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SUMMARY

Inactivated vaccines are critical to COVID-19 immunization, yet the cellular and molecular mechanisms 

driving pediatric responses warrant detailed characterization. We use single-cell transcriptomics to delineate 

the immune landscape of peripheral blood mononuclear cells in children vaccinated with CoronaVac. We un

covered a two-phase program: the primary dose establishes a memory foundation via expansion of survival- 

programmed memory B cells and a shift in CD8+ T cells toward stress adaptation. The booster triggers an 

effector response marked by plasma cell differentiation, class-switching, and a pan-B cell type I interferon 

signature. Concurrently, vaccination reprograms monocytes into a pro-inflammatory, antigen-presenting 

state enriched for interferon-stimulated genes. This activation is counterbalanced by expanded myeloid- 

derived suppressor cells and FOXP3+ regulatory T cells, which employ PGE2 signaling to restrain excessive 

cytotoxicity and orchestrate helper T cell differentiation. Together, our atlas demonstrates that pediatric im

munity to inactivated vaccines is tightly orchestrated, balancing antiviral programs with regulatory mecha

nisms to ensure safe protection.

INTRODUCTION

Coronavirus disease 2019 (COVID-19), caused by severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2), has posed 

an unprecedented challenge to global public health since 

emerging in late 2019. As of 2025, the pandemic has resulted 

in an estimated 7.1 million deaths and over 778 million 

confirmed cases worldwide.1 While children typically experi

ence milder acute disease than adults, a significant number 

have required hospitalization, and a subset develop severe 

post-infectious complications such as multisystem inflamma

tory syndrome in children (MIS-C).2–4 This underscores the 

need for effective prophylactic strategies tailored to this age 

group. Although therapeutic strategies such as antiviral agents 

and monoclonal antibodies have been developed, their efficacy 

is limited and largely dependent on the disease-stage, high

lighting the critical role of vaccination in preventing 

COVID-19.5,6

A diverse array of vaccines have been developed using various 

technological platforms, including mRNA vaccines (BNT162b2 

and mRNA-1273),7 self-amplifying mRNA (sa-mRNA; ARCT- 

154),8 viral vector (ChAdOx1 nCoV-19, Ad26.COV2.S, and 

Ad5-nCoV),9 protein subunit (NVX-CoV2373 and ZF2001),10,11

and inactivated virus (CoronaVac and BBIBP-CorV) vaccines.12

Among these, CoronaVac, which is a two-dose, β-propio 

lactone-inactivated, aluminium-adjuvanted vaccine, is one of 

the most widely administered globally, particularly in China and 

many low- and middle-income countries, due to its favorable 

safety profile, convenient storage requirements, and proven 

effectiveness against severe disease.12–15

While clinical trials and longitudinal cohort studies have 

consistently demonstrated that COVID-19 vaccines elicit robust 

and durable immune responses across different age groups, 

mechanistic studies have predominantly focused on mRNA vac

cines, elucidating pathways of antibody maturation and the dy

namics of antigen-specific cellular responses.14,16–21 In contrast, 
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the immunological mechanisms of inactivated SARS-CoV-2 vac

cines remain less thoroughly investigated. Recently, single-cell 

transcriptomic analyses have begun to characterized peripheral 

immune alterations following inactivated vaccination in specific 

populations, such as individuals with adverse reactions,22 pa

tients with rheumatoid arthritis,23 and older adults,24 revealing 

distinct immune remodeling patterns shaped by host-specific 

factors and age-related immunosenescence. Complementing 

these findings, Dou et al. specifically investigated the dynamic 

T cell evolution after inactivated SARS-CoV-2 vaccination, iden

tifying robust activation of CD8+ mucosal-associated invariant T 

(MAIT) cells and marked KLRD1 upregulation, indicative of 

enhanced cytotoxic potential and antiviral preparedness.25

Furthermore, studies comparing the peripheral immune land

scape in adults after inactivated vaccination with that of natural 

SARS-CoV-2 infection found that the vaccine induces a milder 

yet coordinated immune activation, characterized by distinct an

tigen-specific cellular phenotypes (e.g., HLA class II+ and IL21R+ 

naive B cells) and unique pathway engagement (e.g., IL-15 re

ceptor signaling).26–28 Understanding these mechanisms in chil

dren is particularly crucial, as the pediatric immune system is still 

developing and exhibits distinct characteristics compared with 

that of adults. These differences can lead to unique vaccine 

response profiles, including variations in immunogenicity, effi

cacy, and the durability of protection. However, the cellular 

and molecular immune responses to inactivated vaccines (e.g., 

CoronaVac) in children remain poorly understood.

Here, we implemented single-cell RNA sequencing (scRNA- 

seq) to comprehensively profile peripheral blood mononuclear 

cells (PBMCs) from children vaccinated with CoronaVac. Sam

ples were collected at three time points: before vaccination 

(Day 0), 9–13 days after the first dose, and 13–14 days after 

the second dose (Figure 1A). Our study provides a high-resolu

tion longitudinal map of the transcriptomic changes in PBMCs 

following CoronaVac immunization and offers insights into the 

protective immunity generated by inactivated COVID-19 vac

cines in a pediatric population.

RESULTS

A single-cell atlas of PBMCs during pediatric COVID-19 

vaccination

To characterize the immunological landscape in children 

receiving the inactivated COVID-19 vaccine (CoronaVac), we 

profiled the transcriptomes of PBMCs using droplet-based sin

gle-cell RNA sequencing (scRNA-seq, 10× Genomics). Longitu

dinal PBMC samples were collected from six children before and 

after vaccination (Figure 1A). Samples were designated as no in

jection (NJ; pre-vaccination), first injection (FJ; ∼14 days post- 

first dose), and second injection (SJ; ∼14 days post-second 

dose) (Figure 1A; detailed metadata in Table S1). After removing 

low-quality cells and potential doublets, 142,195 high-quality 

cells (mean of 4,920 unique molecular identifiers [UMIs] and 

1,697 genes per cell) were retained for downstream analysis, 

comprising 46,549 cells (32.7%) from the NJ group, 48,352 cells 

(34.0%) from the FJ group, and 47,294 cells (33.3%) from the SJ 

group (Figure S1).

Uniform manifold approximation and projection (UMAP) anal

ysis of the integrated dataset revealed nine major immune cell 

populations based on canonical marker genes (Figures S2A 

and S2B).28 These included B cells, plasma cells, CD4+ T cells, 

CD8+ T cells, γδ T cells, mucosal-associated invariant T (MAIT) 

cells, natural killer (NK) cells, monocytes, and dendritic cells 

(DCs). The UMAP visualization showed a clear separation of 

lymphoid and myeloid lineages (Figure S2A). To achieve higher 

cellular resolution, these populations were further subclustered 

into 40 distinct cell states based on canonical markers and differ

entially expressed genes (DEGs), comprising eight CD4+ T cell 

subsets, nine CD8+ T cell subsets (including γδ T cells, NK-like 

γδ T cells, and MAIT cells), four NK cell subsets, nine monocyte 

subsets, and two DC subsets (Figure 1B and Table S2). Projec

tion of NJ, FJ, and SJ cells onto the UMAP revealed vaccination 

stage-associated shifts in transcriptional profiles and cellular 

distribution across immune lineages and states (Figures 1C 

and S2C). Density distribution analyses supported post-vaccina

tion redistribution, with prominent activation of B cells, mono

cytes, and a subset of CD4+ T cells (Figure 1D). Overall, this 

high-resolution single-cell PBMC atlas provides a comprehen

sive reference for dissecting the transcriptional dynamics of vac

cine-induced immunity in children.

