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Abstract: Since the onset of the COVID-19 pandemic, various severe acute respiratory
syndrome coronavirus-2 (SARS-CoV-2) variants have emerged. Although the primary site
of SARS-CoV-2 infection is the lungs, it can also affect the brain and induce neurological
symptoms. However, the specific effects of different variants on the brain remain unclear.
In this study, a whole-transcriptome analysis was conducted using the brain tissues of K18-
hACE2 mice infected with the ancestral B.1 (Wuhan) variant and with major SARS-CoV-2
variants of concern, including B.1.1.7 (Alpha), B.1.351 (Beta), B.1.617.2 (Delta) and B.1.529
(Omicron). After sequencing, differential gene expression, gene ontology (GO) and genome
pathway enrichment analyses were performed. An Immune Cell Abundance Identifier (Im-
muCellAI) was used to identify the abundance of different cell populations. Additionally,
RT-qPCR was used to validate the RNA-seq data. The viral load and hierarchical clustering
analyses divided the samples into two different clusters with notable differences in gene
expression at day 6 post-infection for all variants compared to the control group. GO
and the Kyoto Encyclopedia of genes and genomes enrichment analyses revealed similar
patterns of pathway enrichment for different variants. ImmuCellAI revealed the changes
in immune cell populations, including the decrease in CD4+ T and B cell proportions and
the increase in CD8+ T and dendritic cell proportions. A co-expression network analysis
revealed that some genes, such as STAT1, interleukin-6 (IL-6) and tumor necrosis factor
alpha (TNF-α), were dysregulated in all variants. A RT-qPCR analysis for IL-6, CXCL10 and
IRF7 further validated the RNA-seq analysis. In conclusion, this study provides, for the
first time, an extensive transcriptome analysis of a K18-hACE2 mouse brain after infection
with major SARS-CoV-2 variants.

Keywords: SARS-CoV-2; neuroinflammation; variants of concern; omicron; RNA sequencing

1. Introduction
Severe acute respiratory syndrome-coronavirus-2 (SARS-CoV-2) has infected approxi-

mately 700 million people since 2019, posing a serious threat to public health worldwide [1].
Although different vaccines have been developed against SARS-CoV-2, their efficacy has
decreased as new variants of concern (VOCs) have emerged [2–4].

SARS-CoV-2 mainly affects the respiratory system [5,6], and most patients recover
from acute infection. However, some patients experience mild to severe neurological
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symptoms. The central nervous system (CNS) is affected by SARS-CoV-2 in approximately
0.04–0.20% of all cases [7,8]. Neurological complications, such as brain fog, loss of taste and
smell, changed mental status and anosmia, have been reported in COVID-19 patients [9].
Several reports suggest that COVID-19 neuropathology results from inflammation and
hypoxia rather than from direct viral invasion of the CNS [10,11]. However, COVID-19
symptoms differ based on the variant and rate of immunization prior to infection [12].
Emerging VOCs display differential pathogenicity in humans and in animal models [8].
For instance, the Omicron variant causes relatively fewer pulmonary lesions, lower viral
titers and milder pneumonia in the lungs than the original Wuhan or Delta variants in
COVID-19 disease models [13,14].

SARS-CoV-2 has four structural proteins, namely a spike (S) protein, an envelope (E)
protein, a membrane (M) glycoprotein and a nucleocapsid (N) protein. The S protein, which
is a class I fusion protein, mediates viral attachment to the host cell membrane through the
functional receptor, human angiotensin-converting enzyme 2 (hACE2) [15]. Transgenic mice
expressing hACE2 under the control of the cytokeratin 18 promoter (K18-hACE2) have been
developed to study the pathogenesis of SARS-CoV-2 infection in animal models [16,17]. K18-
hACE2 mice intranasally infected with SARS-CoV-2 exhibit alterations in the brain [17,18].
This spread to the brain induces the expression of several proinflammatory cytokines and
chemokines [19,20]. However, the neurotropism of VOCs remains largely unclear [17,20].

To better understand the pathogenesis of different SARS-CoV-2 variants in the brain,
we intranasally infected K18-hACE mice with major SARS-CoV-2 variants and conducted a
whole-transcriptome analysis of the brain tissues.

