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Forty-seven samples of peripheral blood mononuclear cells from four groups of coronavirus disease (COVID)-19
patients (mild, severe, convalescent, retesting-positive) and healthy controls were applied to profile the immune
repertoire of COVID-19 patients in acute infection or convalescence by transcriptome sequencing and immune-
receptor repertoire (IRR) sequencing. Transcriptome analyses showed that genes within principal component
group 1 (PC1) were associated with infection and disease severity whereas genes within PC2 were associated
with recovery from COVID-19. A “dual-injury mechanism” of COVID-19 severity was related to an increased
number of proinflammatory pathways and activated hypercoagulable pathways. A machine-learning model
based on the genes associated with inflammatory and hypercoagulable pathways had the potential to be
employed to monitor COVID-19 severity. Signature analyses of B-cell receptors (BCRs) and T-cell receptors
(TCRs) revealed the dominant selection of longer V-J pairs (e.g., IGHV3-9-IGHJ6 and IGHV3-23-IGHJ6) and
continuous tyrosine motifs in BCRs and lower diversity of TCRs. These findings provide potential predictors for
COVID-19 outcomes, and new potential targets for COVID-19 treatment.

1. Introduction syndrome coronavirus (SARS-CoV) [3], middle East respiratory syn-
drome coronavirus (MERS-CoV) [4] and SARS-CoV-2 [5].
At present, the outbreak caused by SARS-CoV-2 infection has been

upgraded to a global pandemic. Worldwide, the number of known cases

Major infectious diseases pose huge threats to human health and
great challenges to the security of global public health, and can cause

more premature deaths than any other disease [1,2]. In the last two
decades, infectious diseases caused by members of the coronavirus
family have raged three times in the population: severe acute respiratory

has exceeded 83 million, and led to >1.8 million deaths, according to
data released by the World Health Organization (WHO) on January 3,
2021. This situation has placed extreme constraints on public-health
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resources worldwide [6-8]. The pandemic has not been brought under
control effectively worldwide.

The acute infectious pneumonia caused by SARS-CoV-2 was named
“coronavirus disease 2019” (COVID-19) by the WHO on February 11,
2020 [9]. The initial symptoms of COVID-19 are mostly mild (fever, dry
cough, fatigue) and some patients develop severe symptoms (e.g., dys-
pnea) gradually [8]. Although most people with COVID-19 have mild
disease, compared with the 2009 influenza pandemic, the proportion of
COVID-19 patients requiring hospitalization is higher, and COVID-19
patients have about a fivefold increased risk of admission to the inten-
sive care unit (ICU) [7].

SARS-CoV-2 targets cells in the nasal cavity and respiratory tract. It
focuses on cells carrying angiotensin-converting enzyme 2 (ACE2) re-
ceptors and transmembrane serine protease 2 to infect the host [8,10].
Pulmonary cells infected with SARS-CoV-2 release inflammatory signals
that activate the body’s antiviral immune response. However,
SARS-CoV-2 infection causes an excessive non-effective response and
severe inflammation in some COVID-19 patients by pathogenic T helper
(Th)1 cells and inflammatory cluster of differentiation (CD)147CD16™
monocytes [11]. The level of proinflammatory cytokines such as
granulocyte-macrophage colony-stimulating factor (GM-CSF), inter-
leukin (IL)-1 and IL-6 released by these cells in the serum of patients
with severe COVID-19 is increased, which results in recruitment of more
activated immune cells into the lung to form “cytokine release syn-
drome” (CRS) [8,11-14]. Monoclonal-antibody drugs that target these
proinflammatory cytokines, such as tocilizumab (anti-IL6 receptor) or
mavrilimumab (anti-GM-CSF receptor-a) can alleviate CRS and improve
survival chances in patients with severe COVID-19 [11,15,16]. Never-
theless, some patients miss the period when efficacious medication can
be administered due to the rapid progress of COVID-19. Finding and
identifying features to improve the potential ability to predict the
COVID-19 outcome after SARS-CoV-2 infection is expected to optimize
the therapeutic effect of the targeted drugs. This strategy could help to
reduce the incidence and mortality of severe COVID-19.

According to preliminary calculations based on the latest data
released by the WHO, the overall prevalence of mortality in COVID-19
patients was ~2% (1.8/83). The mortality prevalence for COVID-19
varies markedly by age, and older patients (>85 years) are more at
risk than children (aged 5-17 years) in the USA [8]. Most hospitalized
patients can recover from COVID-19 after symptomatic treatment,
thereby reaching the standard for hospital discharge (negative
SARS-CoV-2 nucleic acid test (NAT)). However, unlike SARS and MERS,
some COVID-19 patients discharged from hospital re-test positive for
SARS-CoV-2 [17]: these patients are known as “retesting-positive” (RTP)
patients. Upon re-admission to hospital, these patients show no signifi-
cant clinical symptoms or disease progression, with normal or improved
computed-tomography images and normal levels of proinflammatory
cytokines [18]. In a clinical follow-up study from Wuhan (China), the
prevalence of RTP patients was ~3%, which increased the risk of
COVID-19 re-spread [19]. Therefore, looking for relevant potential
predictors of COVID-19 outcomes involving RTP patients in the conva-
lescent period is of great importance for the development of targeted
treatment and early preventive measures.

Compared with SARS and MERS, COVID-19 caused by SARS-CoV-2
infection is relatively mild. However, SARS-CoV-2 is more contagious
and has a longer and more complicated course, including an acute-
infection period with obvious symptoms and a chronic convalescence
period that may occur repeatedly. Looking for markers of patients with
the severity or the RTP status is important opportunities for observing
COVID-19 outcomes.

