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Abstract
Background: The immune response to SARS-CoV-2 is critical in both controlling primary infection and
preventing re-infection. However, it remains unclear whether immune responses following natural
infection can be sustained or potentially prove critical for long-term immune protection against SARS-
CoV-2 reinfection. Here, we systematically mapped the phenotypic landscape of SARS-CoV-2-speci�c
immune responses in peripheral blood samples of 4 healthy donors and 13 convalescent patients with
COVID-19, including moderate and severe cases, by single-cell RNA sequencing.

Results: The relative percentage of the CD8+ effector memory subset was increased in both convalescent
moderate and severe cases, but NKT-CD160 and maginal zone B clusters were decreased. Innate immune
responses were attenuated re�ected by decreased expression of genes involved in interferon-gamma,
leukocyte migration and neutrophil mediated immune response in convalescent COVID-19 patients.
Functions of T cell were strengthened in convalescent COVID-19 patients by clear endorsement of
increased expression of genes involved in biological processes of regulation of T cell activation,
differentiation and cell-cell adhesion. In addition, T cell mediated immune responses were enhanced with
remarkable clonal expansions of TCR and increased transition of CD4+ effector memory and CD8+
effector-GNLY in severe subjects. B cell immune responses displayed sophisticated and dual functions
during convalescence of COVID-19, providing a novel mechanism that B cell activation was observed
especially in moderate while humoral immune response was weakened. Interestingly, HLA class I genes
displayed downregulation while HLA class II genes upregulation in both T and B cell subsets in
convalescent individuals. Notably, some unique IGV genes in severe patients may facilitate the design of
vaccines.

Conclusions: Our collective dataset showed that innate immunity was declined but SARS-CoV-2-speci�c T
cell responses were retained even strengthened whereas sophisticated and dual functions of B cells,
including declined humoral immunity were presented at several months following infections, which
provided insights into evaluation of possibility of reinfection of exposed individuals with COVID-19 and
facilitation to design of effective therapeutics and vaccines.

Highlights
Systematically scRNA-seq analysis depicts the immune landscape of convalescent COVID-19
patients

Innate immune responses are attenuated in convalescent severe patients

T cell mediated immune responses are retained even strengthened during COVID-19 convalescence

B cell immune responses display sophisticated and dual functions in convalescent severe patients

Some unique IGV genes in severe patients may assist the design of therapeutics and vaccines

Introduction
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The coronavirus disease 2019 (COVID-19), caused by the severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2) infection, is an ongoing pandemic infectious disease, with more than 225 million
con�rmed infections and more than 4.6 million deaths according to the statistics of World Health
Organization (WHO) until Sep 16th, 2021 (https://covid19.who.int/). At present, there is no effective drugs
and vaccines against SARS-CoV-2, and the excessive in�ammation associated with severe COVID-19 can
lead to respiratory failure, septic shock, and ultimately, death[1, 2]. The total mortality rate of COVID-19 is
0.5%-3.5%, even as high as ~10% in speci�c regions[1, 2]. The majority of COVID-19 patients exhibit mild
to moderate symptoms, up to 15% progress to severe pneumonia and approximately 5% eventually
develop acute respiratory distress syndrome (ARDS) and/or multiple organ failure[3]. Higher fatality rates
have been observed in elderly individuals with comorbidities and those who are immunocompromised[4-
6]. 

The capacity to mount a protective adaptive immune response plays a decisive role if viral propagation
can be suppressed early or if the virus will massively destroy tissues with high angiotensin-converting
enzyme 2 (ACE2) expression, ultimately leading to a severe in�ammatory response with multiple organ
damage, speci�cally in the lungs and the kidneys[7-9]. It will therefore be critical for public health reasons
to determine whether individuals with moderate or severe COVID-19 develop robust immunity
against SARS-CoV-2. Furthermore, there is considerable interest in understanding how immune responses
act to control acute infection and provide protection from reinfection, which provide us a potential
prognostic and diagnostic markers and to design effective therapeutic interventions for COVID-19 severe
patients.

Global efforts are currently underway to map the determinants of immune protection against SARS-CoV-
2. Up to now whether convalescent COVID-19 patients generate protection against SARS-CoV-2
reinfection is not solidly evidenced. Recent research has shown that SARS-CoV-2 infection generates
near-complete protection against rechallenge in rhesus macaques[10]. However, there is very limited
evidence of reinfection of recovered COVID-19 patients[11]. Further work is therefore urgently required to
de�ne the mechanisms that underlie these observations and evaluate the durability of protective immune
responses elicited by primary infection with SARS-CoV-2. Most related studies of immune protection
against COVID-19 have focused on induction of neutralizing antibodies against SARS-CoV-2[12-
15]. Longitudinal studies on humoral immunity in COVID-19 as well as studies in convalescent subjects
indicate that humoral immunity is often short lived and that most SARS-CoV-2 antibodies exhibit limited
somatic hypermutation[13, 16-18]. Multiple studies have demonstrated that the level of neutralizing
antibodies declines over time and may even lead to loss of detectable virus-speci�c antibodies in a
substantial proportion of individuals[19, 20]. In line with antibody, memory B cell responses tend to be
short lived after infection with SARS-CoV-1[21, 22]. In contrast, memory T cell responses can persist for
many years[22-24]. SARS-CoV-2-speci�c T cells have been identi�ed in humans[25, 26]. SARS-CoV-2-
speci�c T cells were even detectable in antibody-seronegative exposed family members and convalescent
individuals with a history of asymptomatic and mild COVID-19, which revealed that SARS-CoV-2 elicits
broadly directed and functionally replete memory T cell responses, suggesting that natural exposure or

https://covid19.who.int/
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infection may prevent recurrent episodes of severe COVID-19[27]. Recent studies identi�ed that functional
SARS-CoV-2-speci�c T-cell responses are retained at about six months following infection[27-29]. 

Single-cell RNA sequencing (scRNA-seq) is powerful tool at dissecting the immune responses under
various conditions at the �nest resolution, and has been applied to COVID-19 studies[30-34]. Zhang et
al. implemented scRNA-seq to obtain an unbiased and comprehensive transcriptome atlas of the
immunological responses in PBMCs from COVID-19 patients, including moderate, severe and
convalescent patients and found that most cell types in COVID-19 patiets showed a strong interferon-
α response and an overall acute in�ammatory response while highly cytotoxic effector T cell subsets
including CD4+ effector-GNLY (granulysin), CD8+ effector-GNLY and NKT CD160 were intensive expanded
in convalescent moderate patients [35]. Cao et al. reported that they rapid and de�cient idenditi�cation of
SARS-CoV-2-neutralizing antibodies achieved by scRNA-seq and VDJ sequening of antigen-binding B
cells from convalescent COVID-19 patients [36]. Our previous study applied scRNA-seq to analyze 284
samples from 196 COVID-19 patients and controls to create a comprehensive immune landscape. We
found that lymphopenia and active T and B cell responses coexist and are shaped by age and sex. More
importantly, SARS-CoV-2 infects diverse epithelial and immune cells, inducing distinct responses.
Furthermore, cytokine storms with systemic calprotectin are associated with COVID-19 severity [37]. 

However, it remains unclear whether natural infections with SARS-CoV-2 generate long-lasting immune
responses and how innate, T and B cell responses changes in a long-term post recovery
and whether potentially prove critical for long-term immune protection against SARS-CoV-2
reinfection. Hubei Province of China was the very �rst �eld hit by SARS-CoV-2. Accordingly, all patients
who experienced the longest phase of convalescence following COVID-19 reside here or neighborhood. To
address this knowledge gap, we characterized SARS-CoV-2-speci�c innate, T and B cells in donors at four
months following primary infection by scRNA-seq. 

  In this study, we systematically performed a scRNA-seq analysis to depict the immune landscape of
convalescent COVID-19 patients. We found innate immune responses are attenuated in convalescent
severe patients. Morerover, T cell mediated immune responses are retained even strengthened during
COVID-19 convalescence while B cell immune responses display sophisticated and dual functions in
convalescent severe patients. There were some unique IGV genes in severe cases which may assist the
design of therapeutics and vaccines.

Results
2.1. Integrated analysis of scRNA-seq data of peripheral immune cells from convalescent patients with
COVID-19.

We collected samples between 3.5 and 4.2 months following �rst symptom onset or between 0 and 3.3
months following closest discharge. The demographics and clinical features of the patients are listed in
Table 1. The laboratory �ndings of enrolled patients are shown in Supplementary Table 1. Thirteen
convalescent patients with COVID-19 were classi�ed into two clinical conditions: convalescent patients
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with moderate COVID-19 (n=5) and convalescent patients with severe COVID-19 (n=8) (Table 1;
Supplementary Table 1). The �ve patients with moderate COVID-19 pro�led were four males and one
female, aged 28 to 39 years, at an average age of 35.4 years. The eight patients with severe COVID-19
pro�led were six males and two females, aged 29 to 53 years, at an average age of 38.9 years.
The healthy donors were four males and one female, aged 27 to 30 years, at an average age of 28.8
years. All healthy donors were also con�rmed without SARS-CoV-2 infection by rRT-PCR. All the patients
were con�rmed between Jan 18th, 2020 and Feb 1st, 2020. Four of thirteen samples were collected from
ventilated COVID-19 patients who were diagnosed with acute respiratory distress syndrome (ARDS;
Supplementary Table 1). No patients received azithromycin, which has potential immunomodulatory
effects, prior to sampling (Supplementary Table 1). No patients received Remdesivir during
hospitalization prior to sampling. 

There were no signi�cant differences in the absolute number of leukocytes, neutrophils, monocytes and
platelets counts between moderate and severe group. However, the severe group exhibited a signi�cantly
lower absolute lymphocyte count and albumin than the moderate group (P =0.003 and P =0,
respectively) (Supplementary Table 1). These �ndings were in accordance with the results of previous
study (PMID: 32641700). All the patients were shown positive in SARS-CoV-2 RNA testing, but 60% (3 of
5) and 50% (4 of 8) of patients were seropositive in moderate and severe respectively. Interestingly,
however, we found no patients were seropositive on the days performed SARS-CoV-2 RNA
testing (Supplementary Table 2). 

