig. S1. Co-expression construction. A Sample cluster-
ing dendrogram. The outliers are GSMA4753070, GSMA4753095 and
GSMA4753087. B The relationship between soft-threshold (power) and



https://doi.org/10.1186/s12920-023-01490-2
https://doi.org/10.1186/s12920-023-01490-2

Lin et al. BMC Medical Genomics (2023) 16:59

scale-free topology. C The relationship between soft threshold (power)
and mean connectivity

Additional file 2: Fig. S2. Performance of the key module. A Principal
component analysis (PCA) of lightgreen module genes and gender. Each
dot represents one sample. Red: female. Blue: male. B Receiver operating
curve (ROC) plot of the performance based on accuracy using age for
severity, mechanical ventilation and gender

Acknowledgements
The authors would like to thank GEO (https://www.ncbi.nlm.nih.gov/geo/)
for data collection, as well as R-4.0.3, STRING (https://www.string-db.org/),

Cytoscape-3.8.2, NetworkAnalyst 3.0 (https://www.networkanalyst.ca/), SPSS

23.0 and Graphpad prism 9.0 and for the provision of data processing and
analysis.

Author contributions

SA and YaL collected the omics data and conducted the analysis. HC and RZ
performed the experiments. Yal, YuL and HC produced the diagrams. SA and
Yal wrote the draft of the manuscript. SA, Yal, Yul, HC, JM, JL, JC, RZ, HW, PP, JS
and JJ revised the draft. HL and LY supervised the project. All authors reviewed

the manuscript.

Funding

Innovation Project of Guangxi Graduate Education (Project Nos.:
YCSW2022194). The National Natural Science Foundation of China (Project
Nos.: 82160389).

Availability of data and materials

Whole transcriptome sequencing data and clinical data of the 100 COVID-19
cohort mentioned above were download from the SRA database SRP279280

(https://www.ncbi.nlm.nih.gov/sra/) and supplement material of published
literature.

Declarations

Ethics approval and consent to participate

All the tests performed in the current study involving human blood were
reviewed and approved by the Institutional Ethics Committee of Guangxi
Medical University and in agreement with their ethical standards.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 19 October 2022 Accepted: 15 March 2023
Published online: 25 March 2023

References
1. Kang SJ, Jung SI. Age-Related morbidity and mortality among patients
with COVID-19. Infect Chemother. 2020;52(2):154-64.

2. Kadiane-Oussou NJ, Klopfenstein T, Royer PY, Toko L, Gendrin V, Zayet S.

COVID-19: comparative clinical features and outcome in 114 patients
with or without pneumonia (Nord Franche-Comte Hospital, France).
Microbes Infect. 2020;22(10):622-5.

3. Gao YD, Ding M, Dong X, Zhang JJ, Kursat Azkur A, Azkur D, Gan H, Sun
YL, FuW, Li W, et al. Risk factors for severe and critically ill COVID-19
patients: a review. Allergy. 2021;76(2):428-55.

4. Bozkurt B, Kamat |, Hotez PJ. Myocarditis with COVID-19 mRNA vaccines.

Circulation. 2021;144(6):471-84.
5. Anka AU, Tahir MI, Abubakar SD, Alsabbagh M, Zian Z, Hamedifar H,

Sabzevari A, Azizi G. Coronavirus disease 2019 (COVID-19): an overview of
the immunopathology, serological diagnosis and management. Scand J
Immunol. 2021;93(4): €12998.

20.

21.

22.

23.

24.

25.

26.

27.

Page 12 of 14

Trougakos IP, Stamatelopoulos K, Terpos E, Tsitsilonis OE, Aivalioti E,
Paraskevis D, Kastritis E, Pavlakis GN, Dimopoulos MA. Insights to SARS-
CoV-2 life cycle, pathophysiology, and rationalized treatments that target
COVID-19 clinical complications. J Biomed Sci. 2021;28(1):9.

Moreno Fernandez-Ayala DJ, Navas P, Lopez-Lluch G. Age-related mito-
chondrial dysfunction as a key factor in COVID-19 disease. Exp Gerontol.
2020;142:111147.

Yang HS, Costa V, Racine-Brzostek SE, Acker KP, Yee J, Chen Z, Karbaschi
M, Zuk R, Rand S, Sukhu A, et al. Association of age with SARS-CoV-2
antibody response. JAMA Netw Open. 2021;4(3): €214302.