We wondered if we could identify markers that have the potential to
predict COVID-19 outcomes. We employed comprehensive immune
analyses using high-throughput sequencing of the transcriptome and the
repertoire of immune receptors from the peripheral blood mononuclear
cells (PBMCs) of patients. In this way, we wished to provide new insights
into the pathogenesis of severe COVID-19 and the cause of RTP.
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2. Materials and methods
2.1. Study design

The study protocol was approved by the Ethics Committee of the
First Affiliated Hospital of the University of Science & Technology of
China (2020-XG(H)-005) and Peking University First Hospital (2020-
Research-112) for Emerging Infectious Diseases. The study was con-
ducted in accordance with the International Conference on Harmoni-
zation Guidelines for Good Clinical Practice and the Declaration of
Helsinki 1964 and its later amendments.

We profiled the transcriptome and the repertoire of immune receptors
of PBMCs of COVID-19 patients, and to find potential clues to analyze
COVID-19 outcomes. We addressed this objective by: (i) collecting
PBMCs from 47 samples involved in five courses of disease; (ii) under-
taking sequencing of the transcriptome and repertoire of immune re-
ceptors; (iii) summarizing the differences in the transcriptome or
immune-receptor repertoire of different courses. Patients were divided
into groups based on the clinical diagnosis.

2.2. Human samples

Forty-seven PBMC samples were from nine HCs, 16 non-ICU patients,
six ICU patients, six CPs with negative viral NAT, and 10 CPs with
positive viral NAT (RTP). The detailed patient information is shown in
Supplementary Table 1. The samples of HCs, non-ICU patients and ICU
patients were collected from the First Affiliated Hospital of the Uni-
versity of Science and Technology of China (Hefei, China). All non-ICU
patients and ICU patients were hospitalized patients diagnosed with
SARS-CoV-2 infection. Patients in the ICU were admitted mainly
because SpO; was lower (<93% while breathing room air), and because
high-flow nasal intubation or higher-level oxygen support were required
to correct hypoxemia. PBMC samples of CPs and RTP patients were
collected in the Wuhan Pulmonary Hospital (Wuhan, China). CPs and
RTP patients were convalescent patients with COVID-19 who had
reached negative viral NAT and discharged after treatment. In the
follow-up after hospital discharge, CP’s viral NAT remained negative,
whereas that of RTP patients was positive, and they were re-admitted to
hospital. Neither CPs nor RTP patients had obvious symptoms.

2.3. Transcriptome sequencing

Forty-seven PBMC samples from the five groups were subjected to
transcriptome sequencing by the BGISEG platform (Beijing Genomics
Institution (BGI), Beijing, China). Briefly, 500 pL of whole blood from
each sample underwent centrifugation at 300xg for 5 min at room
temperature. Red blood cell lysis buffer was used to remove red blood
cells. Then 1 mL of TRIzol Reagent (Invitrogen, Carlsbad, CA, USA) was
added to lyse the remaining cells and stored at —20 °C. Total RNA was
extracted and purified by phenol-chloroform extraction and treated
with DEPC-treated water. RNA libraries were prepared for sequencing
using the MGISEQ-2000 R S High Throughput (Rapid) Sequencing Re-
agent Kit according to standard BGI protocols. Raw data of RNA-Seq
were deposited in the genome sequence archive (GSA) database of na-
tional genomics data center (accession number, CRA003083).

2.4. Mapping and counting mRNA transcripts

Cutadapt 2.10 (https://cutadapt.readthedocs.io/en/stable/index.ht
ml) was used for adapter trimming. Clean reads were aligned to the
hg38 reference genome using hisat2. Then, they were annotated and
counted with gene annotations gencode v30 using feature counts. All
samples were merged to produce a digital counts matrix and normalized
to TPM with customized R script. The gene-expression matrix was
filtered to retain only genes with an average TPM >0.5: this strategy
resulted in 20,717 expressed genes.
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2.5. PCA genes contained in PC1 and PC2 showed in the Supplementary Table 2.

To uncover the biological knowledge from our time-course design, 2.6. GSVA of pathways
we undertook on a logarithmic TPM matrix to identify disease-related
factors. We selected the top-100 genes with the highest contribution

To identify the gene-expression signatures and pathway activation,
to each component to enriched GO terms using cluster profiler. List of

GSVA (a non-parametric and unsupervised algorithm) was employed.
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Fig. 1. PC1 and PC2 distinguish between infected and convalescent patients with COVID-19.

(A) A model diagram depicting the COVID-19 course at full-scale. NAT “+/—" denotes that the nucleic-acid test result of SARS-CoV-2 is positive (“+) or negative
(“-”). (B) Overview of the experimental design and number of samples for RNA-seq, BCR-seq and TCR-seq. Healthy control (n = 9): healthy people not infected with
SARS-CoV-2. Non-ICU patients (n = 16): patients with mild COVID-19 admitted to the general ward. ICU patients (n = 6): patients with severe COVID-19 admitted to
the intensive care unit (ICU). CP patients (n = 6): convalescent patients with a negative viral nucleic-acid re-test result. RTP patients (n = 10): convalescing patients
with a positive viral nucleic-acid re-test result. (C) The proportion of PC1-10 in the PCA of transcriptome data from the 47 patients in the five groups. (D) PCA of
transcriptome data from the five groups based on PC1 and PC2. (E and F) Correlation analyses between PC1(E) or PC2(F) genes and patients in the five groups.
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Gene-set collections in MsigDB, including H (hallmarker), C2 (canonical
pathways), C5 (gene ontology) and C7 (immunologic signatures) were
selected. Gene sets that were changed significantly (P adjusted <0.1%)
compared with those of HCs and which correlated significantly (P
adjusted <0.1%) with PC1 and PC2 were utilized.

2.7. Immune infiltration

To infer the composition of immune cells in PBMCs, the TPM matrix
was processed by xCell algorithm v1.1.0 with default settings except the
cell. types.use parameter (basophils, eosinophils, megakaryocytes,
monocytes, neutrophils, NK cells, plasma cells, and all B- and T-cell
subtypes were selected). The signature genes involved in xCell showed
in the Supplementary Table 3.

