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ABSTRACT
Background:  Butyrate may inhibit SARS-CoV-2 replication and affect the development of 
COVID-19. However, there have been no systematic comprehensive analyses of the role of 
butyrate metabolism-related genes (BMRGs) in COVID-19.
Methods:  We performed differential expression analysis of BMRGs in the brain, liver and pancreas 
of COVID-19 patients and controls in GSE157852 and GSE151803. The differentially expressed 
genes (DEGs) and module genes between COVID-19 patients and healthy controls in GSE171110 
were screened through ‘limma’ and ‘WGANA’ R package, respectively, followed by an intersection 
with BMRGs via ‘ggvenn’ R package. Six machine learning algorithms were employed to determine 
the best model for identifying biomarkers, and receiver operating characteristic (ROC) curves were 
plotted to evaluate the diagnostic value of the biomarkers in COVID-19. Moreover, the differences 
in immune-infiltrating cells between the COVID-19 and control groups were compared using 
CIBERSORT. The differences in immune cells and expression levels of biomarkers in immune cells 
among different tissues were analysed using GSE171668.
Results:  The BMRGs were the most different in the brain between the COVID-19 and control 
groups, including 21 upregulated and 16 downregulated genes. Five important common BMRGs 
were screened as biomarkers for COVID-19 using XGBoost, namely CCNB1, CCNA2, BRCA1, HBB 
and HSPA5, with increased diagnostic performance. Enrichment analysis revealed that these five 
genes were related to the cell cycle, cell proliferation and cell senescence. The infiltrating 
abundance of 12 immune cells was different between the COVID-19 and control groups. Finally, 
the expression levels of HSPA5, BRCA1 and HBB were higher in annotated cells than in CCNB1 
and CCNA2, and there were four different types of immune cells in the liver, heart, lungs and 
kidneys.
Conclusions:  These five genes may be potential biomarkers of butyrate metabolism in COVID-19 
patients. These findings provide a direction for further studies on the molecular mechanisms 
underlying COVID-19.

1.  Background

The advent of the severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) has precipitated the global 
outbreak of coronavirus disease 2019 (COVID-19) [1]. 
The genetic makeup of SARS-CoV-2 exhibits the clos-
est resembles that of SARS-CoV, which first appeared 
in 2003 [2–4]. The primary modes of transmission of 

this infection include direct contact, inhalation of 
droplets, and contact with oral, nasal and ocular muco-
sal surfaces. Typically, respiratory infections manifest as 
mild to moderate symptoms such as fever, cough and 
myalgia [1]. However, in severe cases, these symptoms 
can progress to pneumonia, potentially resulting in 
fatality [5]. The elevated incidence of COVID-19 poses 
a significant threat to the well-being and survival of 
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individuals [6], leading to considerable distress. 
Individuals with underlying health conditions experi-
ence more severe disease progression and an increased 
likelihood of mortality [7]. Notably, diabetes, hyperten-
sion, advanced age, immunodeficiency and cardiovas-
cular ailments are all risk factors associated with severe 
COVID-19 [8]. SARS-CoV-2 consists of 20 distinct pro-
teins, encompassing four primary structural proteins 
(S: spike, E: envelope, M: membrane and N: nucleocap-
sid), as well as numerous nonstructural proteins. For 
instance, RNA-dependent RNA polymerase, coronavirus 
main protease and papain-like protease (PLpro) have 
been identified as potential targets for antiviral drug 
development [9–11]. Despite the initial use of lopinavir 
and ritonavir as therapeutic drugs in clinical studies, 
their efficacy in treating COVID-19 patients has not 
gained public recognition [12].

Butyrate, a short-chain fatty acid (SCFA) with four 
carbon atoms, is produced by the metabolism of intes-
tinal microbial fibres. It can accumulate in the colon at 
concentrations as high as 140 mm/L and is found in 
venous blood and peripheral tissues [13]. Butyrate 
plays an important role in regulating the immune sys-
tem and protecting the host from various 
immune-related diseases by modulating intestinal 
immunity, exerting anti-inflammatory effects and 
enhancing intestinal barrier function [14,15]. However, 
recent studies have shown that butyrate also has cer-
tain effects on other viral infections. For example, 
Zhong et  al. found that butyrate inhibited porcine epi-
demic diarrhea virus (PEDV) infection by regulating 
cellular transcriptional responses and signalling path-
ways [16]. In addition, butyrate helps improve the 
overall health of HIV-infected people and reduces their 
risk of developing AIDS complications [17]. Studies 
have also found that butyrate has the potential to 
enhance macrophage immune function, especially in 
anti-fungal infections [18]. In the microglial cell model 
infected with Japanese encephalitis virus (JEV), butyr-
ate played an anti-inflammatory role, providing new 
ideas for the potential therapeutic role of SCFAs in 
viral neuroinflammation [19]. In addition, butyrate 
exhibited anti-tumour effects in inhibiting Marek’s dis-
ease virus (MDV) replication, reducing tumour forma-
tion and regulating lymphoma cell growth [20]. 
Similarly, butyrate also has potential in the prevention 
and control of bovine viral diarrhea virus (BVDV) [21]. 
Conversely, experimental evidence has demonstrated 
that butyrate confers protection against influenza 
virus-induced pathology in mice [22] while also exhib-
iting the capacity to modulate Th9 cells, thereby 
reducing lung inflammation and mucus produc-
tion [23].