Comparative analysis revealed striking, vaccination-depen

dent shifts in PBMC composition. Relative to NJ group, the pro

portion of B cells increased after the first dose, while monocyte 

proportions expanded following both doses (Figures S2D– 

S2F). Furthermore, while the overall proportion of CD8+ T cells 

remained stable, we observed an expansion of CD4+ T and 

MAIT cells alongside a concurrent reduction in both NK and γδ 
T cells (Figures S2D–S2F), indicative of a robust transition toward 

an adaptive immune response. The frequency of plasma cells did 

not markedly increase after the first dose, a finding that may 

Figure 1. A single-cell atlas of pediatric PBMCs following COVID-19 vaccination 

(A) Schematic of the study design. Peripheral blood mononuclear cells (PBMCs) were collected from six children (three male, three female) at three time points: 

before vaccination (no injection, NJ), 9–13 after the first dose (first injection, FJ), and 13–14 days after the second dose (second injection, SJ). Isolated PBMCs 

were profiled using 10× genomics single-cell RNA sequencing (scRNA-seq), followed by integrative computational analysis. 

(B) Uniform Manifold Approximation and Projection (UMAP) visualization of 142,195 integrated PBMCs from all samples, colored by 40 distinct cell subsets. Major 

cell lineages (B and plasma cells, T, and NK cells, myeloid cells) are demarcated by dashed lines. The key on the right lists the identified subsets, grouped by major 

cell type. 

(C) UMAP visualization of integrated PBMCs colored by vaccination time point: NJ (blue), FJ (yellow), and SJ (red). 

(D) Density plots showing the distribution of cells from each time point (NJ, FJ, and SJ) on the UMAP embedding. The color scale represents normalized cell 

density, with red indicating higher density. 

(E) Dot plot illustrating the relative changes in cell subset proportions after vaccination. The ratio of observed to expected (RO/E) frequencies is shown for the first 

injection (FJ) and second injection (SJ) groups relative to the no injection (NJ) group. Color and size of the dots represent the RO/E value, with red indicating 

enrichment (RO/E > 1) and blue indicating depletion (RO/E < 1) of a given cell subset.
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Figure 2. Vaccination induces a biphasic B cell response characterized by memory formation and interferon-driven plasma cell differenti

ation 

(A) UMAP visualization of re-clustered B and plasma cells, colored by eight identified subsets. 

(legend continued on next page) 
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reflect a need for prolonged antigen stimulation or that plasma 

cell levels had contracted by the sampling time point (Figure 

S2E). Analysis at the subset level using the ratio of observed- 

to-expected (RO/E) further confirmed the previous findings 

(Figure 1E). In contrast, the second dose was characterized by 

the relative enrichment of plasma cells, most CD4+ T cell sub

sets, and multiple monocyte subsets. Together, these findings 

delineate distinct immunological signatures for the priming and 

booster phases of vaccination in children, with the former estab

lishing an adaptive memory foundation and the latter launching a 

robust, myeloid-supported effector response.

Distinct B cell fates and transcriptional programs define 

priming and booster responses

Re-clustering of B and plasma cells identified seven transcrip

tionally distinct populations, including naive, germinal center 

(GC), intermediate memory, and memory B cells, as well as 

IgA+ and IgG+ plasma cells (Figures 2A and S3A, and 

Table S2). Following the primary dose, GC and memory B cells 

tended to expand, indicative of B cell activation that prioritized 

memory formation over immediate large-scale antibody secre

tion (Figures 1E and 2B). In contrast, the booster dose led to 

an overrepresentation of plasma cells, despite no significant in

crease in their overall proportion (Figures 1E and S3B). These 

vaccine-induced plasma cells expression high levels of genes 

encoding immunoglobulin constant regions, including IgG1, 

IgG2, IgA1, IgA2, and IgM (Figures 2C and S3C), consistent 

with their role in secreting antigen-specific antibodies.26,29 This 

transcriptional signature indicated enhanced SARS-CoV-2-spe

cific humoral immunity, supported by serological evidence of 

increased neutralizing antibody titers after the booster dose 

(Figure 2D). Compared with the primary dose, IGHM was down

regulated while IGHA1 upregulated, indicating immunoglobulin 

class-switch recombination and response maturation with po

tential mucosal enhancement (Figure S3C). In parallel, plasma 

cell frequencies showed a positive trend of association with 

Tfh cell abundance in PBMCs (Figures 2E and S3D), suggesting 

a potential coordination between T and B cell responses. This 

aligns with prior evidence that Tfh cells are essential for high-af

finity antibody production.30,31

To define the molecular programs of plasma cells following 

vaccination, we compared their transcriptomes from the FJ 

and SJ groups with those from the NJ group. DGE analysis iden

tified 173 upregulated genes in plasma cells after the first dose 

compared with the pre-vaccination state, including antigen pre

sentation (e.g., HLA-DRA, HLA-DRB1, and CD74) genes and 

AP-1 (JUND, FOS) and NF-κB (NFKBIA) components, reflecting 

an activated transcriptional program (Table S4). Concurrently, 

pronounced upregulation of numerous ribosomal protein genes 

and IgM heavy chain (IGHM) suggested enhanced translational 

machinery and a cellular state primed for large-scale antibody 

synthesis. GO analysis of these DGEs further indicated that 

plasma cells had entered a high-output antibody production 

state in response to the inactivated COVID-19 vaccine, evi

denced by enrichment in pathways associated with protein syn

thesis and ribosome biogenesis (e.g., cytoplasmic translation, 

co-translational protein targeting to the membrane, RNA pro

cessing, etc) (Figure 2F and Table S4). In contrast, only three 

genes were upregulated in plasma cells after the second dose 

relative to the pre-vaccinated state (Table S4). This discrepancy 

is likely attributed to the sampling time point (∼14 days post- 

boost), as secondary immune responses are typically rapid, 

and plasma cell transcriptional activity may have already peaked 

and declined.

To characterize earlier stages of the B cell response, we exam

ined transcriptomic alterations in memory B cells. DGE analysis 

identified 397 genes upregulated after the first dose and 156 af

ter the second (Figure 2G and Table S5). Following the primary 

dose, memory B cells specifically upregulated survival- and acti

vation-related genes (e.g., BCL2, BCL3, and ICOSLG) and 

showed enrichment in pathways governing transcriptional regu

lation, cellular stress responses, and apoptosis, indicating that 

primary immunization triggers transcriptional remodeling to 

establish the memory phenotype (Table S5). Booster immuniza

tion was associated with enrichment of antiviral and type I inter

feron pathways (Figure 2H), with increased expression of inter

feron-stimulated genes (e.g., IFITM1, ISG15, and IRF7) and 

their regulatory transcription factors (STAT1, IRF1, and IRF7) in 

memory B cells (Figure 2I). Notably, this transcriptional signature 

was consistently observed across all B cell subsets, including 

(B) Boxplots showing the percentage of select B cell subsets (germinal center-like, intermediate memory, memory, and atypical memory) within the total B cell/ 

plasma cell compartment across vaccination time points (NJ, FJ, SJ; n = 6 children per group). Each dot represents an individual donor. Boxes show the median 

and interquartile range (IQR), and whiskers extend to 1.5 times the IQR. Statistical significance was determined by a two-sided Wilcoxon rank-sum test; ns, not 

significant; *p < 0.05. 