2.8. MLM

To establish a model for evaluating COVID-19 severity based on the
dual-injury mechanism, we created the learning set based on the 632
inflammation- and vascular injury mechanism-related genes from non-
ICU and ICU groups using the leave-one-out method. With glyceralde-
hyde 3-phosphate dehydrogenase (GAPDH) as an internal reference, the
relative gene expression was calculated. Using the P value as the
screening condition, a logistic regression algorithm was used to model,
and the final 16 featured genes and data models were determined
through 100 permutations. The transcriptome data of 10 COVID-19
patients who were RTP and the dynamic data of three cases during
hospitalization in the Array Express database (E-MTAB-8871) [20] were
used as the test set. All the in house developed codes/scripts were
uploaded to Github website (https://github.com/USTC-IOI/RNA_IR_an
alysis_of SARS-nCov).

2.9. Sequencing of the repertoire of immune receptors

PBMC samples of some patients in the five groups used for the
sequencing of the immune-receptor repertoire are shown in Fig. 1B. BCR
or TCR libraries were prepared for sequencing using standard protocols
based on the Illumina Adaptor Primer and Multiplex PCR kit (Qiagen,
Stanford, VA, USA). A bioanalyzer (2100; Agilent Technologies, Santa
Clara, CA, USA) was used to ascertain the quality of the libraries. The
BCR region of the immune-receptor repertoire was sequenced using an
Mlumina platform (PE150). The TCR region of the immune-receptor
repertoire was sequenced using another Illumina platform (PE101).
Raw data of the repertoire of immune receptors were deposited in the
GSA database of national genomics data center (accession number,
CRA003098).

2.10. Mapping of the immune-receptor repertoire

SOAPnuke was used for data filtering. Software that compares
immune-receptor repertoire (MiXCR) was used for sequence comparison.
The comparison library is the software’s own gene library. Sequences
that were identical were classified as the same clone type (clonetype).
Reads with lower-quality values were compared twice to reduce errors
introduced by PCR and sequencing. The final result file was a tabbed text
file, and each line contained information such as the amount, frequency,
CDR3 sequence, and V/D/J gene of a clone type.

2.11. CDR3 cluster analysis

Because the CDR3 of BCR or TCR differs greatly between groups,
most of them are expressed within a single group or even within a single
sample, and it is difficult to perform statistical analysis between groups,
so cluster analysis (component analysis) is performed. Group by CDR3
length, hamming distance and the number of different amino acids be-
tween different CDR3 groups were calculated. Using a hamming
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distance as a condition, perform network discovery clustering (netsig),
and construct components. For each component, draw the amino acid
ratio diagram (seqlogo diagram) and network diagram (network) at
each position, and count the relevant V and J regions.

2.12. Structural simulation of antibody binding to the spike protein

The homology of antibody structure is relatively high. Hence,
homology-modeling method was used to simulate the structure of the
heavy chain of an antibody. We used swissmodel (swissmodel.expasy.
org) for homology modeling. Enter the heavy chain sequence we ob-
tained through BCR sequencing to this website, it would give the anti-
body with the highest homology to the existing structure, and build the
target protein model. Then, we used Zdock (http://zdock.umassmed.
edu/) for rigid protein docking. Here, we used the modeled protein
structure to dock with the spike protein of SARS-CoV-2 and ACE2
complex and, finally, obtained docking scores.

2.13. Chemiluminescence assay

Collect the serum of CP and RTP patients for SARS-CoV-2 IgG and
IgM detection. Perform chemiluminescence detection of SARS-CoV-2
IgG and IgM according to the kit instructions (YHLO, Cat. No.:
C86095 M and Cat. No.: C86095G).

2.14. Statistical analyses

Statistical significance between two groups was determined using
unpaired two-tailed t-tests, and between multiple groups by one-way
analysis of variance. Data are the mean + SEM.

3. Results

3.1. Differences in principal component analysis (PCA) of COVID-19
patients with different courses

COVID-19 patients may go through a relatively complicated course
from being infected with SARS-CoV-2 to being “cured” (Fig. 1A): mild,
severe, convalescence, or RTP. Viral NAT is a core indicator for evalu-
ating infection, and blood oxygen saturation (SpO3) <93% is a key in-
dicator for evaluating severe cases.

We wished to profile the immune characteristics of COVID-19 pa-
tients with different courses to identify potential predictors of the
outcome and guide treatment. Hence, we collected PBMCs from 47 pa-
tients for high-throughput sequencing: nine healthy controls (HCs), 16
non-ICU patients, six ICU patients, six convalescing patients (CPs) and
10 RTP patients (Fig. 1B). PCA was used to reduce dimensionality to
analyze the transcriptome data of 47 samples in five groups.

We found that principal component (PC)1 (45.9%) and PC2 (12.3%)
were the main components, and that the proportion of other PCs was
<10% (Fig. 1C). Using PC1 and PC2 to profile the characteristics of the
transcriptome, we found that PC1 and PC2 could distinguish patients in
the five groups. Non-ICU patients and ICU patients were distributed in
the PC1 area, whereas CPs and RTP patients were distributed in the PC2
area (Fig. 1D). Furthermore, the PC score was used to assess the corre-
lation between the patients in the five groups and PC1 or PC2. The PC1
score increased in HCs, non-ICU patients and ICU patients, and rose to a
peak in ICU patients, whereas CPs and RTP patients showed a low cor-
relation with PC1 (Fig. 1E). These data showed that PC1 was a gene set
related to SARS-CoV-2 infection and COVID-19 severity. The PC2 score
was higher in CPs and RTP patients than that in the other three groups,
and highest in CPs. These observations showed that PC2 was a gene set
related to convalescence from COVID-19.

