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Abstract 

The human genome contains approximately 3,200 near full-length autonomous 

human endogenous retroviral (HERV) loci capable of transcriptional activation 

through long terminal repeats. In our previous study, we developed the Window- 

based HERV Alignment (WHA) method to detect locus-specific HERV transcription 

from single-cell RNA sequencing (scRNA-seq) data. Using WHA, we previously iden-

tified patterns of autonomous HERV loci expression in monocytes from 12 patients 

with post-acute sequelae of COVID-19 (PASC). In the current study, we extended 

the analysis to peripheral blood mononuclear cells (PBMCs) from the same 12 PASC 

patients. In contrast to monocytes, no consistent HERV locus transcription patterns 

were found across B, T, natural killer, or dendritic cells. Subsequent analysis showed 

that the majority of expressed HERV loci were detected in CD14 + monocytes rather 

than CD16 + monocytes. Four HERV loci were identified in CD14 + monocytes and 

were absent in CD16 + , B, T, natural killer, and dendritic cells. One of the four, the 

HERV locus at Chr3:46,046,256–46,054,342 was also detected in bronchial lavage 

cells from COVID-infected individuals but not in normal lung or tuberculosis lung tis-

sues. The HERV locus Chr3:46,046,256–46,054,342 is located within an intron of the 

host gene xCR1. xCR1 expression, a marker of mature dendritic cells, was detected 

in CD14 + PBMCs from 11 of 12 PASC patients. These findings suggest the presence 

of an atypical myeloid population in PASC and may inform future strategies to evalu-

ate persistent immune dysfunction.

1.  Introduction

Severe acute respiratory system (SARS) is now recognized as a multi-organ dis-
ease with a broad spectrum of short and long-term clinical manifestations [1–3]. 

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0349350&domain=pdf&date_stamp=2026-05-19
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Post-acute sequelae of COVID-19 (PASC), which affects approximately 10% of the 
patients, are characterized by persistent symptoms or delayed or long-term compli-
cations beyond 4 weeks from the onset of symptoms and can persist for up to two 
years in some individuals [1–3]. Although the mechanism(s) for the generation of 
PASC remain unknown, there is growing recognition of the ability of viral infections, 
including COVID-19, influenza, and Dengue virus, as well as bacterial infections 
(such as sepsis) to induce innate immune memory consisting of epigenetic modifi-
cation of myeloid precursors that have the capacity for self-renewal and expansion 
following primary viral infection [4–10]. The development of effective detection meth-
ods for PASC will be needed to clarify whether these modified myeloid precursors 
and the subsequent mature immune cells play a role in the post clinical manifesta-
tion of SARS.

The human genome contains approximately 3,200 near full-length autonomous 
human endogenous retroviral (HERV) loci containing long terminal repeats capable 
of promoting RNA transcription [11–13]. In previous studies, we showed that the tran-
scription of certain autonomous HERV loci in human monocytes varied in response 
to changes in the intracellular environment, resulting in individual-specific patterns 
of HERV expression [14,15]. To do this, we developed a method, Window-based 
HERV Alignment (WHA), that analyzes aligned HERV sequences using sequential, 
non-overlapping windows of defined nucleotide lengths and sequence depth [15]. We 
applied this method to scRNA-seq datasets from hospitalized COVID-19 patients, as 
well as from patients with influenza, dengue virus, or sepsis, and found distinct,  
individual-specific HERV expression patterns in monocytes [14]. We also used 
WHA to analyze 12 samples from patients with PASC collected 8 months after 
acute COVID-19. In contrast to the hospitalized acute COIVD-19 patients and those 
patients with influenza, dengue virus, or sepsis, WHA analysis of peripheral blood 
mononuclear cells (PBMCs) from the 12 PASC patients identified several shared 
patterns of HERV loci transcription in monocytes, with significantly greater numbers 
of extended HERV transcripts and increased sequence depth compared with mono-
cytes from a panel of 30 healthy control PBMCs [14].

Circulating immune cells in the peripheral blood of PASC patients are known to 
exhibit chronic immune dysfunction [16–18]. Yin et al., who developed the 12 patient 
PASC scRNA-seq dataset used in our analyses, reported dysregulated T cells and an 
uncoordinated adaptive immune response in these patients [19]. In the current study, 
using WHA, we found that B, T, natural killer, and dendritic cell populations within 
PBMCs from these 12 PASC patients each exhibited distinct HERV loci compared 
with normal controls. However, these immune cell types did not show consistent 
HERV locus transcription patterns across patients, in contrast to monocytes. We 
identified HERV loci selectively detected in CD14 + monocytes but not in CD16 + cells 
or other PBMC populations. One HERV locus, detected in 11 of 12 PASC monocyte 
samples, was located within an intron of the host gene xCR1. Cells expressing both 
CD14, a marker of monocytes/macrophages, and xCR1, a marker of conventional 
dendritic cell (cDC), may represent an atypical circulating myeloid state that could 
contribute to persistent immune dysfunction in patients with PASC [20].
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2.  Methods

2.1.  Datasets used in this study

In this study, we used publicly available scRNA-seq datasets from 1) 6 healthy individuals from Amrute et al. [21], 2) 2 
healthy individuals from Derbois et al. [22], 3) 10 healthy individuals from Chen et al. [23], 4) 3 healthy individuals from 
Thompson et al. [24], 5) 4 healthy individuals from Lee et al. [25], 6) 5 healthy individuals from Yu et al. [26], 7) 3 healthy 
individuals from Liao et al. [27], and 8) lung tissue samples from 12 non-COVID-19 controls from Rooij et al [28].