To comprehend the intricacies of butyrate metabo-
lism in individuals afflicted with COVID-19, machine 
learning and other bioinformatics analysis techniques 
were employed to identify biomarkers in COVID-19 
patients. This endeavour may yield novel insights into 
the judicious management of COVID-19 patients and 
the advancement of therapeutic interventions.

2.  Materials and methods

2.1.  Acquisition of sequencing data and target 
genes

The expression data from high-throughput sequencing 
and clinical information of the GSE171110 [24] training 
set and GSE157344 [25] validation set were acquired 
from the Gene Expression Omnibus (GEO) database 
(https://www.ncbi.nlm.nih.gov/). In the training set, 
whole blood samples from 44 COVID-19 patients and 
10 healthy donors were selected for follow-up analysis. 
Meanwhile, blood cell samples from 27 COVID-19 
patients and six healthy donors were analysed in the 
external validation set GSE157344. Furthermore, 
GSE157852 (brain organoids of six SARS-CoV-2 infected 
and three controls) [26] and GSE151803 (six pairs of 
livers and three pairs of pancreases with mock-infected 
versus SARS-CoV-2 infected) were singled out from the 
GEO database and were utilized to analyse the differ-
ential expression of butyrate metabolism-related genes 
(BMRGs) in different organs. The GSE171668 dataset 
was also retrieved from the GEO database for single-cell 
analysis of different organs, including 24 lung, 16 liver, 
19 heart and 16 kidney tissue with COVID-19 [27]. 
Finally, 346 BMRGs (score >2) were collected from the 
GeneCards database (https://www.genecards.org/). The 
data used in this study was obtained from public data-
base and the ethnicity was European (GSE171110 was 
released on 27 May 2021; GSE157344 was released on 
27 January 2021; GSE157852 was released on 23 
September 2020; GSE151803 was released on 12 June 
2020; and GSE171668 was released on 9 April 2021). 
The analysis of this study started on 17 January 2023 
and ended on 9 June 2023.

2.2.  Enrichment analysis of differentially 
expressed BMRGs in different organs

In GSE157852 and GSE151803, the differential expres-
sion analysis of BMRGs in brain, liver and pancreas 
between infection and control were recognized by 
‘limma’ package in R software (R Foundation for 
Statistical Computing, Vienna, Austria), with |log2FC| 
>0.5 and adj.p  <  .05 as the thresholds. A volcano plot 
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was drawn for all BMRGs based on log2FC and P, using 
the R package ‘ggplot2.’ The R ‘ggpubr’ package was 
used for visualizing gene expression pattern of the top 
10 up- and down-regulated BMRGs. To probe the bio-
logical features and signalling pathways of differen-
tially expressed BMRGs, the ‘clusterProfiler’ R package 
was utilized for enrichment analysis of the strength of 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) (adj.p  <  .05) [27]. Then, the R 
package ‘GOplot’ was used to show the first 10 entries 
in the enrichment results using the gossip graph.

2.3.  Enrichment analysis of common DE-BMRGs by 
differential expression analysis and weighted 
correlation network analysis (WGCNA) in 
GSE171110

First, we authenticated the differentially expressed 
genes (DEGs) between COVID-19 patients and healthy 
controls in GSE171110 by ‘limma’ R package with 
|log2FC| >0.5 and p  <  .05 as the thresholds. The R 
package ‘ggplot2’ and ‘pheatmap’ were used for vol-
cano plot and heatmap, respectively. Second, the R 
package ‘WGCNA’ was used to detect outlier samples 
in GSE171110 and construct a co-expression network 
based on the gene expression matrix and sample 
grouping information. The module genes with the 
highest correlation with COVID-19 were selected based 
on the heatmap of module–trait relationships. A scat-
ter plot was used to display the correlation between 
module membership (MM) and gene significance (GS). 
In the next moment, the intersection of DEGs, module 
genes and 346 BMRGs was obtained via ‘ggvenn’ R 
package, named DE-BMRGs. In the same way, the 
enrichment analysis of DE-BMRGs was performed by 
‘clusterProfiler’ R package [27].

2.4.  Screening and diagnostic value assessment of 
the biomarkers

Based on the expression matrix of DE-BMRGs and sam-
ple grouping information, six machine learning algo-
rithms (AdaBoost [28], ExtraTrees [29], logistic 
regression [30], naïve Bayes classifier [31], random for-
est [32] and XGBoost [33]) were used to identify bio-
markers. The receiver operating characteristic (ROC) 
curves of six algorithms were measured using ‘pROC’ R 
package, and the area under the curve (AUC) was esti-
mated as well. By adjusting the parameter combina-
tions of each model, the accuracy of each combination 
was calculated and compared to determine the best 
performing model. Meanwhile, the performance of 
these six machine learning models was compared and 

validated using 5-fold cross-validation (5-fold CV) and 
leave-one-out cross-validation (LOOCV) methods. 
Subsequently, the best performing model was screened 
based on the metric values of the six models for sub-
sequent studies. Next, the importance degree of 
DE-BMRGs was then calculated, and the top five genes 
were defined as biomarkers. For assessing the diagnos-
tic value of biomarkers in COVID-19, the ROC curves 
were measured using ‘pROC’ R package in the 
GSE171110 accompanied with estimated AUC values. 
Simultaneously, the expression levels of the aforemen-
tioned biomarkers among COVID-19 and control sam-
ples were compared in the GSE171110 training and 
GSE157344 validation sets. Finally, based on the bio-
markers expression matrices and samples grouping 
information in GSE171110 and GSE157344, the data 
were first resampled using the bootstrapping method 
with a sampling number of 100 times. Then, artificial 
neural network (ANN) analysis was performed using 
the R package ‘neuralnet’ (v 1.33), the number of hid-
den layers was set to 4, and ROC curves were plotted 
to evaluate the classification performance of the 
ANN model.