However, we did not detect the nucleic-acid sequence of SARS-CoV-2
in the transcriptome data of all samples (Supplementary Fig. 1). The
difference in gene-expression characteristics between HCs and the other
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four groups was not caused directly by SARS-CoV-2 infection, but likely
was the response of blood cells after systemic infection (especially im-
mune cells). Therefore, based on transcriptome data, we used xCell al-
gorithm v1.1.0 to analyze the changes in the proportion of various
immune cells in the sample. Using this method, our analyses showed
that compared with HCs, the proportion of CD4" T cells and CD8™ T cells
decreased in non-ICU and (especially) ICU patients, whereas the pro-
portion of B cells and plasma cells increased in non-ICU and ICU patients
(Supplementary Fig. 2). This decrease in the proportion of T cells is
consistent with the flow cytometry data we have reported [11]. Also, the
increase in the proportion of B cells may be related to upregulation of
expression of B cell-characteristic genes (e.g., PRDM1, XBP1, IRF4) as
reported in a single-cell sequencing study by Zhu and colleagues [21].
These results suggested that PC1 and PC2 may be gene sets related to
changes in the immune response of COVID-19 patients upon acute
infection or long-term convalescence.

3.2. A “dual-injury” mechanism based on inflammatory and
hypercoagulable pathways is present in severe COVID-19

A decrease in the number of T cells (especially CD4™ T cells) is an
obvious feature of COVID-19 [8,11,22]. Based on the xCell algorithm,
contrary to the decrease in the proportion of CD4" T cells in acute
infection with SARS-CoV-2, the proportion of polarized Thl and Th2
cells increased (Supplementary Fig. 2A), and these cells participated in
CRS development. In contrast, the proportion of T regulatory cells
(which negatively regulate the inflammatory response) was reduced in
non-ICU patients and ICU patients, and increased obviously in recovered
patients and RTP patients (Supplementary Fig. 2A). The proportion of
CD8™ T cells (the main force of the antiviral immune response) showed a
slight increase in non-ICU patients, but a visible decrease in ICU patients
(Supplementary Fig. 2B).

In addition to relying on marker molecules to analyze changes in
types of immune cells, gene set variation analysis (GSVA) was under-
taken to assess the enrichment of signaling pathways in the patients in
the five groups to enhance understanding of functional activation of
immune cells (Supplementary Fig. 3). Focusing on the gene set in PC1
related to acute infection, the humoral immune response, complement
activation, the chemotaxis activity of immune cells, and inflammatory
response-related signaling pathways were enriched sufficiently in non-
ICU and ICU groups compared with those of other groups (Fig. 2A and
Supplementary Fig. 3). The humoral immune response is mediated not
only by antimicrobial peptides but also by immunoglobulin (Ig)-pro-
ducing B cells, and activation of B cells occurs more often in infection
(Supplementary Fig. 3). Contrary to the immune-activation signal,
expression of some classic immunosuppressive pathways was down-
regulated in non-ICU and ICU groups and correlated negatively with
PC1, such as the suppressor of cytokine signaling 3 (SOCS3), forkhead
box P3 (FOXP3), IL-10, and transforming growth factor (TGF)-f (Fig. 2B
and Supplementary Fig. 3). This lack of negative regulatory signals leads
to an immune imbalance and accelerates CRS development. However,
antiviral pathways, such as natural killer (NK) cells, CD8" T cells and
type-I interferon receptor signaling, were negatively related to PCI,
especially in the ICU group. These data suggested that the low antiviral
immune response of patients in the ICU group was also an important
factor in disease deterioration (Fig. 2C and Supplementary Fig. 3). The
proportion of NK cells and CD8" T cells decreased in the ICU group
compared with that in the non-ICU group (Supplementary Figs. 2B and
D). The proportion of neutrophils that may be associated with excessive
inflammation increased in the ICU group (Supplementary Fig. 2E). To
evaluate further the pathways involved in PC1, we discovered that
expression of proinflammatory pathways increased in acute infection,
and was most enriched in the ICU group (Fig. 2D (left), 2E). Conversely,
expression of anti-inflammatory pathways increased in recovered pa-
tients and RTP patients (Fig. 2D (middle), 2E). Combining positive and
negative factors, we found that from patients with mild disease to severe
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disease, the immune imbalance developed to CRS, but the immune
balance was restored in the convalescent period (Fig. 2D, right).

In addition to inflammation, decreased SpO, due to dyspnea is a
typical feature of severe COVID-19 [8]. Differential analyses of the
top-100 genes in PC1 showed increased expression of the hemoglobin-1
gene in the ICU group (Supplementary Figs. 4A and B). Upon
functional-enrichment analyses of these genes using the Gene Ontology
database, we found that these genes were not only involved in the im-
mune response but also related to the hypoxic response of erythrocytes
(Supplementary Fig. 4C). GSVA of these genes showed that expression of
blood oxygen-related pathways (e.g., gas transport, hemoglobin com-
plex, erythrocyte maturation) was enriched significantly upon infection,
especially in the ICU group (Fig. 3A). Over-enrichment of oxygen
transport-related pathways corresponds to the clinical features of hyp-
oxia in severe COVID-19. The hypoxic environment in vivo changes
oxidative metabolism and accelerates the production of peroxides, and
enrichment of peroxide metabolic pathways was also observed in
non-ICU and ICU groups (Fig. 3A and Supplementary Fig. 5). Excessive
accumulation of peroxides not only aggravates the inflammatory
response, it also carries the risk of damaging vascular endothelial cells
(together with proinflammatory cytokines such as IL-1, IL-6 and TNF-a).
In  addition, fibrinolysis, collagen-trimer, platelet  and
blood-microparticle pathways related to blood coagulation were highly
enriched in patients upon infection and even in some convalescent pa-
tients (Fig. 3A). Hypercoagulation caused an increase in blood pressure
and vascular permeability, which put greater pressure on endothelial
cells (Fig. 3A). Further focusing on the functional changes of vascular
endothelial cells, pathways that negatively regulate the proliferation
and repair of endothelial cells were enriched upon infection, suggesting
that endothelial cells in COVID-19 patients are dysfunctional (Fig. 3A
and B). Importantly, expression of “don’t eat me” signals was reduced in
the ICU group, such as CD47/SIRPA, CD24/SIGLEC10 and SLAMF7
signals, which can aggravate the damage of activated macrophages to
endothelial cells (Fig. 3C). Due to the wide distribution of blood vessels
in the body, endothelial dysfunction leads to a further increase in
permeability, and release of more proinflammatory cytokines and per-
oxides in tissues further aggravates damage to blood vessels and tissues,
thereby forming a dual-injury mechanism of systemic multi-organ injury
in COVID-19 patients. This mechanism echoes the histopathological
results of exudative inflammation and hypercoagulation presented in
the autopsy of COVID-19 victims [23,24].