All samples were subjected to scRNA-seq based on the 10X Genomics 5’ sequencing platform to generate
both the gene expression and T cell receptor (TCR) or B cell receptor (BCR) data of peripheral blood
mononuclear cells (PBMCs) from the subjects e.g. convalescent patients with moderate COVID-19 (n=5)
and convalescent patients with severe COVID-19 (n=8) and 5 healthy donors (HDs; n=5) (Fig. 1a and
b). The scRNA-seq raw data were analyzed by a uni�ed analysis pipeline, including the kallisto and
bustools programs, to obtain the gene expression data of individual cells and by the CellRanger program
to obtain TCR and BCR sequences. We applied a common set of stringent quality control criteria to
ensure that the selected data were from single and live cells and that their transcriptomic phenotypes
were comprehensively characterized. We abandoned one sample (S02 in HD group) due to the
unsatisfactory health records. A total of 122,726 high-quality single cells were ultimately obtained from
17 samples, with an average of 7,219 cells per sample (Supplementary Table 3). After the uni�ed single-
cell analysis pipeline (see Methods),11,7102 cells were used for identi�cation of cell types
(Supplementary Table 3). Among these (11,7102) cells, 27,781 cells (23.72%) were from the
healthy donors, 30,447 cells (26%) were from the convalescent moderate condition and 58,874 cells
(50.3%) were from the convalescent severe conditions. All high-quality cells were integrated into an
unbatched and comparable dataset and subjected to principal component analysis after correction for
read depth and mitochondrial read counts (Supplementary Table 4). Using graph-based clustering of
uniform manifold approximation and projection (UMAP), we identi�ed 47 major cell types
(Supplementary Table 5) and captured 27 clusters according to the expression of canonical gene markers
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(Fig. 1c-f, Supplementary Table 5). These cell types included CD14 (+) monocyte (CD14+ Monocyte;
CD14+LYZ+S100A8+), FCGR3A (+) monocyte (FCGR3A+ Monocyte; FCGR3A+IFITM3+CD68+), myeloid
dendritic cells (Myeloid DC; CD1C+CST3+FCER1A+CLEC10A+), plasmacytoid dendritic cells
(Plasmacytoid DC; GZMB+IL3RA+ITM2C+PLD4+), basophiles (Basophile; CLC+SOCS2+HDC+), CD34(+)
hematopoietic stem and progenitor cells (HSPC; DEFA3+LYZ+SOX4+SPINK2+CD34+), neutrophils
(Neutrophil; CSF3R+), naïve CD4(+) T cells (CD4+ naïve; CD4+CCR7+LEF1+SELL+), CD4(+) T cell memory
(CD4+ memory; CD4+IL7R+LTB+S100A4+), CD4(+) effector memory T cells (CD4+ effector
memory; CD4+AHNAK+RORA+S100A4+), T helper 2 (Th2; CD4+CCR6+GATA3+), regulatory T (Treg) cells
(Treg; CD4+FOXP3+CTLA4+TIGIT+), naïve CD8(+) T cells (CD8+ naïve; CD8A+CCR7+LEF1+NELL2+),
CD8(+) effector-GNLY (CD8+ effector-GNLY; CD8A+GNLY+FGFBP2+FCGR3A+), CD8(+) effector- GZMK
(CD8+ effector-GZMK; CD8A+GZMK+), CD8(+) effector memory T cells (CD8+ effector
memory; CD8A+FGFBP2+GZMH+NKG7+), gammadeltaT cells (gdT; CD3E+TRDC+CD8A-CD4-), natural
killer T (NKT) cells (NKT; NCAM1+KLRD1+NCR1+KLRB1+SH2D1B+KIR3DL2+KIR2DL1+CD8A+), CD160 (+)
natural killer T (NKT) cells (NKT-
CD160; NCAM1+KLRD1+NCR1+KLRB1+CD160+SH2D1B+KIR3DL2+KIR2DL1+CD8A+), mucosal-
associated invariant T (MAIT) cells (MAIT; CD3E+SLC4A10+), pre-B cells (Pre
B; CD79A+MS4A1+CD19+IL7R+CD34-), maginal zone B cells (Maginal zone
B; CD79A+MS4A1+CD19+CD1C+), follicular B cells (Follicular
B; CD79A+MS4A1+CD19+CD22+FCER2+CD27-), plasma B cells (Plasma B; CD79A+MZB1+CD38+IGKC+),
memory B cells (Memory B; CD79A+MS4A1+CD27+IGHD-), Proliferating (MKI67+), Platelet
(PPBP+PF4+TUBB1+). 

2.2. Phenotype characteristics of cell types in convalescent patients with moderate and severe COVID-19. 

To show the differences in cell composition across two conditions, e.g. convalescent patients with
moderate or severe COVID-19, and to compare with that in healthy donors, the relative percentage of the
27 major cell types in the PBMCs of each individual were calculated on the basis of scRNA-seq
data. Notable differences could be observed in the immune compositions of healthy donors and
the convalescent COVID-19 patients based on UMAP (Fig. 2a-c). The relative percentage of of CD4+
memory cluster was increased signi�cantly in convalescent moderate COVID-19 patients compared with
HD (P=0.0062) and decreased signi�cantly in convalescent severe COVID-19 patients compared with
moderate (P=0.0027). The relative percentage of the CD8+ effector memory cell cluster increased
signi�cantly with disease severity (HD vs. convalescent severe patients, P=0.04). In contrast, the relative
percentage of the NKT-CD160 cell cluster was decreased signi�cantly (HD vs. convalescent moderate
patients, P=0.024; HD vs. convalescent severe patients, P=0.024). Compared with convalescent moderate
patients, Maginal zone B cluster was decreased signi�cantly in convalescent severe patients
(P=0.000089).

Next, to explore the antiviral and pathogenic immune responses during infection, we performed
expression levels of three important Gene Ontology (GO) biological process terms e.g. acute
in�ammatory response (GO0002526), response to interferon (IFN)-α (GO0035455) and immune response-
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activating cell surface receptor signaling pathway (GO0002429) in major cell types across three
conditions. We found that the acute in�ammatory response was signi�cantly upregulated in CD8+
effector memory with disease severity. This response in NKT and NKT-CD160 signi�cantly upregulated in
moderate and signi�cantly downregulated in severe. In contrast, it was signi�cantly downregulated in
Myeloid DC in moderate and signi�cantly upregulated in severe. This response in CD14 Monocyte and
FCGR3A+ Monocyte signi�cantly upregulated in severe (Fig 2d; Supplementary Table 6). The response to
IFN-α was signi�cantly upregulated in CD4+ naïve, CD8+ naïve and NKT-CD160 with disease severity. In
contrast, it was signi�cantly downregulated in CD8+ effector-GNLY and Neutrophil. In gdT and NKT, it was
signi�cantly upregulated in moderate and signi�cantly downregulated in severe. In contrast, in CD14+
Monocyte and FCGR3A+ Monocyte it was signi�cantly downregulated in moderate and signi�cantly
upregulated in severe (Fig 2d; Supplementary Table 6). The immune response-activating cell surface
receptor signaling pathway was found signi�cantly upregulated in Follicular B, CD4+ naïve, CD4+ effector
memory, CD8+ naïve, CD8+ effector-GNLY and CD8+ effector-GZMK with disease severity. But it was
found signi�cantly upregulated in CD4+ memory, Th2 and CD14 Monocyte in moderate and signi�cantly
downregulated in severe. In contrast, it was found signi�cantly downregulated in NKT and NKT-CD160 in
moderate and signi�cantly upregulated in severe (Fig 2d; Supplementary Table 6).

2.3. Attenuated innate immune responses were observed in convalescent COVID-19 patients.

To further probe the transcriptomic changes of innate immune cells post infection with SARS-CoV-2, we
compared the expression patterns of the convalescent moderate or convalescent severe condition with
that of the HD in cell subtypes relevant to innate immunity. Using UMAP, we identi�ed 5 major cell types
according to the expression of canonical gene markers. These cell types included CD14+ Monocyte,
FCGR3A+ Monocyte, Myeloid DC, Plasmacytoid DC and Neutrophil (Fig. 3a, b). 

We analyzed differentially expressed genes (DEGs) from innate immune cell types
like monocytes, dendritic cells and neutrophils from convalescent COVID-19 patients relative to healthy
donors and used these genes to identify enriched Gene Ontology. We found that 70 genes related to
innate immune responses were signi�cantly differentially expressed across disease conditions (Fig. 3c;
Supplementary Table 7 and 8). We found that signi�cantly DEGs were involved in neutrophil response
including neutrophil chemotaxis (GO: 0030593), neutrophil migration (GO: 1990266), neutrophil
activation (GO: 0042119), neutrophil degranulation (GO:0043312), neutrophil activation involved in
immune response (GO: 0002283) and neutrophil mediated immunity (GO: 0002446), such interferon-
gamma response as response to interferon-gamma (GO:0034341), cellular response to interferon-gamma
(GO:0071346) and interferon-gamma-mediated signaling pathway (GO:0060333) and such humoral
response as antimicrobial humoral response (GO:0019730) and humoral immune response
(GO:0006959) (Fig. 3d). 

To unbias elucidate the status of innate cell subsets, which always re�ected by speci�c mode of gene
expression, from two kinds of convalescent COVID-19 patients, we deeply explored the expression pattern
of DEGs involved in top 20 GO terms based on classi�cation of their functions. We classi�ed these genes
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into three categories including (1) response to interferon-gamma, (2) leukocyte migration and
(3) neutrophil activation, migration and degranulation and it mediated immune response. We found
substantial amounts of genes regarding response to interferon-gamma were downregulated in
several innate cell subsets with the exception of some HLA class II molecules like HLA-DQA1, HLA-DQB1
and HLA-DPB1, which were upregulated in CD14+ Monocytes and FCGR3A+ Monocytes from
convalescent patients with COVID-19. Downregulation of these kinds of genes were interferon-stimulated
genes (ISGs) e.g. IFITM1, IFITM2, IFITM3, IRF7 and HLA class II genes HLA-DRA and HLA-DRB1 in CD14+
Monocytes, FCGR3A+ Monocytes, Myeloid DCs and Plasmacytoid DCs from convalescent patients with
COVID-19. The gene, HMOX1, involved in leukocyte migration was also shown decreased its’ expression
in CD14+ Monocytes, FCGR3A+ Monocytes and Myeloid DCs from convalescent patients with COVID-19.
With the same trend, multiple genes, SERPINA1 and S100P, which regulate neutrophil activation,
migration and degranulation and it mediated immune response, were downregulated in CD14+
Monocytes, FCGR3A+ Monocytes, Neutrophils and Myeloid DCs and GCA and CD36 were
only downregulated Myeloid DCs and Plasmacytoid DCs from convalescent patients with COVID-19 (Fig.
3c, d, f; Supplementary Table 7 and 8). 

We also found that CD14+ Monocytes, FCGR3A+ Monocytes, Myeloid DCs and Plasmacytoid DCs
signi�cantly downregulated regulation of innate immune response and positive regulation of cytokine
production in severe patients compared to HD group (Fig. 3e). These results suggest that innate immune
responses including neutrophil response and interferon-gamma response were attenuated in
convalescent COVID-19-19 patients. Taken together, innate cell subsets decreased expression of genes
involved in interferon-gamma, leukocyte migration and neutrophil mediated immune response in
convalescent COVID-19 patients.

To further characterize the functions of DEGs in innate immune cell subsets, we performed analyses
CD14+ Monocyte, FCGR3A+ Monocyte, Myeloid DC, Plasmacytoid DC and Neutrophil of convalescent
moderate or severe patients in comparison with those of HDs. Total DEGs in 5 innate immune cell
subsets from convalescent moderate or severe patients in comparison with those of HDs were shown in
Supplementary Table 9 and the DEGs shared by both comparisons were presented in Fig. 3g. We found
DEGs were involved in phagocytosis, neutrophil mediated immune response and immune response-
activating cell surface receptor signaling pathway in CD14+ Monocyte, T cell activation, differentiation
and T cell receptor signaling pathway and leukocyte cell-cell adhesion in FCGR3A+ Monocyte, regulation
of T and leukocyte cell-cell adhesion in Myeloid DC, viral transcription and gene expression in
Plasmacytoid DC, and neutrophil mediated immune response and regulation of cytokine production in
Neutrophil in convalescent COVID-19 patients (Supplementary Fig. 1). 