2.5.  Immune infiltration analysis

In GSE171110, we determined the abundance of 22 
immune infiltrating cells from each sample in COVID-19 
patients and controls using the CIBERSORT algorithm. 
The differential immune cells between the COVID-19 
and control groups were identified, and a correlation 
analysis was performed for COVID-19.

2.6.  Single cell analysis

To further verify the composition of different immune 
cells in different tissues, we collected single-cell data 
of the lung, liver, heart and kidney tissues in 
GSE171110. First, the scRNA-seq dataset GSE171110 
of COVID-19 was filtered by ‘Seurat’ package accord-
ing to the following criteria: (1) the number of cov-
ered cells less than 3; (2) the amount of expressed 
genes was lower than 100 or higher than 10,000. 
After data standardization, the top 2000 highly vari-
able genes were identified and the data were sub-
jected to principal component analysis (PCA) and 
uniform manifold approximation and projection 
(UMAP) dimensionality reduction analysis. Following 
search for the marker genes of each cell cluster, R 
package ‘SingleR’ was used for cell annotation and 
cell type identification. Subsequently, the gene 
expression levels of the biomarkers in the annotated 
cells in different tissues were analysed. Finally, we 
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implemented an inter-organ differential analysis of 
discrepant immune cells based on the proportion of 
cells annotated in each organ.

2.7.  The serum sample of COVID-19 patients

Serum samples were collected from 312 patients with 
COVID-19 and 50 normal volunteers from Xiangya 
Hospital Zhuzhou Central South University, Central 
South University (Zhuzhou, China) from December 
2022 to April 2023, which was approved by the 
Research Ethics Committee of Xiangya Hospital 
Zhuzhou Central South University. Patients with 
COVID-19 were recruited if they tested positive for 
COVID-19 and were not receiving any treatment. 
Protocols were approved under Xiangya Hospital 
Zhuzhou Central South University IRB protocols # 
ZZCHEC2022042-01.

2.8.  ELISA analysis

The operation was carried out strictly according to the 
instructions.

The kit employs purified Human HSPA5, CCNB1, 
CCNA2, BRCA1 or HBB antibodies to immobilize the 
protein in microtiter plate wells, forming a solid-phase 
antibody. Subsequently, it was added to the wells, fol-
lowed by the addition of an HRP-labelled antibody, 
resulting in the formation of an antibody–antigen–
enzyme–antibody complex. After thorough washing, 
TMB substrate solution was added, causing the HRP 
enzyme to catalyse a reaction that turns the substrate 
blue. The reaction was then terminated by the addi-
tion of sulphuric acid solution, and the resulting colour 
change was measured spectrophotometrically at a 
wavelength of 450 nm. The levels of HSPA5, CCNB1, 
CCNA2, BRCA1 and HBB in the samples were deter-
mined by comparing the optical density (O.D.) of the 
samples to the standard curve. The ELISA kits used for 
this analysis were procured from Shanghai 
Enzyme-linked Biotechnology Co., Ltd. (Shanghai, 
China), with specific catalogue numbers assigned to 
each biomarker kit (HSPA5, YJ365599; CCNB1, YJ304452; 
CCNA2, YJ960233; BRCA1, YJ330515; and HBB, 
YJ023056).

2.9.  Statistical analysis

R software (R Foundation for Statistical Computing, 
Vienna, Austria) was used for statistical analysis. 
Differences were analysed using the Wilcoxon test. If 
not specifically stated, p  <  .05.

3.  Results

3.1.  Differential expression analysis of BMRGs in 
different organs

There were 37, 6 and 15 differentially expressed BMRGs 
in brain, liver and pancreas between COVID-19 infec-
tion and control respectively (Supplementary Table S1). 
The top 10 altered genes in the brain and all altered 
genes in the liver and pancreas were labelled within 
the volcano plot (Figure 1(A)), and their gene expres-
sion profiles are shown via box plots (Figure 1(B)). For 
differentially expressed BMRGs in the brain, 1076 GO 
items (such as regulation of cell–cell adhesion, leuko-
cyte cell–cell adhesion and regulation of leukocyte 
cell–cell adhesion) and 50 KEGG signalling pathways 
(such as Epstein–Barr virus infection, lipid and athero-
sclerosis, and JAK-STAT signalling pathways) were sig-
nificantly enriched (Figure 1(C,D)). For differentially 
expressed BMRGs in the liver, 213 GO items (such as 
amino acid binding, organic acid binding and ferric 
iron binding) and 13 KEGG signalling pathways (such 
as arginine biosynthesis, folate biosynthesis and galac-
tose metabolism) were significantly enriched (Figure 
1(C,D)). For differentially expressed BMRGs in the pan-
creas, 432 GO items (such as the external side of the 
plasma membrane, ABC-type xenobiotic transporter 
activity and endosome lumen) and eight KEGG signal-
ling pathways (such as ABC transporters, bile secretion 
and rheumatoid arthritis) were significantly enriched 
(Figure 1(C,D)).