3.3. A machine-learning model (MLM) based on the dual-injury
mechanism to screen potential predictors of COVID-19 severity

Once severe multi-organ injuries occur in COVID-19 patients, the
cure rate is low, which seriously threatens the lives of patients [7,8].
Unfortunately, COVID-19 often accelerates suddenly. Hence, clarifying
the COVID-19 outcome as early as possible after infection is crucial for
timely targeted treatment.

To screen potential predictors of COVID-19 progression in the early
infection period, we built a MLM based on the genes associated with the
dual-injury mechanism from the PC1 gene set. Based on the tag per
kilobase million values of related genes from 16 non-ICU samples and six
ICU samples, the leave-one-out method was employed to establish a
modeling group and validation group (Fig. 4A). The size of each
modeling group was 20 samples and that of the validation group was
two samples. Using the P-value as the screening criterion, a mathe-
matical model was established through logistic regression, and 100
permutations were performed to screen and filter genes. Finally, a
feature set containing 16 genes was obtained (Fig. 4A and B). Among
them, TGFB1, TGFBR1, TGFBR2 and CD74 (as immune-negative signals)
and CD44, IRF8 and CD244 (as antiviral-activity signals) could inhibit
COVID-19 severity, whereas IL-1, TNF, CCL3 and CCL4 (as proin-
flammatory cytokines) promoted COVID-19 severity (Fig. 4B). These
genes also had an important role in defining the dual-injury mechanism
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Fig. 2. An imbalanced immune response to inflammation is related to triggering of COVID-19 severity.
(A, B, C) Correlation analyses between PC1 and GSVA enrichment score of proinflammatory pathways (A), anti-inflammatory pathways (B) and antiviral immune-
response pathway (C). (D) Dynamics of the degree of GSVA enrichment of proinflammatory-related pathways (left), anti-inflammatory-related pathways (middle)
and a combination of the two (right) in the five groups of healthy controls, non-ICU, ICU, CP and RTP. (E) Bubble chart showing the dynamic difference in expression
of featured genes in the proinflammatory and anti-inflammatory pathways enriched by GSVA in the five groups. “# of samples > mean (%)” show the proportion of
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Fig. 3. The activated hypercoagulable pathway is related to the acceleration and worsening of COVID-19 severity.

(A) Heatmap of GSVA-enrichment degree of oxygen saturation-, peroxide-, hypercoagulable-, and vascular injury-related pathways in each sample of the five groups.
(B) Dynamics of the GSVA-enrichment degree of promoted vascular injury-related pathways (left), anti-vascular injury-related pathways (middle) and a combination
of the two (right) in the five groups of healthy controls, non-ICU, ICU, CP and RTP. (C) Bubble chart showing the dynamic difference in expression of featured genes
in the promoted vascular injury- and anti-vascular injury-pathways enriched by GSVA in the five groups. “# of samples > mean (%)” show the proportion of samples

whose expression is greater than the mean. TPM, transcripts per kilobase million.

based on inflammatory and hypercoagulable pathways in patients with
severe COVID-19 (Figs. 2E and 3C).

To test the accuracy of this MLM, we first used all 10 RTP samples
that were mild or asymptomatic as the test set. After MLM operation, the
score of COVID-19 severity in all 10 RTP samples was <0.5, and they

were considered to be patients with “mild” COVID-19, which was
completely consistent with the clinical diagnosis of these 10 patients
(Fig. 4C). To further evaluate the MLM objectively, we tested the dy-
namic transcriptomic microarray data of whole blood from three
COVID-19 patients in the array express database (E-MTAB-8871) [20].
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Fig. 4. An Al-based gene model that has the potential to estimate COVID-19 severity.
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with COVID-19 and a logistic regression algorithm. (B) The top-16 featured genes of COVID-19 severity calculated by the machine-learning model. (C) Performance
of the machine-learning model in a test cohort of 10 RTP patients with COVID-19. (D) Performance of the machine-learning model in a test cohort of dynamic
transcriptomic data of PBMCs from three COVID-19 cases in the array express database (E-MTAB-8871).

In Case 1 (a 66-year-old man with a history of fever and cough and a
chest radiograph showing typical COVID-19 pathology), SpO decreased
and supplemental oxygen was given 3 days after hospital admission
[20]. Our MLM suggested that the score of Case 1 would increase 4-6
days after hospital admission, and would then decrease to <0.5 on day
10 (Fig. 4D). This calculation corresponded to the clinical manifesta-
tions of Case 1: SpO, was lowest on 3-5 days, and then restored, and
oxygen supplementation was stopped on day 12 [20]. Cases 2 and 3 had
the mild clinical manifestations of COVID-19, with no records of
decreased SpO; or the requirement for supplemental oxygen [20]. Our
MLM showed that the scores of Cases 2 and 3 would be < 0.5 in the 2
weeks when test data were available, and they had mild COVID-19
(Fig. 4D). These test results showed that 16 genes as potential pre-
dictors of COVID-19 severity identified through MLM screening based
on genes related to the dual-injury mechanism have the potential to be
used for analyzing the condition of a patient with COVID-19.