2. Materials and Methods
2.1. In Vivo Animal Experiments

K18-hACE2 mice (2B6. Cg-Tg (K18-ACE2)2Prlmn/J) were purchased from the Jackson
Laboratory. The Institutional Animal Care and Use Committee of Georgia State University
approved all experiments (approval protocol number: A24003). K18-hACE2 mice were
intranasally infected with phosphate-buffered saline (mock) or 104 plaque-forming units
(PFU) of B.1 (Wuhan; BEI# NR-52281), B.1.1.7 (Alpha; BEI# NR-54000), B.1.351 (Beta; BEI#
NR-54008), B.1.617.2 (Delta; Northwestern Reference Laboratory, Clinical Isolate #2333067)
and B.1.1.529 (Omicron; BEI# NR-56461) [3]. On day 6 post-infection, mice (n = 4 per group)
were anesthetized with isoflurane and perfused with 1× PBS, with brain samples being
obtained and flash-frozen with 2-methylbutane (Sigma, St. Louis, MO, USA) for subsequent
analysis [3]. An equal number of male and female mice were used for each group.

2.2. Reverse Transcription-Polymerase Chain Reaction (RT-PCR)

Brain samples (n = 4 per group) from the mock- and SARS-CoV-2-infected animals
were homogenized in RLT buffer (Thermo Fisher Scientific, Waltham, MA, USA). Total
RNA was extracted using the Qiagen RNeasy Mini Kit (Qiagen, Germantown, MD, USA),
following the manufacturer’s protocol. RNA quality and concentration were determined by
measuring the A260/280 and A260/230 absorbance ratios using the NanoDrop spectropho-
tometer (Thermo Fisher Scientific). Subsequently, 1000 ng of RNA was reverse transcribed
into cDNA using the Bio-Rad iScript cDNA Synthesis Kit (Catalogue #1708891, Hercules,
CA, USA). PCR was performed with 2 µL of the resulting cDNA diluted in RNase-free
water. Gene expression levels were determined using the SsoAdvanced Universal SYBR
Green Supermix (Catalogue #1725271; Bio-Rad, USA). Gene expression was normalized to
that of glyceraldehyde 3-phosphate dehydrogenase, and the fold change was calculated.
Viral genome copies were determined using the SsoAdvanced Universal Probes Supermix
(Catalogue #1725284; Bio-Rad) and SARS-CoV-2 N primers from Integrated DNA Technolo-



Viruses 2025, 17, 329 3 of 13

gies (Catalogue #10006713, Coralville, IA, USA). The primer sequences used for RT-qPCR
are listed in Table 1 [3].

Table 1. Primer sequences used for RT-qPCR.

Gene (Accession No.) Primer Sequence (5′–3′)

IRF7 (NM_016850.3) Forward: CCCCAGGATCATTTCTGGCA
Reverse: AGGGTTCCTCGTAAACACGG

CXC10 (NM_021274) Forward: GGTCTGAGTCCTCGCTCAAG
Reverse: GTCGCACCTCCACATAGCTT

IL-6 (NM_000600) Forward: CCAGGAGCCCAGCTATGAAC
Reverse: CCCAGGGAGAAGGCAACTG

2.3. Transcriptome Profiling Analysis

Brain samples (n = 4 per group) from the mock- and SARS-CoV-2-infected ani-
mals were used for transcriptome profiling analyses of the differentially expressed genes
(DEGs) [21,22]. The RNA integrity number (RIN) > 7.0 on the 2100 Bioanalyzer (Agilent
Technologies, Inc., Santa Clara, CA, USA) indicated the integrity of the total RNA. A library
was constructed using the TruSeq Stranded mRNA Sample Preparation Guide and TruSeq
Stranded mRNA LT Sample Prep Kit. Finally, transcriptome profiling was performed using
the Illumina platform.

The Phred quality score in each cycle determined the quality of the generated data.
Adapter sequences and bases with scores <3 were eliminated using the Trimmomatic
program [23,24]. Reads shorter than 36 bp were removed to create trimmed data. UCSC
mm10 was used as the reference genome to map the cDNA fragments acquired from RNA
sequencing. Using StringTie, the known genes and transcripts were used to construct a
reference genome model. The read count and normalized value of fragments per kilobase
of transcript per million mapped reads (FPKM) were used to determine the gene expression
in each sample. A differential expression analysis was performed using the Limma Voom
package in Galaxy Portal [25,26]. The false discovery rate was determined using the
Benjamini–Hochberg correction method with q-value < 0.05. Fold-change > 2 indicated
upregulated DEGs, whereas fold-change <0.5 indicated downregulated DEGs. Additionally,
the “cluster profiler” and “KEGGREST” packages were used for gene enrichment analyses
and “heatmaps”, “ggplot2”, and “ggcorrpolt” were used to visualize the results.

