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A single-cell RNA sequencing 
dataset of peripheral blood cells 
in long COVID patients on herbal 
therapy
Karolina Hanna Prazanowska   1,2,3, Tae-Hun Kim4, Jung Won Kang5, Young-Hee Jin6 ✉, 
Sunoh Kwon   7 ✉ & Su Bin Lim   1,2,3 ✉

Following the coronavirus disease 2019 (COVID-19) pandemic, the rise of long COVID, characterized by 
persistent respiratory and cognitive dysfunctions, has become a significant health concern. This leads 
to an increased role of complementary and alternative medicine in addressing this condition. However, 
our comprehension of the effectiveness and safety of herbal medicines for long COVID remains limited. 
Here, we present a single-cell RNA sequencing (scRNA-seq) dataset of peripheral whole blood cells 
derived from participants in a clinical study involving three commercially available herbal medicines, 
targeting fatigue and brain fog in long COVID. The dataset comprises 181,205 quality control (QC)-
passed cells, along with clinical metadata, enabling a comparative analysis of immune cell populations 
before and after treatment. To ensure the technical validity of our dataset, we implemented rigorous 
quality checks throughout stages of the study, including sample preparation, sequencing, and 
bioinformatic data analysis levels. This transcriptomic data may serve as a resource to deepen our 
insights into the role of herbal medicines in management of long COVID.

Background & Summary
Since the beginning of the coronavirus disease 2019 (COVID-19) pandemic, great efforts have been put by the 
scientific field into developing efficient treatment methods against the disease. Despite a substantial increase in 
vaccination rates, the prevalence of new COVID-19 cases remains significant1. Additionally, a new lingering 
concern is the emergence of long COVID, defined as a condition comprising persistent multisystemic symptoms 
after the clearance of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection2. Long COVID 
is characterized by a wide spectrum of symptoms that manifest across several organs, including dyspnea, lung 
inflammation, brain fog, and cognitive impairment due to prolonged damage of the central nervous system3. 
As the symptoms of long COVID are diverse, establishing effective treatment strategies is challenging. Several 
sources provide evidence suggesting efficacy of complementary herbal medications in managing both COVID-
19 and long COVID3–7. Such interventions have shown favorable effects on sputum production, faster remission 
from fever and coughing, and shorter duration of hospital stay. However, the underlying mechanism of action of 
such herbal medications remains unclear.

Analyzing immune cells in human blood has provided great insights into the coordinated response to viral 
infections such as SARS-CoV-28,9. Several techniques, such as flow cytometry, mass cytometry, immunohis-
tochemistry, microarray analyzes, and single-cell RNA sequencing (scRNA-seq) are commonly used to study 
immune cell populations in COVID-198,10–14. Among these techniques, scRNA-seq offers several advantages, 
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enabling high resolution profiling of transcriptomes from thousands of individual cells, identification of rare 
cell types, and characterization of cell dynamics15,16. Thus, a single-cell-level dataset inquiring the heterogeneity 
of immune cell populations would help understand the contribution of medicinal plants in patients’ clinical out-
comes and support evidence for their use in long COVID. Up until now, numerous scRNA-seq datasets studying 
immune responses in COVID-19 and long COVID have been published8,14,17,18. However, a dataset exploring the 
activity of herbal medicines on immune-related gene expressions in long COVID patients is still absent.

Here, we introduce a dataset of peripheral blood samples, containing a total of 181,205 cells, collected from 
18 participants involved in clinical trials using herbal medicine to manage long COVID symptoms (Fig. 1). 

Fig. 1  Workflow of the study. Data from 16 participants who were allocated into herbal medicine treatment 
groups were obtained during the participation of a clinical trial. Intervention used in this clinical trial included 
treatments with commercially available herbal medications for 12 weeks. Blood samples were taken for scRNA-seq,  
and CIS score was measured to monitor the outcome of the treatment. Peripheral whole blood cells were 
extracted from the collected blood specimens by RBC lysis. After cell viability assessment, the samples were 
labelled and grouped for a multiplexed sequencing analysis. Library preparation and data pre-processing was 
conducted according to BD Rhapsody protocol. For downstream bioinformatic analysis, R Seurat package was 
utilized to perform additional QC, cluster, and annotate the cells.
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Blood samples from the 2 healthy volunteers and 16 participants in a clinical trial including 11 with fatigue 
symptoms and 5 with brain fog symptoms were included in this data set. Over 37 weeks, the patients followed 
a schedule of clinical evaluation, involving symptom evaluations, drug administration, and blood collection. 
We processed the samples to remove red blood cells, labeled them according to BD Rhapsody system, and 
utilized them for a multiplexed sequencing analysis. We performed scRNA-seq with an Illumina platform 
and pre-processed the obtained reads following the BD Rhapsody WTA analysis pipeline. For validation, we 
generated extensive quality control reports on sequencing, library, and reads quality. Finally, we employed the 
R Seurat package to characterize present cell populations and visually assess the data quality. Our transcrip-
tomic dataset may serve as a valuable foundation for future studies on the effects of herbal medicines on long 
COVID.