3.4. Diversity of the immune-receptor repertoire in convalescent patients
with COVID-19 is associated with outcomes

After treatment, the SARS-CoV-2 load in the body is reduced greatly,
viral NAT is negative, and the patient enters a long convalescence period
with slow repair of tissue damage [8,25]. Some convalescent patients
with a weak immune response after SARS-CoV-2 infection are positive
for SARS-CoV-2 NAT, which harbors risks to the treatment and pre-
vention of COVID-19 [17,18]. The PC2 gene set showed the potential to
distinguish between patients who had infection and those convalescing
(Fig. 1D). Hence, we focused on whether the PC2 gene set could
distinguish between CPs and RTP patients. The expression of the top-100
genes of PC2 was enriched in the CP group and RTP group compared
with that in the other groups (Supplementary Figs. 6A and B). These
genes were involved mainly in the regulation of immune balance and
repair of various tissue injuries (Supplementary Fig. 6C). Furthermore,
we used GSVA to assess differences in enrichment of multiple pathways
related to immune recognition, immune activation, immune regulation,
and vascular repair in PC2 (Supplementary Fig. 7). Compared with other
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Fig. 5. Select shorter BCRs are related to RTP in convalescent patients.

(A and B) Differences in IGHV (A) and IGHJ (B) selection between the CP group and RTP group. (C) Differential dominance in IGHV-IGHJ pairs between the CP group
and RTP group. (D) Difference in statistical parameters of IGHV-IGHJ pairs between the CP group and RTP group. (E) Differential dominance in components between
the CP group and RTP group. (F) The CDRH3 motif was the most significant difference in the RTP group and CP group. (G and H) Structural simulation (G) and
predictive binding force statistics (H) of the simulated neutralizing antibody competing with the S protein and ACE2 protein complex.
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groups, the signaling pathways involving activation of toll-like receptors
(TLR) signaling, T cells and NK cells, inhibitory immune regulation,
lymphocyte migration and angiogenesis were enriched in CP and RTP
groups, and the degree of enrichment of the two groups was similar
(Supplementary Fig. 7). These data suggest that the genes involved in
the enrichment pathway in PC2 had limited ability to distinguish be-
tween the CP group and RTP group. Although the pathways of B-cell
receptor (BCR) and T-cell receptor (TCR) activation had similar
enrichment levels in the CP group and RTP group, there may have been
key differences in the diversity of BCRs and TCRs between these two
groups to distinguish RTP.

To find clues from differences in BCRs or TCRs, we undertook
sequencing analyses of the repertoire of immune receptors in PBMC
samples from some patients in the five groups (Fig. 1B). BCR sequencing
showed that the diversity of the immune-receptor repertoire decreased
upon infection, and recovered in the convalescent period (Supplemen-
tary Fig. 8A). Expression of the top 5% of BCRs was more enriched in the
recovery period, especially in the ICU group (Supplementary Fig. 8B).
The Shannon-Wiener index of BCR also suggested that their decrease
upon infection and return in the convalescent period may be related to
the specific activation and expansion of B cells after infection (Supple-
mentary Fig. 8C). Analyses of BCR rearrangement were done between
the five groups to determine the dominant selection in regions V and J
(Supplementary Figs. 8D and E). Focusing on convalescence, the CP
group had greater levels of immunoglobulin G heavy chain variable
(IGHV)1-69 and IGHV3-23, and less IGHV1-2, compared with that in
the RTP group (Fig. 5A, left). In the J region, the CP group had more
IGHJ6 instead of IGHJ5 compared with that in the RTP group (Fig. 5A,
right). V-J rearrangements in the CP group were more concentrated,
whereas in the RTP group there were more V-J rearrangements and
greater diversity (Fig. 5B). Research on the human immunodeficiency
virus (HIV) and influenza B virus has shown that neutralizing antibodies
with more amino acids to form a longer CDR-H3 loops have a better
chance of breaking through the blockade of viral-antigen glycosylation
to recognize viruses [26,27]. Hence, we compared the amino-acid
number of V-J-dominant combinations from the CP group and RTP
group. The amino-acid number of the dominant selection in the V region
and J region in the CP group was more than that in the RTP group, so the
V-J-dominant combinations were also longer in the CP group (Fig. 5C).
These findings suggested that the neutralizing antibodies produced by B
cells in the RTP group may not have been able to break through glyco-
sylation of the spike protein effectively to recognize SARS-CoV-2 due to
the shorter CDR-H3 loops.

CDR3 is the key to antibody affinity. However, CDR3 is extremely
diverse, which results in very large differences between samples. To
analyze the difference of the CDR3 sequence of the BCR between CP and
RTP groups, we grouped them according to the amino-acid number of
the CDR3 sequence and then undertook component analyses. The
sequence of component-156 was the most significant in the CP group,
and component-170 was the most significant in the RTP group (Fig. 5D).
Further analyses of the sequences of components revealed obvious dif-
ferences in the central regions of component-156 and component-170
(Fig. 5E). The core region of component-156 contained five consecu-
tive tyrosine residues, whereas the core region of component-170 con-
tained more serine residues (Fig. 5E). Therefore, we hypothesized that
the antibodies produced by the most dominant B-cell clones in the CP
group and RTP group may recognize different antigens or have different
affinities. To verify this hypothesis further, we combined the most
dominant component and V-J regions of the CP group and RTP group,
and simulated the antibody heavy-chain structure based on the
V-CDR3-J sequence. The neutralizing antibody BD503 has been shown
to block binding of the receptor binding domain (RBD) of SARS-CoV-2 to
the target cell receptor (ACE2) [28]. We undertook dynamic simulation
analyses of the RBD of the spike protein and structure of the ACE2
complex derived from the database and simulated the antibody struc-
ture. The most dominant antibody in the CP group had similar binding
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positions with that of BD503 in the spike protein, and had strong binding
potential (Fig. 5F and G). These observations imply that the antibodies
produced by B cells in the CP group were better at blocking SARS-CoV-2
invasion than those in the RTP group. In addition, although patients in
the RTP group seemed to have more antibodies, they failed to eliminate
SARS-CoV-2 effectively (Supplementary Figs. 8F and G), further sug-
gesting that the antibodies produced by the B cells in the RTP group may
not be able to recognize and neutralize SARS-CoV-2.