2.4. Strengthened T cell and lymphocyte activation, differentiation and cell-cell adhesion in convalescent
COVID-19 patients

To characterize changes in individual T cell subsets after SARS-CoV-2 infection among the subjects
across three conditions, we subclustered T cells from PBMCs and obtained 13 subsets according to the
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expression and distribution of canonical T cell markers using UMAP. These cell types included CD4+
naïve, CD4+ memory, CD4+ effector memory, Th2, Treg, CD8+ naïve, CD8+ effector-GNLY, CD8+ effector-
GZMK, CD8+ effector memory, gdT, NKT, NKT-CD160 and MAIT (Fig. 4a-c; Supplementary Figure 2). 

It demonstrated that 142 genes related to T cell responses were signi�cantly differentially expressed
across disease conditions (Fig. 4d; Supplementary Table 10 and 11). We found that signi�cantly DEGs
were involved in T cell and lymphocyte activation, differentiation and proliferation including T cell
activation (GO:0042110), positive regulation of T cell activation (GO:0050870), regulation of T cell
activation (GO:0050863), T cell differentiation (GO:0030217), regulation of lymphocyte activation
(GO:0051249), positive regulation of lymphocyte activation (GO:0051251), lymphocyte differentiation
(GO:0030098) and lymphocyte proliferation (GO:0046651), cell-cell adhesion such as leukocyte cell-cell
adhesion (GO:0007159), positive regulation of leukocyte cell-cell adhesion (GO:1903039), regulation of
leukocyte cell-cell adhesion (GO:1903037), positive regulation of cell-cell adhesion (GO:0022409),
regulation of cell-cell adhesion (GO:0022407) and positive regulation of cell adhesion (GO:0045785)  and
myeloid cell responses including myeloid cell differentiation (GO:0030099),regulation of hemopoiesis
(GO:1903706) and regulation of myeloid cell differentiation (GO:0045637) (Fig. 4e). 

Same as analysis procedure of DEGs in innate cell subsets, we �rstly classi�ed DEGs in T cell subsets
into four categories including (1) regulation of T cell activation, (2) regulation of lymphocyte and
leukocyte activation (3) T cell, lymphocyte and myeloid cell differentiation and (4) regulation of cell-cell
adhesion and then deeply explored the expression pattern of these genes involved in top 20 GO terms
based on the classi�cation. It depicted enhanced functions of activation, differentiation and adhesion of
multiple T cell compartments from convalescent patients with COVID-19. Genes involved in biological
processes of regulation of T cell activation and regulation of lymphocyte and leukocyte
activation remarkably increased their expression from both convalescent patients with moderate and
severe COVID-19. We found that CD8B were upregulated in CD8+ effector-GNLY, CD8+ effector
memory, gdT and NKT and TRDC were upregulated in CD4+ effector memory, CD8+ naïve, CD8+ effector
memory, NKT and NKT-CD160. SELL and S100A10 were upregulated in nearly more than 10 T cell subsets
in convalescent patients with severe COVID-19. With the similar trend, genes, FOS, HSPA1A and HSPA1B,
relating to biological process of T cell, lymphocyte and myeloid cell differentiation, were highly expressed
in more than 10 T cell subsets in convalescent patients with severe COVID-19 while expression of Ly-1
antibody reactive clone (LYAR) was raised in CD4+ naïve, CD4+ memory, Th2, Treg, CD8+ naïve and NKT-
CD160 from both kinds of convalescent patients. However, we observed a prominent feature that
JUNB and ZFP36 declined in a wide range of T cell subsets from both kinds of convalescent subjects.
The previous studies revealed that JUNB inhibits CD4+ T cell by promoting Th17 cell[38, 39] and ZFP36
RBPs in restraining T cell expansion and effector functions[40] (Fig. 5a; Supplementary Table 10 and
11). Combined with the above results, we summarize that functions of T cell were retained even
strengthened in convalescent COVID-19 patients by clear endorsement of increased expression of
genes involved in biological processes of regulation of T cell activation, regulation of lymphocyte and
leukocyte activation, T cell, lymphocyte and myeloid cell differentiation and regulation of cell-cell
adhesion.
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To further characterize the functions of DEGs in 13 T cell subsets, we performed analyses of T cells from
moderate or severe convalescent patients in comparison with those of HDs. Total DEGs from moderate or
severe convalescent patients in comparison with those of HDs were shown in Supplementary Table 12
and the DEGs shared by both comparisons were presented in Fig. 5b and Supplementary Fig. 3. We found
DEGs were involved in myeloid cell and myeloid leukocyte differentiation in CD4+ naïve, regulation of
microtubule polymerization and Fc receptor signaling pathway in CD4+ memory (Fig. 5c), mRNA and RNA
catabolic process in CD4+ effector memory, regulation of protein transport, localization and complex
assembly in Treg, RNA catabolic process in CD8+ naïve, T cell activation and T cell receptor signaling
pathway in CD8+ effector-GNLY, posttranslational protein folding in Th2, CD8+ effector-GZMK and CD8+
effector memory (Fig. 5c), cellular defense response and lymphocyte differentiation in gdT, T cell
activation and regulation of hemopoiesis in NKT, T cell receptor signaling pathway and antigen receptor-
mediated signaling pathway in NKT-CD160 (Fig. 5c), and neutrophil activation involved in immune
response in MAIT in convalescent COVID-19 patients (Fig. 5c; Supplementary Fig 4). 

Classical HLA class I genes e.g. HLA-A and HLA-B were downregulated in CD4+ naïve, CD4+ memory,
CD4+ effector memory, Th2, Treg, CD8+ naïve, CD8+ effector-GNLY, CD8+ effector-GZMK, CD8+ effector
memory, gdT, NKT and NKT-CD160 subsets and HLA-C was were downregulated in CD4+ memory, Th2,
CD8+ naïve, CD8+ effector-GZMK, CD8+ effector memory, gdT, while Non-classical HLA class I genes e.g.
HLA-E was also downregulated in CD4+ naïve, CD4+ memory, CD4+ effector memory, Th2, CD8+ naïve,
CD8+ effector-GNLY, CD8+ effector memory, NKT and NKT-CD160 subsets of convalescent severe COVID-
19 patients (Fig. 5d and Supplementary Table 13). However, three genes e.g. HLA-DPA1, HLA-DPB1
and HLA-DQB1 encoding HLA class II molecules were upregulated in CD4+ naïve, CD4+ memory, Th2,
CD8+ naïve, CD8+ effector-GNLY, CD8+ effector-GZMK, CD8+ effector memory, NKT and NKT-CD160
subsets and other HLA class II molecules, e.g. HLA-DQA1 and HLA-DRB5 were upregulated in CD4+
effector memory, CD8+ effector-GNLY, CD8+ effector-GZMK, CD8+ effector memory, NKT and NKT-CD160
subset of convalescent severe COVID-19 patients (Fig. 5d and Supplementary Table 13). 

2.5. Clonal expansion in T cells and preferred usage of V(D)J genes in convalescent COVID-19 patients. 

Next, to gain insight into the clonal relationship among individual T cells and usage of V(D)J genes
across three conditions, we reconstructed TCR sequences from the TCR sequencing. Brie�y, there were
more than 75% of cells in CD4+ memory, Th2 and Treg subsets, more than 70% of cells in CD4+ naïve,
CD4+ effectory memory, CD8+ naïve and CD8+ effector-GNLY subsets, more than 50% of cells in CD8+
effectory memory and MAIT subsets with matched TCR sequences, except for the three γδT, NKT and
NKT-CD160 subsets (Fig. 6a, b). Compared to the HDs, increased clonal expansion was found in patients
with COVID-19 (Fig. 6c-e). The clonal expansion in the severe condition was higher than that of the HD
and moderate conditions. Meanwhile, the clonal expansions (clonal size 50-100) were observed both in
moderate and severe condition whereas clonal expansions (clonal size >100) were only observed in
severe condition (Fig. 6e), revealing that clonal expansion of effector T cells might be active in severe
patients. We surveyed different degrees of clonal expansion among T cell subsets (Fig. 6c and d). CD4+
effectory memory, CD8+ effectory-GZMK and CD4+ effectory memory showed high proportions of clonal
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cells both in patients increased with disease severity (Fig. 6d), suggesting that effector T cells underwent
dynamic state transitions. We used STARTRAC to analyze the expansion and transition of T cell subsets.
The results shown that CD4+ effectory memory and CD8+ effector-GNLY increased transition in severe
than those in moderate and HD respectively (Fig. 6f; Supplementary Table 14). 

To study the dynamics and gene preference of TCRs in COVID-19 patients and HDs, we compared the
usage of V(D)J genes across three conditions. The top 10 complementarity determining region 3 (CDR3)
sequences were different across three conditions. The moderate and HD shared two CDR3 sequences.
The usage percentage of the top 10 CDR3 sequences in the HD condition was lower and more balanced
compared to moderate and severe conditions (Fig. 6h). Of note, we discovered a different usage of V(D)J
genes with decreased diversity in patients with COVID-19, which was more pronounced in TRA genes (Fig.
6i). 

We found that convalescent COVID-19 severe patients exhibit a preferred TCRVα-region bias
toward TRAJ13, TRAJ23, TRAJ4, TRAJ45, TRAJ53 and TCRJ-region bias toward TRAJ57 and TRAV12-1,
TRAV13-1, TRAV14-DV4, TRAV26-1, TRAV35, TRAV4 and TRAV83 gene segments, respectively (Fig. 6g
and Supplementary Table 15). Meanwhile, convalescent COVID-19 severe patients shown a preferred
TCRVβ-region bias toward TRBJ1-6 and TRBJ2-7 TRVB27, TRVB30, TRVB5-6 and TRVB6-1 (Fig. 6g and
Supplementary Table 15). 

To study biased V(D)J rearrangements of the TCR, we compared the usage of V(D)J genes across three
conditions (Fig. 6g and Supplementary Table 15). We observed more speci�c V(D)J usage in the severe
patients compared with the other two groups, indicating that T cells might have undergone unique and
speci�c V(D)J rearrangements in severe COVID-19 patients (Fig. 6g, i).   We also discovered paired genes
of TRAV1-2/TRAJ33 in all HDs and COVID-19 patients (Fig. 6i). However, there were some unique V-J
pairs in severe group. The shared V-J pairs e.g. TRAV27/TRAJ2-5, TRAV19/TRAJ8, TRAV19/TRAJ6,
TRAV19/TRAJ57, TRAV21/TRAJ48, TRAV8-3/TRAJ43, TRAV19/TRAJ8, TRAV38-2/DV8/TRAJ40,
TRAV14/DV4/TRAJ36 and TRAV12-1/TRAJ8 were only found in in severe group (Fig. 6i). In brief,
increased T cell clonality and skewed usage of the TRAV and TRAJ genes in severe subjects indicate that
infection with SARS-CoV-2 is closely associated with V(D)J rearrangements in T cells of the hosts.
Notably, selective usage of dominant genes, especially TRAV27/TRAJ2-5, TRAV19/TRAJ8,
TRAV19/TRAJ6, TRAV19/TRAJ57, TRAV21/TRAJ48, TRAV8-3/TRAJ43, TRAV19/TRAJ8, TRAV38-
2/DV8/TRAJ40, TRAV14/DV4/TRAJ36 and TRAV12-1/TRAJ8 in severe patients, may facilitate the design
of vaccines or therapeutics. 

2.6. Dual functions of B cell subsets in convalescent COVID-19 patients

To trace the dynamic changes of different B subtypes, we subclustered B cells into �ve subsets according
to the expression and distribution of canonical B cell markers. We identi�ed Pre B, Maginal zone B,
Follicular B, Plasma B and Memory B (Fig. 7a and b and Supplementary Fig 5 and 6). Notably, the
proportions of plasma B and Follicular B subsets increased in convalescent severe COVID-19 patients in
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comparison with those of HDs. In contrast, the proportion of memory B cells decreased
in convalescent severe COVID-19 patients (Fig. 7c). 