LiuY, Mao B, Liang S, Yang JW, Lu HW, Chai YH, Wang L, Zhang L, Li QH,
Zhao L, et al. Association between age and clinical characteristics and
outcomes of COVID-19. Eur Respir J. 2020;55(5):2001112.

. BajajV, Gadi N, Spihlman AP, Wu SC, Choi CH, Moulton VR. Aging, immu-

nity, and COVID-19: How age influences the host immune response to
coronavirus infections? Front Physiol. 2020;11: 571416.

. Cohen CA, Li APY, Hachim A, Hui DSC, Kwan MYW, Tsang OTY, Chiu SS,

Chan WH, Yau YS, Kavian N, et al. SARS-CoV-2 specific T cell responses
are lower in children and increase with age and time after infection. Nat
Commun. 2021;12(1):4678.

. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation

network analysis. BMC Bioinform. 2008;9:559.

. Tian Z, He W, Tang J, Liao X, Yang Q, Wu Y, Wu G. Identification of impor-

tant modules and biomarkers in breast cancer based on WGCNA. Onco
Targets Ther. 2020;13:6805-17.

. Bai KH, He SY, Shu LL, Wang WD, Lin SY, Zhang QY, Li L, Cheng L, Dai YJ.

Identification of cancer stem cell characteristics in liver hepatocellular
carcinoma by WGCNA analysis of transcriptome stemness index. Cancer
Med. 2020;9(12):4290-8.

. Huang L, Ye T, Wang J, Gu X, Ma R, Sheng L, Ma B. Identification of

survival-associated hub genes in pancreatic adenocarcinoma based on
WGCNA. Front Genet. 2021;12: 814798.

. Liang JW, Fang ZY, Huang Y, Liuyang ZY, Zhang XL, Wang JL, Wei H, Wang

JZ,Wang XC, Zeng J, et al. Application of weighted gene co-expression
network analysis to explore the key genes in Alzheimer’s disease. J Alzhei-
mers Dis. 2018;65(4):1353-64.

Zeng D, He S, Ma C, Wen Y, Song W, Xu Q, Zhao N, Wang Q, Yu'Y, Shen'Y,
et al. Network-based approach to identify molecular signatures in the
brains of depressed suicides. Psychiatry Res. 2020;294: 113513.

Alarabi AB, Mohsen A, Mizuguchi K, Alshbool FZ, Khasawneh FT. Co-
expression analysis to identify key modules and hub genes associated
with COVID-19 in platelets. BMC Med Genom. 2022;15(1):83.

Overmyer KA, Shishkova E, Miller 1J, Balnis J, Bernstein MN, Peters-Clarke
TM, Meyer JG, Quan Q, Muehlbauer LK, Trujillo EA, et al. Large-scale multi-
omic analysis of COVID-19 severity. Cell Syst. 2021;12(1):23-40.

Huang J,Wang Y, Zha, Zeng X, Li W, Zhou M. Transcriptome analysis
reveals hub genes regulating autophagy in patients with severe COVID-
19. Front Genet. 2022;13: 908826.

Zou RC, Shi ZT, Xiao SF, Ke Y, Tang HR, Wu TG, Guo ZT, Ni F, An S, Wang L.
Co-expression analysis and ceRNA network reveal eight novel potential
INcRNA biomarkers in hepatocellular carcinoma. Peer). 2019;7:€8101.
Huang DW, Sherman BT, Tan Q, Kir J, Liu D, Bryant D, Guo Y, Stephens R,
Baseler MW, Lane HC, et al. DAVID bioinformatics resources: expanded
annotation database and novel algorithms to better extract biology from
large gene lists. Nucleic Acids Res. 2007;35(Web Server issue):W169-175.
Kanehisa M. Toward understanding the origin and evolution of cellular
organisms. Protein Sci. 2019;28(11):1947-51.

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes.
Nucleic Acids Res. 2000,28(1):27-30.

Kanehisa M, Furumichi M, Sato Y, Kawashima M, Ishiguro-Watanabe M.
KEGG for taxonomy-based analysis of pathways and genomes. Nucleic
Acids Res. 2023;51(D1):D587-92.

Kanehisa M, Furumichi M, Sato Y, Ishiguro-Watanabe M, Tanabe M.

KEGG: integrating viruses and cellular organisms. Nucleic Acids Res.
2021;49(D1):D545-51.

Metsalu T, Vilo J. ClustVis: a web tool for visualizing clustering of multivari-
ate data using principal component analysis and heatmap. Nucleic Acids
Res. 201543(W1):W566-570.