Methods
Sample collection.  To evaluate the safety and efficacy of commercially available herbal medicines in treating 
long COVID, 45 participants with long COVID symptoms were recruited to the Kyung Hee University Korean 
Medicine Hospital, as approved by the Institutional Review Board of the hospital (IRB approval no. KOMCIRB 
2020-12-002-001). Participants’ inclusion criteria included age between 19 and 65 years old, symptoms of fatigue 
or cognitive dysfunction persisting for more than four weeks post-COVID-19, and a total score of more than 
76 points on the Checklist Individual Strength (CIS) questionnaire. Exclusion criteria included allergies to herbal 
medicines, pregnancy, or other medical conditions causing fatigue or cognitive issues, which may impact the 
study. Research Subject Consent forms were acquired from all human participants who agreed with the collection, 
provision and entrustment of personal information to third parties. The participants consented to the publication 
of the data. After the first visit, the patients were allocated to treatment groups based on their symptoms and were 
prescribed one of three Korean Medicine herbal medications for a time span of 12 weeks (Table 1). Among these 
45 participants, blood samples of the 18 participants were completely collected and passed through the quality 
control (QC) process. Participants with fatigue symptoms received Kyungok-go (KOG, n = 5) or Bojungikgi-tang 
(BIT, n = 6), while brain fog patients received Cheonwangbosim-dan (CBD, n = 5). Additionally, 2 healthy indi-
viduals were recruited as control. The treatment outcome was assessed using a CIS score, in a form of a patient 
self-evaluation questionnaire, instructed by the principal investigator during visits 0, 2, 3, 4, 5, and 6 (Fig. 2). The 
patient’s peripheral blood was collected, 25 mL at visits 0, 4, 5, and 6. Details on the clinical study workflow and 
other measures are described in our published protocols and online at Clinical Research information Service 
(CRIS)19,20 (https://cris.nih.go.kr/cris/search/detailSearch.do?seq=20001&search_page=L).

Sample processing and quality control.  Blood samples from the study participants (n = 16) included in 
this study were obtained at visits 0, before treatment, and 4, after the treatment period was completed and blood 
samples from the normal control were obtained once. Isolation and quality control (QC) of single cells from these 
specimens were applied on the same day as their collection. Peripheral whole blood cells, including lymphocytes, 
myeloid, and dendritic cells are a critical component of both innate and adaptive immune response against viral 
infections21,22. To extract these cell populations, whole blood samples were collected on EDTA tubes and removal 
of red blood cells (RBC) was conducted via lysis. First, 1xRBC lysis buffer was added to the blood specimens in a 
1:3 ratio and mixed by inverting the tube for 10 minutes in room temperature. The samples were centrifuged for 
5 minutes, at 300 g RT and formed supernatant was removed. Next, the samples were resuspended in 0.04% BSA/
PBS and the centrifugation and supernatant removal steps were repeated. If the RBCs were removed successfully 
(no red color visible in the cell pellet), the cell pellets were again resuspended in 0.04% BSA/PBS to obtain 2 × 106 
~1 × 107 cell count level aliquot cell stock. Lastly, cell viability after RBC lysis was assessed via acridine orange 
(AO)/propidium iodide (PI) fluorescent staining and the percentage of living cells in a cell suspension was calcu-
lated using LUNA-FX7 (logos biosystems) automated cell counter (Figure S1).