For patients’ data, we obtained publicly available scRNA-seq datasets from 1) 12 PASC patients who consistently met 
the case definition for long COVID symptoms for at least 8 months following COVID-19 infection from Yin et al. [2,3,19], 
2) lung tissue samples from 6 tuberculosis (TB) patients from Wang et al. [29], 3) 9 Bronchoalveolar lavage fluid (BAL) 
COVID-19 patients from Liao et al [27].

We used anonymized publicly available scRNA-seq datasets from NCBI repository. Any information on the individuals 
can be found in the primary publications. No new datasets were generated in our study.

2.2.  scRNA-seq analysis

Single-cell RNA-seq datasets of peripheral blood mononuclear cells (PBMCs) were obtained from the NCBI SRA or GEO 
repositories, in either FASTQ or BAM format depending on data availability. When only BAM files were accessible, they 
were converted to FASTQ format using the 10x Genomics Cell Ranger software (v7.1.0) with the bamtofastq (v 1.4.1) 
(https://www.10xgenomics.com/support/software/cell-ranger/latest/analysis/inputs/cr-inputs-overview).

The resulting FASTQ files were processed using Cell Ranger count with default parameters and aligned to the GRCh38 
human reference genome. Output files, including gene expression matrix, barcodes, and feature annotations, were 
imported into Seurat for downstream analysis.

Cell-type identification was performed using the Azimuth reference datasets for human PBMC and Human Lung 
v2 (https://satijalab.org/azimuth/) [30,31] to classify CD14+ and CD16+ monocytes and monocyte derived mac-
rophages. The Azimuth-based workflow was used for reference-guided annotation rather than de novo cell-type 
discovery. Mapping quality was evaluated by summarizing the proportion of cells assigned to cell-type labels and 
the distribution of mapping confidence scores (mapping.score), which were used to assess annotation consistency 
across samples (S1 Table).

To extract sequence reads corresponding to each cell type, barcodes associated with annotated populations were used to 
filter BAM files with SAMtools (v 0.1.19). The resulting BAM files were converted to FASTQ format using bedtools (v 2.26.0).

2.3.  Autonomous HERV expression analysis

The processed fastq files were subjected to Window-based HERV Alignment (WHA) analysis. For each sample, duplicate 
runs were generated and aligned against a reference set of 3,220 autonomous HERV loci using BWA (v 0.7.13) with a 
minimum percent match threshold of > 99%.

HERV loci with read depths below 3 or fewer than 9 usable windows were defined as negative, whereas loci with a 
read depth of at least 3 and 9 or more usable windows were considered positive HERV loci.

HERV profiles from patient and healthy control samples were compared to identify loci present in patient samples but 
absent in controls. During this filtering process, loci showing any detectable signal in control samples were excluded, 
ensuring that retained loci were not detected in healthy individuals but detected in at least one patient sample.

Differences in HERV loci detection across groups were visualized as heatmaps using R [32]. To compare HERV loci 
detected across monocyte subsets, we generated an UpSet plot in R to visualize shared and unique HERV loci between 
CD14+ and CD16 + monocyte populations.

https://www.10xgenomics.com/support/software/cell-ranger/latest/analysis/inputs/cr-inputs-overview
https://satijalab.org/azimuth/
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2.4.  Host Gene expression analysis

To further characterize host genes located within or near the HERV loci, we reprocessed the FASTQ files used in the 
WHA analysis. In this step, all reads were realigned to each corresponding gene reference sequence. For each group, 
we recorded the sequence depth and the number of good or usable windows for each gene. Statistical significance was 
assessed using one-way ANOVA followed by Tukey’s HSD test (P < 0.05) for each gene.

3.  Results

In a previous study, we described the Window-based HERV Alignment (WHA) method, in which sequence reads from 
scRNA-seq data are aligned to 3,200 autonomous HERV loci using non-overlapping windows of defined nucleotide 
lengths [14,15] (Supplementary Methods, S1 Fig). Usable windows were defined as those with a read depth of 3 or 
greater and at least 9 good/usable windows per locus, corresponding to extended (i.e., longer) HERV transcript expres-
sion. In contrast, HERV loci designated as negative (8 or fewer windows) did not meet the required sequence read depth 
or number of good/usable windows as determined by WHA.

In quiescent, normal cells, only a subset of autonomous HERV loci is transcriptionally active, whereas most remain 
silenced [33–35]. To establish a reference baseline, we generated a control dataset consisting of scRNA-seq data from 
30 healthy individuals across multiple studies. HERV loci showing any detectable signal in control samples were excluded 
from further analysis [14,15].

We then analyzed PBMCs from 12 PASC patients using WHA and compared them with PBMCs from 30 healthy con-
trols to identify HERV loci detected in patient samples but not in controls. To prioritize the most consistent loci, each HERV 
locus was scored based on the number of patient samples in which it was detected, and the top 10 loci with the highest 
frequencies were selected for visualization (Fig 1; S2 Table).

The top 10 HERV loci with the highest frequency of detection across 12 PASC patients and 30 healthy controls are 
shown. Panels (A–F) show results for B cells, CD4+ T cells, CD8+ T cells, NK cells, dendritic cells, and monocytes, respec-
tively. Blue squares represent detected HERV loci (≥ 9 usable windows and read depth ≥ 3), while white squares indicate 
HERV loci not detected. Ranking was based on the number of PASC samples in which each locus was detected, with the 
most frequently detected loci displayed at the top. Healthy controls are shown as a single merged column for visualization 
clarity; however, control samples were analyzed at the individual-donor level, and loci showing any detectable signal in 
any healthy donor were excluded from prioritization. This figure provides a descriptive summary of locus-level detection 
patterns and is not intended for inferential statistical comparisons. The underlying matrices used to derive the top 10 loci 
for each cell type are provided in S2 Table (A-F).