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, Muller M.
PROC: an open-source package for R and S+ to analyze and compare
ROC curves. BMC Bioinform. 2011;12:77.


https://www.ncbi.nlm.nih.gov/geo/
https://www.string-db.org/
https://www.networkanalyst.ca/
https://www.ncbi.nlm.nih.gov/sra/

Lin et al. BMC Medical Genomics

29.

30.

31.

32.

33.

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

(2023) 16:59

Szklarczyk D, Gable AL, Nastou KC, Lyon D, Kirsch R, Pyysalo S, Doncheva
NT, Legeay M, Fang T, Bork P, et al. The STRING database in 2021:
customizable protein-protein networks, and functional characteriza-
tion of user-uploaded gene/measurement sets. Nucleic Acids Res.
2021,49(D1):D605-12.

Auwul MR, Rahman MR, Gov E, Shahjaman M, Moni MA. Bioinformatics
and machine learning approach identifies potential drug targets and
pathways in COVID-19. Brief Bioinform. 2021;22(5):bbab120.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin

N, Schwikowski B, Ideker T. Cytoscape: a software environment for
integrated models of biomolecular interaction networks. Genome Res.
2003;13(11):2498-504.

Cline MS, Smoot M, Cerami E, Kuchinsky A, Landys N, Workman C, Christ-
mas R, Avila-Campilo |, Creech M, Gross B, et al. Integration of biologi-
cal networks and gene expression data using cytoscape. Nat Protoc.
2007,2(10):2366-82.

Otasek D, Morris JH, Boucas J, Pico AR, Demchak B. Cytoscape automa-
tion: empowering workflow-based network analysis. Genome Biol.
2019;20(1):185.

Chin CH, Chen SH, Wu HH, Ho CW, Ko MT, Lin CY. cytoHubba: identifying
hub objects and sub-networks from complex interactome. BMC Syst Biol.
2014;8(Suppl 4):S11.

Zhou G, Soufan O, Ewald J, Hancock REW, Basu N, Xia J. NetworkAnalyst
3.0: a visual analytics platform for comprehensive gene expression profil-
ing and meta-analysis. Nucleic Acids Res. 201947(W1):W234-41.

Davis CA, Hitz BC, Sloan CA, Chan ET, Davidson JM, Gabdank I, Hilton

JA, Jain K, Baymuradov UK, Narayanan AK, et al. The encyclopedia

of DNA elements (ENCODE): data portal update. Nucleic Acids Res.
2018;46(D1):D794-801.

Papst |, Li M, Champredon D, Bolker BM, Dushoff J. DJ DE: age-depend-
ence of healthcare interventions for COVID-19 in Ontario, Canada. BMC
Public Health. 2021;21(1):706.

Li CY, Cai JH, Tsai JJP, Wang CCN. Identification of hub genes associated
with development of head and neck squamous cell carcinoma by inte-
grated bioinformatics analysis. Front Oncol. 2020;10:681.

Hassaniazad M, Eftekhar E, Inchehsablagh BR, Kamali H, Tousi A, Jaafari
MR, Rafat M, Fathalipour M, Nikoofal-Sahlabadi S, Gouklani H, et al. A
triple-blind, placebo-controlled, randomized clinical trial to evaluate
the effect of curcumin-containing nanomicelles on cellular immune
responses subtypes and clinical outcome in COVID-19 patients. Phyto-
ther Res. 2021;35(11):6417-27.

Pathak GA, Wendt FR, Goswami A, Koller D, De Angelis F, Initiative C-HG,
Polimanti R. ACE2 Netlas: in silico functional characterization and drug-
gene interactions of ACE2 gene network to understand its potential
involvement in COVID-19 susceptibility. Front Genet 2021;12:698033.
Holloman BL, Cannon A, Wilson K, Nagarkatti P, Nagarkatti M. Aryl
hydrocarbon receptor activation ameliorates acute respiratory distress
syndrome through regulation of Th17 and Th22 cells in the lungs. MBio.
2023,;21:€0313722.

Adamo S, Michler J, ZurbuchenY, Cervia C, Taeschler P, Raeber ME,
Baghai Sain S, Nilsson J, Moor AE, Boyman O. Signature of long-

lived memory CD8(+) T cells in acute SARS-CoV-2 infection. Nature.
2022;602(7895):148-55.

Fonseca D, Rocha MCB, Pereira LA, Botega LP, Cutrim S, Silva FV, Batista
FD, Rego AS, Falcai A, Lima-Neto LG, et al. Decrease in CD8(+)CD45(+)
CCR7(4+)CD62L(+) T cells in individuals vaccinated with Sinovac-Corona-
Vac following COVID-19 infection. Clin Immunol. 2022;242: 109092.