To further investigate diverse transcriptomic changes in B cells post SARS-CoV-2 infection, we compared
the expression pro�les of B cells of the moderate or severe condition to those of the HD condition. It
demonstrated that 82 genes related to B cell responses were signi�cantly differentially expressed across
disease conditions (Fig. 7d; Supplementary Table 16 and 17). We found that signi�cantly DEGs were
involved in humoral immune response (GO:0006959), B cell activation (GO:0042113; GO:0050864) and
cell surface signaling pathway including immune response-activating cell surface receptor signaling
pathway (GO:0002429), antigen receptor-mediated signaling pathway (GO:0050851) and B cell receptor
signaling pathway (GO:0050853) (Fig. 7e). 

Humoral immunity plays an important role against viral infection. Then we further unbiasly mapped the
status of B cell subtypes, using the same analysis procedures as innate and T cells, by evaluating the
expression pattern of DEGs involved in top 20 GO terms based on classi�cation of their functions. We
classi�ed these genes into two categories e.g. B cell activation and humoral immune response. Two
genes, Kruppel-like factor 6 (KLF6) and Fc receptor-like 1 (FcRL1), relevant to B cell activation, were
observed to be upregulated in B cells from moderate convalescent COVID-19 patients, with KLF6
increased in Follicular B and Plasma B whereas FcRL1 increased in Follicular B, Plasma B and Memory B.
It is noteworthy that FcRL1 was upregulated in Memory B only from severe convalescent COVID-19
patients. There is a study shows that FcRL1 enhances B cell activation and function[41]. In another panel
of genes relevant to humoral immune response, we found two molecules S100A8 and S100A9
upregulated in Plasma B only from severe subjects. However, two genes showed an opposite status,
revealed S100A9 were upregulated and POU2AF1 were downregulated in Memory B both from moderate
and severe convalescent COVID-19 patients. POU2AF1 and ACTG1 demonstrated a decreased expression
in Memory B and Plasma B from moderate subjects. In contrary, JCHAIN was upregulated in Maginal
zone B, Follicular B and Plasma B from severe convalescent subjects (Fig. 7d, e, f; Supplementary Table
16 and 17). Token together, the �ndings revealed the sophisticated and dual functions of B cells during
convalescence of COVID-19, providing a novel mechanism that B cell activation was retained especially
in moderate while humoral immune response was weakened.

We also found that Plasma B, Follicular B, Memory B and Maginal zone B signi�cantly downregulated B
cell activation (GO: 0042113), B cell differentiation (GO: 0030183) and lymphocyte differentiation (GO:
0030098) in severe patients compared to HD group (Supplementary Figure 6). These results suggest that
B cell activation and differentiation responses including neutrophil response and interferon-gamma
response were attenuated in convalescent COVID-19 patients. To further characterize the functions of
DEGs in B cells, we performed analyses B cells of moderate or severe convalescent patients in
comparison with those of HDs. Total 82 DEGs from moderate or severe convalescent patients in
comparison with those of HDs were shown in Supplementary Table 18 and the DEGs shared by both
comparisons were presented in Fig. 7g. We found DEGs were involved in neutrophil activation involved in
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immune response in Plasma B, regulation of mRNA processing in Pre B, B cell receptor signaling pathway
in Follicular B in convalescent COVID-19 patients (Fig. 7h). 

Classical HLA class I genes HLA-A and HLA-B were signi�cantly downregulated in Maginal zone B,
Follicular B, Plasma B and Memory B subsets from both moderate or severe convalescent
patients and HLA-C was were signi�cantly upregulated in Maginal zone B, Follicular B, Plasma B
and Memory B subsets from moderate convalescent patients but downregulated in Maginal zone
B, Plasma B and Memory B subsets from severe convalescent patients. Non-classical HLA class I genes
HLA-DPA1, HLA-DPB1, HLA-DQB1, HLA-DRA and HLA-DRB1 were signi�cantly upregulated in Maginal
zone B and Memory B subsets from severe convalescent patients while HLA-DPA1, HLA-DQB1 and HLA-
DRB1 were signi�cantly downregulated in Follicular B subsets from severe convalescent patients.
Furthermore, we found that HLA-DRB5 was signi�cantly upregulated in Maginal zone B, Follicular
B and Memory B subsets from both moderate or severe convalescent patients (Fig. 7i; Supplementary
Table 19).

2.7. Expanded B cells and speci�c rearrangements of V(D)J genes in severe patients. 

Next, to gain insight into the clonal relationship among individual B cells and usage of V(D)J genes
across three conditions, we reconstructed TCR sequences from the BCR sequencing. Brie�y, there were
more than 75% of BCRs were detected of cells in Maginal zone B, Follicular B, Plasma B and Memory B
subsets (Fig 8a, b). Compared to the HDs, it shown an inconsistently tendency in clonal expansion
between T and B cell subsets. Although the clonal expansion was obviously detected in Plasma
B subsets from severe convalescent patients, in other B cell subsets e.g. Maginal zone B, Follicular B and
Memory B, the clonal expansion level was not signi�cantly increased from both moderate or severe
convalescent patients, even weakened in later patients (Fig. 8c-d). 

Meanwhile, clonal expansions (clonal size >100) were decreased both in moderate and severe condition,
especially in moderate group (Fig. 8e), indicating that convalescent COVID-19 patients might have a
faded clonal expansion of effector B cells. We also used STARTRAC to analyze the expansion and
transition of B cell subsets. The results shown there was no signi�cant difference in expansion
and transition among subjects (Supplementary Fig. 7a and b; Supplementary Table 20). 

Next, we explored the distribution of IgA, IgD, IgG and IgM (IgE not detected) in each patient at moderate
or severe convalescent conditions, respectively. In most patients, IgM was the predominant
immunoglobulin. Compared to moderate convalescent patients, the abundance of IgA
was signi�cantly decreased, whereas IgM increased in severe ones (Fig. 8f). The top 10 CDR3 sequences
were differently across three conditions (Fig. 8h). To study biased V(D)J rearrangements of the BCR, we
compared the usage of V(D)J genes across three conditions. We observed more speci�c V(D)J usage in
the severe condition compared with the other two groups, indicating that B cells might have undergone
unique and speci�c V(D)J rearrangements in severe COVID-19 patients (Fig. 8g and i). We also found
comprehensive usage of IGHJ4, IGKJ1 and IGLJ2 in all HDs and patients, but the paired genes among
IGHV/IGHJ4, IGKV/IGKJ1 and IGLV/IGLJ2 were different in patients compared with HDs. The shared V-J
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pairs IGHV3-33/IGHJ4, IGHV4-39/IGHJ4, IGHV3-23/IGHJ4, IGKV1-5/IGKJ1, IGKV1D-39/IGKJ1, IGKV3-
20/IGKJ1 and IGLV2-14/IGLJ2 were detected in both moderate and severe patients whereas IGHV3-
11/IGHJ4 and IGLV3-21/IGLJ2 were only observed in HDs, respectively. However, it attracted our attention
that there were unique V-J pairs in severe group, such as IGHV4-59/IGHJ1, IGHV4-61/IGHJ3 and IGLV2-
18/IGLJ2. similarly with T cells, increased B cell clonality and skewed usage of the IGHV and IGKJ genes
in severe COVID-19 patients suggest that SARS-CoV-2 infection is closely associated with V(D)J
rearrangements in B cells of the host. Notably, selective usage of dominant IGV genes, especially IGHV3-
7/IGHJ4 IGHV3-33/IGHJ4, IGHV4-61/IGHJ4, IGHV4-39/IGHJ4, IGHV3-23/IGHJ4, IGLV2-14/IGLJ2, IGLV2-
18/IGLJ2, IGKV1-5/IGKJ1, IGKV1D-39/IGKJ1, IGKV3-20/IGKJ1, IGHV4-59/IGHJ1 and IGHV4-61/IGHJ3 in
severe patients, may facilitate the design of vaccines.

Discussion
Infection with SARS-CoV-2 causes a range of clinical manifestations, from asymptomatic or mild
infection to severe COVID-19 that requires hospitalization [5, 42, 43]. Host immune response against
acute infection with SARS-CoV-2 not only plays an antiviral role, but also simultaneous cause pathogenic
injury of multiple organs and tissues, especially in the lungs of patients, which determines the disease
severity, progression and outcome[35]. Currently, there are no protective therapeutics and vaccines
available against SARS-CoV-2. It will be critical to determine whether individuals after several months
following natural infection develop robust innate or adaptive immunity or potentially prove critical for
long-term immune protection against SARS-CoV-2 reinfection[20]. There has not enough evidence show
that a person is protected against SARS-CoV-2 after primary infection. It remains unclear that whether
individual’s immunity to SARS-CoV-2 is long-term or temporary. 

Recently, Nevada State Public Health Laboratory in the United States reported the �rst individual in global
to have sever symptomatic reinfection with SARS-CoV-2. This patient aged 25 years old, with severe
COVID-19, had the shortest interval between two diagnoses with only 48 days. During the second
infection, the patient needed continuous oxygen inhalation[44]. Why are these patients infected again
followed with more sever symptom, and are these cases rare or common still need to be answered. At
present, the pathogenic mechanism of the secondary SARS-CoV-2 infection is still unclear.

Studies have reported the characteristics of signatures of neutralizing antibodies or T cell immune
responses in COVID-19 patients or convalescent individuals, which have provide us understanding of the
potential pathogenesis of SARS-CoV-2 infection and immune functions post
infection[9, 23, 25, 27, 34, 35, 45, 46]. To date, however, there have been few studies to provide integrated
scenario to depict SARS-CoV-2-speci�c innate, T and B cell immune responses and their role
in convalescent stage by scRNA-seq, although cellular and molecular immune responses of virus-speci�c
T cells have been analyzed in COVID-19 progression[34, 47-49]. To �ll this knowledge gap, here we
used scRNA-seq to obtain an unbiased and comprehensive visualization of the SARS-CoV-2-
speci�c innate, T and B cell immunological responses in peripheral blood samples of healthy donors and
convalescent patients with COVID-19, including moderate and severe individuals who donated blood 4
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months after primary infection. We found innate immune responses are attenuated in COVID-
19 convalescent severe patients based on the results that numerous genes regarding response to
interferon-gamma were remarkable downregulated in several innate cellular subtypes. ISGs, the key
effectors of innate immunity, such as IFITM1, IFITM2, IFITM3 and IRF7 displayed downregulation in
monocytes and dendritic cells from the patients. Innate immunity is the primary line of defense against
the invasion of pathogenic microorganisms. The main cells involved in innate immunity are monocytes-
macrophages, dendritic cells, granulocytes, NK cells and NKT cells[50]. Some studies have shown that 12
hours and 24 hours after SARS-COV-2 infection, the levels of monocytes and NK cells increased
signi�cantly, while granulocytes decreased signi�cantly, which further con�rmed that coronavirus
infection caused a strong immune response[51]. Type I interferon system is an important part of innate
immunity. One previous study demonstrated that SARS-CoV-2 robustly triggered expression of numerous
IFN-stimulated genes (ISGs)[52]. Zhang et al. found that IFN and