2.4. Immune Cell Infiltration and Protein–Protein Interaction (PPI) Analysis

An Immune Cell Abundance Identifier (ImmuCellAI) uses a gene expression dataset
to determine the proportions of 24 immune cells [27,28], including 18 T cell subtypes and
six other immune cell types. The extent of immune cell infiltration was determined by
calculating the differences in the abundances of infiltrating immune cells between brain
samples infected with different variants and mock-infected controls using the ImmuCellAI
tool. R packages “ggplot2” and “ggcorrpolt” were utilized to generate boxplots and
dot plots [29]. In addition, a PPI network was constructed using the Cytoscape 3.10.3
software [30]. Clusters and hub genes were identified using the MCODE and CytoHubba
plug-ins, respectively [31,32].

2.5. Statistical Analyses

Statistical analyses were conducted using GraphPad Prism version 10 software. Statis-
tical significance was set at * p < 0.05, ** p < 0.01, and *** p < 0.001.
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3. Results and Discussion
3.1. Brain Viral Load After Infection with VOCs

The viral load in the infected brains was assessed in all infection groups (Figure 1A).
The results demonstrated the presence of SARS-CoV-2 RNA in the brain tissue at day 6
post-infection across all tested groups. Notably, viral RNA levels in Omicron-infected
brains were lower compared to mice infected with other VOCs despite identical inoculum
dosage. Viral RNA levels in Alpha-infected brains were comparable to Wuhan-infected
brains. Compared to Wuhan-infected lungs, a significantly higher viral load was detected
in Beta- and Delta-infected brains.
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Figure 1. Viral load and DEGs analysis in the brain. (A) Viral load in the brain was determined via
RT-PCR. Statistical significance was determined by one-way ANOVA, followed by a Dunn’s test
(* p < 0.05; ** p < 0.01; *** p < 0.001. Bar represents the mean ± SEM (n = 3 per group). (B) Heatmap of
the top 50 DEGs with the smallest p values at day 6 post-infection for individual samples (n = 4 per
group). The color represents the level of expression based on the raw Z-score: the redder the color is,
the greater the gene expression, while the blueness of the color is related to lower gene expression.

3.2. Dynamics of VOCs Pathogenesis in the Brain Determined via Hierarchical Clustering

Each library contained over 40 million raw and clean reads. The GC content was
46.59–52.45%, with the base percentages of Q20 > 97.51% and Q30 > 92.97%. Therefore,
sequencing data were suitable for subsequent analyses (Supplementary Tables S1–S5). We
performed hierarchical clustering to understand the dynamics of SARS-CoV-2 variants
in the brain. Among the top 50 genes, several are known to be important for the patho-
genesis of the SARS-CoV-2 infection (Figure 1B). For example, upregulated genes, such
as CCL5, CXCL10, CCL2 and IFIT3, play an important role in the inflammatory response
against SARS-CoV-2 infection [33,34]. Also, significant changes were observed in genes like
Lipocalin 2 (LCN2), Serpin Family A Member 3 (SERPINA3), Heat Shock Protein Family A
Member 8 (HSPA8), Neurogranin (NRGN) and Peroxiredoxin 5 (PRDX5). These genes are
important for oxidative stress and neurological dysregulation in the brain [35–38]. In addi-
tion, metallothionein 1 (MT1) and metallothionein 2 (MT2) exhibited significantly higher
expression in the infected brains. Overall, this upregulation suggests a robust inflammatory
and oxidative stress response to SARS-CoV-2 infection in the brain [39,40].
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3.3. DEGs and Pathway Enrichment Analyses Revealed Variant-Specific Responses in the Brain

DEG analysis results are shown in Figure 2A–E in which each point on the graph
represents a specific gene or transcript. Red points indicate the significantly upregulated
genes, blue points indicate the significantly downregulated genes, and black points indicate
the genes with non-significant differences.
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In the Wuhan-infected animals, 655 DEGs, comprising 534 upregulated and 121 down-
regulated genes, were observed (Figure 2A). Analysis of the Alpha-infected revealed
715 DEGs, with 705 upregulated and 10 downregulated genes (Figure 2B). The highest
gene modulation was observed in the Beta-infected animals, with 1335 DEGs, includ-
ing 1106 upregulated and 229 downregulated genes (Figure 2C). A total of 1036 DEGs
were differentially expressed between the Delta-infected brains, with 962 upregulated and
74 downregulated genes (Figure 2D). Finally, total of 645 DEGs were found in the Omicron-
infected brain, 630 of which were upregulated and 15 were downregulated (Figure 2E).
Upregulated genes in all the infected groups were primarily related to the interferon and
inflammatory response pathways, such as IRF7, TAP1, IGTP, CXCL10, CCL5 and SAA3.
Tables 2 and 3 show the top ten upregulated and downregulated genes across different
variants, respectively.