T cells also play an important part in clearing SARS-CoV-2 infection
[29,30]. TCR sequencing of samples from five groups was undertaken to
study changes in the diversity of T-cell clones after SARS-CoV-2 infec-
tion. Similar to BCRs, the diversity of TCRs also decreased significantly
in non-ICU and ICU groups, and recovered in convalescence (Supple-
mentary Figs. 9A, B, C). GSVA of transcriptome data suggested that T
cells had more obvious activation of the antiviral response in conva-
lescence than that in infection (Supplementary Fig. 3 and Supplemen-
tary Fig. 7). Focusing on convalescent patients, we found that the TCR
diversity of the RTP group was greater than that of the CP group (Sup-
plementary Figs. 9A, B, C). Next, to further understand the rearrange-
ment of TCRs, we separately analyzed the dominant selection of V and J
regions. In the V region, TRBV28 was selected more often in the CP
group compared with that in the RTP group (Supplementary Fig. 9D). In
the J region, TRBJ2-7 was selected more often in the CP group, whereas
TRBJ1-5 and TRBJ1-4 were selected more often in the RTP group
(Supplementary Fig. 9E). Further evaluation of the diversity of the pairs
of the dominant selected V and J regions revealed that, compared with
that in HCs, V-J combinations were more concentrated and less diverse
in the convalescent period (Fig. 6A). These observations further sug-
gested that T-cell clones may have expanded and participated in elimi-
nation of residual SARS-CoV-2 in convalescence. However, compared
with the CP group, the V-J combinations in the RTP group were more
discrete, with greater diversity, which also indicated that the T-cell
clones in the RTP group may not have been amplified effectively
(Fig. 6B). In addition, component analyses were carried out to identify
the dominant CDR3 sequences in each group. Due to the highly diverse
nature of CDR3, although we undertook cluster analyses, only a few
consensus sequences were identified, of which eight CDR3 sequences
shared in all five groups and three CDR3 sequences shared in four groups
of patients may have been related to SARS-CoV-2 infection (Fig. 6C). The
eight TCR sequences was consistent with the activation time of T cells,
which increased in infection and decreased in convalescence, and was
higher in the CP group than that in the RTP group (Fig. 6D). These
findings suggested that a reduction in the number of these TCRs may be
related to the weak clearance of virus by T cells in the RTP group, which
must be confirmed in future studies.

4. Discussion

SARS-CoV-2 has infected >83 million people and wrought havoc
upon healthcare systems worldwide. We collected PBMC samples from
five groups involved in the complete course of COVID-19 for high-
throughput sequencing: HCs, mild (non-ICU), severe (ICU), CPs, and
RTP. Based on the sequencing data of the transcriptome and repertoire of
immune receptors from the PBMCs of COVID-19 patients, we tried to
find clues to identify potential predictors related to the COVID-19 out-
comes of patients upon infection and in the convalescent period (Fig. 7).

Inflammation is a major cause of COVID-19 severity [8,11]. Tran-
scriptome data showed that the increased inflammation shown in pa-
tients after SARS-CoV-2 infection was related to immune imbalance. In
ICU patients, the imbalance was more prominent, the antiviral immune
response of NK cells and CD8 T cells was low, activation of humoral
immunity and the complement system further aggravated the inflam-
matory response, and decline of some classic immune-negative signals
enhanced the deterioration of inflammation (Fig. 2). Peripheral lym-
phocytes from COVID-19 patients over-express exhaustion-related
makers [11,31,32]. The serum level of IgA is positively correlated with
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group and RTP group. (C) Upset chart of common components among the five groups. (D) The potential dynamic changes in the SARS-CoV-2-specific TCR sequence in
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COVID-19 severity [33]. Those observations support our analyses of the
role of inflammation in COVID-19. In addition, COVID-19 patients often
have platelet-fibrin thrombi in small arteries [23]. Excessive activation
of platelets may be related to hypercoagulation [34]. We found that the
proportion of megakaryocytes (main source of platelets) was correlated
with COVID-19 severity (Supplementary Fig. 2F). However, this seems
to be only part of the cause of hypercoagulation. On the basis of
inflammation, we showed that the increased peroxide accumulation and
hypercoagulable pathways associated with hypoxia and inflammation
caused further dysfunction of vascular endothelial cells (Fig. 3). Clini-
cally, endothelial dysfunction is associated with hypercoagulation [35].
Endothelial dysfunction was closely related to an increase in vascular
permeability in patients with severe COVID-19 (Fig. 3). This increase in
vascular permeability would allow more inflammatory factors and in-
flammatory cells to enter tissues, thereby aggravating tissue injury and
even causing multi-organ injury. Our results suggest that loss of the
don’t-eat-me signal may also be an important mechanism of endothelial
dysfunction in COVID-19 patients (Fig. 3). The classic don’t-eat-me
signaling molecule [36], CD24Fc, has been used to test alleviation of the
pathological injury caused by COVID-19 [37]. We propose a dual-injury
mechanism based on inflammatory and hypercoagulable pathways in
the mechanism of COVID-19 severity.

Gradually, COVID-19 is being recognized as a systemic disease [8,
38]. In addition to an excessive inflammatory response and increased
vascular-injury signals, transcriptome analyses suggested that the sense
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of smell and taste may also be disturbed in patients after SARS-CoV-2
infection (Supplementary Fig. 5). Also, anosmia and dysgeusia are
being considered as new typical symptoms of COVID-19 [39]. We also
found that the bone-mineralization pathway was downregulated and a
cartilage-development pathway was upregulated in convalescent pa-
tients, suggesting that osteoporosis is a potential sequela of COVID-19
(Supplementary Fig. 7).

The complex systemic damage and increase in mortality caused by
COVID-19 have highlighted the importance of understanding COVID-19
outcomes. Among them, appraisement of COVID-19 severity is one of
the important factors for judging outcomes. Some artificial intelligence
(AD)-based models have been developed for predicting COVID-19
severity according to the characteristics of serum proteomics or clin-
ical symptoms [40,41]. However, disease-related changes in gene
expression occur earlier than changes in protein levels and clinical
manifestations. Therefore, an assessment model based on
gene-expression changes has the advantage of being more sensitive than
a model based on changes in protein levels and clinical manifestations.
Such a model can effectively supplement the deficiencies of existing
prediction systems and can be used for primary screening. Based on the
16 genes serving as potential predictors involved in the dual-injury
mechanism, we built a MLM with the potential to analyze COVID-19
severity (Fig. 4D). Although expression of these genes was derived
from high-throughput sequencing, the calculation of relative expression
with GAPDH as an internal reference was introduced in the modeling,
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which made our MLM model compatible with the data derived from
quantitative polymerase chain reactions. This MLM will reduce the cost
of detection, and increase the convenience of detection operations,
which is conducive to the popularization of Al-prediction models based
on specific genes.