Common HERV loci patterns within the majority of the 12 PASC patients were detected within monocytes of the 12 
PASC patients [14]. We next analyzed HERV loci expression in B, T, natural killer (NK), and dendritic cells using the 
same scRNA-seq datasets from 12 PASC patients and 30 normal controls. In contrast to monocytes, no HERV loci were 
detected across all 12 PASC patients in these other immune cell types. One HERV locus was detected in B cells in 11 of 
12 PASC patients, whereas 6 loci were detected in monocytes in 11 of 12 patients.

To further delineate the monocyte population, we next analyzed CD14+ and CD16+ subsets to determine which popula-
tion contributes to the observed HERV loci (Fig 2, S3 Table).

The distribution of positive HERV loci across CD14⁺ and CD16 ⁺ monocyte populations from PASC samples (n = 12) is 
shown in an UpSet plot. The PASC-associated locus Chr3:46,046,256–46,054,342 (red line) was detected in CD14 ⁺ mono-
cytes, with no positive HERV loci detected in CD16 ⁺ cells. S3 Table provides the values used to generate this UpSet plot.

Overall, most HERV loci were detected in CD14 + monocytes within PBMCs from PASC patients (Fig 2, 
S3 Table). Four HERV loci were detected only in CD14 + monocytes and not in B, T, natural killer, or den-
dritic cells: Chr1:178,141,216−178,143,059, Chr3:46,046,256−46,054,342, Chr6:111,130,927−111,141,848, and 
Chr12:88,173,234−88,183,818 (S4 Table).
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Proinflammatory and monocyte-derived macrophages are increased in the lungs during severe COVID-19 infections 
[36]. We next assessed the HERV locus expression in lung-associated datasets including healthy controls, BAL from 
COVID-19 patients, and TB lung tissue (Fig 3, S5 Table).

The presence (“+”) or absence (“–”) of HERV loci is shown across samples from 11 tuberculosis (TB) patients,  
9 bronchoalveolar lavage (BAL) samples from COVID-19 patients, and 15 healthy controls. The HERV locus 
Chr3:46,046,256–46,054,342 was detected in BAL samples from COVID-19 patients but was not detected in TB and 
healthy control datasets. Blue squares indicate detected HERV loci (≥ 9 usable windows and read depth ≥ 3). The pres-
ence/absence data used to generate this heatmap are provided in S5 Table.

We found that the HERV loci, Chr1:178,141,216−178,143,059, Chr12:88,173,234−88,183,818, 
and Chr6:111,130,927−111,141,848 were detected in normal lung tissue. In contrast, the HERV locus 
Chr3:46,046,256−46,054,342 was not detected in normal lung tissue or in lung tissue from 12 patients with tuberculosis 
(TB) (Fig 3, S5 Table). Importantly, the HERV locus Chr3:46,046,256−46,054,342 was detected in 5 of 10 BAL samples, 
specifically within monocyte derived macrophage populations. Within the BAL dataset, samples C143, C145, C148, C149, 
and C152 (all classified as severe COVID-19) were positive for this locus, whereas none of the mild BAL cases (C141, 

Fig 1.  Top 10 shared HERV loci across cell types in PASC patients‌‌ versus healthy controls. 

https://doi.org/10.1371/journal.pone.0349350.g001
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C142, C144) were HERV positive (S5 Table). The overall patterns of HERV loci in the BAL datasets were more heteroge-
neous, with a greater diversity of detected loci across samples.

To further substantiate these findings, we analyzed the expression of the host gene xCR1associated with the HERV locus 
Chr3:46,046,256−46,054,342 in PBMC samples from PASC patients and lung tissue, BAL, and TB datasets (Fig 4, S6 Table).

Bar plots showing the number of usable windows and sequence depth for xCR1 across tissue-matched groups. PBMC 
datasets include healthy controls and PASC patients, while lung datasets include tuberculosis (TB) samples and bron-
choalveolar lavage (BAL) samples stratified into HERV-negative and HERV-positive subsets. Within each tissue type, 
both window counts and read depths were significantly higher in PASC compared to healthy PBMC controls and in BAL 
HERV-positive samples compared to lung controls (ANOVA with Tukey’s HSD). No significant differences were observed 
in TB or BAL HERV-negative groups within lung datasets. These results suggest an association between HERV activity 
and xCR1 expression in COVID-19–related samples. Significance levels are indicated as ***P < 0.001. The numerical 
window and depth values used for this analysis are provided in S6 Table.

Both the average window numbers and sequence depths for xCR1 were significantly higher in PASC and 
BAL HERV-positive samples compared with controls (P < 0.001, ANOVA with Tukey’s HSD). In contrast, TB and 
BAL HERV-negative samples showed no significant differences from controls (NS), indicating that elevated 
xCR1 expression was associated with COVID-19–related HERV positivity. However, analysis of the HERV locus 
Chr3:46,046,256−46,054,342 across B, T, NK, and dendritic cell populations from PASC PBMCs showed no detect-
able signal in these cell types (S2 Table). Together, these results indicate that expression at the HERV locus 
Chr3:46,046,256−46,054,342 is associated with increased xCR1 expression in CD14 + cells from both BAL samples of 
COVID-19-infected patients and circulating PBMCs from PASC patients.