Dai W, Zhong A, Qiao Q, Wu J, Liw, Wu Q, Zhou H, Qin S, Jiang W, Zhang
J, et al. Characteristics of lymphocyte subset alterations in COVID-19
patients with different levels of disease severity. Virol J. 2022;19(1):192.
Minervina AA, Pogorelyy MV, Kirk AM, Crawford JC, Allen EK, Chou CH,
Mettelman RC, Allison KJ, Lin CY, Brice DC, et al. SARS-CoV-2 antigen
exposure history shapes phenotypes and specificity of memory CD8(+) T
cells. Nat Immunol. 2022;23(5):781-90.

Jiao L, LiuY, Yu XY, Pan X, Zhang Y, Tu J, Song YH, Li Y. Ribosome biogen-
esis in disease: new players and therapeutic targets. Signal Transduct
Target Ther. 2023;8(1):15.

Helmi N, Alammari D, Mobashir M. Role of potential COVID-19 immune
system associated genes and the potential pathways linkage with type-2
diabetes. Comb Chem High Throughput Screen. 2022;25(14):2452-62.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Page 13 of 14

Fonseca DLM, Filgueiras IS, Marques AHC, Vojdani E, Halpert G, Ostrinski
Y, Baiocchi GC, Plaga DR, Freire PP, Pour SZ et al. SARS-CoV-2 infection
induces the production of autoantibodies in severe COVID-19 patients in
an age-dependent manner. medRxiv. 2022;2022.

Jarjour NN, Masopust D, Jameson SC. T cell memory: understanding
COVID-19. Immunity. 2021;54(1):14-8.

Mescher MF, Curtsinger JM, Agarwal P, Casey KA, Gerner M, Hammerbeck
CD, Popescu F, Xiao Z. Signals required for programming effector and
memory development by CD8+ T cells. Immunol Rev. 2006;211:81-92.
Zhu J, Yamane H, Paul WE. Differentiation of effector CD4 T cell popula-
tions (¥). Annu Rev Immunol. 2010;28:445-89.

Ng CT, Snell LM, Brooks DG, Oldstone MB. Networking at the level of host
immunity: immune cell interactions during persistent viral infections. Cell
Host Microbe. 2013;13(6):652-64.

Fenwick C, Joo 'V, Jacquier P, Noto A, Banga R, Perreau M, Pantaleo G. T-cell
exhaustion in HIV infection. Immunol Rev. 2019;292(1):149-63.

Huang C,Wang, Li X, Ren L, Zhao J, Hu'Y, Zhang L, Fan G, Xu J, Gu X,

et al. Clinical features of patients infected with 2019 novel coronavirus in
Wuhan, China. Lancet. 2020;395(10223):497-506.

Wang D, Hu B, Hu C, Zhu F, Liu X, Zhang J, Wang B, Xiang H, Cheng Z,
Xiong ', et al. Clinical characteristics of 138 hospitalized patients with
2019 novel coronavirus-infected pneumonia in Wuhan, China. JAMA.
2020;323(11):1061-9.

Diao B, Wang C, TanY, Chen X, Liu Y, Ning L, Chen L, Li M, Liu Y, Wang

G, et al. Reduction and functional exhaustion of T cells in patients with
coronavirus disease 2019 (COVID-19). Front Immunol. 2020;11:827.

Moni MA, Quinn JMW, Sinmaz N, Summers MA. Gene expression profiling
of SARS-CoV-2 infections reveal distinct primary lung cell and systemic
immune infection responses that identify pathways relevant in COVID-19
disease. Brief Bioinform. 2021;22(2):1324-37.

Islam T, Rahman MR, Aydin B, Beklen H, Arga KY, Shahjaman M. Integra-
tive transcriptomics analysis of lung epithelial cells and identification of
repurposable drug candidates for COVID-19. Eur J Pharmacol. 2020;887:
173594.

Nashiry A, Sarmin Sumi S, Islam S, Quinn JMW, Moni MA. Bioinformatics
and system biology approach to identify the influences of COVID-19

on cardiovascular and hypertensive comorbidities. Brief Bioinform.
2021,22(2):1387-401.

Fagone P, Ciurleo R, Lombardo SD, lacobello C, Palermo Cl, Shoenfeld Y,
Bendtzen K, Bramanti P, Nicoletti F. Transcriptional landscape of SARS-
CoV-2 infection dismantles pathogenic pathways activated by the virus,
proposes unique sex-specific differences and predicts tailored therapeu-
tic strategies. Autoimmun Rev. 2020;19(7): 102571.