Library preparation and sequencing.  Library preparation was performed according to BD Rhapsody 
System mRNA whole transcriptome analysis (WTA) and sample tag protocol (https://scomix.bd.com/hc/article_
attachments/13726971116813)23, as this technology enables to monitor cell viability and shows lesser tendency 
to form cell doublets, comparing to other platforms24. Previously prepared cell suspensions were labelled with 
antibody-based sample tags, washed twice, and counted. If unaggregated antibodies were still present in the sam-
ples after the washing step, additional filtering was applied using Sigma Flowmi cell strainers. Clean samples were 
utilized for a multiplexed single-cell capture (5 samples at a time, 30,000 cells per sample). In brief, single cells 
were captured in individual wells using magnetic beads, and lysed to release cellular contents, including mRNA. 
For WTA library generation, the released mRNA was reverse transcribed to cDNA on the Cell Capture Beads. 
The corresponding cDNA was amplified using random priming and extension approach, followed by an index 

Treatment Group Main symptoms Medication type Route of administration No. of patients

KOG Fatigue, Spleen-lung qi 
deficiency pattern Kyungok-go 20 g, 2x a day, before or in between meals 5

BIT Fatigue, Dual deficiency of 
qi and yin pattern Bojungikgi-tang 3.75 g, 2x a day, before or in between meals 6

CBD Brain fog, Heart yin 
deficiency heat pattern Cheonwangbosim-dan 1 capsule, 1x a day, in between meals 5

Control Healthy N.A. N.A. 2

Table 1.  Descriptions on the groups of the blood sample donors.
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PCR step introducing unique molecular identifiers (UMI) to the samples. At the same time, the barcode infor-
mation from Capture Beads was also added to Sample Tags during reverse transcription. To generate the Sample 
Tag sequencing libraries, the extended Sample Tags were first denatured from the Capture Beads, followed by a 
series of PCR steps to amplify them. Processed WTA and sample tag libraries were combined for each sample and 
utilized for sequencing with Illumina HiSeq X Ten sequencing platform, at 151 cycles for both reads (R1 and R2).

Reads pre-processing.  The initial Illumina basecall files (*.bcl) were converted to FASTQ format using 
bcl2fastq2 (v2.20.0) and the obtained read pairs were processed to generate single-cell expression profiles 
according to BD Rhapsody WTA Analysis Pipeline (v1.11) (https://www.bdbiosciences.com/content/dam/bdb/
marketing-documents/resources-pdf-folder/Guide-User-SCM-Bioinformatics-ruo.pdf). Low-quality reads were 
filtered out from the input FASTQ files based on length (R1 < 60 bp, R2 < 40 bp), single nucleotide frequency 
(≥55% for R1 or ≥80% for R2), and mean base quality (<20 for both R1 or R2). Annotation of R1 reads was 
performed by identification of cell labels and UMIs, while R2 reads were aligned to reference human genome 
(GRCh38) using STAR (v2.5.2)25. Annotated reads with the same UMIs were combined and collapsed into raw 
molecules. Any present artefacts were removed based on recursive substitution error correction (RSEC) of UMI. 
To minimize the noise caused by excessive cell labels, putative cells were identified via second derivative analysis. 
Additionally, since the different samples were sequenced in a multiplexed manner, the information on sample 
of origin was retrieved using the BD Rhapsody sample determination algorithm prior to generation of the final 
gene expression matrices. The algorithm matches cells to their respective samples of origin using the sample tags 
introduced previously during library preparation. It identifies high-quality singlets as putative cells with more 
than 75% of sample tag reads derived from a single tag. To minimize the impact of cells with very low signal 
reads on the data, a minimum sample tag read count threshold is set. Only the putative cells which meet the 
threshold are considered successfully labelled with their respective sample tag, while the remaining sample tag 
reads are treated as noise. Since sample tag counts can vary among cells, the noise levels may also be different. 
The algorithm adjusts for the noise by calculating the expected noise level for each cell based on total sample tag 
count. Cells with high counts (>75%) from at least two sample tags and exceeding the expected noise thresholds 
are labeled as multiplets, while cells with very low sample tag counts that did not meet any threshold are noted 
as undetermined. Only the high-quality singlets are included in the generation of the gene expression matrices. 
After demultiplexing, output BAM files were annotated with genomic features, using the GRCh38 genome anno-
tation file. Apart from BAM files, RSEC-corrected molecules and reads per gene per cell matrices were generated. 
Additionally, quality control files were obtained, including sequencing, library, alignment, reads, molecules, sam-
ple tag, and cell-level metrics.