GO enrichment was performed to further understand the functional roles of the DEGs.
The results for the top 30 significant pathways (p < 0.05) are presented in Supplementary
Figure S1. In summary, the trends between variants were similar, with the enrichment of
some notable pathways, such as positive regulation of protein phosphorylation, regulation
of cellular catabolic processes, positive regulation of cell death, negative regulation of
cell population proliferation, positive regulation of apoptotic processes, regulation of the
MAPK cascade, cellular response to cytokine stimuli, inflammatory response, regulation of
cytokine production and innate immune response.
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Table 2. Top 10 upregulated genes across different SARS-CoV-2 variants.

Wuhan Alpha Beta Delta Omicron

CXCL10 CXCL10 CXCL10 CXCL10 CXCL10
LCN2 LCN2 LCN2 CCL5 CCL5
CCL2 CCL5 CCL5 LCN2 LCN2
CCL5 CCL2 SAA3 CHIL3 CCL2
SAA3 SAA3 CCL2 CCL2 ISG15
ISG15 ISG15 ISG15 SAA3 SAA33
CHIL3 CHIL3 CHIL3 ISG15 PLAC8
GBP2 GBP2 GBP2 CCL4 CCL4
IFIT3 RSAD2 IRF7 PLAC8 GBP2
IRF7 CCL12 PLAC8 CXCL9 CHIL3

Table 3. Top 10 downregulated genes across different SARS-CoV-2 variants.

Wuhan Alpha Beta Delta Omicron

DDN GPR34 NPTXR HCRT GPR17
3110035E14RIK GKN3 NEUROD6 NPTXR UGT8A

KCNF1 FCRLS UGT8A GPR34 MYOC
TBR1 UGT8A 3110035E14RIK KCNG1 GPR34

KCNG1 TRIB22 ADRA1D FCRLs GKN3
STX1A MDGA1 GPR17 GKN3 PADI2

HPCAL4 NDST4 GPR34 MYOC CHORDC1
NPTXR TMEFF1 RGS4 BTBD17 TMEM229A
KCNV1 SLC30A10 MYL4 GPR17 TRIB2
RGS4 SLC2A5 KCNG1 MIR124A-1HG ELOVL6

A Kyoto Encyclopedia of Genes and Genomes enrichment analysis was performed
to analyze the differences among the variants (Figure 3). Consistent with the GO results,
KEGG enrichment revealed that 103 different pathways were enriched for each variant, with
many being common across the variants. These included downregulated pathways, such
as gonadotropin-releasing hormone secretion, GABAergic synapse and the tricarboxylic
acid cycle pathways, as well as upregulated pathways, such as the JAK-STAT signaling,
cytokine and chemokine responses, HIF-1a, toll-like receptor signaling, the NOD-like
receptor signaling, RIG-I-like receptor signaling, TNF signaling, apoptosis and cellular
senescence pathways.

To understand the similarities among the enriched pathways and determine the
different genes related to the enriched pathways, a heatmap of the leading genes involved in
cytokine–receptor interactions, TNF, JAK-STAT, cellular senescence, and toll-like receptors,
is shown in Figure 4. Although the expression patterns of the genes related to different
pathways were similar, some unique differences were observed. The Beta variant potently
upregulated genes to a higher degree compared to the other variants. All variants induced
cytokine and chemokine responses, but some notable differences were observed. For
instance, compared to the Delta and Beta variants, Wuhan induced a lower cytokine
response. These observations are consistent with previous reports that showed the Delta
and Beta variants lead to increased organ lesions and disease pathology [41]. Also, the study
results showed that different variants of SARS-CoV-2 could induce cellular senescence.
Infection with different variants upregulated genes like cyclin-dependent kinase inhibitor
1A (CDKN1A) and cyclin-dependent kinase inhibitor 2B (CDKN2B), which play a role in
cellular senescence [42,43]. Similarly, SARS-CoV-2 infection also induced the expression
of genes like growth arrest and DNA damage-inducible beta (GADD45B), growth arrest
and DNA damage-inducible gamma (GADD45G) and RELA, which play a key role in
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cellular stress, DNA damage response and keeping the senescence-associated secretory
phenotype [44–46].
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3.4. Impacts of VOCs on Immune Cell Infiltration Dynamics