(C) Pie chart illustrating the relative expression of different immunoglobulin heavy chain constant region genes within the plasma cell population after the second 

vaccine dose (SJ group), indicating class-switching. 

(D) Boxplots depicting serum levels of SARS-CoV-2 Spike (S)-specific IgM (left) and IgG (right) neutralizing antibodies at the three time points (n = 6 children per 

group). Statistical significance was determined by a two-sided Wilcoxon signed-rank test; *p < 0.05, **p < 0.01. 

(E) Scatterplot showing the positive correlation between the number of plasma cells and T follicular helper (Tfh) cells in PBMCs after vaccination (pooled FJ and SJ 

samples, n = 12). The green line represents the linear regression fit, with the 95% confidence interval shaded. The coefficient of determination (R2) and P-value 

from linear regression are indicated. 

(F) Gene Ontology (GO) enrichment analysis of genes upregulated in plasma cells after the first dose (FJ vs. NJ). The top biological process terms are shown, 

ranked by adjusted p value. 

(G) Venn diagram illustrating the overlap of upregulated differentially expressed genes (DEGs) in memory B cells after the first dose (FJ vs. NJ) and the second 

dose (SJ vs. NJ). Representative genes are listed for each category. 

(H) GO enrichment analysis of genes upregulated in memory B cells after the second dose (SJ vs. NJ). The top biological process terms are shown. 

(I) Dot plot showing the expression of key interferon-stimulated genes (ISGs) and transcription factors across B cell subsets at each vaccination time point. Dot 

size indicates the fraction of cells expressing the gene, and color intensity represents the mean expression level in expressing cells.
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Figure 3. CoronaVac reprograms monocytes toward a pro-inflammatory, antigen-presenting state balanced by regulatory MDSCs 

(A) UMAP visualization of re-clustered myeloid cells, identifying 11 distinct subsets including monocytes, myeloid-derived suppressor cells (MDSCs), and 

dendritic cells (DCs). 

(legend continued on next page) 
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naive B cells and plasma cells (Figures 2I and S3F). These results 

indicate that booster immunization elicits a broad, systemic type 

I interferon response within the B cell compartment, placing even 

antigen-inexperienced naive B cells and terminally differentiated 

plasma cells in a heightened antiviral state. Such global IFN 

responsiveness may contribute to immediate antiviral defense 

and influence subsequent B cell activation and differentiation.

Together, COVID-19 vaccination elicits a biphasic B cell 

response: priming expands a survival-programmed memory 

pool, while the booster generates class-switched plasma cells 

and potent neutralizing antibodies. Moreover, the booster also 

triggers a pan-B cell type I interferon response, fostering a broad 

antiviral state.

CoronaVac vaccination reprograms pediatric myeloid 

immunity toward a balanced antiviral and regulatory 

state

Given the marked expansion of monocytes after vaccination 

(Figure 1), we next delineated vaccine-induced alterations 

within the myeloid compartment in pediatric PBMCs. High-reso

lution re-clustering of myeloid cells resolved 11 distinct 

subsets, including monocytes and DCs (Figures 3A, S4A, and 

Table S2). Monocytes were partitioned into nine subsets: three 

classical (Mono_01–03), intermediate (Mono_04), non-classical 

(Mono_05), three myeloid-derived suppressor cell (MDSC) 

(Mono_06–08), and megakaryocyte-like subsets (Mono_09). 

The Mono_09 subset, previously described in other inflamma

tory contexts,32,33 displayed a transcriptional profile highly 

similar to that of megakaryocytes (e.g., PPBP, PF4, SRGN), sug

gesting a potential role in modulating chronic inflammation and 

influencing monocyte differentiation. DCs were subdivided into 

type 2 conventional DCs (DC_01) and plasmacytoid DCs 

(DC_02). cDC1s were not detected, likely due to their low abun

dance in peripheral blood, despite their well-established role in 

priming cytotoxic T cell responses.34 After the first CoronaVac 

dose, expansion was largely confined to the Mono_02_ 

Classical population, whereas the second dose was associated 

with broader trends toward increased representation across 

multiple monocyte subsets (Figures 1E and S4B). Notably, the 

DC_02_pDC population progressively declined after vaccina

tion, consistent with reports in SARS-CoV-2 infection35

(Figure S4B).

Given the central role of monocytes in inflammation, we pro

filed vaccination-induced inflammatory and cytokine gene 

expression programs using curated gene sets (Table S3). Mono

cytes exhibited the highest response scores among all cell types 

(Figures S4C and S4D). Subset-level analysis further revealed 

distinct pro-inflammatory cytokine expression patterns, 

including genes encoding S100A8/9/12 and CXCL2/8/16 

(Figure S4E). Moreover, inflammatory activation progressively 

increased from the first to the second vaccine dose across all 

monocyte subsets (Figures 3B, 3C, and S5A). The mono_02_

classical and mono_09_megakaryocyte-like subsets exhibited 

markedly elevated cytokine scores, with IL1B, S100A12, 

CXCL8, CCL3, and CCL3L1 as the top five contributors 

(Figures S4D and S5B). These cytokines are central mediators 

of innate immunity: IL1B and S100A12 amplify inflammatory 

signaling, CXCL8 recruits neutrophils, and CCL3/CCL3L1 direct 

monocyte and lymphocyte chemotaxis. Together, their induction 

highlights potent pro-inflammatory programs triggered by vacci

nation, which may underlie the transient, low-grade fever 

commonly observed in children post-immunization.

We next examined the functional polarization of classical 

monocyte subsets. Mono_01 was enriched for antigen-presen

tation genes (e.g., HLA-DRA, HLA-DRB1/5, HLA-A/B/C), 

mono_02 for pro-inflammatory mediators (e.g., CCL4, IL1B, 

CXCL8, and CCL3), and Mono_03 for interferon-stimulated 

genes (e.g., ISG15, MX1/2, IFI6, IFI44, and IFIT2). This heteroge

neity underscores their distinct roles in orchestrating vaccine- 

induced immunity by simultaneously amplifying antiviral pro

grams and promoting CD4+/CD8+ T cell priming through 

enhanced MHC-I/II-mediated antigen presentation (Figure 3D). 

These signatures were further amplified after the second vaccine 

dose, reflecting enhanced innate immune activation and inter

cellular communication (Figure 3D). DEG analysis of classical 

monocytes further revealed 433 and 372 upregulated genes in 

the FJ and SJ groups, respectively, with 102 genes uniquely 

induced after the second dose, including IFITM3, IFITM2, 

ISG15, and CCL3. These SJ-specific gene were enriched in 

type I interferon responses, antiviral defense, and cytokine- 

mediated innate pathways (Figure S5C and Table S6).