Downstream data analysis.  Using Python (v3.10.12) anndata package (v0.10.5)26,27 the gene expres-
sion matrices of each sample were converted from csv to AnnData objects and merged. In RStudio (v4.1.1)28, 
the AnnData object was converted into a Seurat object via Convert and LoadH5Seurat functions. Next, using 
R Seurat package (v4.1.0)29 a standard workflow for data pre-processing and cell clustering was followed, including 
quality control, normalization, feature selection, data scaling, dimensional reduction by principal component 
analysis (PCA), clustering, Uniform Manifold Approximation and Projection (UMAP) reduction, and visualiza-
tion. Quality control of consisted of filtering the gene-cell matrix such that cell with counts from mitochondrial 
genes below 25 percent and number of features more than 900 were included. After normalization, top 2000 
variable genes were selected (via variance-stabilizing transformation) for further analysis and the number of 
included principal components (PCs) was determined based on JackStraw plots and Elbow plots (n = 20). Cell 
clustering was conducted using FindNeighbors and FindClusters functions, and non-linear dimensional reduc-
tion was managed by RunUMAP function. We classified the identified clusters using positive (avglog2FC > 0) cell 
type-specific markers found via FindAllMarkers function. For visualization of the clinical metadata, we generated 

Fig. 2  CIS scores of the patients from KOG (left), BIT (middle), and CBD (right) treatment groups at respective 
timepoints (CIS < 76 considered normal, CIS ≥ 76 considered considerable fatigue).
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UMAP plots grouped by treatment group, time, and CIS score, as well as bar plots showing differences in cell type 
proportions between the groups.

Data Records
We present a single-cell transcriptomic dataset of immune cell populations from long COVID patients treated 
with herbal medicines. The clinical part of the study was registered in the national clinical trial registry Clinical 
Research Information Service, which is a primary registry of the World Health Organization International 
Clinical Trials Registry Platform (KCT0006252). Our final dataset consists of 181,205 high-quality single cells 
from 18 participants, including patients suffering from fatigue or brain fog symptoms, as well as healthy con-
trols. Figure 1 provides an overview of the clinical, laboratory, and bioinformatical workflow, while information 
about the study groups is shown in Tables 1, 2. Raw sequencing data (fastq files) and matrix of processed counts 
from the final scRNA-seq dataset can be found in NCBI GEO under the accession number GSE265753 (https://
identifiers.org/geo/GSE265753)30. Sample-level RSEC count matrices and collected cell-level metadata (two lev-
els of cell type classification, sample, patient id, treatment, time, CIS score, sequencing set and analysis informa-
tion) are available at Github, in the Releases as “RSEC_MolsPerCell” file, and in the “data” folder as “metadata” 
file, respectively (https://github.com/kprazano/longCOVID.git), as well as at figshare (https://doi.org/10.6084/
m9.figshare.c.7129264)31, under the same names. Additionally, QC and technical metrics files are available in the 
Supplementary Information file (Tables S1–3). Since the multiplexing set-level metrics (Table S2) were collected 
by grouping 5 samples at a time, Set5 contains one sample which was not included in the analysis. Sample-level 
metrics (Table S3) include only the 34 samples included in the study.