acute in�ammatory responses were signi�cantly upregulated in both monocytes and NK cells after SARS-
CoV-2 infection, especially in severe patients[35]. Researchers also found that SARS-CoV-2 induces overt
but delayed IFN responses and this virus perturbs host innate immune response via both its structural
and nonstructural proteins[53]. Interferon-induced transmembrane proteins (IFITM1,2,3) are a family of
intracellular antiviral proteins that can inhibit the replication of many viruses[54]. Recent studies have
shown that IFITM1, IFITM2 and IFITM3 can inhibit SARS-COV-2 virus infection, but it is interesting
that IFITM3 can not only inhibit virus endocytosis, but also enhance virus fusion on the cell membrane
and enhance virus infection[55]. We found that the expression of IFITM family was downregulated during
the recovery period in patients with moderate and severe recovery compared with the healthy group.
Interferon regulatory factor 7 (IRF7) is a member of the IRF family, which can mediate the production of
type I interferon. Transcriptional analysis of human alveolar adenocarcinoma cells infected with SARS-
COV-2 showed that IRF7 was highly expressed and positively correlated with the body's response to the
virus[56]. Our study found that the expression of IRF7 was down-regulated in moderate and severe
convalescent patients, and the above results suggested that the interferon response was down-regulated
in convalescent patients. Severe patients with SARS-COV-2 infection are often accompanied by
neutropenia. On the one hand, neutrophils clear part of SARS-COV-2 virus by phagocytosis and
degranulation, on the other hand, persistent in�ltration of neutrophils can enhance immune response and
further release more chemokines and cytokines[1]. A large number of neutrophil in�ltrating was also
found in the lungs of dead patients with SARS-COV-2 infection[57]. Our study found that neutrophil-
related genes such as CD36, GCA, S100P, SERPINA1 were signi�cantly down-regulated in patients with
moderate to severe recovery. The expression of HOXM1, a gene related to leukocyte migration, is also
signi�cantly downregulated. Our results show that the innate immunity of patients with moderate and
severe recovery from SARS-C0V-2 infection is suppressed.

T cells and B cells play critical roles in clearing viral infections, and immunological T and B cell memory
generated after infection is acting fundamental role in protecting the host from severe disease upon re-
exposure[45]. Cellular immunity mainly refers to T cell-mediated immunity, which is the most effective
defense method for intracellular clearance of pathogenic microorganisms[58]. Our results showed that T



Page 16/46

cell mediated immune responses are retained even strengthened during COVID-19 convalescence. The
substantive evidence were genes involved in regulation of T cell activation and regulation of lymphocyte
and leukocyte activation remarkably increased their expression from both convalescent patients with
moderate and severe COVID-19. We found that CD8B, encoding surface glycoprotein on T cells, were
upregulated in CD8+ effector-GNLY, CD8+ effector memory, gdT and NKT. Previous studies revealed
that CD8β depletion can induce virus reactivation in simian immunode�ciency virus-infected rhesus
macaques which provided compelling evidence for direct antiviral role of CD8β+ T cells[59]. In our study,
we found that CD8B genes regulating T cell activation were signi�cantly upregulated in moderate and
severe convalescent patients. It has aroused our great concern that both key regulators JUNB, an
activator protein-1 (AP-1) factor, and ZFP36, an RNA-binding protein, declined in a wide range of T cell
subsets from both kinds of convalescent subjects. JUNB can regulate the homeostasis of Treg cells.
Tregs lacking JUNB from mice can produce abnormal activation of T helper cells, which eventually leads
to multiple organ autoimmunity[60]. It is necessary for JUNB to exert its effect on T helper 17 (Th17) cells
in chronically infected mice[38]. The previous study revealed that JUNB inhibits CD4+ T cell by promoting
Th17 cell, which contributes to both immunity and autoimmunity[38]. The authors shown that JunB acted
as an obligatory regulator of Th17 cell stability that promotes the development of in�ammatory Th17
cells and restricts �exibility towards alternative effector and regulatory programs. ZFP36 plays an
important role in regulating immune response. One study revealed that depletion of ZFP36 in vivo
accelerated T cell responses to acute viral infection and enhanced anti-viral immunity[40]. Our study
found that ZFP36 was signi�cantly downregulated in moderate and severe recovery patients, further
revealing that T cell function was activated in convalescent patients. In patients with chronic hepatitis C
and non-alcoholic steatohepatitis, the expression of HSAP1A is upregulated and positively correlated with
the severity of hepatitis. Transgenic mice overexpressing HSPA1A showed a strong ability to protect
against liver injury, indicating that HSPA1A can reduce hepatocyte death[61]. The expression of HSAP1B
is downregulated in stroke patients, and mice that knock out HSAP1B can develop thrombus earlier,
indicating that HSAP1B can be used as a target for stroke prevention[62]. Our study shows that in most
patients with moderate and severe recovery, the expression of HSPA1A is up-regulated, suggesting that
the body shows an antiviral response to SARS-COV-2 infection. SELL and S100A10 are cell adhesion-
related molecules. SELL is signi�cantly upregulated in patients with type I diabetes[63]. Mice that knock
out S100A10 are more sensitive to E. coli-induced sepsis and endotoxin-induced lethal shock[64]. Our
study revealed that SELL and S100A10 were signi�cantly overexpressed in moderately and severely
recovered patients. In this study, we also took advantage of an analytical framework named as
STARTRAC[65] to quantitatively characterize the dynamic properties of various T cell subsets and
found CD4+ effectory memory and CD8+ effector-GNLY increased transition in severe than those in
moderate and HD respectively. We summarize that functions of T cell were retained even strengthened in
convalescent COVID-19 patients by clear endorsement of increased expression of genes involved
in regulation of T cell activation, regulation of lymphocyte and leukocyte activation, T cell, lymphocyte
and myeloid cell differentiation and regulation of cell-cell adhesion or of decreased of genes in restricting
T cell responses. Studies also found that SARS-CoV-2 speci�c T cells displayed a highly activated
cytotoxic phenotype during the acute phase of COVID-19 and displayed polyfunctional T cells responses
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during the convalescent-phase. One study demonstrated the cytotoxicity and exhaustion scores of
different effector state T cell subsets across four conditions, including moderate, severe and
convalescence and heatthy donors. The authors found that highly cytotoxic effector T cell subsets, such
as CD4+ effector-GNLY (granulysin), CD8+ effector-GNLY and NKT CD160, was associated with
convalescence in moderate patients [35]. Meanwhile, the CD4+ effector-GZMK, CD8+ effector-GZMK and
NKT CD160 clusters showed higher exhaustion scores than those of the other subsets. Within these
highly exhausted subsets, heatthy donors all had the lowest exhaustion scores, whereas severe patients
showed the most exhausted state [35]. Besides, SARS-CoV-2-speci�c T cells were detectable in antibody-
seronegative individuals[27]. In addition, other researchers also reported a decrease levels of lymphocytes
and peripheral T cells in COVID-19 patients[1, 66, 67]. Relevant research results show that T cells will be
attracted from the blood and enter infected area to control the infection. And the increased exhaustion
levels and reduced functional diversity of T cells in peripheral blood may predict severity of the COVID-19
patients[68]. Although the patient’s response will be impaired, COVID-19 recovered patients developed
coronavirus-speci�c memory T cells. 

Humoral immunity mainly refers to the mechanism by which effector B cells produce antibodies to
protect the body[69]. Patients recovering from SARS-COV-2 infection still show high titers of IgG
antibodies2 weeks after discharge[26]. We previous study reported that the median duration of IgM and
IgA antibody detection was 5 (IQR, 3-6) days, while IgG was detected 14 (IQR, 10-18) days after symptom
onset[70]. However, another study showed that within 6 to 10 weeks of SARS-COV-2 infection, the level of
(RBD)-speci�c IgG speci�c to the receptor domain decreased[71], indicating that B lymphocytes have dual
functions during the recovery phase. A recent study reported key roles of Fc receptor-like 1 (FCRL1), a
newly identi�ed BCR co-receptor speci�cally expressed on the surface of B cells, in antibody
production unveiled by experiment showing that FcRL1-de�cient mice exhibited markedly impaired
formation of extrafollicular plasmablasts and germinal centers, along with decreased antibody
production upon antigen stimulation[41]. In our study, we found that the expression of FCRL1, a gene
related to B cell activation, was signi�cantly increased in patients with moderate recovery, suggesting that
B cell function was activated. S100A8 and S100A9 are a large number of calcium-binding proteins in the
cytoplasm of neutrophils, often forming S100A8/A9 heterodimers, called calcitonin[72]. The level of
S100A8/A9 in severe patients with SARS-COV-2 infection is signi�cantly higher than that in mild or
healthy controls[73]. Our study found that S100A8 and S100A9 was highly expressed in patients during
the recovery period. Researchers reported that severe SARS-CoV-2 infections blunt the germinal center
response, which is likely to dampen the generation of long-lived antibody responses[74]. The defective
Bcl-6+ T follicular helper cells (TFH) differentiation is the reason for the failure establishment of germinal
center reaction[74]. This is the common characteristic of related coronaviruses causing severe infection
in humans such as SARS and MERS. The above results suggest that B cell immune responses display
sophisticated and dual functions in convalescent severe patients. As we all know, SARS-COV-2 virus
shows more antigenic epitope variability[75], vaccine doesn’t solve all the problems, but T cells are
activated in both moderate and severe patients and convalescent patients, which is a new direction of
treatment. T cells and B cells are signi�cantly reduced in the lung tissues of patients infected with COVID-
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19, and there almost non-existent of TFH and germinal centers in the lymph nodes of these patients. This
is believed to be related to the low levels of IgM and IgG in the dead[76]. In addition, 10% of COVID-19
infected patients have not detected antibodies, and medical staff generally lack antibodies, suggesting
that after SARS-CoV-2 infection, it is unlikely to produce durable protective antibodies against
the virus[77]. we actually found no patients were seropositive on the days performed SARS-CoV-2 RNA
testing (Supplementary Table 2). 

We have not deciphered BCR/TCR responses in COVID-19 thus far. Therefore, a more profound insight
into the nature of bene�cial versus detrimental BCR/TCR responses is critically needed. On the one hand,
this will facilitate better prognostication in patients with risk factors and improve the monitoring of
immunity to SARS-CoV-2 in recovered individuals. On the other hand, this knowledge may be used to
enhance treatment (e.g., by cloning therapeutic monoclonal antibodies derived from immune repertoires
of recovered patients) and, most important, to determine the optimal T cell engagement strategies for
vaccines[9]. A previous study showed that individuals with COVID-19 or a history of COVID-19 developed
antibodies to SARS-CoV-2, including patients with major disturbances in B cell/Ig levels at active disease,
including high IgA and normal or low IgG and IgM amounts as well as B lymphocytosis[9]. Two VH genes
VH3-38 and VH3-53 were concentrated and enriched in severe patients compared with mild patients[78].
But in our results, we found that there were unique V-J pairs in severe group, such as IGHV4-
59/IGHJ1, IGHV4-61/IGHJ3 and IGLV2-18/IGLJ2. For recovery patients, the ratio of (IgA + IgG + IgE) to
(IgD + IgM) increased in early recovery patients, but decreased with the extension of recovery time,
indicating that B cell activity decreased in convalescent patients. This is consistent with our research. Our
study shows that IgA decreased signi�cantly and IgM was signi�cantly higher in severe recovery patients
than in moderate recovery patients, and B cells may undergo a unique and speci�c V (D) J rearrangement
in severe patients. Our research provides a direction for the development of vaccines and the preparation
of antibodies. In early recovery patients, the expansion of T cells was signi�cantly higher than that in
healthy controls, and the most signi�cant clone was TRAV8-6-TRAJ45:TRAV7-8-TRBJ2-1. In addition, the
cloned CD8+CTL also had extensive antiviral effects. These results showed that the clonal expansion of
T cells in convalescent patients was helpful to eliminate viral infection[79]. Our study found that T cell
clones increased signi�cantly both in moderately and severely recovered patients, and CD4+ effector
memory, CD8+ effector GZMK and CD8+ effector memory all increased with the aggravation of the
disease. We also found that V (D) J rearrangement was more speci�c in severe cases. In short, T cell
clones increased in convalescent patients, which is very important to resist virus re-invasion. 