A similar transcriptional reprogramming was evident in non- 

classical (mono_05) and intermediate (mono_04) monocyte sub

sets. Although mono_05 frequencies remained stable, they ex

hibited a marked increase in type I interferon signatures after 

the second dose (Figure 3E and Table S7). The intermediate sub

set, the primary source of C1 complement components, main

tained stable C1QA/B/C levels (logFC <0.5) following vaccina

tion but also showed strong induction of type I interferon 

programs (Figures 3E and S5D). These findings demonstrate 

(B) UMAP plots of myeloid cells colored by module scores for inflammation (top) and cytokine production (bottom), showing dose-dependent increases. 

(C) Bar charts quantifying the mean inflammatory (top) and cytokine (bottom) scores specifically within classical monocytes at each time point (n = 6). Error bars 

represent s.e.m. Statistical significance was determined by a two-sided Student’s t tests; **p < 0.01, ****p < 0.0001. 

(D) Top, dot plot illustrating the expression of key functional genes distinguishing the three classical monocyte subsets: antigen presentation (mono_01), pro- 

inflammatory (mono_02), and interferon-stimulated (mono_03). Bottom, heatmap showing the mean expression of these genes in all classical monocytes at 

baseline (NJ) and after the second dose (SJ). 

(E) Violin plots showing the module score for the ‘‘type I interferon signaling pathway’’ (GO:0060337) in classical (mono_01, mono_02, and mono_03), non- 

classical (mono_05), and intermediate (mono_04) monocyte subsets across time points. 

(F) Dot plot depicting the expression of key antigen presentation (HLA class I and II) and co-stimulatory/inhibitory molecules in classical monocytes, showing 

dose-dependent upregulation. 

(G) Dot plot of selected ligand-receptor interactions between MDSC subsets (mono_06, _07, _08) and CD8+ T cell subsets after the second vaccine dose (SJ). Dot 

color indicates the scaled mean expression of the interacting pair; dot size represents statistical significance (-log10 p value). Significant interactions (p < 0.05) are 

marked with a black border.
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Figure 4. Sequential vaccination drives a functional shift in CD8+ T cells from stress adaptation to reinforced antiviral immunity 

(A) UMAP visualization of re-clustered CD8+ T cells, including innate-like T cells (γδ T, MAIT), colored by nine identified subsets. 

(B) Boxplots showing the percentage of CD8T_06, γδT, and NK-lile γδT populations within the total cells across vaccination time points (NJ, FJ, SJ; n = 6 children 

per group). Boxes indicate the median and interquartile range (IQR), and whiskers extend to 1.5 times the IQR. ns, not significant (two-sided Wilcoxon rank-sum 

test). 

(legend continued on next page) 
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that CoronaVac vaccination drives a coordinated transcriptional 

reprogramming of monocytes toward an interferon-enriched, 

antigen-presenting phenotype that bridges innate activation 

with adaptive T cell priming.

We identified three MDSC subsets characterized by markedly 

reduced HLA-DR expression and elevated levels of the alarmins 

S100A8/A9 and S100A12 (Figures 3A, S4A, and S5E), consistent 

with previously reported transcriptional signatures of suppres

sive myeloid cells.36 Despite diminished HLA-DR expression, 

these MDSC subsets retained intermediate levels of MHC-I mol

ecules (HLA-A/B/C/E/F), which were upregulated in a dose- 

dependent manner (Figure 3F). Ligand-receptor analysis further 

revealed robust MHC-I-mediated communication between 

CD8+ T cells and the mono_08_MDSC subset after second 

dose, including inhibitory interactions (HLA-E/F-VSIR, HLA-B/ 

F-KIR3DL2) that may promote immune tolerance,37,38 and acti

vating pairs (HLA-E-KLRK1, HLA-E-CD94:NKG2C/E) that could 

enhance cytotoxic responses (Figures 3G and S6).39–41 Vaccina

tion also induced ICOSLG-ICOS and ICAM1/2/3-integrin inter

actions between MDSCs and naive CD8+ T cells, supporting 

the formation of immune synapses and potential T cell activation 

(Figures 3G and S6).42,43 Nevertheless, the overall transcriptional 

program of these MDSCs were consistent with a suppressive 

phenotype. The concomitant low expression of co-stimulatory 

molecules (e.g., CD86) and a booster-induced galectin shift, 

marked by LGALS2 downregulation and LGALS9 upregulation, 

suggest that these cells preferentially drive T cell anergy, 

exhaustion, or apoptosis rather than productive activation 

(Figures 3F and 3G).44

Collectively, our study demonstrates that CoronaVac vaccina

tion remodels the pediatric myeloid landscape through a dose- 

dependent expansion and transcriptional reprogramming of 

monocytes. These cells are primed with enhanced inflammatory, 

interferon, and antigen-presentation programs that bridge innate 

sensing with T cells activation. Concurrently, expanded MDSC 

subsets acquire the capacity to engage T cells but are pro

grammed to restrain excessive activation, ensuring a balanced 

and controlled protective immunity in children.

Sequential vaccination reshapes pediatric CD8+ T cell 

programs from stress adaptation to reinforced antiviral 

immunity

Based on canonical markers and DEGs, we identified nine 

distinct CD8+ T cell subsets, including six conventional CD8+ 

T cell and three innate-like T cell populations (MAIT, γδ T, and 

NK-like γδ T) (Figures 4A, S7A, and Table S2). MAIT and γδ 
T cells were included because they express CD8A and CD8B 

(Figures S2B and S7A). Broadly, we categorized the conven

tional CD8+ T cell populations into two naive (CD8T_01–02), 

one central memory (CD8T_03), one effector memory 

(CD8T_04) and two effector T subpopulations (Figures 4A, 

S7A, and Table S2).

After the first dose, cMemory CD8+ T cells showed a trend to

ward expansion consistent with memory establishment, 

whereas interferon-responsive naive CD8T_02 subset (marked 

by STAT1 and IFI6) was relatively enriched after the second 

dose, implying rapid interferon mobilization upon boosting 

(Figure S7B). Concurrently, GZMK+ CD8T_eMemory, GZMK+ 

CD8T_effector, and MAIT cells exhibited apparent increases 

across both doses, while highly cytotoxic subsets— 

GZMK-GZMB+PRF1+ CD8T effectors and two GZMB+PRF1+ 

γδ T cell populations—showed a tendency toward reduction, 

implying a bias toward low-cytotoxic, proinflammatory effector 

activity in the pediatric vaccine response (Figures 4B, S7A, 

and S7B).

We performed partition-based graph abstraction (PAGA) anal

ysis to examine the developmental trajectories of the six conven

tional CD8+ T subclusters (Figures 4C and S7C). The PAGA map 

identified CD8T_04_eMemory and CD8T_05_Effector as highly 

connected nodes, acting as intermediates linking naive 

(CD8T_01/02_naive) and central memory (CD8T_03_cMemory) 

populations to more activated and highly cytotoxic CD8+ T cell 

subclusters (e.g., CD8T_06_effector). Following the first vaccine 

dose, connectivity increased between CD8T_02_naive and 

CD8T_04_eMemory/CD8T_05_effector, consistent with a trajec

tory from interferon-activated naive cells toward effector-like dif

ferentiation. Upon the second dose, CD8T_05_effector dis

played even stronger connectivity with other CD8+ T cell 

subclusters, highlighting its central role in amplifying cytotoxic 

potential during booster response.