3.2.  Screening results of DE-BMRGs

Two thousand and sixty-eight DEGs between COVID-19 
and control samples from the GSE171110 dataset were 
screened via differential expression analysis, including 
1207 upregulated and 861 downregulated genes. In 
the volcano plot, we identified the top 10 upregulated 
and downregulated genes (Figure 2(A)), and the 
expression trend of these genes is shown via a heat 
map (Figure 2(B)). WGCNA was performed using the 
GSE171110 dataset. Sample clustering analysis revealed 
an outlier (Figure 2(C)). The β value was 8 (Figure 2(D)). 
The cluster dendrogram of module distribution and 
co-expression network heatmap are shown in Figure 
2(E,F). The green module was markedly correlated with 
COVID-19 (cor = 0.68, p.adj = 1  ×  10−7), contained 943 
genes (Figure 2(F)). In addition, we found a strong 
positive correlation between MM and GS (Figure 2(G)). 
Eighteen DE-BMRGs were identified by intersecting 
2068 DEGs, 943 modular genes and 346 BMRGs, 
including CCNB1, CCNA2, HSP90B1, HSPA5, CXCL8, 

https://doi.org/10.1080/07853890.2025.2477301
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Figure 1. D ifferential expression analysis of BMRGs in different organs. (A) The expression level of BMRGs in brain, liver and pan-
creas by volcano plots. Each point in the graph represented a gene, grey points indicated genes with insignificant differential 
expression, red points indicated significantly up-regulated genes and blue points indicated significantly down-regulated genes. (B) 
The significantly differential expression level of BMRGs in brain, liver and pancreas. (C) GO enrichment for these differential expres-
sion BMRGs in brain, liver and pancreas. (D) KEGG enrichment for these differential expression BMRGs in brain, liver and 
pancreas.
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Figure 2.  The screening of DE-BMRGs in COVID-19 by WGCNA and differential expression analysis. (A) The expression level of 
genes between COVID-19 patients and normal people by volcano plots. Each point in the graph represented a gene, grey points 
indicated genes with insignificant differential expression, red points indicated significantly up-regulated genes and blue points 
indicated significantly down-regulated genes. (B) Differential expression genes of COVID-19 were shown by a heat map. Different 
colours indicated different levels of gene expression, the closer to red the higher the level of gene expression, the closer to blue 
the lower the level of expression. (C) Outlier detection algorithm for GSE171110. (D) Soft threshold screening plot for GSE171110. 
(E) Construction of a weighted co-expression network for GSE171110. (F) Module-disease correlation analysis based on WGCNA 
network. Red squares indicated positive correlation and blue indicated negative correlation. (G) Gene importance (GS) – module 
membership (MM) scatter plot for hub module. (H) Acquisition of shared genes among DEG, module genes and butyrate 
metabolism-related genes by Venn plot.
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HBA2, TERT, IGF1, HBB, CDKN2A, BRCA1, CDK1, BIRC5, 
CDKN3, TYMS, RAD51, E2F1 and IL2 (Figure 2(H), 
Supplementary Table S2).

3.3.  Enrichment analysis of DE-BMRGs

We performed GO and KEGG enrichment analyses of 
the above 18 DE-BMRGs to investigate their involve-
ment in biological functions and related signalling 
pathways. A total of 266 GO items were significantly 
enriched, including 216 BP items, 36 CC items and 14 
MF items (Supplementary Table S3). DE-BMRGs related 
to BP were primarily enriched in mitotic cell cycle 
phase transition, positive regulation of fibroblast prolif-
eration, and responses to toxic substances. DE-BMRGs 
related to CC mainly focused on the endocytic vesicle 
lumen, cyclin-dependent protein kinase holoenzyme 
complex and chromosomal region. In the MF term, 
DE-BMRGs were significantly concentrated in cyclin- 
dependent protein serine/threonine kinase regulatory 
activity, haptoglobin binding and kinase regulatory 
activity (Figure 3(A)). A total of 42 KEGG signalling 
pathways were significantly enriched for 18 DE-BMRGs 
(Supplementary Table S4), including cellular senes-
cence, the cell cycle and human T-cell leukaemia virus 
1 infection (Figure 3(B)).

3.4.  Biomarkers screening and evaluation

All the AUC values of the ROC curves of the six 
machine learning models were greater than 0.95, indi-
cating that these models possessed satisfactory predic-
tion accuracy (Supplementary Figure S1). Based on the 
performance indices and metric values of the six mod-
els, we selected XGBoost for follow-up biomarker iden-
tification (Table 1, Figure 4(A)). By calculating the 
importance of the 18 DE-BMRGs, the top five genes 
(CCNB1, CCNA2, BRCA1, HBB and HSPA5) were screened 
as biomarkers (Figure 4(B)). Subsequently, the AUC val-
ues of all five genes (CCNB1: 0.990, CCNA2: 0.993, 
BRCA1: 0.988, HBB: 0.990 and HSPA5: 0.911) in 
GSE171110 were greater than 0.9. This signified excel-
lent diagnostic value for COVID-19 (Figure 4(C)). More, 
the sensitivity, specificity, accuracy and 95% confi-
dence intervals of the ROC analyses for each biomarker 
were CCNB1 (1, 0.977, 0.988, 0.965–0.993), CCNA2 (1, 
0.954, 0.977, 0.975–0.995), BRCA1 (1, 0.909, 0.954, 
0.959–0.990), HBB (1, 0.909, 0.954, 0.965–0.993) and 
HSPA5 (1, 0.795, 0.897, 0.820–0.913). The expression 
trends of HBB, CCNB1, CCNA2 and BRCA1 were consis-
tent in both the GSE171110 training set and the 
GSE157344 validation set, except for HSPA5 (Figure 
4(D)). Finally, an ANN diagnostic model was 