Sample Patient
Average % 
MT reads

Average 
nCounts RNA

Average 
nFeatures

Seurat QC-
passed cell #

Treatment 
group

Time 
group

Analysis 
group

Set 
group

CIS 
score

Control_1 Control_1 12.94 10571 2759 4516 Control Control 2nd Set3 Control

Control_2 Control_2 12.14 7246 2363 5114 Control Control 2nd Set4 Control

KHS_001_sc KHS_001 12.96 9287 2588 3200 BIT sc 2nd Set3 116

KHS_001_v4 KHS_001 12.91 8576 2437 3472 BIT v4 2nd Set3 58

KHS_007_sc KHS_007 12.80 8343 2406 2791 BIT sc 2nd Set3 91

KHS_007_v4 KHS_007 12.25 9364 2573 4739 BIT v4 2nd Set3 63

KHS_008_sc KHS_008 13.62 6633 2166 6570 BIT sc 2nd Set4 99

KHS_008_v4 KHS_008 13.65 6538 2110 5393 BIT v4 2nd Set4 64

KHS_022_sc KHS_022 13.63 8191 2414 5239 CBD sc 2nd Set6 76

KHS_022_v4 KHS_022 10.74 8016 2450 5600 CBD v4 2nd Set6 37

KHS_024_sc KHS_024 14.04 6798 2295 5257 KOG sc 1st Set1 85

KHS_024_v4 KHS_024 12.09 8680 2574 6765 KOG v4 1st Set2 49

KHS_026_sc KHS_026 12.37 7020 2220 4518 CBD sc 2nd Set6 116

KHS_026_v4 KHS_026 11.62 8912 2515 4571 CBD v4 2nd Set6 56

KHS_029_sc KHS_029 12.40 7894 2363 2461 CBD sc 2nd Set6 99

KHS_029_v4 KHS_029 12.79 5681 1942 6159 CBD v4 2nd Set7 55

KHS_032_sc KHS_032 11.93 7507 2445 6418 KOG sc 1st Set1 114

KHS_032_v4 KHS_032 10.91 8275 2526 6464 KOG v4 1st Set2 46

KHS_034_sc KHS_034 13.45 8559 2496 4903 BIT sc 2nd Set4 91

KHS_034_v4 KHS_034 13.52 8995 2583 5203 BIT v4 2nd Set4 70

KHS_043_sc KHS_043 13.54 8594 2616 8904 KOG sc 1st Set1 113

KHS_043_v4 KHS_043 13.32 8891 2616 5633 KOG v4 1st Set2 66

KHS_044_sc KHS_044 12.20 6611 2172 5336 BIT sc 2nd Set5 101

KHS_044_v4 KHS_044 12.44 6915 2233 6432 BIT v4 2nd Set5 32

KHS_045_sc KHS_045 11.32 7624 2361 4830 BIT sc 2nd Set5 103

KHS_045_v4 KHS_045 10.51 7388 2383 4135 BIT v4 2nd Set5 33

KHS_046_sc KHS_046 13.82 6645 2189 7670 CBD sc 2nd Set7 113

KHS_046_v4 KHS_046 14.04 5883 1981 4972 CBD v4 2nd Set7 71

KHS_047_sc KHS_047 12.23 6638 2203 5368 CBD sc 2nd Set7 76

KHS_047_v4 KHS_047 12.31 5857 2060 7502 CBD v4 2nd Set7 75

KHS_048_sc KHS_048 13.22 8022 2529 4383 KOG sc 1st Set1 84

KHS_048_v4 KHS_048 12.16 9520 2742 4692 KOG v4 1st Set2 59

KHS_049_sc KHS_049 11.83 7475 2456 6889 KOG sc 1st Set1 110

KHS_049_v4 KHS_049 11.14 8711 2624 5106 KOG v4 1st Set2 55

Table 2.  Naming and basic information on the samples included in the dataset.
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Technical Validation
Laboratory and sequencing-level quality measures.  Effective isolation of single cells from tissue sam-
ples is a critical step of successful scRNA-seq. Using fresh specimens reduces cellular stress and RNA degradation, 
resulting in preservation of cell viability and overall higher sample quality32. Importantly, sample processing in 
our study was conducted immediately after collection and the samples were not frozen at any timepoint, which 
is an advantage of our workflow. We assessed viability of the extracted peripheral whole blood cells prior to 
sequencing by AO/PI staining and calculating the concentration of living cells (Figure S1). For all included sam-
ples, the average cell viability was 81.7% (68.5% - 94.2%) and live cell concentration was 5 × 105/ml or higher, 
indicating optimal quality (Table S1). Therefore, loading 30,000 cells per sample to the multiplexing sets should 
be adequate to capture a sufficient number of high-quality cells in the scRNA-seq.

As the sequencing analysis was completed, we evaluated quality of the obtained reads based on the reports 
from BD Rhapsody pre-processing pipeline. The initial number of input reads ranged from 1.11 billion to 
1.25 billion across different sequencing sets. Quality filtering resulted in an average of 6.88% (5.51% - 7.87%) 
reads being filtered out, suggesting satisfactory quality of majority of the reads. For each set, over 56% of the 
QC-passed reads aligned uniquely to the transcriptome. At the level of individual samples, the average number 
of read pairs per molecule was over 1.8, and an average of 7,000 putative cells were identified (239,382 cells in 
total), indicating sufficient sequencing depth and cell capture ability. To further evaluate the efficiency of the 
putative cell calling step, we generated cell calling graphs showing the results of the second derivative analysis 
(Fig. 3). In each plot, only one distinct inflection point is present, indicating that the cells are well represented by 
molecules from library preparation. Moreover, the drop representing the inflection is visually sharp and can be 
clearly identified for each sequencing set, suggesting successful separation of putative cells from the noise. For 
sample-level cell quality control, we generated knee-plot graphs showing RSEC-corrected counts per barcode 
for the putative cells. High-quality cells are commonly considered to have >500 UMIs per cell33,34. The minimal 
RSEC-corrected UMI count for each sample varies between 463 and 2882 (990 on average), which indicates 
efficient removal of poor-quality cells with low UMI count (Figure S2). Altogether, the above QC measures high-
light the robustness of the sequencing analysis and the technical validity of our data. Further details on sequenc-
ing set- and sample-level quality metrics are presented in the Supplementary Information file (Table S2, S3).