One of the major limitations of this dataset is the paucity of available blood samples from a small cohort
of convalescent patients with COVID-19. This material is di�cult to obtain since patients with early
disease. Another limitation of this study is lacking study on time course sampling.

In conclusion, we systematically and unbiasly mapped the phenotypic landscape of SARS-CoV-2-speci�c
immune responses in fresh peripheral blood samples of 4 healthy donors and 13 convalescent patients
with COVID-19 from Hubei province of China, including moderate and severe cases, by single-cell RNA
sequencing. Our results highlighted that innate immunity was attenuated but T cell responses were
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retained even strengthened while B cell with a dual-function, together with the �ndings of TCR/BCR
dataset, which provided insights into evaluation of possibility of reinfection of exposed individuals with
COVID-19 and facilitation to design of effective therapeutics and vaccines.

Materials And Methods
4.1. Patient cohort and clinical characteristics. 

Thirteen patients with COVID-19 were admitted at the Huanggang Hospital of Traditional Chinese
Medicine, Hubei Province, P. R. China and enrolled in the study from 10 March to 15 May 2020. The
categorization of three clinical groups was based on Guidelines for Diagnosis and Treatment of Corona
Virus Disease 2019 issued by the National Health Commission of China (7th edition). The moderate group
included non-pneumonia and mild pneumonia cases. The severe group included severe patients who met
one of the following criteria: (1) Respiratory distress, respiratory rate ≥30 breathsmin−1; (2) Pulse oxygen
saturation (SpO2) ≤93% without inhalation of oxygen support at quiet resting state; (3) Arterial partial
pressure of oxygen (PaO2)/oxygen concentration (FiO2) ≤300mmHg; (4) Computed tomography (CT)
image shows there is more than 50% increase of lung in�trating change within 24 to 48h. The
convalescent patients met the discharge criteria as follows: afebrile for more than 3d, resolution of
respiratory symptoms, substantial improvement of chest CT images and two consecutive negative RT-
qPCR tests for viral RNA in respiratory tract swab samples obtained at least 24h apart. Four critical-illed
patients who were grouped in the severe condition in this study required mechanical ventilation and
exhibited respiratory failure, septic shock, and/or multiple organ dysfunction/ failure that required
monitoring and treatment in the intensive care unit (ICU). This study strictly follows the principles
according to the Declaration of Helsinki, with written informed consents obtained from all participants
before sample collection according to regular principles. Ethical approvals were gained from the Ethics
Committees of Huanggang Hospital of Traditional Chinese Medicine, Province, China and written
informed consents or telephone call permissions were obtained from each patient or their guardians. The
clinical data and disease course of the 13 patients are shown in Table 1 and Supplementary Table 1,
respectively. 

4.2 Sample collection

The peripheral blood mononuclear cells (PBMCs) were isolated using standard density gradient
centrifugation and then used for 10x single-cell RNA-seq. Peripheral venous blood sample were obtained
on 15th May 2020 of 13 patients with COVID-19 and 5 HDs. The samples were placed into vacutainer
tubes and centrifuged at 400g for 5 min at 4oC. Plasma samples were collected and stored at −80 °C until
use. For each sample, cell viability exceeded 90%.

4.3 Single cell RNA library preparation and sequencing

Using a Single Cell 5′ Library and Gel Bead kit (10X Genomics, 1000006) and Chromium Single Cell A
Chip kit (10X Genomics, 120236), the cell suspension (300–600 living cells per ml as determined by
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Count Star) was loaded onto a Chromium single cell controller (10X Genomics) to generate single-cell gel
beads in the emulsion (GEMs) according to the manufacturer’s protocol. Brie�y, single cells were
suspended in PBS containing 0.04% BSA. Approximately 10,000 cells were added to each channel and
approximately 5,000 target cells were recovered. Captured cells were lysed and the released RNA was
barcoded through reverse transcription in individual GEMs. Reverse transcription was performed on a
S1000TM Touch Thermal Cycler (Bio Rad) at 53 °C for 45 min, followed by 85 °C for 5 min and a hold at
4 °C. Complementary DNA was generated and ampli�ed, after which, quality was assessed using an
Agilent 4200 (performed by CapitalBio Technology). According to the manufacturer’s introduction, scRNA-
seq libraries were constructed using a Single Cell 5′ Library and Gel Bead kit, Single Cell V(D)J Enrichment
kit, Human T Cell (1000005) and a Single Cell V(D)J Enrichment kit, Human B Cell (1000016). The
libraries were sequenced using an Illumina Novaseq6000 sequencer with a paired-end 150-bp (PE150)
reading strategy (performed by CapitalBio Technology, China).

4.4 Single-cell RNA-seq data processing

Single-cell sequencing data were aligned and quanti�ed using CellRanger (Version 3.1.0) against the
GRCh38 human reference genome downloaded from 10x Genomics o�cial website. Preliminary counts
were then used for downstream analysis. Quality control was applied to cells based on three metrics step
by step: the total UMI counts, number of detected genes and proportion of mitochondrial gene counts per
cell. Speci�cally, cells with less 200 detected genes and more than 10% mitochondrail gene counts were
�ltered. After quality control, a total of 117,102 cells were remained. We normalized the UMI counts with
the NormalizeData() function implemented in the R package Seurat Version3.2.0 . Then the logarithmic
normalized counts were used for the downstream analysis. 

4.5 Cell type annotation and cluster markers identi�cation 

To detect the most variable genes used for harmony algorithm, we performed variable gene selection
separately for each sample. A consensus list of 2,000 variable genes was then formed by selecting the
genes with the greatest recovery rates across samples, with ties broken by random sampling. Next, we
calculate a PCA matrix with 20 components using such informative genes and then feed this PCA matrix
into RunPCA() function implemented in R package Seurat. The resulting matrix was used to build nearest
neighbor graph using FindNeighbors() function implemented in R package Seurat. Such nearest neighbor
graph was then used to �nd clusters by Louvain algorithm[80] using FindClusters() function implemented
in R package Seurat. The cluster-speci�c marker genes were identi�ed using the FindAllMarkers()
function implemented in R package Seurat.

The �rst round of clustering (resolution = 2) identi�ed 23 major cell types including CD14+ Monocyte
cells, FCGR3A+ Monocyte cells, Myeloid DC cells, Plasmacytoid DC cells, Basophil cells, HSPC, Neutrophil
cells, Proliferating cells, Platelet, CD4+ naive cells, CD4+ memory cells, CD4+ effector memory cells, Th2
cells, Treg cells, CD8+ naive cells, CD8+ effector-GNLY cells, CD8+ effector-GZMK cells, CD8+ effector
memory cells, gdT cells, NKT cells, NKT-CD160 cells, MAIT cells and B cells. To identify clusters within B
major cell type, we performed a second round of clustering on B cells. The procedure of the second round
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of clustering is the same as �rst round and we identi�ed 5 B sub cell types including Plasma B cells, Pre-B
cells, Memory B cells, Follicular B cells and Maginal zone B cells. Thus, we identi�ed 27 cell typs in total.

4.6 TCR and BCR analysis

TCR/BCR sequences were assembled and quanti�ed following Cell Ranger (Version 3.1.0) vdj protocol
against GRCh38 reference genome. Assembled contigs labeled as low-con�dence, non-productive were
discarded. To identify TCR clonotype for each T cell, only cells with at least one TCR α-chain (TRA) and
one TCR β-chain (TRB) were remained. For a given T cell, if there are two or more α or β chains
assembled, the highest expression level (UMI or reads) α or β chains was regarded as the dominated α or
β chain in the cell. Each unique dominated α-β pair (CDR3 nucleotide sequences and rearranged VDJ
genes included) was de�ned as a clonotype. T cells with exactly the same clonotype constituted a T cell
clone. BCR clonotypes were identi�ed similar to TCR. Only cells with at least one heavy chain (IGH) and
one light chain (IGL or IGK) were kept. For a given B cell, if there are two or more IGH or IGL/IGK
assembled, the highest expression level (UMI or reads) IGH or IGL/IGK was de�ned as the dominated IGH
or IGL/IGK in the cell. Each unique dominated IGH-IGL/IGK pair (CDR3 nucleotide sequences and
rearranged VDJ genes) was de�ned as a clonotype. B cells with exactly the same clonotype constituted a
B cell clone. 34,242 T cells with TCR information and 8,087 B cells with BCR information were used to
perform the STARTRAC analysis as previously described[65]. STARTRAC-expa was used to quanti�ed the
potential clonal expansion level. TCR/BCR diversity was calculated as Shannon’s entropy shown below:

 

 The pi represents the frequency of a given TCR/BCR clone among all T/B cells with TCR/BCR identi�ed. 

4.7 T-test analysis

To further assess how different patients’ phenotypes and their potential interactions in�uence cell type
proportions, we performed unpaired two-sided T-test on cell type proportions and on diversity of BCR/TCR
based on different patient phenotypes. Interactions between variables were regarded as signi�cantly
associated with cell type proportions when FDR < 0.05.

4.8 Differential expression and GO term enrichment analysis

To investigate the impact of virus infection on cells, we identify differential expressed genes by
performing two-sided unpaired Wilcoxon tests on all the expressed genes (expressed in at least 10% cells
in either group of cells). Differential highly expressed genes of each group were shown in the scatter
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plots. Based on these genes, enriched GO terms were then acquired for each group of cells using R
package clusterPro�ler[81].

4.9 Functional module Analysis

We used cell scores to evaluate the degree to which individual cells expressed a certain prede�ned
expression functional gene set. The cell scores were initially based on the average expression of the
genes from the prede�ned gene set in the respective cell. For a given cell i and a gene set j[28], the cell
score SCj(i) quantifying the relative expression of Gj in cell i as the average relative expression (Er) of the
genes in Gj compared to the average relative expression of a control gene set (Gjcont):
SCj(i)=average(Er(Gj,i)) - average (Er(Gjcount,i)). The control gene set was randomly selected based on
aggregate expression levels bins, which yield a comparable distribution of expression levels and over size
to that of the considered gene set. The AddModuleScore() function in Seurat was used to implement the
method with default settings.

4.10 HLA family gene expression Analysis 

The mean normalized expression levels of genes of each sample were used to represent their relative
expression levels among the different cell clusters.