constructed based on the GSE171110 and GSE157344 
datasets, which contains an input layer of five nodes, 
a hidden layer of four nodes, and an output layer of 
two nodes (Figure 4(E)). The AUC values were 1.00 and 
0.85 in the training dataset and validation dataset, 
respectively (Figure 4(F)), indicating that the ANN 
model has a good performance in diagnosing 
COVID-19.

3.5.  Enrichment analysis of biomarkers

To investigate the possible biological functions of five 
biomarkers, GO and KEGG enrichment analysis were 
also executed via R package ‘clusterProfiler.’ A total of 
143 BP, 14 CC and nine MF items were significantly 
enriched in the GO database (Supplementary Table 
S5). G2/M transition of mitotic cell cycle, cell cycle 
G2/M phase transition and cellular response to inor-
ganic substances were included in the BP items. In the 
CC term, the five biomarkers were significantly concen-
trated in the cyclin-dependent protein kinase holoen-
zyme complex, serine/threonine protein kinase 
complex and protein kinase complex. Biomarkers 
related to MF were mainly focused on ubiquitin-like 
protein ligase binding, cyclin-dependent protein ser-
ine/threonine kinase regulatory activity and protein 
kinase regulatory activity (Figure 5(A)). Furthermore, 
progesterone-mediated oocyte maturation, cell cycle 
and cellular senescence were associated with these 
biomarkers in the KEGG signalling pathways 
(Figure 5(B)).

3.6.  Immune cell infiltration analysis between 
COVID-19 and control groups

We compared the infiltrating abundance of immune 
cells between COVID-19 patients and controls using a 
box plot. In summary, the infiltrating abundance of 
memory B cells, naïve B cells, resting dendritic cells, 
M0 macrophages, monocytes, neutrophils, resting NK 
cells, plasma cells, resting CD4 memory T cells, Naive 
CD4T cells, CD8 T cells and gamma delta T cells were 
significantly different (Figure 6(A)). The correlation 
between 12 differential immune infiltrating cells and 
five biomarkers showed that plasma cells were strongly 
correlated with CCNA2, CCNB1 and HSPA5, similar to 
resting CD4 memory T cells and CCNB1 (Figure 6(B)).

3.7.  Cellular expression pattern of biomarkers in 
GSE171668

The cell type identification results of the heart, lung, 
liver and kidney tissues are shown in Figure 7(A). We 

https://doi.org/10.1080/07853890.2025.2477301
https://doi.org/10.1080/07853890.2025.2477301
https://doi.org/10.1080/07853890.2025.2477301
https://doi.org/10.1080/07853890.2025.2477301
https://doi.org/10.1080/07853890.2025.2477301
https://doi.org/10.1080/07853890.2025.2477301
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Figure 3. E nrichment analysis of DE-BMRGs. The GO (A) and KEGG (B) enrichment analysis for these DE-BMRGs.

Table 1.  Performance metrics for the six models.

Classifier Precision Recall F1 Sensitivity Specificity AUROC Accuracy
Accuracy: 
5-fold CV Accuracy: LOOCV

Logistic 
regression

Logistic 
regression

1 0.614 0.761 0.614 0 1 0.685 0.982 0.981

Random forest Random forest 1 0.614 0.761 0.614 0 0.995 0.685 0.945 0.944
XGBoost XGBoost 1 1 1 1 0 1 1 1 0.976
AdaBoost AdaBoost 1 0.795 0.886 0.795 0 0.999 0.833 0.925 0.976
Naive Bayes 

classifier
Naive Bayes 

classifier
1 1 1 1 0 1 1 0.982 0.981

Support vector 
machine

Support vector 
machine

1 1 1 1 0 1 1 0.964 0.963



Annals of Medicine 9

Figure 4.  Biomarkers screening and evaluation. (A) Model metric value (accuracy), abscissa: machine learning name; ordinate: 
model metric value. (B) Dot plot of gene importance. Abscissa: gene importance; ordinate: gene symbol. (C) ROC curve for five 
hub biomarkers. (D) The expression level of five hub biomarkers in training dataset and test dataset. (E) Artificial neural network 
(ANN) analysis for five hub biomarkers in training dataset and test dataset. I1–I5 (nodes in the input layer): components of the 
input vector, here were the five biomarkers; H1–H4 (nodes in the hidden layer): weight; O1–O2 (nodes in the output layer): result 
to determine whether the sample belongs to the control or treated group; B1: bias from input layer to hidden layer, B2: bias from 
hidden layer to output layer (bias was an important parameter that served to help adjust the output of the model to better fit 
the data). Line: weight value, red was positive, grey was negative, thicker line was more weight. (F) ROC curve for ANN 
analysis.
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acquired five types of cells in the heart: T_cells, tis-
sue_stem_cells, monocytes, endothelial cells and car-
diomyocytes. Eight cell types were annotated in the 
lung: monocytes, B cells, smooth muscle cells, macro-
phages and T cells. Endothelial cells, erythroblasts, T 
cells, macrophages and hepatocytes were authenti-
cated in the liver. The largest number of cell types was 
identified in the kidney tissue, with a total of 10 types, 
consisting of macrophages, B cells, fibroblasts and 
descending thin limb cells. It is noteworthy that there 
were four different types of immune cells, namely B 
cells, T cells, monocytes and macrophages, and their 
abundances among different organs were compared 