Analysis of exhaustion and cytotoxicity signatures, using pre

viously defined gene sets, revealed heterogeneous functional 

states among CD8+ T cell subsets (Figures S7D, S7E, and 

Table S3). Effector and innate-like CD8+ T cells exhibited higher 

exhaustion scores, implying greater functional impairment upon 

sustained antigenic stimulation (Figure S7D). Compared to the 

pre-vaccination baseline, CD8T_06_effector and innate-like 

CD8+ T cells, which declined in frequency after the first vaccine 

dose, also displayed reduced exhaustion scores (Figure 4D). 

This likely reflects the contraction phase, during which highly 

cytotoxic and terminally exhausted clones either undergo 

apoptosis or migrate out of circulation, leaving behind a less ex

hausted, lower-cytotoxic population in peripheral blood. 

Accordingly, effector CD8+ cytotoxic activity declined after 

(C) Partition-based graph abstraction (PAGA) maps illustrating the connectivity between conventional CD8+ T cell subsets at each time point. Nodes represent 

cell subsets, and line thickness indicates connectivity strength. Red circles highlight key developmental trajectories emerging after the first (FJ) and second (SJ) 

doses. 

(D and E) Boxplots comparing exhaustion (D) and cytotoxicity (E) module scores in effector and innate-like CD8+ T cell subsets across the three time points (n = 6). 

Statistical significance was determined by a two-sided Student’s t tests; ns, not significant; **p < 0.01, ***p < 0.001, ****p < 0.0001. 

(F) Dot plot displaying the expression of key genes related to cytotoxicity (black), survival and memory (purple), and tissue residency (orange) in effector and 

innate-like CD8+ T cell subsets. Data are shown for each time point. Dot size represents the fraction of cells expressing the gene; color intensity indicates the 

mean expression level. 

(G) Gene Ontology (GO) enrichment analysis of genes upregulated in effector CD8+ T cells after the second dose (SJ vs. NJ). Top biological process terms are 

shown, ranked by adjusted p value.
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Figure 5. Treg-mediated PGE2 signaling orchestrates CD4+ T cell differentiation and effector programs after vaccination 

(A) UMAP visualization of re-clustered CD4+ T cells, colored by eight identified subsets. 

(B) Boxplots showing the percentage of CD4T_04_Tfh, CD4T_05_Treg, and CD4T_06_cMemory populations within the total cells across vaccination time points 

(NJ, FJ, SJ; n = 6 children per group). Boxes indicate the median and interquartile range (IQR); whiskers extend to 1.5 times the IQR. ns, not significant; *p < 0.05 

(two-sided Wilcoxon rank-sum test). 

(legend continued on next page) 
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vaccination, with reduced cytotoxic molecule expression 

(Figures 4E, 4F, and S7F) and increased programs linked to sur

vival (GATA3, IL7R, BCL2, TCF7, and LEF1), homing (RGS1, 

CXCR4, GPR183, and CCR7), and tissue residency (CD69 and 

ITGAE). These findings suggest that by ∼14 days post-vaccina

tion, a substantial fraction of effector CD8+ T cells may be tran

sitioning toward memory-precursor or tissue-resident states, 

thereby supporting durable immunity while limiting vaccine- 

associated immunopathology in children.

To further investigate the transcriptional profiles of effector 

CD8+ T cells, we analyzed DEGs and conducted GO enrichment. 

Compared with the pre-vaccination baseline, 378 genes were 

upregulated after the first vaccine dose and 285 after the sec

ond, with 211 shared (Figure S7G and Table S8), indicating sub

stantial vaccine-induced reprogramming. At approximately day 

14 after the first dose, effector CD8+ T cells showed enrichment 

for pathways related to transcriptional and post-transcriptional 

regulation, metabolic adaptation, cytokine signaling (including 

IL-4 and IL-7, which promote memory differentiation), and regu

lation of cell-death rather than a dominant cytotoxic signature. 

These features indicate a transcriptional landscape reflecting a 

stress-adaptation program coupled with divergent cell fates, 

wherein a subset of effector CD8+ T cells engages survival and 

memory-forming trajectories, while others undergo contraction 

or apoptosis to maintain immune homeostasis (Figure S7G and 

Table S8). In contrast, after the second dose, effector CD8+ 

T cells exhibited enrichment for antiviral defense, type I inter

feron signaling, and cytokine/chemokine regulatory pathways 

(Figure 4G and Table S8), reflecting an amplified antiviral and in

flammatory response. Together, these findings highlight a dy

namic shift in effector CD8+ T cell programs from stress-adapta

tion and fate determination after the priming dose to reinforced 

antiviral immunity upon booster vaccination.

Treg-mediated PGE2 signaling orchestrates 

coordinated CD4+ T cell differentiation and humoral 

immunity

Analysis of the CD4+ T cell compartment identified four major 

populations: naive T cells (CD4T_01–03), helper T cells 

(CD4T_04 and CD4T_07), memory CD4+ T cells (CD4T_06 and 

CD4T_08), and regulatory T cells (CD4T_05) (Figures 5A, S8A, 

and Table S2). Although the three naive CD4+ T cell subsets all 

expressed canonical naive markers (e.g., CCR7, TCF7, and 

LEF1), they displayed distinct expression patterns of these 

genes (Figure S8A). The CD4T_02_naive cluster expressed 

high levels of cell cycle-related genes (e.g., CDK6, PIM1), indi

cating a quiescent population poised for rapid expansion upon 

antigenic stimulation. The frequency of naive CD4+ T cells 

showed a decreasing trend, whereas memory, helper, and regu

latory CD4+ T cell subsets increased significantly (Figures 1E, 

5B, and S8B), suggesting a shift toward an activated, antigen- 

experienced landscape.

Trajectory inference mapped a continuum from naive CD4+ 

T cells to central memory, which bifurcated toward either Tfh/ 

Th2 lineages—supporting B cell help and humoral immunity— 

or effector memory, consistent with long-term memory formation 

(Figure 5C). Post-vaccination, the Treg subset (CD4T_05) dis

played broad connectivity across the CD4+ T cell network, with 

enhanced interactions observed with Tfh and central memory 

populations (Figure 5C). Ligand-receptor analysis further re

vealed that Tregs engage prostaglandin E2 (PGE2) signaling 

and ICAM2/3-integrin αLβ2 pathway to modulate multiple 

CD4+ T cell subsets (CD4T_04_Tfh, CD4T_06_cMemory, 

CD4T_07_Th2), and CD8+ T cell populations (e.g., memory and 

effector CD8+ T subsets, and innate-like subsets) (Figures 5D 

and S8C). Prior studies has shown that PGE2 signaling via the 

Gs-coupled receptors PTGER2 and PTGER4 activates the ad

enylate cyclase-cAMP-PKA-CREB pathway, which can atten

uate type I inflammatory activity and promote a shift toward 

Th2- and B cell-dominated humoral immunity.45 In this context, 

our results suggest that Tregs may use PGE2-mediated signaling 

to tune the balance between cytotoxic inflammation and helper 

programs, supporting a coordinated shift toward humoral immu

nity following vaccination.