4.  Discussion

In this study, we used WHA analysis of scRNA-seq data from 12 individuals with PASC to determine the expression 
patterns of autonomous HERV loci. Our results show that the pattern of HERV loci transcription in the 12 PASC patients 
was shared within the majority of peripheral monocytes, but not in B, T, NK, or dendritic cells. The circulating monocytes 
exhibited unique features of co-expression of CD14 and xCR1, which is atypical for healthy circulating myeloid cells and 
may reflect an altered immune state in patients with PASC.

Fig 2.  Detection of the HERV locus Chr3:46,046,256–46,054,342 in monocyte subsets. 

https://doi.org/10.1371/journal.pone.0349350.g002
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These findings extend our previous work, in which WHA analysis of PBMC scRNA-seq datasets from 12 PASC patients 
identified HERV loci expression in monocytes [14]. In the current study, we further show that these patterns are unique to 
monocytes and are not found in B, T, NK, or dendritic cells from the same PASC patients. Further analysis of the circu-
lating myeloid cells in the PASC patients revealed the unexpected finding that transcriptional activity at the HERV locus 
Chr3:46,046,256–46,054,342 was detected in CD14 + monocytes in 11 of 12 PASC patients. This HERV locus is located 
within the first intron of the host gene xCR1, a defining marker of the conventional dendritic cell 1 (cDC1) subset [20]. We 
did not detect activity at the HERV locus Chr3:46,046,256−46,054,342 or elevated xCR1 expression in dendritic cells from 
PASC patients, although we did observe other HERV loci in dendritic cells compared with controls, consistent with previ-
ous reports describing persistent dendritic-cell dysregulation for up to 7 months following COVID-19 infection [37].

The positive HERV locus Chr3:46,046,256–46,054,342 was detected in BAL samples, which are known to contain 
monocyte-derived macrophages from patients with severe COVID-19. Importantly, the expression of the positive HERV 
locus Chr3:46,046,256−46,054,342 was found mainly in BAL from severe COVID-19-infected patients. Consistent with 
this result, a previous genome-wide association study (GWAS) identified the 3p21.31 gene cluster, which contains the 
HERV-xCR1 locus, as a genetic susceptibility region for severe COVID-19 [38]. Thus, cells expressing both CD14, a 

Fig 3.  Distribution of positive HERV loci within TB, BAL, and control datasets. 

https://doi.org/10.1371/journal.pone.0349350.g003
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marker of monocytes/macrophages, and xCR1, a marker of conventional dendritic cells, represent an atypical circulat-
ing myeloid state in PASC patients. We acknowledge that a limitation of our analysis is that we examined only a single 
PASC dataset. As previously discussed, the selection criteria for these 12 PASC patients may have been biased toward 
individuals with unresolved symptoms [2,3,14,19]. Thus, the observation that all 12 patients exhibited similar HERV locus 
detection patterns may, in part, reflect this selection bias. Further studies are needed to determine whether HERV locus 
Chr3:46,046,256−46,054,342 is detectable in independent PASC cohorts with similar clinical characteristics.

5.  Conclusion

A key observation from our analysis of the 12 PASC patients was that HERV loci were consistently detected in circulating 
monocytes from PASC patients compared with those observed in other immune cell types. It is known that circulating 
monocytes have a limited half-life, likely due to their migration into tissues [39]. Thus, it is unlikely that monocytes from the 
acute COVID infection phase would persist in the circulation of PASC patients 8 months after the primary infection. Pre-
vious studies have demonstrated that COVID-19 infection can generate myeloid precursor populations with self-renewal 
capacity, providing a potential source of long-lived progenitors capable of sustaining these transcriptional patterns [10,40]. 

Fig 4.  Comparison of xCR1 window counts and sequence depth between sample groups. 

https://doi.org/10.1371/journal.pone.0349350.g004
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The presence of CD14 + cells with xCR1 + expression in the circulation of the 12 PASC patients is consistent with the 
possibility that these cells arose from expanded myeloid progenitors that had been altered as a result of COVID-19 infec-
tion [10,40]. An additional feature of these progenitor populations may include epigenetic remodeling within the myeloid 
precursor compartment [10]. In our previous study, we identified in all 12 PASC patients a HERV located in an intron of the 
Janus kinase and microtubule interacting protein 2 (JAKMIP2) gene. Similar to xCR1, both the HERV and JAKMIP2 tran-
script showed increased expression relative to healthy controls [14]. Together, these findings support that these atypical 
myeloid cells with expression at the HERV locus Chr3:46,046,256–46,054,342 and xCR1 may arise from epigenetically 
modified myeloid precursors generated during COVID-19 infection [40–43].

Supporting information

S1 Fig. Overview of scRNA-seq processing and WHA-based HERV transcription analysis workflow. Publicly 
available scRNA-seq datasets were downloaded from GEO or SRA, converted to FASTQ when required, and aligned to 
the GRCh38 reference genome using Cell Ranger. Cell-type annotation was performed using Azimuth reference datasets 
(PBMC and Lung), followed by barcode-based extraction of reads from defined immune cell subsets. Filtered FASTQ files 
were analyzed using Window-based HERV Alignment (WHA) with 3,220 autonomous HERV loci as references. HERV loci 
were defined as transcriptionally positive when sequence depth ≥3 and ≥9 usable windows were detected and were used 
for downstream analyses.
(TIF)

S1 Table. Azimuth annotation performance metrics for all analyzed samples, including cell counts, assignment 
rates, and mapping confidence scores. 
(XLSX)