and are shown in Figure 7(B). For instance, T cells were 
the most abundant in the lung tissue, which was sig-
nificantly higher than that in the heart. The proportion 
of macrophages in the liver and lung was higher than 
that in the kidney.

In quick succession, we assessed the expression lev-
els of the five biomarkers in different cell types and 
then mapped them to the UMAP results. In the heart, 
the expression of BRCA1, HBB and HSPA5 was rela-
tively higher in cardiomyocytes and endothelial cells, 
whereas the expression of CCNB1 and CCNA2 was low 
in all five cells (Figure 7(C,G)). In the lungs, BRCA1, HBB 
and HSPA5 were expressed at relatively higher levels 

Figure 5. E nrichment analysis of five COVID-19 biomarkers. The GO (A) and KEGG (B) enrichment analysis for these five 
biomarkers.
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than in monocytes, whereas the expression of CCNB1 
and CCNA2 was relatively low in all eight cells (Figure 
7(D,H)). In the liver, the expression of HSPA5 and 
BRCA1 in the five cell lines was the highest, followed 
by HBB (Figure 7(E,I)). In the kidney, the expression of 
HSPA5 in 10 cells was the highest, followed by that of 
BRCA1 and HBB (Figure 7(F,J)).

3.8.  The level of biomarkers in serum samples 
from patients with COVID-19

Finally, we confirmed these five biomarkers in the 
serum samples of COVID-19 patients and healthy indi-
viduals by ELISA. The expression of CCNB1, CCNA2, 
BRCA1, HBB and HSPA5 was significantly increased in 
COVID-19 patients compared than in normal individu-
als (Figure 8(A–E)).

4.  Discussion

As a serious epidemic in recent years, COVID-19 has 
placed a heavy burden on people’s health worldwide 
[34]. COVID-19 can cause a series of pathophysiologi-
cal effects leading to human death, especially immune 
abnormalities, cytokines and inflammatory storm [35]. 
Butyrate exerts anticancer and anti-inflammatory 
effects by regulating the activity of specific immune 
cells [36].

In our study, we found that the expression of 
BMRGs was dysregulated in different tissues such as 
the brain, liver and pancreas. BMRGs were enriched in 
multiple molecular functions during COVID19 infec-
tion, such as mitotic cell cycle phase transition, regula-
tion of mitotic cell cycle, and cell cycle G1/S phase 
transition. In a previous study, APOA1 directly drove 

Figure 6. I mmune cell infiltration in COVID-19 patients. (A) The expression of multiple immune cells between COVID-19 patients and 
normal people by differential analysis of immune infiltration. (B) The correlation between biomarker and immune cell infiltration. 
Abscissa: gene expression; ordinate: abundance value of immune cell infiltration. Point: sample. The blue line was the trend line.
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cholesterol efflux to maintain the stability of cerebro-
vascular function [37].

By modulating microglia/macrophage polarization 
through FPR2/ALX-dependent AMPK-mTOR signalling, 
ANXA1 prevents cerebral ischemia–reperfusion injury 
[38]. SHBG attenuates endoplasmic reticulum stress in 
liver cells by regulating hormone homeostasis [39]. 

PDK4 is a significant tumour suppressor gene in pan-
creatic cancer [40]. However, the pathophysiological 
role of these BMRGs in COVID-19 remains unclear.

Next, we confirmed five biomarkers in COVID-19: 
CCNB1, CCNA2, BRCA1, HBB and HSPA5. CCNB1 is a 
regulated mitochondrial gene that drives tumour pro-
gression during the cell cycle [41]. It affects cell 

Figure 7. C ellular expression pattern of five biomarkers in COVID-19 patients by single-cell sequencing analysis. (A) UMAP cluster 
map (annotated) for heart, liver, kidney and lung in COVID-19 patients. Dot: cells, different colours represented different cells. (B) 
Differential analysis of immune cell components. Five biomarker expression in heart (C), liver (D), kidney (E) and lung (F) of 
COVID-19 patients. UMAP cluster map (biomarker expression in cells) for five biomarkers in heart (G), liver (H), kidney (I) and lung 
(J) of COVID-19 patients. The closer the colour to purple, the higher the expression.
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proliferation and division by regulating the entry of 
cells from the G2 phase into the M phase [42]. In addi-
tion, CCNB1 may affect anti-tumour immunity by reg-
ulating the distribution of immune cells in the immune 
microenvironment of liver cancer [43]. In Xu and 
Gong’s study, the risk model associated with CCNB1 
(i.e. the high-risk group) showed a higher abundance 
of CD8 T cells, activated CD4T memory cells, dormant 
NK cells and macrophages. This suggests that CCNB1 
may play a role in the regulation of the tumour 
immune microenvironment [44]. In addition, CCNB1 
may also play a key role in the immune regulation and 
course of dengue fever [45]. CCNA2 is widely expressed 
across various human cell types, and its primary molec-
ular biological role involves facilitating cell cycle pro-
gression at the G1/S and G2/M transitions through its 