Kataoka K, Nagata Y, Kitanaka A, Shiraishi Y, Shimamura T, Yasu-

naga J, Totoki Y, Chiba K, Sato-Otsubo A, Nagae G, et al. Integrated
molecular analysis of adult T cell leukemia/lymphoma. Nat Genet.
2015/47(11):1304-15.

Jin'S,Chen H, LiY, Zhong H, Sun W, Wang J, Zhang T, Ma J, Yan S, Zhang J,
et al. Maresin 1 improves the Treg/Th17 imbalance in rheumatoid arthritis
through miR-21. Ann Rheum Dis. 2018;77(11):1644-52.

Gnanaprakasam JN, Wang R. MYC in regulating immunity: metabolism
and beyond. Genes. 2017;8(3):88.

Hofmann JW, Zhao X, De Cecco M, Peterson AL, Pagliaroli L, Manivannan
J,Hubbard GB, lkeno Y, Zhang Y, Feng B, et al. Reduced expression of MYC
increases longevity and enhances healthspan. Cell. 2015;160(3):477-88.
Lavaert M, Liang KL, Vandamme N, Park JE, Roels J, Kowalczyk MS, Li B,
Ashenberg O, Tabaka M, Dionne D, et al. Integrated scRNA-Seq identifies
human postnatal thymus seeding progenitors and regulatory dynamics
of differentiating immature thymocytes. Immunity. 2020;52(6):1088-104.
Sun AM, Li CG, Zhang YQ, Lin SM, Niu HR, Shi YS. Hepatocarcinoma cell-
derived hepatoma-derived growth factor (HDGF) induces regulatory T
cells. Cytokine. 2015;72(1):31-5.

ZouW, Wang Z, Zhang X, Xu S, Wang F, Li L, Deng Z, Wang J, Pan K,

Ge X, et al. PIWIL4 and SUPT5H combine to predict prognosis and
immune landscape in intrahepatic cholangiocarcinoma. Cancer Cell Int.
2021;21(1):657.

Liu C, Li X, Xiong F, Wang L, Chen K, Wu P, Hua L, Zhang Z. Down-regula-
tion of MLLT1 super elongation complex subunit impairs the anti-tumor
activity of natural killer cells in esophageal cancer. Immunobiology.
2022,227(4): 152238.



Lin et al. BMC Medical Genomics

69.

70.

(2023) 16:59

Zhao'Y, Kilian C, Turner JE, Bosurgi L, Roed| K, Bartsch P, Gnirck AC, Cortesi
F, Schultheiss C, Hellmig M, et al. Clonal expansion and activation of
tissue-resident memory-like Th17 cells expressing GM-CSF in the lungs of
severe COVID-19 patients. Sci Immunol. 2021;6(56):eabf6692.

Webb LM, Narvaez Miranda J, Amici SA, Sengupta S, Nagy G, Guerau-de-
Arellano M. NF-kappaB/mTOR/MYC axis drives PRMTS5 protein induction
after T cell activation via transcriptional and non-transcriptional mecha-
nisms. Front Immunol. 2019;10:524.

71. Chapman LM, Ture SK, Field DJ, Morrell CN. miR-451 limits CD4(+)
T cell proliferative responses to infection in mice. Immunol Res.
2017,65(4):828-40.

72. Pawelec G.T-cell immunity in the aging human. Haematologica.
2014;99(5):795-7.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 14 of 14

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Weighted gene co-expression network analysis revealed T cell differentiation associated with the age-related phenotypes in COVID-19 patients
	Abstract 
	Background
	Methods
	Data collection and pre-processing
	Weighted gene co-expression network analysis and screening for key modules
	Functional enrichment analysis and immune evaluation of key module
	Principal component analysis and receiver operating characteristic curve analysis
	Protein–protein interaction analysis and network construction
	Transcription factors-genes interactions
	Collecting experimental samples, isolating PBMC and extracting total RNA
	RT-qPCR

	Results
	Identification of key module with highest correlation with age phenotype
	Key module was shown to correlate with T cell function
	Key module genes can distinguish COVID-19 patients between different status
	Ten genes were identified as hub genes and three genes were considered as key TF-genes
	Validation of the key genes revealed significant differences in the expression of genes related to T cell differentiation in different age groups

	Discussion
	Conclusions
	Anchor 21
	Acknowledgements
	References