S2 Table. (A-F) Summary of positive HERV loci across all samples for six cell types (B, CD4 ⁺ , CD8 ⁺ , NK, DC, and 
CD14 ⁺ monocytes). Each column represents an individual sample, and each row corresponds to a HERV locus; the right-
most “+” counts were used to identify the top 10 loci shown in Fig 1.
(XLSX)

S3 Table. Presence (“+”) or absence (“–”) of HERV loci across CD14⁺ and CD16 ⁺ monocyte subsets in PASC 
samples. Rows represent HERV loci, and columns represent individual samples. Detection was defined as ≥9 usable 
windows and read depth ≥3.
(XLSX)

S4 Table. Number of PASC patients with detected HERV loci across PBMC cell types, including monocytes 
(CD14 ⁺ , CD16⁺) and lymphoid populations (B, CD4 ⁺ T, CD8 ⁺ T, NK, and dendritic cells). Values indicate the number 
of patients (out of 12 PASC individuals) with detectable signals for each locus in each cell type.
(XLSX)

S5 Table. Presence (“+”) or absence (“–”) of HERV loci across macrophage samples from non-COVID controls, 
tuberculosis (TB), and COVID-19 bronchoalveolar lavage (BAL) datasets. Rows represent HERV loci, and columns 
represent individual samples. Detection was defined as ≥9 usable windows and read depth ≥3.
(XLSX)

S6 Table. Window counts and sequence depth for XCR1 across PBMC and lung macrophage samples. Values are 
shown for individual samples, with averages provided for each group. The presence (“+”) or absence (“–”) of the HERV 
locus Chr3:46,046,256–46,054,342 is indicated. Detection was defined as ≥9 usable windows and read depth ≥3.
(XLSX)
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S7 File. Supplementary methods. Detailed supplementary methods used in this study.
(PDF)

Acknowledgments

We thank the UAB Information Technology Research Computing group for providing the high-performance computing 
support necessary for bioinformatics analyses. We also thank Heersink School of Medicine for supporting this study.

Author contributions

Conceptualization: Casey D. Morrow.

Data curation: Hyunmin Koo.

Formal analysis: Hyunmin Koo.

Supervision: Casey D. Morrow.

Writing – original draft: Hyunmin Koo, Casey D. Morrow.

Writing – review & editing: Hyunmin Koo, Casey D. Morrow.

References
	 1.	 Nalbandian A, Sehgal K, Gupta A, Madhavan MV, McGroder C, Stevens JS, et al. Post-acute COVID-19 syndrome. Nature Medicine. 

2021;27(4):601–15. 

	 2.	 Peluso MJ, Kelly JD, Lu S, Goldberg SA, Davidson MC, Mathur S, et al. Persistence, Magnitude, and Patterns of Postacute Symptoms and 
Quality of Life Following Onset of SARS-CoV-2 Infection: Cohort Description and Approaches for Measurement. Open Forum Infect Dis. 
2021;9(2):ofab640. https://doi.org/10.1093/ofid/ofab640 PMID: 35106317 

	 3.	 Peluso MJ, Deitchman AN, Torres L, Iyer NS, Munter SE, Nixon CC, et al. Long-term SARS-CoV-2-specific immune and inflammatory responses 
in individuals recovering from COVID-19 with and without post-acute symptoms. Cell Rep. 2021;36(6):109518. https://doi.org/10.1016/j.cel-
rep.2021.109518 PMID: 34358460 

	 4.	 Debisarun PA, Gössling KL, Bulut O, Kilic G, Zoodsma M, Liu Z, et al. Induction of trained immunity by influenza vaccination - impact on COVID-
19. PLoS Pathog. 2021;17(10):e1009928. https://doi.org/10.1371/journal.ppat.1009928 PMID: 34695164 

	 5.	 Lercher A, Cheong J-G, Bale MJ, Jiang C, Hoffmann H-H, Ashbrook AW, et al. Antiviral innate immune memory in alveolar macrophages fol-
lowing SARS-CoV-2 infection ameliorates secondary influenza A virus disease. Immunity. 2024;57(11):2530-2546.e13. https://doi.org/10.1016/j.
immuni.2024.08.018 PMID: 39353439 

	 6.	 Gu J, Liu Q, Zhang J, Xu S. COVID-19 and trained immunity: the inflammatory burden of long covid. Front Immunol. 2023;14:1294959. https://doi.
org/10.3389/fimmu.2023.1294959 PMID: 38090572 

	 7.	 Netea MG, Ziogas A, Benn CS, Giamarellos-Bourboulis EJ, Joosten LAB, Arditi M, et al. The role of trained immunity in COVID-19: Lessons for the 
next pandemic. Cell Host Microbe. 2023;31(6):890–901. https://doi.org/10.1016/j.chom.2023.05.004 PMID: 37321172 

	 8.	 Boes M, Falter-Braun P. Long-COVID-19: the persisting imprint of SARS-CoV-2 infections on the innate immune system. Signal Transduct Target 
Ther. 2023;8(1):460. https://doi.org/10.1038/s41392-023-01717-9 PMID: 38097574 

	 9.	 Nasiri K, Mohammadzadehsaliani S, Kheradjoo H, Shabestari AM, Eshaghizadeh P, Pakmehr A, et al. Spotlight on the impact of viral infections on 
Hematopoietic Stem Cells (HSCs) with a focus on COVID-19 effects. Cell Commun Signal. 2023;21(1):103. https://doi.org/10.1186/s12964-023-
01122-3 PMID: 37158893 

	10.	 Cheong J-G, Ravishankar A, Sharma S, Parkhurst CN, Grassmann SA, Wingert CK, et al. Epigenetic memory of coronavirus infection in innate 
immune cells and their progenitors. Cell. 2023;186(18):3882-3902.e24. https://doi.org/10.1016/j.cell.2023.07.019 PMID: 37597510 

	11.	 Lander ES, Linton LM, Birren B, Nusbaum C, Zody MC, Baldwin J, et al. Erratum: Initial sequencing and analysis of the human genome: interna-
tional human genome sequencing consortium. Nat. 2001;412(6846):565–6. 