interaction with CDK2 kinase [46]. Studies have shown 
that CCNA2 regulates the cell cycle and p53 signalling 
pathway by interacting with miR-29c-3p, thereby 
affecting the proliferation, migration, invasion and cell 
cycle progression of tumour cells [47]. In addition, 
CCNA2 is closely related to the tumour immune micro-
environment, especially to immune cell infiltration and 
immune checkpoint inhibitory genes (such as PD-1, 
PD-L1, etc.), which suggests that CCNA2 may play a 
role in the immune escape of tumours (important role) 
[48]. BRCA1 functions in the preservation of genome 
stability and serves as a tumour suppressor. Genetic 
alterations in this specific gene are responsible for 
approximately 40% of hereditary breast cancers and 
over 80% of hereditary breast and ovarian cancers [49].  
In addition, BRCA1 regulates cell cycle, tumour 

Figure 8.  The expression of five biomarkers in serum sample of COVID-19 patients. (A) The expression of multiple HSPA5 (A), HBB 
(B), CCNB1 (C), CCNA2 (D) and BRCA1 (E) in serum sample of COVID-19 patients by ELISA analysis.
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immunity and cell metabolism through various mech-
anisms [50]. Studies have also shown that BRCA1 plays 
an important role in transcriptional regulation and can 
regulate multiple genes related to DNA repair, cell 
cycle and apoptosis [51]. In addition, Ma et  al. found 
that the loss or functional impairment of BRCA1 acti-
vates the cGAS–STING pathway, thereby promoting 
immune escape and T lymphocyte infiltration in the 
immune microenvironment of hepatocellular carci-
noma [52]. HBB represents one of the two polypeptide 
chains responsible for encoding haemoglobin subunit 
beta, and alterations in its gene have the potential to 
induce sickle cell disease [53]. In addition, HBB is also 
a key gene related to the cell cycle [52]. Studies have 
found that increased oxidative stress can lead to a 
higher apoptosis rate in HBB-KO cells and slow down 
the cell cycle process and proliferation rate [52]. 
Studies have also found that HBB plays an important 
role in the occurrence and progression of the disease 
by affecting the infiltration of immune cells, especially 
eosinophils, and participating in inflammatory 
responses [54]. HSPA5, a member of the HSP70 family, 
interacts with multiple endoplasmic reticulum proteins 
to regulate the unfolded protein response [55]. Studies 
have found that HSPA5/BiP/GRP78 has multiple func-
tions on the cell surface, including regulating cell sur-
vival, proliferation, apoptosis, adhesion and innate and 
adaptive immune responses [56]. In addition, HSPA5 
not only plays a role in tumour cells, but also affects 
the formation of the tumour immune microenviron-
ment by regulating the polarization and immune phe-
notype of tumour-associated macrophages (TAMs) [57].

In related research on the COVID-19 virus, CCNB1 
and CCNA2, as hub genes, might be therapeutic tar-
gets for the treatment of HIV patients [58] and diges-
tive system cancer patients infected with COVID-19 
[59]. Auwul et  al. found that CCNB1 might be a thera-
peutic target for COVID-19 [60]. Studies have found 
that CCNB1 plays a key role in the pathogenesis of 
COVID-19, especially in cell cycle regulation and 
immune response [61]. In addition, CCNA2 expression 
in COVID-19 patients is associated with plasma cells, 
suggesting that it may play a role in immune response, 
cell proliferation and disease progression [62]. Liu et  al. 
found that BRCA1 was obviously enhanced in COVID-19 
patients, which might be closely related to the severity 
of COVID-19 infection [63]. These findings suggest that 
BRCA1, CCNB1 and CCNA2 play an important role in 
the pathogenesis of COVID-19 [64]. Zhang et  al. found 
that HBB is an overlapping protein in COVID-19 pro-
gression, which is correlated with complement and 
coagulation cascades, platelet activation, iron metabo-
lism and anaemia-related pathways [65]. HSPA5 is a 

potential host cell receptor for COVID-19 [66]. 
Specifically, HBB plays an important role in COVID-19 
infection as part of heme synthesis [64]. HSPA5, a 
small molecule inhibitor, attenuated the infection of 
COVID-19 by inhibiting viral protein production [67]. 
Collectively, butyrate may alleviate the development of 
COVID-19 through these five key genes. In addition, 
HSPA5 may be involved in the course of COVID-19 by 
affecting the mechanism of immune response and 
viral invasion [56]. In conclusion, butyrate may help 
alleviate the progression of COVID-19 by regulating 
these five key genes.

In the current COVID-19 treatment strategy, studies 
have shown that inhibiting the ORF8 protein of 
SARS-CoV-2, especially using natural products alone or 
in combination, can reduce the impact of ORF8 on the 
immune system, thereby alleviating COVID-19 symp-
toms [68]. In addition, ACE2-hFcLALA fusion protein, as 
a decoy receptor, can prevent the virus from entering 
cells and neutralize different variants, and has the 
potential to treat and prevent COVID-19 and its vari-
ants [69]. Combined with the biomarkers and their 
functional roles discussed above, they may participate 
in the treatment of COVID-19 by inhibiting specific sig-
nalling pathways or regulating the activity and function 
of immune cells. Considering the individual differences 
among COVID-19 patients, detecting the levels of spe-
cific biomarkers in patients may provide a basis for for-
mulating more precise personalized treatment plans.