Concurrently, both helper CD4+ T cell subsets (CD4T_07_Th2 

and CD4T_04_Tfh) expanded and underwent pronounced tran

scriptional reprogramming after vaccination. DEG analysis re

vealed upregulation of AP-1 signaling (e.g., JUN and FOS), 

p38MAPK signaling (e.g., PER1, DUSP10, and DUSP1) and 

type I interferon responses (e.g., STAT1, IRF7, IFI6, and ISG15) 

(Figure 5E and Table S9), consistent with antigen-driven antiviral 

activation. GO term enrichment analysis corroborated these 

findings, identifying enriched pathways associated with ‘‘de

fense response to virus,’’ ‘‘cytokine response,’’ and ‘‘regulation 

of gene expression,’’ indicating a coordinated antiviral response 

(Figures S8D, S8E, and Table S9). Importantly, key Tfh regulators 

and markers, such as BCL6, MAF, and the surface molecules 

CXCR5, ICOS, and CD83, were upregulated after the first vacci

nation (Figure 5E), reflecting rapid acquisition of follicular posi

tioning and B cell help potential. Key lineage-specifying tran

scription factors for Th2 and Tfh differentiation (e.g., GATA3, 

STAT6, IRF4, and BATF) were transiently downregulated after 

(C) Partition-based graph abstraction (PAGA) maps illustrating the connectivity between CD4+ T cell subsets at baseline (NJ, top) and after vaccination 

(vaccinated, bottom). Nodes represent cell subsets, and line thickness indicates connectivity strength, highlighting enhanced Treg interactions post-vaccination. 

(D) Dot plot of selected ligand-receptor interactions originating from regulatory T cells (CD4T_05_Treg) and targeting other T cell subsets after the second vaccine 

dose (SJ). Dot color indicates the scaled mean expression of the interacting pair; dot size represents statistical significance (-log10 p value). Significant in

teractions (p < 0.05) are marked with a black border. 

(E) Dot plot displaying the expression of key genes related to T cell activation and function in helper T cell subsets (Tfh and Th2) across vaccination time points. 

Genes are grouped by functional pathways (Tfh & Th2 signature, type I interferon responses, p38MAPK, AP-1). Dot size represents the fraction of cells expressing 

the gene; color intensity indicates mean expression. 

(F) Venn diagram showing the overlap of upregulated differentially expressed genes (DEGs) in effector memory CD4+ T cells (CD4T_08_eMemory) after the first 

(FJ vs. NJ) and second (SJ vs. NJ) doses. Representative genes for each category are listed. 

(G) Gene ontology (GO) enrichment analysis of upregulated DEGs in effector memory CD4+ T cells. Bar charts show the top biological process terms after the first 

dose (left), after the second dose (middle), and for genes uniquely upregulated after the second dose (SJ vs. FJ, right).
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the first dose but rebounded after the second dose, suggesting 

consolidation of Th2/Tfh programs upon the second antigen 

exposure (Figure 5E).

Effector memory CD4+ T cell population (CD4T_08_eMemory) 

also exhibited alterations in response to vaccine stimulation 

(Figure S8B and Table S10). This subset was characterized by 

high expression of cytotoxic genes (GZMK, GZMA, and GNLY) 

and S100-family genes (e.g., S100A4/A6/A10/A11), indicating 

a poised effector state with enhanced migratory and cytolytic ca

pacity for rapid antiviral responses (Figure S8A and Table S2). 

Relative to baseline, this subset showed 392 and 362 genes up

regulated after the first and second doses, respectively, with an 

overlap of 271 genes (Figure 5F and Table S10). GO analysis re

vealed these upregulated genes were significantly enriched in 

gene-regulation pathways and ER stress-associated unfolded 

protein response, reflecting antigen-driven transcriptional and 

post-transcriptional regulation, as well as stress adaptation 

(Figure 5G and Table S10). By contrast, the booster uniquely en

riched interferon-γ and antiviral programs, indicating a booster- 

specific consolidation of an IFN-imprinted effector-memory 

state.

In summary, vaccination drove the differentiation of naive 

CD4+T cells into helper subsets specialized for B cell support 

and into GZMK+ effector-memory populations with antiviral po

tential. Concurrently, FOXP3+ Tregs exerted regulatory control 

through PGE2-PTGER2/4 and ICAM-dependent communication.

DISCUSSION

The COVID-19 pandemic highlights the urgent need to under

stand vaccine-induced immunity across all age groups, particu

larly in children, whose developing immune systems exhibit 

unique response dynamics. Here, we provide a high-resolution 

single-cell atlas of the pediatric immune response to an inacti

vated vaccine, revealing a distinct, two-phase immunological 

program driven by the prime-boost regimen. Our study demon

strates that the primary dose initiates a fundamental shift from 

innate to adaptive immunity, characterized by expanding foun

dational B cell memory subsets and CD4+ T cells, and reducing 

innate-like NK and γδ T cells. This initial phase appears to prior

itize establishing a durable memory framework rather than 

mounting an immediate, large-scale effector response. In 

contrast, the booster dose triggers a robust effector phase, 

marked by significant enrichment of antibody-secreting plasma 

cells and a broad expansion of activated monocyte subsets. 

This demarcation between priming and boosting (memory for

mation followed by a potent, myeloid-supported effector activa

tion) highlights a tightly regulated and sequential process. While 

previous studies have largely focused on mRNA vaccines in 

adults,16–18 our work provides the first detailed cellular map 

demonstrating how an inactivated vaccine systematically and 

safely builds protective immunity in children. This biphasic 

model, which balances memory formation with controlled 

effector function, likely contributes to the vaccine’s favorable 

safety and efficacy profile in this pediatric population.

This biphasic response is particularly evident within the B cell 

lineage, where priming and boosting orchestrate distinct cellular 

fates and transcriptional programs. The primary dose estab

lishes a crucial foundation by expanding a pool of memory B 

cells transcriptionally programmed for survival, as evidenced 

by upregulating genes such as BCL2 and BCL3. This strategic 

prioritization of memory formation over immediate, large-scale 

antibody secretion ensures generating a durable immunological 

scaffold. Interestingly, such early memory B cell expansion was 

not observed in our previous adult study sampling at 21 days 

post-first dose, suggesting that B cell expansion may occur 

within an early, temporally restricted window that was not 

captured at the adult sampling time point.26 Upon this founda

tion, the booster dose unleashes a potent effector response, 

driving the differentiation of class-switched plasma cells corre

lating with a sharp rise in neutralizing antibody titers. This matu

ration of the humoral response, which includes a notable shift to

ward IgA production, suggests inducing immunity with potential 

mucosal benefits. A striking observation is the emergence of a 

pan-B cell type I interferon (IFN) signature after the booster. In 

contrast to mRNA- and adenoviral-vectored vaccines, where 

IFN responses have been primarily attributed to monocytes or 

activated T cells,16,46,47 the IFN activation observed here spans 

even naive and memory B cell subsets, indicating that the inac

tivated-vaccine adjuvant creates a broad antiviral state that ex

tends beyond antigen-specific clones. Such an IFN-rich milieu 

may lower the activation threshold for subsequent B cell re

sponses and contribute to immediate, non-specific protection. 