	12.	 Cohen CJ, Lock WM, Mager DL. Endogenous retroviral LTRs as promoters for human genes: a critical assessment. Gene. 2009;448(2):105–14. 
https://doi.org/10.1016/j.gene.2009.06.020 PMID: 19577618 

	13.	 Vargiu L, Rodriguez-Tomé P, Sperber GO, Cadeddu M, Grandi N, Blikstad V, et al. Classification and characterization of human endogenous retro-
viruses; mosaic forms are common. Retrovirology. 2016;13:7. https://doi.org/10.1186/s12977-015-0232-y PMID: 26800882 

	14.	 Koo H, Morrow CD. Amplification of select autonomous HERV loci and surrounding host gene transcription in monocytes from patients with post-
acute sequelae of COVID-19. Front Immunol. 2025;16:1621657. https://doi.org/10.3389/fimmu.2025.1621657 PMID: 40642078 

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0349350.s008
https://doi.org/10.1093/ofid/ofab640
http://www.ncbi.nlm.nih.gov/pubmed/35106317
https://doi.org/10.1016/j.celrep.2021.109518
https://doi.org/10.1016/j.celrep.2021.109518
http://www.ncbi.nlm.nih.gov/pubmed/34358460
https://doi.org/10.1371/journal.ppat.1009928
http://www.ncbi.nlm.nih.gov/pubmed/34695164
https://doi.org/10.1016/j.immuni.2024.08.018
https://doi.org/10.1016/j.immuni.2024.08.018
http://www.ncbi.nlm.nih.gov/pubmed/39353439
https://doi.org/10.3389/fimmu.2023.1294959
https://doi.org/10.3389/fimmu.2023.1294959
http://www.ncbi.nlm.nih.gov/pubmed/38090572
https://doi.org/10.1016/j.chom.2023.05.004
http://www.ncbi.nlm.nih.gov/pubmed/37321172
https://doi.org/10.1038/s41392-023-01717-9
http://www.ncbi.nlm.nih.gov/pubmed/38097574
https://doi.org/10.1186/s12964-023-01122-3
https://doi.org/10.1186/s12964-023-01122-3
http://www.ncbi.nlm.nih.gov/pubmed/37158893
https://doi.org/10.1016/j.cell.2023.07.019
http://www.ncbi.nlm.nih.gov/pubmed/37597510
https://doi.org/10.1016/j.gene.2009.06.020
http://www.ncbi.nlm.nih.gov/pubmed/19577618
https://doi.org/10.1186/s12977-015-0232-y
http://www.ncbi.nlm.nih.gov/pubmed/26800882
https://doi.org/10.3389/fimmu.2025.1621657
http://www.ncbi.nlm.nih.gov/pubmed/40642078


PLOS One | https://doi.org/10.1371/journal.pone.0349350  May 19, 2026 11 / 12

	15.	 Koo H, Morrow CD. Shared and unique patterns of autonomous human endogenous retrovirus loci transcriptomes in CD14 + monocytes from 
individuals with physical trauma or infection with COVID-19. Retrovirology. 2024;21(1):17. https://doi.org/10.1186/s12977-024-00652-z PMID: 
39497142 

	16.	 Phetsouphanh C, Darley DR, Wilson DB, Howe A, Munier CML, Patel SK, et al. Immunological dysfunction persists for 8 months following initial 
mild-to-moderate SARS-CoV-2 infection. Nat Immunol. 2022;23(2):210–6. https://doi.org/10.1038/s41590-021-01113-x PMID: 35027728 

	17.	 Phetsouphanh C, Jacka B, Ballouz S, Jackson KJL, Wilson DB, Manandhar B, et al. Improvement of immune dysregulation in individuals with 
long COVID at 24-months following SARS-CoV-2 infection. Nat Commun. 2024;15(1):3315. https://doi.org/10.1038/s41467-024-47720-8 PMID: 
38632311 

	18.	 Mohandas S, Jagannathan P, Henrich TJ, Sherif ZA, Bime C, Quinlan E, et al. Immune mechanisms underlying COVID-19 pathology and post-
acute sequelae of SARS-CoV-2 infection (PASC). Elife. 2023;12:e86014. https://doi.org/10.7554/eLife.86014 PMID: 37233729 

	19.	 Yin K, Peluso MJ, Luo X, Thomas R, Shin M-G, Neidleman J, et al. Long COVID manifests with T cell dysregulation, inflammation and an unco-
ordinated adaptive immune response to SARS-CoV-2. Nat Immunol. 2024;25(2):218–25. https://doi.org/10.1038/s41590-023-01724-6 PMID: 
38212464 

	20.	 Heger L, Hatscher L, Liang C, Lehmann CHK, Amon L, Lühr JJ, et al. XCR1 expression distinguishes human conventional dendritic cell type 
1 with full effector functions from their immediate precursors. Proc Natl Acad Sci U S A. 2023;120(33):e2300343120. https://doi.org/10.1073/
pnas.2300343120 PMID: 37566635 