In our study, GO enrichment results showed that five 
biomarkers were mainly related to the cell cycle and 
cell proliferation, and KEGG enrichment results showed 
that five biomarkers were related to the cell cycle and 
cell senescence. Schmitt et  al. found that COVID-19 can 
promote senescence and exacerbates the 
senescence-associated secretory phenotype, which can 
induce ‘cytokine storm,’ tissue-destructive immune cell 
infiltration, endothelialitis, fibrosis and microthrombosis 
[70]. Further studies have shown that the SARS-CoV-2 
virus may cause long-term cell damage and dysfunction 
by disrupting the cell cycle, inducing cell aging and 
destroying genome stability, and may also have an 
important impact on long-term COVID symptoms and 
chronic sequelae [71]. Other studies have found that 
cells face more environmental stress and accumulation 
of inorganic substances during aging, and by regulating 
the cell’s response to these substances, it may slow 
down aging, maintain cell function and improve toler-
ance [72]. The nucleocapsid protein of COVID-19 has 
the ability to bind GSDMD, thereby inhibiting pyroptosis 
while simultaneously inducing cell death through the 
Smad3-dependent G1 cell cycle arrest mechanism [73].  
The interaction between COVID-19 N protein and Smad3 
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leads to the amplification of TGF-β/Smad3 signalling, 
resulting in tubular epithelial cell death and the onset 
of acute kidney injury through the G1 cell cycle arrest 
mechanism [74]. The study also found that protein 
kinase D (PKD) plays a key role in cell proliferation, 
apoptosis and coronavirus replication, and inhibiting 
PKD and phosphatidylinositol-4 kinase IIIβ (PI4KIIIβ) can 
effectively inhibit viral replication [75]. In addition, 
ritonavir has shown therapeutic potential to inhibit 
COVID-19 virus replication and cancer cell proliferation 
by interfering with cell cycle and proliferation [76]. 
Combining our findings with those of previous studies, 
COVID-19 may induce organ damage by promoting cell 
senescence and cell cycle disorders.

In our immune infiltration analysis, we found that 
COVID-19 patients had different degrees of immune 
cell infiltration compared to healthy people, especially 
in plasma cells and CD4 memory resting T cells. 
Bernardes et  al. found that severe COVID-19 was dis-
tinguished by an increase in proliferative plasma cells 
that exhibited heightened metabolic activity [77]. In 
certain instances of severe COVID-19, dysregulated 
CD4+ T cell signatures may play a role in the increased 
production of proinflammatory cytokines, thereby con-
tributing to pathogenic inflammation [78]. Mukherjee 
also hypothesized that CD4 memory resting T cells in 
patients who have recovered from COVID-19 could be 
engineered by immunotherapy with selective conva-
lescent blood engineering to stifle COVID-19 [79]. We 
also found that the five biomarkers were both increased 
in the serum sample from COVID-19 patients by ELISA. 
Therefore, these results indicate that COVID-19 may 
drive these five genes to induce cell cycle disorder and 
senescence of plasma cells and CD4 memory resting T 
cells, resulting in immune dysfunction.

Using BMRGs as a starting point, this study investi-
gated the potential function and role of BMRGs in 
COVID-19, offering a preliminary theoretical foundation 
and molecular mechanism for the adjuvant treatment 
of COVID-19 using butyrate, particularly its potential 
mechanism of action through immune cell interfer-
ence. Nevertheless, this study still has some limitations. 
First, due to the use of the public GEO database, the 
current data set on butyrate metabolism in COVID-19 
patients is still very limited, and the data set used is all 
the data currently available, so the sample size is lim-
ited to a certain extent. Second, the findings of this 
study still need to be verified by more experiments. In 
order to reduce the impact of insufficient sample size, 
we use strict data preprocessing and quality control to 
ensure that the data meets the analysis requirements, 
and use multiple cross-validation and model parame-
ter adjustment to avoid overfitting as much as 

possible. Although the sample size limitation may 
affect the wide applicability of the results, this study 
still provides preliminary evidence for the potential 
role of BMRGs in COVID-19. We recognize that expand-
ing the sample size is crucial to verify the performance 
of the model, and new data sets will be further col-
lected and analysed in the future to verify the research 
findings and improve the reliability of the results. In 
addition, we also plan to further study the potential 
contribution of BMRGs in COVID-19 through molecular 
biology techniques, and use these five markers to con-
duct animal or cell experiments to further verify the 
pharmacological effects of butyrate on COVID-19.

In conclusion, CCNB1, CCNA2, BRCA1, HBB and 
HSPA5 may be potential biomarkers of butyrate metab-
olism in COVID-19. These findings provide important 
directions for further studying the molecular mecha-
nisms of COVID-19. Despite the limitation of small 
sample size, this study still provides new insights and 
potential targets for the diagnosis and treatment of 
COVID-19. Future studies can focus on expanding the 
sample size, performing functional validation and fur-
ther exploring the correlation between these biomark-
ers and other diseases.
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