Thus, the CoronaVac regimen effectively programs pediatric B 

cells first for longevity and recall potential, then for a powerful, 

IFN-supercharged effector phase, ensuring both the depth and 

breadth of protective humoral immunity.

The observed robust humoral immunity is supported by a pro

found and coordinated reprogramming of the myeloid compart

ment, which serves as both an accelerator and a brake on the 

vaccine response. Following vaccination, pediatric monocytes 

undergo a dose-dependent expansion and functional polariza

tion, acquiring a potent pro-inflammatory and antigen-present

ing phenotype, consistent with our previous observations in 

adults and other vaccines (ChAdOx1 nCoV-19 and 

BNT162b2).16,26,46 The booster dose, in particular, amplifies 

this effect, enriching classical monocytes with a strong type I 

interferon signature and enhancing expression of MHC class I 

and II molecules. These reprogramming positions monocytes 

as central hubs that bridge innate sensing with adaptive immu

nity, fueling T cell priming and shaping the antiviral milieu 

required for B cell maturation. Concurrently, our analysis reveals 

a sophisticated counter-regulatory mechanism: expanding 

myeloid-derived suppressor cell (MDSC) populations. These 

MDSCs, while upregulating MHC-I for T cell engagement, are 

transcriptionally poised for immune suppression and character

ized by low HLA-DR expression and a galectin signature favoring 

T cell energy. Notably, such MDSC populations were not anno

tated in our previous adult study,26 pointing to potential age- 

related differences in immunoregulatory strategies. In pediatric 

individuals, myeloid-mediated suppressive programs may be 

more readily engaged to counterbalance vaccine-induced in

flammatory activation, thereby preventing excessive immunopa

thology. Overall, this duality (powerful innate activation balanced 

by robust myeloid-mediated suppression) is a key feature of the 

pediatric response to CoronaVac, likely underpinning the 
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vaccine’s ability to elicit strong protection while maintaining a 

high safety profile.

This carefully calibrated balance between activation and regu

lation extends deeply into the T cell compartment, where an 

interplay between helper, effector, and regulatory lineages en

sures a potent yet controlled response. Vaccination drives the 

differentiation of naive CD4+ T cells along two critical trajec

tories: one toward Tfh and Th2 helper subsets essential for 

orchestrating B cell maturation and class-switching, and another 

toward GZMK+ effector-memory cells poised for rapid antiviral 

action. This differentiation is accompanied by strong transcrip

tional signatures of activation, including AP-1 and type I inter

feron signaling, reflecting their engagement within the pro-in

flammatory milieu created by myeloid cells. Of note, an 

increase in Tfh cells was observed at ∼ day 14 after the first 

dose in children, but not in our previously reported adult cohort 

sampled at day 21. This contrast may also reflect age- and/or 

sampling time-dependent differences in the kinetics of CD4+ 

T cell helper responses, with a potentially earlier and/or more 

transient Tfh response during primary immunization (26).

This CD4+ T cell activation program is, however, governed by 

an expanded population of FOXP3+ regulatory T cells. Our data 

reveal that these Tregs function as central conductors and 

employ PGE2 signaling via the PTGER2/4 axis to communicate 

broadly with both CD4+ and CD8+ T cell subsets. This PGE2- 

mediated signaling is known to dampen cytotoxic, type I inflam

matory responses while promoting humoral immunity,45 and our 

findings suggest this is a key mechanism for fine-tuning the pe

diatric vaccine response. This regulatory oversight is clearly re

flected in the CD8+ T cell compartment, which undergoes a 

biphasic transcriptional trajectory. The primary dose prompts a 

program of stress adaptation and memory precursor formation, 

and a contraction of highly cytotoxic clones. The booster then re

inforces antiviral potential, but within a framework that prioritizes 

sustained immunity over immediate, exhaustive cytotoxicity. 

Within this regulatory context, the transcriptionally restrained 

cytotoxic state of CD8+ T cells may provide a molecular frame

work for the relatively modest and rapidly waning CTL responses 

reported after two-dose inactivated SARS-CoV-2 vaccination, 

which should be further examined by dedicated functional as

says. Together, this reveals an orchestrated T cell program 

where Treg-mediated PGE2 signaling shapes both helper T cell 

function and restrains CD8+ effector activity, ensuring the devel

opment of effective, multi-faceted cellular immunity without 

inducing excessive inflammation.

In conclusion, our longitudinal single-cell atlas provides an un

precedented high-resolution map of the pediatric immune 

response to an inactivated COVID-19 vaccine, revealing a pre

cisely orchestrated, two-phase program. The primary dose es

tablishes a durable adaptive memory foundation by expanding 

survival-programmed memory B cells and conditioning T cells 

for stress adaptation. The booster then unleashes a potent, 

IFN-driven effector response, characterized by class-switched 

plasma cells and pro-inflammatory, antigen-presenting mono

cytes. This robust activation is counterbalanced by expanded 

myeloid-derived suppressor cells and Treg-mediated PGE2 

signaling, which restrain excessive cytotoxicity and ensure im

mune homeostasis. These findings not only illuminate the cellular 

basis for the efficacy and safety of inactivated vaccines in chil

dren but also provide a mechanistic framework to guide the 

rational design of future pediatric immunization strategies.

Limitations of the study

While this study provides key insights into pediatric vaccine im

munity, it is important to acknowledge several limitations. First, 

our analysis was restricted to peripheral blood, which only indi

rectly reflects the foundational immunological events, such as 

GC reactions, occurring within secondary lymphoid organs. Sec

ond, the modest cohort size may limit the generalizability of our 

findings, and validation in larger, more diverse pediatric popula

tions is required. Third, neutralizing antibody titers and antigen- 

specific cytotoxic T lymphocyte (CTL) responses were not 

assessed, limiting our ability to link transcriptional immune pro

grams with functional correlates of protective immunity. Finally, 

single-cell transcriptomic analyses performed at discrete time 

points provide only an inferential snapshot of cellular 

states and dynamics, which should be further corroborated by 

multi-omic approaches and direct functional assays (such as 

serum PGE2 quantification and pathway-specific validation 

experiments).
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the immune responses following both primary and secondary immunizations. This study was conducted in accordance with the 

Declaration of Helsinki and approved by the Ethics Committee of the Sanya People’s Hospital (SYPH-2021-26).