Quality of the final dataset.  Our final dataset comprised samples from each patient before (sc) and after 
(v4) treatment, along with two control samples, 34 samples in total (Table 2). The dataset was processed following 
the standard workflow for scRNA-seq data analysis with R Seurat package29 (https://satijalab.org/seurat/articles/
pbmc3k_tutorial) (Figure S3). The sample tag-based library preparation has been previously shown to lead to 
possible impairment of RNA quality and, subsequently, lower gene detection rate35. To evaluate the quality of 
our final dataset, we implemented several QC metrics, such as percentage of counts from mitochondrial genes, 
number of total counts, and number of features. (Fig. 4a,b, Table 2). The average mitochondrial gene percentage 
combined for all samples in our dataset is 12.57%. Given the variability in filtering criteria for this metric across 
scRNA-seq studies8,14,36, we searched for studies with workflows most similar to ours, specifically those utilizing 
BD Rhapsody for sequencing blood samples in COVID-1937. Based on this information, we filtered out cells 
with ≥25% of mitochondrial read count, potentially representing dying cells. RNA capture performance can be 
assessed by investigating the total number of counts detected per cell35. The number of captured transcripts in 
our samples ranges from 1468 to 68862 (7724 on average), suggesting a sufficient number of RNA molecules was 
captured. Additionally, we excluded cells with a count of unique features less than 900, indicative of potentially 
damaged or low-quality cells. After QC, the final dataset comprised 181,205 high quality cells.

Multiplexed scRNA-seq with BD Rhapsody allows for investigation of multiple samples at a time, while 
minimizing the risk of batch effect and reducing the cost of scRNA-seq assay as comparatively to other methods, 
such as 10X35. Given that our dataset originates from a multiplexed analysis, our next objective was to assess the 
heterogeneity of the data and the efficiency of cell clustering across different multiplexing sets (Fig. 4c–f). High 
Pearson correlation values suggest consistent gene expression patterns across the different sets, indicating good 
reproducibility of measurements among multiplexing sets, with minimal technical variation (Fig. 4c). Plotting 
cells based on PCA reduction also revealed no alarming issues, suggesting presence of three main cell popula-
tions, and a low number of potential outliers (Fig. 4d). In the final UMAP projection, cells from each set exhibit 
a satisfactory distribution among obtained clusters, indicating an efficient clustering process, where cells are 
grouped based on their biological state, without apparent batch effect (Fig. 4e,f). In summary, despite potential 
limitations, the presented state of our final dataset reflects the efficiency of the sample tag-based multiplexed 
sequencing. Additional quality control ensured selection of cells with the best quality, while maintaining a suffi-
cient number of single cells for downstream analyses.

Characterization of cell populations.  Presence of diverse cell types in a scRNA-seq dataset reflects 
satisfactory complexity of the transcriptome libraries and highlights its usefulness for downstream analyses. 
Since long COVID is associated with immune dysregulation17, the data was generated from peripheral blood 
samples, which should include a variety of immune cell populations. To create comprehensive cell type anno-
tations, we applied two resolutions (0.1 and 1.0) during cell clustering. Using the lower resolution we identified 
12 main cell types (Fig. 5a,b, Figure S4a), further divided into 27 subtypes in high-resolution level 2 annota-
tion (Fig. 5c,d, Table 3). The main cell types include T (CD3D+), NK (NCAM1+), proliferating (MKI67+), 
plasma (IGHG1+), B (MS4A1+), classical monocytes (CD14+), non-classical monocytes (FCGR3A+), platelets 
(PF4+), dendritic (DC) (CD1C+), hematopoietic stem and progenitor (HSPC) (CD34+), mixed, and one cluster 
of unassigned cells. The mixed cells show expression of markers associated with both B cells (MS4A7, BANK1, 
CD79B) and myeloid cells (FCN1, S100A8, CD14), while the initially unassigned cells expressed genes suggesting 
a non-specific immune phenotype (ATG7, SLC8A1, FOXO1), possibly associated with autophagy38,39. To exclude 
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the probability of sample contamination, we investigated the expression of RBC, fibroblast, endothelial, and epi-
thelial cell markers, and confirmed that expression of these genes was insignificant in our dataset (Figure S4d,e). 
The unassigned cells, although not clearly characterized, meet our quality control threshold, and might represent 
differentiating or rare cell type. After careful consideration, we decided to retain these cells in our final dataset.