Another important opportunity for understanding COVID-19 out-
comes is in convalescence. Identifying RTP patients earlier will help
issuing of “immune passports” to prevent the re-spread of SARS-CoV-2.
RTP patients have similar clinical manifestations and immune activation
to that of COVID-19 patients in the convalescent period: obvious severe
symptoms are absent [17,18]. Therefore, we did not analyze the dif-
ferences in functional pathways, but focused on the changes in the di-
versity of BCRs and TCRs in RTP patients. Compared with RTP patients,
we found that CPs had a longer V region and J region (e.g., Vy3-9 and
Ju6) to achieve longer V-J pairing (Fig. 5B). SARS-CoV-2 is a highly
glycosylated spherical particle whose degree of glycosylation is much
higher than that of influenza viruses and the HIV, so many neutralizing
antibodies cannot block SARS-CoV-2 from invading cells [42,43]. A
neutralizing antibody with a longer CDR-H3 loops has been shown to
bind effectively to the HIV [26], which suggests that an antibody with a
longer V-J amino-acid sequence in the CP group may also have a better
ability to bind to SARS-CoV-2. Also, the central region of CDRH3 of BCRs
in CP patients had tyrosine residues instead of serine residues in the RTP
group (Fig. 5E). These BCR differences not only helped to explain why
the antibodies in the RTP group did not neutralize SARS-CoV-2 (Sup-
plementary Figs. 8F and G), but also helped understanding of which type
of antibodies may be effective. This information will provide new ideas
for the screening of neutralizing antibodies and evaluation of
vaccine-protection effects.
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(A) A model diagram depicting the COVID-19 course at full-scale.
NAT “+/—" denotes that the nucleic-acid test result of SARS-CoV-2 is
positive ("+) or negative ("-*). (B) Overview of the experimental design
and number of samples for RNA-seq, BCR-seq and TCR-seq. Healthy
control (n = 9): healthy people not infected with SARS-CoV-2. Non-ICU
patients (n = 16): patients with mild COVID-19 admitted to the general
ward. ICU patients (n = 6): patients with severe COVID-19 admitted to
the intensive care unit (ICU). CP patients (n = 6): convalescent patients
with a negative viral nucleic-acid re-test result. RTP patients (n = 10):
convalescing patients with a positive viral nucleic-acid re-test result. (C)
The proportion of PC1-10 in the PCA of transcriptome data from the 47
patients in the five groups. (D) PCA of transcriptome data from the five
groups based on PC1 and PC2. (E and F) Correlation analyses between
PC1(E) or PC2(F) genes and patients in the five groups.

(A, B, C) Correlation analyses between PC1 and GSVA enrichment
score of proinflammatory pathways (A), anti-inflammatory pathways
(B) and antiviral immune-response pathway (C). (D) Dynamics of the
degree of GSVA enrichment of proinflammatory-related pathways (left),
anti-inflammatory-related pathways (middle) and a combination of the
two (right) in the five groups of healthy controls, non-ICU, ICU, CP and
RTP. (E) Bubble chart showing the dynamic difference in expression of
featured genes in the proinflammatory and anti-inflammatory pathways
enriched by GSVA in the five groups. “# of samples > mean (%)” show
the proportion of samples whose expression is greater than the mean.
TPM, transcripts per kilobase million.

(A) Heatmap of GSVA-enrichment degree of oxygen saturation-,
peroxide-, hypercoagulable-, and vascular injury-related pathways in
each sample of the five groups. (B) Dynamics of the GSVA-enrichment
degree of promoted vascular injury-related pathways (left), anti-
vascular injury-related pathways (middle) and a combination of the two
(right) in the five groups of healthy controls, non-ICU, ICU, CP and RTP.
(C) Bubble chart showing the dynamic difference in expression of
featured genes in the promoted vascular injury- and anti-vascular injury-
pathways enriched by GSVA in the five groups. “# of samples > mean
(%)” show the proportion of samples whose expression is greater than
the mean. TPM, transcripts per kilobase million.

(A) Study design of a machine-learning model for screening genes
associated with COVID-19 severity based on transcriptome data from
non-ICU and ICU patients with COVID-19 and a logistic regression al-
gorithm. (B) The top-16 featured genes of COVID-19 severity calculated
by the machine-learning model. (C) Performance of the machine-
learning model in a test cohort of 10 RTP patients with COVID-19. (D)
Performance of the machine-learning model in a test cohort of dynamic
transcriptomic data of PBMCs from three COVID-19 cases in the array
express database (E-MTAB-8871).

(A and B) Differences in IGHV (A) and IGHJ (B) selection between
the CP group and RTP group. (C) Differential dominance in IGHV-IGHJ
pairs between the CP group and RTP group. (D) Difference in statistical
parameters of IGHV-IGHJ pairs between the CP group and RTP group.
(E) Differential dominance in components between the CP group and
RTP group. (F) The CDRH3 motif was the most significant difference in
the RTP group and CP group. (G and H) Structural simulation (G) and
predictive binding force statistics (H) of the simulated neutralizing
antibody competing with the S protein and ACE2 protein complex.
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(A) Differential dominance in TRBV-TRBJ pairs between healthy
controls and convalescent patients. (B) Differential dominance in TRBV-
TRBJ pairs between the CP group and RTP group. (C) Upset chart of
common components among the five groups. (D) The potential dynamic
changes in the SARS-CoV-2-specific TCR sequence in the five groups of
COVID-19 patients.
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