4.11 Statistics

The statistical tools, methods and threshold for each analysis are explicitly described with the results or
detailed in the Figure Legends or Methods sections.
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Study design and single-cell transcriptional pro�ling of PBMCs from HDs and convalescent COVID-19
patients. a, Study design and single-cell transcriptional pro�ling of PBMCs from HDs and convalescent
COVID-19 patients. A schematic showing the overall study design. The scRNA-seq was applied to PBMCs
across three conditions and the output data were used for TCR and BCR pro�ling and expression
analyses. b, Timeline of the course of disease for 13 patients infected with SARS-CoV-2 and enrolled in
our study. qPCR indicates PCR testing for SARS-CoV-2 nucleic acids. qPCR positive indicates
nasopharyngeal swab samples that were positive for SARS-CoV-2 nucleic acids. Healthy donors are
colored in green, convalescent patients with moderate COVID-19 are colored in blue and convalescent
severe patients are colored in reds. The color bars on the left represent conditions with the same color as
in a. c, Quality control and cell populations identi�ed. A total of 17 PBMC samples with HDs (n = 4), and
convalescent patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n =
8), were sequenced and obtained a total of 122,726 high-quality single cells. After quality control, 117,102
cells were obtained from 122,726 of PBMCs, 47 clusters of cells were identi�ed by UMAP. Each dot
corresponds to a single cell, colored according to cell type. d, 27 Cellular populations identi�ed. The 47
clusters of cells in Figure 1c were identi�ed further by cell types. The UMAP projection of 117,102 single
cells from HDs (n = 4) and convalescent patients with moderate COVID-19 (n = 5), convalescent patients
with severe COVID-19 (n = 8), showing 27 clusters with the respective labels. The 27 clusters were
identi�ed and showed with UMAP. Each dot corresponds to a single cell, colored according to cell type. e,
Canonical cell markers were used to label clusters by cell identity as represented in the UMAP plot. Data
are colored according to expression levels and the legend is labeled in log scale. f, Canonical cell markers
were used to label clusters by cell identity in 27 clusters as represented in the violin plot. Y-axis represents
log2 (normalized count+1).
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Figure 2

Differences in cell composition between HDs and convalescent COVID-19 patients. a, The UMAP
projection of the HD, convalescent patients with moderate COVID-19 or with severe COVID-19. Each dot
corresponds to a single cell, colored according to cell type. b, Average proportion of each cell type derived
from HDs (n = 4) and convalescent patients with moderate COVID-19 (n = 5), convalescent patients with
severe COVID-19 (n = 8). The left picture depicts average proportion of each cell type derived from three
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groups, HDs, convalescent patients with moderate COVID-19 and convalescent patients with severe
COVID-19. The calculation method is: (the number of speci�c cell cluster in one group) ⁄ (the number of
total cells in one group). The dot plot in the upper panel of the right picture shows the sum of the
absolute counts of cell subsets in the PBMCs of each sample, and the bottom bar plot shows cell
compositions at a single sample level. The calculation method is: (the number of speci�c cell cluster in
one sample) ⁄ (the number of total cells in one sample). c, Proportions of each cell type in each sample
colored by donor of origin. Description of calculation method of cell ratio as follows: B cells included Pre-
B, Maginal zone B, Follicular B, Plasma B and Memory B. The percentage of each cell cluster is calculated
as: (the number of speci�c cell cluster in one sample) ⁄ (the number of B cells in one sample); CD4+ T
cells included CD4+ naive, CD4+ memory, CD4+ effector memory, Th2, and Treg. The percentage of each
cell cluster is calculated as: (the number of speci�c cell cluster in one sample) ⁄ (the number of CD4+ T
cells in one sample); CD8+ T cells include CD8+ Naive, CD8+ effector-GNLY, CD8+ effector-GZMK, CD8+
effector memory, and the percentage of each cluster is calculated as: (the number of speci�c cell cluster
in one sample) ⁄ (the number of CD8+ T cells in one sample); NKT/gdT cells include gdT, NKT, NKT-
CD160, and MAIT, and the percentage of each cluster is calculated as: (the number of speci�c cell cluster
in one sample) ⁄ (the number of (NKT/gdT) cells in one sample); Myeloid cells include CD14+ Monocyte,
FCGR3A+ Monocyte, Myeloid DC, Plasmacytoid DC, and Neutrophile. The percentage of each cluster is
calculated as: (the number of speci�c cell cluster in one sample) ⁄ (the number of Myeloid cells in one
sample); Other cells include Basophil, HSPC, Proliferating, and Platelet, and the percentage of each
cluster is calculated as: (the number of speci�c cell cluster in one sample) ⁄ (the number of total cells in
one sample (117,102 cells)). The x axes correspond to the status of each patient e.g. HDs, convalescent
patients with moderate COVID-19 and convalescent patients with severe COVID-19. Shown are adjusted P
values by unpaired two-sided t-test. d, Box plots of the cell state score using genes from three GO
biological process terms (Acute in�ammatory responses, Responses to interferon alpha and Immune
responses-activating cell surface receptor signaling pathway) across cell types derived from HDs (n = 4)
and convalescent patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19
(n = 8). For each GO pathway, the AddModuleScore (Seurat v3.2.0, default parameter) function was used
to calculate the cell stat scores of of genes from the GO pathway in each cell. Box plots of are drawn
according to the three groups of HDs, convalescent patients with moderate COVID-19 and convalescent
patients with severe COVID-19, and the cell stat scores of the cells from three groups are compared.
Conditions are shown in different colors. The vertical axis represents median values, with whiskers
extending to the farthest data point within a maximum of 1.5 × interquartile range. All differences with *P
< 0.01 are indicated. **P < 0.001; ***P < 0.0001; using unpaired two-sided T-test. Shown are adjusted P
values by unpaired two-sided t-test.
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Figure 3

Characterization of innate immune cells in individuals across three conditions. a, The UMAP projection of
innate immune cell subsets including Monocytes, DCs and neutrophils. Other cluster of cells are labeled
as other cells. Each dot corresponds to a single cell, colored according to cell type. b, The UMAP
projection of monocytes, DCs and neutrophils derived from HDs (n = 4) and convalescent patients with
moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). Each dot corresponds to



Page 35/46

a single cell, colored according to cell type. c, Dot plot depicting gene expression and percent of
expression of cells of top 70 differentially expressed genes in monocytes, DCs and neutrophils derived
from HDs (n = 4) and convalescent patients with moderate COVID-19 (n = 5), convalescent patients with
severe COVID-19 (n = 8). The right panel shows differential expression signi�cance between groups. The
top 10 DEGs in each cluster are identi�ed according to the average log foldchange and summarized the
top 10 DEGs of all cell clusters from HDs, convalescent patients with moderate COVID-19 and
convalescent patients with severe COVID-19 and a total of 70 DEGs are obtained. The size of the dot
represents the percent of expression of cells, and color represents the expression levels after log scale.
Statistical analysis was performed using Wilcoxon rank sum test. The right panel depicted the differential
expression signi�cance by across tree groups, HDs, convalescent patients with moderate COVID-19 and
convalescent patients with severe COVID-19. Statistical analysis was performed using unpaired two-sided
t-test. d, Gene enrichment analyses of the DEGs in Figure 3c in the Biological Process (BP) database in
Gene Ontology (GO). GO terms are labeled with name and ID and sorted by −log10 (P value). The top 20
enriched GO terms are shown. e, Box plots of the cell state score using genes from two GO biological
process terms (Regulation of innate immune responses and Positive regulation of cytokine production)
across clusters of monocytes, DCs and neutrophils derived from HDs (n = 4) and convalescent patients
with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). For each GO
pathway, the AddModuleScore (Seurat v3.2.0, default parameter) function was used to calculate the cell
stat scores of of genes from the GO pathway in each cell. Box plots of are drawn according to the two
groups of HDs, convalescent patients with moderate COVID-19 and convalescent patients with severe
COVID-19, and the cell stat scores of the cells from three groups are compared. Conditions are shown in
different colors. The vertical axis represents median values, with whiskers extending to the farthest data
point within a maximum of 1.5 × interquartile range. All differences with *P < 0.01 are indicated. **P <
0.001; ***P < 0.0001; using unpaired two-sided t-test. Shown are adjusted P values by unpaired two-sided
t-test. f, Expression pattern of DEGs relevant to speci�c biological functions in regulating innate immunity
during convalescence of COVID-19. DEGs relevant to speci�c biological functions in regulating innate
immunity were identi�ed from Figure 3c and expression pattern of these DEGs in cell subsets were
shown. Up arrow was correspondence to upregulation and down arrow was correspondence to
downregulation. ns represented as no signi�cance. g. Scatter-plot showing DEGs in monocytes, DCs and
neutrophils derived from HDs (n = 4) and convalescent patients with moderate COVID-19 (n = 5),
convalescent patients with severe COVID-19 (n = 8) calculated by Markers (Seurat v3.2.0, default
parameters) function. Each red dot denotes an individual gene with P < 0.01 and average log2 fold
change > 0.25. The plots with the gene symbols are the genes which are signi�cantly differentially
expressed both when convalescent patients with moderate COVID-19 (n = 5) groups compared with HDs
(n = 4) groups and convalescent patients with severe COVID-19 (n = 8) groups compared with HDs (n = 4)
groups. Orange dots indicate the genes which are only signi�cantly differentially expressed when
convalescent patients with severe COVID-19 (n = 8) groups compared with HDs (n = 4) groups. Green dots
indicate the genes which are only signi�cantly differentially expressed when convalescent patients with
moderate COVID-19 (n = 5) groups compared with HDs (n = 4) groups.
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Figure 4

Characterization of T cells in individuals across three conditions a, The UMAP projection of T cells. Each
dot corresponds to a single cell, colored according to cell type. The T cell subsets dimensionality
reduction map includes CD4+ T, CD8+ T, gdT, NKT and MAIT, and other cluster of cells are labeled as other
cells. b, The UMAP projection of T cells derived from HDs (n = 4) and convalescent patients with
moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). Each dot corresponds to
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a single cell, colored according to cell type. c, Average proportion of each cell type derived from HDs (n =
4) and convalescent patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-
19 (n = 8). The left picture depicted average proportion of each T cell type derived from three groups, HDs,
convalescent patients with moderate COVID-19 and convalescent patients with severe COVID-19. The
calculation method is: (the number of speci�c cell cluster in one group) ⁄ (the number of total cells in one
group). The dot plot in the upper panel of the right picture shows the sum of the absolute counts of T cell
subsets in the PBMCs of each sample, and the bottom bar plot shows T cell compositions at a single
sample level. The calculation method is: (the number of speci�c T cell cluster in one sample) ⁄ (the
number of total cells in one sample). d, Dot plot depicting gene expression and percent of expression of
cells of top 142 differentially expressed genes in T cells derived from HDs (n = 4) and convalescent
patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The right
panel shows differential expression signi�cance between groups. The top 10 DEGs in each cluster are
identi�ed according to the average log foldchange and summarized the top 10 DEGs of all cell clusters
from HDs, convalescent patients with moderate COVID-19 and convalescent patients with severe COVID-
19 and a total of 142 DEGs are obtained. The size of the dot represents the percent of expression of cells,
and color represents the expression levels after log scale. Statistical analysis was performed using
Wilcoxon rank sum test. The right panel depicts the differential expression signi�cance by across tree
groups, HDs, convalescent patients with moderate COVID-19 and convalescent patients with severe
COVID-19. Statistical analysis was performed using unpaired two-sided t-test. e, Gene enrichment
analyses of 142 DEGs in Figure 4d in the Biological Process (BP) database in Gene Ontology (GO). GO
terms are labeled with name and ID and sorted by −log10 (P value). The top 20 enriched GO terms are
shown.
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Figure 5