	21.	 Amrute JM, Perry AM, Anand G, Cruchaga C, Hock KG, Farnsworth CW, et al. Cell specific peripheral immune responses predict survival in critical 
COVID-19 patients. Nat Commun. 2022;13(1):882. https://doi.org/10.1038/s41467-022-28505-3 PMID: 35169146 

	22.	 Derbois C, Palomares M-A, Deleuze J-F, Cabannes E, Bonnet E. Single cell transcriptome sequencing of stimulated and frozen human peripheral 
blood mononuclear cells. Sci Data. 2023;10(1):433. https://doi.org/10.1038/s41597-023-02348-z PMID: 37414801 

	23.	 Chen T, Delano MJ, Chen K, Sperry JL, Namas RA, Lamparello AJ, et al. A road map from single-cell transcriptome to patient classification for the 
immune response to trauma. JCI Insight. 2021;6(2):e145108. https://doi.org/10.1172/jci.insight.145108 PMID: 33320841 

	24.	 Thompson EA, Cascino K, Ordonez AA, Zhou W, Vaghasia A, Hamacher-Brady A, et al. Metabolic programs define dysfunctional immune 
responses in severe COVID-19 patients. Cell Rep. 2021;34(11):108863. https://doi.org/10.1016/j.celrep.2021.108863 PMID: 33691089 

	25.	 Lee JS, Park S, Jeong HW, Ahn JY, Choi SJ, Lee H, et al. Immunophenotyping of COVID-19 and influenza highlights the role of type I interferons 
in development of severe COVID-19. Sci Immunol. 2020;5(49):eabd1554. https://doi.org/10.1126/sciimmunol.abd1554 PMID: 32651212 

	26.	 Yu C, Littleton S, Giroux NS, Mathew R, Ding S, Kalnitsky J, et al. Mucosal-associated invariant T cell responses differ by sex in COVID-19. Med, 
2021;2(6):755–72.e5.

	27.	 Liao M, Liu Y, Yuan J, Wen Y, Xu G, Zhao J, et al. Single-cell landscape of bronchoalveolar immune cells in patients with COVID-19. Nat Med. 
2020;26(6):842–4. https://doi.org/10.1038/s41591-020-0901-9 PMID: 32398875 

	28.	 de Rooij LPMH, Becker LM, Teuwen L-A, Boeckx B, Jansen S, Feys S, et al. The pulmonary vasculature in lethal COVID-19 and idiopathic pulmo-
nary fibrosis at single-cell resolution. Cardiovasc Res. 2023;119(2):520–35. https://doi.org/10.1093/cvr/cvac139 PMID: 35998078 

	29.	 Wang L, Ma H, Wen Z, Niu L, Chen X, Liu H, et al. Single-cell RNA-sequencing reveals heterogeneity and intercellular crosstalk in human tubercu-
losis lung. J Infect. 2023;87(5):373–84. https://doi.org/10.1016/j.jinf.2023.09.004 PMID: 37690670 

	30.	 Satija R, Farrell JA, Gennert D, Schier AF, Regev A. Spatial reconstruction of single-cell gene expression data. Nat Biotechnol. 2015;33(5):495–
502. https://doi.org/10.1038/nbt.3192 PMID: 25867923 

	31.	 Hao Y, Hao S, Andersen-Nissen E, Mauck WM 3rd, Zheng S, Butler A, et al. Integrated analysis of multimodal single-cell data. Cell. 
2021;184(13):3573-3587.e29. https://doi.org/10.1016/j.cell.2021.04.048 PMID: 34062119 

	32.	 Team RC. R: A language and environment for statistical computing. Vienna, Austria. 2016. 

	33.	 Tokuyama M, Kong Y, Song E, Jayewickreme T, Kang I, Iwasaki A. ERVmap analysis reveals genome-wide transcription of human endogenous 
retroviruses. Proc Natl Acad Sci U S A. 2018;115(50):12565–72. https://doi.org/10.1073/pnas.1814589115 PMID: 30455304 

	34.	 Chuong EB, Elde NC, Feschotte C. Regulatory evolution of innate immunity through co-option of endogenous retroviruses. Science. 
2016;351(6277):1083–7. https://doi.org/10.1126/science.aad5497 PMID: 26941318 

	35.	 Geis FK, Goff SP. Silencing and Transcriptional Regulation of Endogenous Retroviruses: An Overview. Viruses. 2020;12(8):884. https://doi.
org/10.3390/v12080884 PMID: 32823517 

	36.	 Merad M, Martin JC. Pathological inflammation in patients with COVID-19: a key role for monocytes and macrophages. Nat Rev Immunol. 
2020;20(6):355–62. https://doi.org/10.1038/s41577-020-0331-4 PMID: 32376901 

	37.	 Pérez-Gómez A, Vitallé J, Gasca-Capote C, Gutierrez-Valencia A, Trujillo-Rodriguez M, Serna-Gallego A, et al. Dendritic cell deficiencies persist 
seven months after SARS-CoV-2 infection. Cell Mol Immunol. 2021;18(9):2128–39. https://doi.org/10.1038/s41423-021-00728-2 PMID: 34290398 

	38.	 Severe Covid-19 GWAS Group, Ellinghaus D, Degenhardt F, Bujanda L, Buti M, Albillos A, et al. Genomewide Association Study of Severe Covid-
19 with Respiratory Failure. N Engl J Med. 2020;383(16):1522–34. https://doi.org/10.1056/NEJMoa2020283 PMID: 32558485 