In this study, ImmuCellAI algorithm was used to estimate immune infiltration in
the brain across different variants. Significant differences in immune cell infiltration were
observed between the infected and control groups. As shown in Figure 5A,B, similar trends
in immune cell infiltration were observed for different variants. Fractions of CD8+ T cells,
dendritic cells and macrophages were increased in all variant-infected groups compared
to those in the control group. Conversely, fractions of CD4+ T cells, B cell subtypes and
eosinophils were decreased in all variant-infected groups. It is known that alterations in
different subsets of immune cells can affect the severity of COVID-19 disease [47,48]. For
instance, CD4+ and CD8+ T cell counts are inversely correlated with patient survival [49,50].
Among all the changes in different immune cell subsets, an increase in CD8+ T cell fraction
was significant for all variants and a decrease in B cell fraction was significant for all
variants. Furthermore, significant changes were observed in the NK cell fractions for
Wuhan-, Alpha-, Delta- and Omicron-infected brains. Infection with the Omicron variant
decreased, whereas the other variants increased the neutrophil fraction. Additionally, all
variants except the Wuhan and the Beta variant decreased the number of M2 macrophages.
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3.5. Elucidation of the Shared and Unique Molecular Signatures of VOCs via a DEGs
Network Analysis

A comparison of DEGs revealed that 416 genes were shared among all variants
(Figure 6A). Unique gene expression patterns specific to each variant were also observed.
Genes that exhibited variant-specific alterations included 93 genes in the Wuhan variant,
nine genes in the Alpha variant, 430 genes in the Beta variant, 102 genes in the Delta variant,
and 15 genes in the Omicron variant (Figure 6A). Next, shared genes were subjected to
network analyses and visualized using Cytoscape (Figure 6B). As shown in Figure 6B, three
distinct clusters were identified using the MCODE plugin. Figure 6C shows the top 10 hub
genes identified using the MCC algorithm and CytoHubba plugin. These genes were the
interferon regulatory factor (IRF)-7, STAT1, IFIT2, IRGM1, IFIT1, GBP3, GBP2, IFIT3, USP18
and IRGM2. A CytoHubba plugin was also used to highlight the top 10 ranked hub genes
for each variant (Figure 6D–H). We linked the most important genes for each variant to
different pathways. For instance, GTP-binding genes like GBP-2 and -3 are correlated
to heightened immune responses and severe outcomes related to different variants [51].
Furthermore, different variants share genes related to the interferon response. However,
most genes were shared among the different variants, and hub genes were uniformly
present in some variants.
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3.6. Experimental Validation via RT-qPCR

To validate the RNA-seq results, we selected three DEGs from different pathways and
performed RT-qPCR to analyze their average expression levels. Figure 7 shows that the
expression patterns of IRF7, IL-6, and CXCL10. RT-qPCR results were consistent with the
RNA-seq findings, confirming the reliability of the RNA-seq results.
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fold change in each gene was first normalized to the GAPDH gene, and a fold change in infected
mice brains was calculated in comparison to corresponding control mice brains. A fold change is
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4. Conclusions
This study provides, for the first time, an extensive transcriptome analysis of K18-

hACE2 mice brains post-infection with major SARS-CoV-2 variants. Our results showed
significant changes in immune-related pathways, such as toll-like receptor signaling, cy-
tokine and chemokine receptor signaling, cellular senescence and apoptotic pathways.
Interestingly, the Omicron variant had less immune activation than the pre-Omicron vari-
ants. This aligns with the epidemiological data, which indicates that the Omicron variant
results in attenuated disease in humans. Additionally, there were significant increases
in the number of CD8+ T cells, macrophages and dendritic cells in the brain, while the
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number of CD4+ T cells and B cell subtypes decreased across all variants. Importantly,
DEGs and pathway analyses showed that infection with VOCs induced both similar and
unique molecular fingerprints in the brain. Also, gene expression patterns unique to each
variant showed patterns of gene expression that were shared between variants with key
hub genes such as IRF7, STAT1 and GBP2.

It is important to note that K18-hACE2 mice develop severe encephalitis upon SARS-
CoV-2 infection, which is not commonly observed in humans. However, this mouse model
is commonly used to study the pathogenesis of SARS-CoV-2 infection and to test the efficacy
of anti-viral compounds and vaccines. In conclusion, this study is, to our knowledge, the
first to examine transcriptome alterations in the K18-hACE2 mouse brain after infection
with several major SARS-CoV-2 variants of concern.
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