METHOD DETAILS

Sample collection and single-cell RNA sequencing

Comprehensive cohort information is presented in Figure 1. Fresh blood samples collected at each time point were immediately pro

cessed for peripheral blood mononuclear cells (PBMCs) isolation using standard density gradient centrifugation. PBMCs are 
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erythrocytes were removed using 10× Red Blood Cell Lysis Solution (Miltenyi Biotec, Cat. No. 130-094-183), and the cells were 

washed twice with 1× phosphate-buffered saline (PBS) (Gibco, Cat. No. 10010023). Cell viability was assessed using a Countstar 

cell viability kit with viability exceeding 90%.26

The isolated PBMCs were subsequently loaded onto a Chromium Controller (10× Genomics) for cell encapsulation, during which 

individual cells were barcoded and partitioned into single-cell gel bead-in-emulsions (GEMs) using the Chromium Single Cell 5′ Gel 

Bead and Multiplex Kit and Chip Kit (10× Genomics), according to the manufacturer’s instructions. mRNA captured within individual 

GEMs was reverse-transcribed into complementary DNA (cDNA), which was subsequently amplified. Single-cell RNA libraries were 

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human peripheral blood (pediatric participants; 

EDTA-anticoagulated)

This study N/A

Chemicals, peptides, and recombinant proteins

HISTOPAQUE-1077 Sigma-Aldrich Cat#10771

10× Red Blood Cell Lysis Solution Miltenyi Biotec Cat#130-094-183

1× Phosphate-buffered saline (PBS) Gibco Cat#10010023

Deposited data

Single-cell RNA-seq of human PBMCs This study OMIX: OMIX014455

Software and algorithms

kallisto/bustools Open-source Identifier: v0.24.4; URL: https://www.kallistobustools.org

anndata Open-source v0.7.6; URL: https://anndata.readthedocs.io

Scanpy Open-source v1.11.1; URL: https://scanpy.readthedocs.io

Scrublet Open-source URL: https://github.com/swolock/scrublet

Harmony Open-source URL: https://github.com/immunogenomics/harmon

CellPhoneDB Open-source URL: https://github.com/ventolab/CellphoneDB

Enrichr repository Enrichr URL: https://maayanlab.cloud/Enrichr/

Gene Ontology GeneOntology.org URL: https://geneontology.org

CellMarker 2.0 database CellMarker 2.0 http://www.bio-bigdata.center/
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prepared using the Chromium Single Cell 5′ Kit v2 (x10 Genomics; PN-1000263) according to the manufacturer’s instructions and 

sequenced on an Illumina NovaSeq 6000 platform (2 × 150 bp paired-end reads).

Data analysis and batch effect correction

Single-cell RNA sequencing (scRNA-seq) data were analyzed as previously described.48,49 Briefly, a filtered gene expression matrix 

for all 18 samples was generated using kallisto/bustools (kb v0.24.4) and concatenated using anndata (ad v0.7.6).49 Cells and genes 

were filtered using the sc.pp.filter_cells and sc.pp.filter_genes functions from the Scanpy (sc v1.11.1) package for further analysis. To 

minimize technical artifacts from low-quality cells and potential doublets, cells meeting the following criteria were excluded: (1) fewer 

than 500 or more than 20,000 unique molecular identifiers (UMIs); (2) fewer than 100 or more than 5,000 detected genes; or (3) more 

than 10% of UMIs derived from mitochondrial genes, more than 50% of UMIs derived from ribosomal genes, or more than 5% of 

UMIs derived from hemoglobin genes. Second, genes that were expressed in at least three cells were selected for downstream 

analysis.

Potential doublets were identified using the Scanpy external module Scrublet50 via the sc.external.pp.scrublet function with default 

parameters, designating cells with a doublet score >0.25 as predicted doublets. Raw UMI counts were normalized to a library size of 

10,000 reads per cell using sc.pp.normalize_total to enable direct comparison across cells, followed by natural log-transformation 

(sc.pp.log1p). The log-transformed expression matrix was used for all downstream analyses. Highly variable genes (HVGs) were 

identified using sc.pp.highly_variable_genes, selecting a consensus set of the top 2,000 genes exhibiting the greatest cell-to-cell 

variability. Ribosomal and mitochondrial genes were excluded from the HVG list as previously described.51 The HVG-restricted 

expression matrix was then used for downstream data integration. Each gene was subsequently scaled to unit variance and zero 

mean, with values exceeding 10 clipped to the maximum.

Datasets were integrated by computing principal component analysis (PCA) followed by batch-effect correction with Harmony. 

PCA was performed using sc.tl.pca with svd_solver = ‘‘arpack’’, and the top 50 principal components were retained. Harmony inte

gration was then applied via Scanpy’s external.pp.harmony_integrate function,52 with sample and dataset variables as covariates 

(theta = 2.5 and 1.5, respectively). Nearest neighbor graph of cells was built using the sc.pp.neighbors function with batch-corrected 

matrix.

Cell clustering and annotations

Cells were clustered using the Louvain algorithm (sc.tl.louvain function) in two rounds. An initial round (resolution = 2.0) identified nine 

major cell types according to canonical marker genes (CellMarker 2.0 database)31,53 (Figure S2 and Table S2): B cells, plasma cells, 

CD4+ T cells, CD8+ T cells, γδ T cells, mucosal-associated invariant T (MAIT) cells, natural killer (NK) cells, monocytes, and DCs. In the 

second round, Louvain clustering (resolution 1.0–1.5) was applied separately within CD4+/CD8+ T cells, B cells, NK cells, monocytes, 

and DCs to resolve subclusters. Subclusters were manually annotated based on canonical marker genes31,53 and further validated 

using DEGs computed with the sc.tl.rank_genes_groups function.

Cell trajectories were inferred using partition-based graph abstraction (PAGA) implemented in Scanpy (v1.11.1),54 revealing contin

uous transitions across cell states. Differentially expressed genes (DEGs) were identified with sc.tl.rank_genes_groups (‘‘Wilcoxon 

rank-sum test’’ and ‘‘use_raw = True’’), comparing cluster membership or vaccination condition, and filtered by Benjamini–Hoch

berg–adjusted p < 0.05 and absolute log fold-change >0.5. Ligand–receptor interactions were profiled using CellPhoneDB 

(https://github.com/ventolab/CellphoneDB).55 Significant interactions were identified based on the tool’s permutation testing frame

work, using the recommended p-value threshold of <0.05.

Identifying changes in immune cell proportion

The relative abundances of immune cell types and subtypes were compared across vaccination conditions using the Kruskal–Wallis 

test. For each cell population, three pairwise post-hoc comparisons (FJ vs. NJ, SJ vs. NJ, and SJ vs. FJ) were conducted, with Bon

ferroni correction applied to control the family-wise error rate. Vaccine dose-specific enrichment of cell populations was quantified as 

the ratio of observed to expected cell counts (RO/E), calculated as described.48

Determining cell state scores

Cell type–specific activation and functional states were quantified across vaccination groups using gene set scoring. Gene sets rep

resenting proinflammatory cytokines, inflammatory responses, T cell exhaustion, and cytotoxic activity were curated from published 

sources26,31,56 (Table S3), and the type I interferon signaling pathway (GO:0060337) gene set was obtained from the Enrichr repos

itory (GeneOntology.org). Scores were computed in Scanpy (sc.tl.score_genes) as the normalized mean expression of genes in each 

set. For each score, three pairwise post hoc comparisons (FJ vs. NJ, SJ vs. NJ, and SJ vs. FJ) were conducted, with Bonferroni 

correction applied to control the family-wise error rate.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses and data visualization were performed using Python and R. Statistical significance is indicated in all figures as 

follows: ns, not significant (p > 0.05); *p ≤ 0.05; **p ≤ 0.01; ***p ≤ 0.001; ****p ≤ 0.0001.
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