	39.	 Yang J, Zhang L, Yu C, Yang X-F, Wang H. Monocyte and macrophage differentiation: circulation inflammatory monocyte as biomarker for inflam-
matory diseases. Biomark Res. 2014;2(1):1. https://doi.org/10.1186/2050-7771-2-1 PMID: 24398220 

https://doi.org/10.1186/s12977-024-00652-z
http://www.ncbi.nlm.nih.gov/pubmed/39497142
https://doi.org/10.1038/s41590-021-01113-x
http://www.ncbi.nlm.nih.gov/pubmed/35027728
https://doi.org/10.1038/s41467-024-47720-8
http://www.ncbi.nlm.nih.gov/pubmed/38632311
https://doi.org/10.7554/eLife.86014
http://www.ncbi.nlm.nih.gov/pubmed/37233729
https://doi.org/10.1038/s41590-023-01724-6
http://www.ncbi.nlm.nih.gov/pubmed/38212464
https://doi.org/10.1073/pnas.2300343120
https://doi.org/10.1073/pnas.2300343120
http://www.ncbi.nlm.nih.gov/pubmed/37566635
https://doi.org/10.1038/s41467-022-28505-3
http://www.ncbi.nlm.nih.gov/pubmed/35169146
https://doi.org/10.1038/s41597-023-02348-z
http://www.ncbi.nlm.nih.gov/pubmed/37414801
https://doi.org/10.1172/jci.insight.145108
http://www.ncbi.nlm.nih.gov/pubmed/33320841
https://doi.org/10.1016/j.celrep.2021.108863
http://www.ncbi.nlm.nih.gov/pubmed/33691089
https://doi.org/10.1126/sciimmunol.abd1554
http://www.ncbi.nlm.nih.gov/pubmed/32651212
https://doi.org/10.1038/s41591-020-0901-9
http://www.ncbi.nlm.nih.gov/pubmed/32398875
https://doi.org/10.1093/cvr/cvac139
http://www.ncbi.nlm.nih.gov/pubmed/35998078
https://doi.org/10.1016/j.jinf.2023.09.004
http://www.ncbi.nlm.nih.gov/pubmed/37690670
https://doi.org/10.1038/nbt.3192
http://www.ncbi.nlm.nih.gov/pubmed/25867923
https://doi.org/10.1016/j.cell.2021.04.048
http://www.ncbi.nlm.nih.gov/pubmed/34062119
https://doi.org/10.1073/pnas.1814589115
http://www.ncbi.nlm.nih.gov/pubmed/30455304
https://doi.org/10.1126/science.aad5497
http://www.ncbi.nlm.nih.gov/pubmed/26941318
https://doi.org/10.3390/v12080884
https://doi.org/10.3390/v12080884
http://www.ncbi.nlm.nih.gov/pubmed/32823517
https://doi.org/10.1038/s41577-020-0331-4
http://www.ncbi.nlm.nih.gov/pubmed/32376901
https://doi.org/10.1038/s41423-021-00728-2
http://www.ncbi.nlm.nih.gov/pubmed/34290398
https://doi.org/10.1056/NEJMoa2020283
http://www.ncbi.nlm.nih.gov/pubmed/32558485
https://doi.org/10.1186/2050-7771-2-1
http://www.ncbi.nlm.nih.gov/pubmed/24398220


PLOS One | https://doi.org/10.1371/journal.pone.0349350  May 19, 2026 12 / 12

	40.	 Files JK, Boppana S, Perez MD, Sarkar S, Lowman KE, Qin K, et al. Sustained cellular immune dysregulation in individuals recovering from SARS-
CoV-2 infection. J Clin Invest. 2021;131(1):e140491. https://doi.org/10.1172/JCI140491 PMID: 33119547 

	41.	 Abdulhasan M, Ruden X, Rappolee B, Dutta S, Gurdziel K, Ruden DM, et al. Stress Decreases Host Viral Resistance and Increases Covid Sus-
ceptibility in Embryonic Stem Cells. Stem Cell Rev Rep. 2021;17(6):2164–77. https://doi.org/10.1007/s12015-021-10188-w PMID: 34155611 

	42.	 Xu H, Lin S, Zhou Z, Li D, Zhang X, Yu M, et al. New genetic and epigenetic insights into the chemokine system: the latest discoveries aiding pro-
gression toward precision medicine. Cell Mol Immunol. 2023;20(7):739–76. https://doi.org/10.1038/s41423-023-01032-x PMID: 37198402 

	43.	 Bernardo AS, Jouneau A, Marks H, Kensche P, Kobolak J, Freude K, et al. Mammalian embryo comparison identifies novel pluripotency genes 
associated with the naïve or primed state. Biol Open. 2018;7(8):bio033282. https://doi.org/10.1242/bio.033282 PMID: 30026265

https://doi.org/10.1172/JCI140491
http://www.ncbi.nlm.nih.gov/pubmed/33119547
https://doi.org/10.1007/s12015-021-10188-w
http://www.ncbi.nlm.nih.gov/pubmed/34155611
https://doi.org/10.1038/s41423-023-01032-x
http://www.ncbi.nlm.nih.gov/pubmed/37198402
https://doi.org/10.1242/bio.033282
http://www.ncbi.nlm.nih.gov/pubmed/30026265

	Shared autonomous HERV loci transcription identifies a unique circulating CD14+-xCR1+ mononuclear cell phenotype in a patient group with post-acute sequelae of COVID-19
	1. Introduction
	2. Methods
	2.1. Datasets used in this study
	2.2. scRNA-seq analysis
	2.3. Autonomous HERV expression analysis
	2.4. Host Gene expression analysis

	3. Results
	4. Discussion
	5. Conclusion
	Supporting information
	References