Several sources report persistent activation of T cells in long COVID, leading to their dysregulation and pro-
longed inflammation40,41. Subtyping of T cells, the most abundant cell population in our dataset (80,876 cells), 
revealed 9 clusters, including a variety of naïve, activated, memory, effector, and exhausted T cells. Additionally, 
expression of T and NK cell markers was identified in the proliferating cell cluster, suggesting presence of cycling 

Fig. 3  Cell calling graphs of RSEC-corrected reads per cell showing the results of the second derivative analysis 
for putative cell identification in each sequencing set. The arrow indicates the inflection point.
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T and NK cells. Second most abundant cell type, classical monocytes (43,938 cells), were divided into subtypes 
based on top highly expressed markers specific for each Seurat cluster. This way, TPPP3+, CYP1B1+, IFI+, and 
early (CD14, FCN1, CD163low) classical monocytes were characterized. Moreover, we found a subset of neutro-
phils in our dataset (CXCL8 + AQP9 + G0S2+). Neutrophils, although often underrepresented in scRNA-seq 

Fig. 4  Quality of the scRNA-seq dataset. (a) Violin plots showing the percentage of counts from mitochondrial 
genes and number of unique genes per cell, split by sample. (b) Violin plots showing the percentage of counts 
from mitochondrial genes and number of unique genes per cell, split by sequencing set. (c) Heatmap clustering 
of correlation coefficients across the sequencing sets. (d) PCA plot of the final dataset, colored by sequencing 
sets. (e) Distribution of cells from each sequencing set together in the final UMAP embedding. (f) Distribution 
of cells from each sequencing set separately in the final UMAP embedding.
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datasets due to their short lifespan, are now gaining attention in long COVID studies42,43. Therefore, presence 
of neutrophils in our dataset makes it useful for future analyses. DCs are another cell type playing a key role in 
response against SARS-CoV-2, facilitating activation of other immune cells and producing antiviral cytokines44. 
However, the long-term effects of DC antiviral activity, especially in plasmacytoid DCs (pDC), are not well 
understood45. In our dataset, we identified subsets of pDCs and monocyte derived DCs (moDC) within the 
main DC cluster (3,912 cells). Lastly, we found 3 subtypes of B cells (15,699 cells), including immature, mature 
naïve, and memory B cells. The impact of these B cell states on COVID-19 convalescence is also an active area of 
research46,47. Importantly, clear expression of cell type-specific marker genes in the clusters (Fig. 5b,d) implicates 
a robust gene coverage and capture of transcriptional heterogeneity in our data. Therefore, our cell type classifi-
cation may be a valuable foundation for future studies and deepen our understanding on changes in the immune 
cell population in long COVID. Additionally, we curated cell-level metadata incorporating crucial clinical infor-
mation such as treatment type, time, and CIS score, to facilitate exploration of cell heterogeneity among different 
study groups (Figure S4f–h). Taken together, we provide a comprehensive and reliable scRNA-seq dataset for 
human long COVID.

Usage Notes
We would like to remind the users who wish to analyze the data starting from raw sequencing data (fastq files 
available at GEO under accession number GSE265753)30 that results shown in this paper were generated after 
pre-processing the raw reads using BD Rhapsody WTA Analysis Pipeline (v1.11). The sample multiplex option 
can be selected when starting the analysis pipeline. Apart from adding the multiplexing option, no custom code 
or thresholds different from the default were used. For users interested in accessing sample-level data, we pro-
vide RSEC-corrected molecule count matrices, which can be found in Github (https://github.com/kprazano/
longCOVID.git) and figshare (https://doi.org/10.6084/m9.figshare.c.7129264)31. However, it is important to note 
that these matrices represent adjusted counts rather than raw data. Finally, users can also work with fully pro-
cessed counts from the final scRNA-seq dataset, where all samples have been combined into a single matrix. This 
merged matrix (available as “GSE265753_processed_counts_matrix” file at GEO GSE265753)30 can be directly 
loaded and analyzed with R Seurat package.

While reusing this dataset, researchers should be mindful of the fact that the included controls are derived 
from healthy individuals and not untreated long COVID patients. The users may utilize our dataset alone or 
integrate it with other long COVID or COVID-19 studies, with consideration of batch effect. Nevertheless, we 
believe analyzing time-dependent samples from our dataset would be useful in evaluation of effectiveness of 
herbal medication in long COVID and identification of common factors among the three treatment groups.