DEGs in T cells in individuals across three conditions. a, Expression pattern of DEGs relevant to speci�c
biological functions in regulating T cell immunity during convalescence of COVID-19. DEGs relevant to
speci�c biological functions in regulating innate immunity were identi�ed from Figure 4d and expression
pattern of these DEGs in cell subsets were shown. Up arrow was correspondence to upregulation and
down arrow was correspondence to downregulation. ns represented as no signi�cance. b, Scatter-plot
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showing DEGs in T cell subsets (CD4+ Memory, CD8+ Effector memory and NKT-CD-160) derived from
HDs (n = 4) and convalescent patients with moderate COVID-19 (n = 5), convalescent patients with severe
COVID-19 (n = 8) calculated by Markers (Seurat v3.2.0, default parameters) function. Each red dot
denotes an individual gene with P < 0.01 and average log2 fold change > 0.25. The plots with the gene
symbols are the genes which are signi�cantly differentially expressed both when convalescent patients
with moderate COVID-19 compared with HDs groups and convalescent patients with severe COVID-19
compared with HDs. Orange dots indicate the genes which are only signi�cantly differentially expressed
when convalescent patients with severe COVID-19 compared with HDs. Green dots indicate the genes
which are only signi�cantly differentially expressed when convalescent patients with moderate COVID-19
compared with HDs. c, Gene enrichment analyses of the DEGs in Figure 4d in the Biological Process (BP)
database in Gene Ontology (GO). GO terms are labeled with name and ID and sorted by −log10 (P value).
The top 20 enriched GO terms are shown. d, Dot plot depicts percent expression and average expression
of all detected HLA genes in T cells derived from HDs (n = 4) and convalescent patients with moderate
COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The size of the dot represents the
expression percentage of T cell clusters, and data color represents the expression levels after log scale.
The right panel shows differential expression signi�cance between the three groups with unpaired two-
sided t-test.



Page 40/46

Figure 6

Expanded TCR clones and selective usage of V(D)J genes. a, The UMAP projection of T cells derived from
PBMCs. Clusters are denoted by colors labeled with inferred cell types (�rst picture from left), TCR
detection, T-cell expressing TCR with blue dots indicate cells with TCR and gray dots indicate cells
without TCR (second picture from left), TCR clonotype number with copy number greater than 50 in one
cell cluster (third picture from left) and TCR clonotype number with copy number greater than 50 in



Page 41/46

different cell clusters (fourth picture from left). b, Percentage of TCR cells in each T cell cluster. Bar plots
showing the percentage of TCR detection in each T cell cluster. c, The association between the number of
T cell clones and the number of cells per clonotype. The dashed line separates nonclonal and clonal cells.
The x-axis is log2 (the number of cells per clonotype), and the y-axis is the number of cells clonotype. The
dashed line at x=1 represents the clonotype of TCR with nonclonal on the left and clonal cells on the
right. The regression curve algorithm is LOESS �tting. d, The distribution of TCR clonal state of different T
cell clusters of HDs (n = 4), convalescent patients with moderate COVID-19 (n = 5), convalescent patients
with severe COVID-19 (n = 8) groups. Clonotype copy number greater than 2 is clonal while clonotype
copy number equal to 1 is nonclonal, and no clonotype represent non-TCR is marked as Non-VDJ. e, The
clonal status percentage of T cells (top left) and percentage of different levels of clonal T cells (top right,
bottom left and bottom right) across T cells derived from HDs (n = 4) and convalescent patients with
moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). f, TCR clonal expansion
and transition level was detected using Startrac.run (STARTRAC v0.1.0, default parameters) in samples
among HDs (n = 4), convalescent patients with moderate COVID-19 (n = 5), convalescent patients with
severe COVID-19 (n = 8). Pairwise comparative analysis was performed. Adjusted P-values smaller than
0.05 are indicated (unpaired two-sided t-test). g, Usage of some TRAV (�rst), TRAJ (second), TRBV
(bottom left) and TRBJ (bottom right) genes across T cells derived from HDs (n = 4) and convalescent
patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8) by donor.
The average percentages of the genes in each condition are showed with the height of the column. Higher
column represents more gene appears in the group. Pairwise comparative analysis was performed with
statistical analysis of Wilcoxon Rank Sum test. P<0.05 was considered signi�cant difference between
two groups. Error bars represent ± s.e.m. for 4 HDs and 13 convalescent patients. h, The top ten CDR3
usages of protein sequences of TRA/TRB are shown across groups of HDs (n = 4), convalescent patients
with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). Each bar is colored
by condition identity. Shared CDR3 sequences are in a red font. i, TRA/B rearrangement differences
across three conditions of HDs (n = 4), convalescent patients with moderate COVID-19 (n = 5),
convalescent patients with severe COVID-19 (n = 8). The colors indicate the log2((usage count) + 1) of
speci�c V-J gene pairs. Darker color represents more gene combination appear.
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Figure 7

Characterization of immunological features of B cell subsets in individuals across three conditions. a,
The UMAP projection of B cell subsets. Each dot corresponds to a single cell, colored according to cell
type. b, The UMAP projection of B cell subsets derived from HDs (n = 4) and convalescent patients with
moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The UMAP projection
were used and each dot corresponds to a single cell. c, Bar plot showing B cell compositions at the single
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sample level. Average proportion of each cell type derived from HDs (n = 4) and convalescent patients
with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The left picture
depicted average proportion of each B cell type derived from three groups, HDs, convalescent patients
with moderate COVID-19 and convalescent patients with severe COVID-19. The calculation method is:
(the number of speci�c cell cluster in one group) ⁄ (the number of total cells in one group). The dot plot in
the upper panel of the right picture shows the sum of the absolute counts of B cell subsets in the PBMCs
of each sample, and the bottom bar plot shows T cell compositions at a single sample level. The
calculation method is: (the number of speci�c B cell cluster in one sample) ⁄(the number of total cells in
one sample). d, Dot plot depicted gene expression and percent of expression of cells of top 82
differentially expressed genes in B cells derived from HDs (n = 4) and convalescent patients with
moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The right panel shows
differential expression signi�cance between groups. The top 10 DEGs in each cluster are identi�ed
according to the average log foldchange and summarized the top 10 DEGs of all cell clusters from HDs,
convalescent patients with moderate COVID-19 and convalescent patients with severe COVID-19 and a
total of 82 DEGs are obtained. The size of the dot represents the percent of expression of cells, and color
represents the expression levels after log scale. Statistical analysis was performed using Wilcoxon rank
sum test. The right panel depicts the differential expression signi�cance by across tree groups, HDs,
convalescent patients with moderate COVID-19 and convalescent patients with severe COVID-19.
Statistical analysis was performed using unpaired two-sided t-test. e, Gene enrichment analyses of 82
DEGs in Figure 7d in the Biological Process (BP) database in Gene Ontology (GO). GO terms are labeled
with name and ID and sorted by −log10 (P value). The top 20 enriched GO terms are shown. f, Expression
pattern of DEGs was relevant to speci�c biological functions in regulating B cell immunity during
convalescence of COVID-19. DEGs was relevant to speci�c biological functions in regulating innate
immunity were identi�ed from Figure 7d and expression pattern of these DEGs in cell subsets were
shown. Up arrow was correspondence to upregulation and down arrow was correspondence to
downregulation. ns represented as no signi�cance. g. Scatter-plot showing DEGs in B cell subsets derived
from HDs (n = 4) and convalescent patients with moderate COVID-19 (n = 5), convalescent patients with
severe COVID-19 (n = 8) calculated by Markers (Seurat v3.2.0, default parameters) function. Each red dot
denotes an individual gene with P < 0.01 and average log2 fold change > 0.25. The plots with the gene
symbols are the genes which are signi�cantly differentially expressed both when convalescent patients
with moderate COVID-19 compared with HDs groups and convalescent patients with severe COVID-19
compared with HDs. Orange dots indicate the genes which are only signi�cantly differentially expressed
when convalescent patients with severe COVID-19 compared with HDs. Green dots indicate the genes
which are only signi�cantly differentially expressed when convalescent patients with moderate COVID-19
compared with HDs. h, Gene enrichment analyses of the DEGs in Figure 7d in the Biological Process (BP)
database in Gene Ontology (GO). GO terms are labeled with name and ID and sorted by −log10 (P value).
The top 20 enriched GO terms are shown. i, Dot plot depicts percent expression and average expression
of all detected HLA genes in B cells derived from HDs (n = 4) and convalescent patients with moderate
COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The size of the dot represents the
expression percentage of B cell clusters, and data color represents the expression levels after log scale.
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The right panel shows differential expression signi�cance between the three groups with unpaired two-
sided t-test.

Figure 8

Expanded BCR clones and selective usage of V(D)J genes. a, The UMAP of B cells derived from PBMCs.
The UMAP of B cells is colored based on BCR detection. B cells expressing BCR with blue dots indicate
cells with BCR and gray dots indicate cells without BCR. b, Bar plot showing percentage of B cells
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expressing BCR detection in each B cell cluster. c, The association between the number of B cell clones
and the number of cells per clonotype. The dashed line separates nonclonal and clonal cells. The x-axis is
log2 (the number of cells per clonotype), and the y-axis is the number of cells clonotype. The dashed line
at x=1 represents the clonotype of BCR with nonclonal on the left and clonal cells on the right. The
regression curve algorithm is LOESS �tting. d, Bar plot showing the distribution of the clone state of B
cells in each cluster of HDs (n = 4), convalescent patients with moderate COVID-19 (n = 5), convalescent
patients with severe COVID-19 (n = 8) groups. Clonotype copy number greater than 2 is clonal while
clonotype copy number equal to 1 is nonclonal, and no clonotype represent non-BCR is marked as Non-
VDJ. e, The clonal status percentage of B cells (top left) and percentage of different levels of clonal B
cells (top right, bottom left and bottom right) across B cells derived from HDs (n = 4) and convalescent
patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). f, Bar plot
showing the percentages of IGHA, IGHD, IGHG and IGHM in each condition, with error bars representing ±
s.e.m. for HDs (n = 4) and 13 patients, convalescent patients with moderate COVID-19 (n = 5) and
convalescent patients with severe COVID-19 (n = 8). Higher column represents more gene appears in the
group. All differences with P < 0.05 are indicated and were analyzed using unpaired two-sided t-test. g,
Usage of some IGHV (top left), IGHJ (top right), IGKV (middle left), IGKJ (middle right), IGLV (bottom left)
and IGLJ (bottom right) genes across conditions of HDs (n = 4) and convalescent patients with moderate
COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). The average percentages of the
genes in each condition are showed with the height of the column. Conditions are shown in different
colors. Error bars represent ± s.e.m. for 4 HDs and 13 patients. Higher column represents more gene
appears in the group. All differences with P < 0.05 are indicated and were analyzed using unpaired two-
sided t-test. Error bars represent ± s.e.m. for 4 HDs and 13 convalescent patients. h, The top ten CDR3
usages of protein sequences of heavy chain and light chain are shown across groups of HDs (n = 4),
convalescent patients with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n =
8). Each bar is colored by condition identity. Shared CDR3 sequences are in a red front. i, Heat maps
showing IGH/K/L rearrangement differences across conditions of HDs (n = 4) and convalescent patients
with moderate COVID-19 (n = 5), convalescent patients with severe COVID-19 (n = 8). Colors indicate the
log2((usage count)+1) of speci�c V-J gene pairs. Darker color represents more gene combination appear.
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