Level2 annotation – additional markers

CD4 + Naive T CD3D, CD4, CCR7, LEF1, IL6ST, TCF7, TRABD2A, LRRN3

CD4 + Activated T CD3D, CD4, USP10, IL1B, IL7R, RCAN3, AQP3, TRAC, CAMK4, TCF7

CD4 + Low quality T CD3Dlow, CD4low, CD3E, RORA, IL2RG, LRP1B, COMMD1, high Percent_mt

CD4 + Memory T CD3D, CD4, CD40LG, LTB, GATA3, IL7R, CD69, CD28, KLRB1, FAS

CD8 + Naive T CD3D, CD8A, CD8B, CCR7, LEF1, TRABD2A, TCF7, NELL2, LRRN3

CD8 + Memory T CD3D, CD8A, CD8B, GZMK, GZMA, CCL5, EOMES, KLRB1, CD69

CD8 + Teff CD3D, CD8A, CD8B, GZMA, GZMH, CCL5, CST7, GNLY, ZNF683, TBX21

Exhausted T CD3Dlow, TOX, RORA, STAT4, NFAT5, NFATC3, ZAP70, high Percent_mt

NKT CD3D, CD8A, CD8B, NCAM1, NCR1, TRBC1, GNLY, TRDC

NK KLRF1, NCAM1, NCR1, NCR3, GNLY, PRF1, KLRD1, CX3CR1, NKG7

Proliferating T/NK CD3D, CD3G, KLRD1, MKI67, TOP2A, CENPF, CENPE, STMN1

Autophagic cells ATG7, SLC8A1, FOXO1, DPYD, LRMDA, AOH, SIK3, MYO1F, NOTCH2

Plasma IGKC, JCHAIN, IGHA1, IGHG1, IGHG3, CD38, MKI67, TNFRSF17

Immature B CD79A, CD79B, MS4A1, IL7R, BANK1, FAM129C, TNFRSF13C, CCL4

Mature Naive B CD79A, MS4A1, IGHD, FCER2, BTLA, PAX5, FCRL1, AFF3

Memory B CD79A, MS4A1, IGHM, IGKC, SWAP70, TFRC, TNFRSF13B/C, AIM2, JCHAIN

Mixed B/Myeloid IGHM, MS4A1, CD79A, CD14, FCN1, S100A8, S100A9, LYZ

CD14 + TPPP3 + Mono CD163, CD300E, LYZ, FCN1, CD14, TPPP3, LGALS3, HLA-DRA, HLA-DRB1

CD14 + CYP1B1 + Mono CD163, CD300E, LYZ, FCN1, CD14, CYP1B1, KLF4, S100A8, S100A9, VCAN

CD14 + IFI + Mono CD163, CD300E, LYZ, FCN1, CD14, IFI6, IFITM3, IFIT2, IFI44L, OAS2

CD14 + Early Mono CD163low, CD300Elow, LYZ, FCN1, CD14, RPL3, RPS27

CD16 + Mono CD300E, FCN1, FCGR3A, MS4A7, FCER1G, CDKN1C, TCFL2, CD86

moDC FCER1A, CD1C, HLA-DRA, HLA-DRB1, ITGAX, CLEC10A

pDC CLEC4C, LILRA4, LILRB4, NRP1, IRF4, IRF7, IRF8

Neutrophils G0S2, CXCL8, AQP9, ICAM1, CD55, RETN, IL1Bhigh

Platelets PF4, TUBB1, PPBP, CAVIN2, SPARC, NRGN, MPIG6B

HSPC SOX4, CD34, SPINK2, MYB, GATA2, SMIM24

Table 3.  Additional marker genes used for cluster annotation.
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Code availability
Python script used for data format conversion (csv to Anndata) can be found in Github (https://github.com/
kprazano/longCOVID.git), in the “codes” folder, as “data_formatting.py” file. Our R codes used for Seurat object-
level quality control of the data, cell clustering and annotation, as well as generation of the figures presented 
in this paper (apart from cell calling plots from Figure S2, which were automatically generated during the BD 
Rhapsody WTA pipeline) are available in the same directory as “downstream_analysis_codes.R” file.

Fig. 5  Cell types of the scRNA-seq data set. (a) UMAP plot showing level 1 of cell type annotation. (b) Dot plot 
of gene markers used for level 1 annotation. (c) UMAP plot showing level 2 of cell type annotation. (d) Dot plot 
of gene markers used for level 2 annotation.
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