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Mapping NK cell diversity in
response to COVID-19 and mRNA
vaccination

Yosuke Kishi'+?, Yu-Chen Liu?, Masakazu Ishikawa?!, Maika Yamashita?,
Hisatake Matsumoto®*, Hiroshi Ogura®*, Shuhei Sakakibara®¢*“ & Daisuke Okuzakils*7:8>¢

Human NK cells exhibit functional heterogeneity, yet the clinical conditions and cellular processes
driving this diversity remain insufficiently understood. Here, we report that NK cell diversity emerges
during peripheral development, influenced by the divergence of adaptive NK cells from various stages
of canonical NK cell maturation during the resolution phase of severe COVID-19. Using scRNA-seq,

we analyzed blood NK cells from patients with severe COVID-19 (acute phase and post-intensive
care), individuals vaccinated with the SARS-CoV-2 mRNA vaccine (BNT162b2), and healthy donors.
The frequencies of immature CD56 9" and proliferating NK cells increased following BNT162b2
vaccination. In contrast, the frequency of adaptive CD56™ cells was markedly elevated in patients
recovering from severe COVID-19, alongside clonal expansion and enhanced mitochondrial oxidative
phosphorylation. Trajectory analysis revealed a bifurcation in peripheral NK cell development, with
CD56Mght cells diverging into canonical and adaptive CD56™ subsets during the course of severe
COVID-19. Notably, adaptive NK differentiation exhibited transcriptional and signaling profiles
analogous to those of T-cell activation. Thus, NK cell diversity is shaped by the induction of an intrinsic
adaptive program. These findings uncover the mechanisms underlying NK cell heterogeneity and have
implications for medical applications, including the development of immunotherapies that leverage
adaptive NK cell functions.

Keywords NK cells, COVID-19, mRNA vaccine, scRNA-seq, Trajectory analysis

Natural killer (NK) cells are critical components of innate immune effectors and significant contributors to
acquired immunity, playing a pivotal role in protective immunity against viral infections and cancer!. In humans,
NK cells comprise diverse subsets, each performing distinct functions during infection. Conventional flow
cytometric analysis categorizes NK cells into two primary subsets based on surface phenotypes. The CD56%™
subset, which predominates in peripheral blood, is characterized by its potent natural cytotoxicity. In contrast,
the CD56™8ht subset, which is considered developmentally immature and less cytotoxic, exhibits a high capacity
for cytokine production®>.

Recent advancements in high-dimensional immune cell characterization have revealed a remarkable
diversity of NK cells, highlighting their capacity to differentiate into memory-like adaptive subsets*~®. Adaptive
NK cells exemplify the versatile functionality of NK cells in innate and adaptive immunity”-®. These cells exhibit
potent “missing self” reactivity against target cells, rendering them highly effective in combating cancers and
infectious diseases™!’. Notably, a subset of adaptive NK cells displays antigen presentation potential through
the stimulatory expression of human leukocyte antigen (HLA) class II molecules!!. Adaptive NK responses
were shown to be induced by viral antigens derived from human cytomegalovirus (HCMV), or by combined
stimulation with IL-12, IL-18 and IL-15'>13. Despite well-documented evidence of NK cells adapting to diverse
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immunological stimuli, the underlying biological processes and cellular mechanisms driving human NK cell
diversity remain unclear. This knowledge gap is primarily attributed to the limited studies analyzing clinical
samples suitable for assessing NK cell diversification within the periphery.

The emergence of coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), has highlighted the crucial role of dysregulated immune responses in the
development of severe respiratory diseases. Key contributors include the excessive production of pro-
inflammatory cytokines, exacerbated T-cell cytotoxicity, and generation of pathogenic autoantibodies'*~16.
Several studies have investigated the role of NK cells in controlling SARS-CoV-2 infection and COVID-19
pathogenesis. A reduction in peripheral blood NK cell numbers, alongside other lymphocyte populations, has
been consistently observed during acute COVID-19'7:18, A longitudinal study identified early IFNa signatures
and persistent NK cell dysfunction in patients with severe COVID-19'°. Additionally, TGFp response signatures
in NK cells have been implicated as a characteristic feature of severe COVID-19, contributing to impaired
cytotoxic function?. These findings highlight variability in the functional characteristics of NK cells across
individual studies in the context of COVID-19.

The widespread deployment of mRNA vaccines has been instrumental in mitigating the COVID-19
pandemic. Emerging evidence indicates that SARS-CoV-2 mRNA vaccination induces both quantitative and
qualitative changes in the NK cell compartment. A study revealed that vaccine recipients exhibited a decrease
in CD16" NK cell number and an increase in the proportion of IFNy-secreting NK cells?!. Additionally, a high
baseline frequency of NKG2C* adaptive NK cells was correlated with enhanced antiviral antibody titers after
SARS-CoV-2 mRNA vaccination??, suggesting the involvement of adaptive NK cells in bridging innate and
acquired immune responses. However, the effects of mRNA vaccination on the functional diversification of NK
cells to lead enhance antiviral immunological memory remain elusive.

This study aimed to explore the diversification of human NK cells, particularly adaptive NK cell subsets, under
varying immunological conditions. Single-cell RNA sequencing (scRNA-seq) serves as a powerful technique
for elucidating the heterogeneity and developmental trajectories of immune cells in clinical samples, making
it essential for understanding complex biological processes. However, the high cost of scRNA-seq typically
constraints experimental designs, limiting the range of conditions and time points that can be examined. To
circumvent this limitation, we integrated scRNA-seq data from our cohort with a publicly available dataset to
conduct a comparative analysis of NK cell populations in peripheral blood mononuclear cells (PBMCs); the
study cohort comprised patients with severe COVID-19 at different time points after disease manifestation,
individuals vaccinated with the SARS-CoV-2 mRNA vaccine (BNT162b2), and healthy donors.

Results

Single-cell landscape of blood NK cells from patients with COVID-19, SARS-CoV-2 mRNA-
vaccinated individuals, and healthy controls

To compare NK cell diversity under differentimmunological conditions, we analyzed the single-cell transcriptome
of peripheral blood NK cells across different immune states (Fig. 1a). This included publicly available scRNA-seq
data of PBMCs from patients with acute severe/critical COVID-19 admitted to the intensive care unit (ICU) (T1,
upon ICU admission) and healthy individuals (E-GEAD-551)?. These patients received mechanical ventilation,
corticosteroids, and anticoagulants during their ICU stay. Additionally, we included data from patients with
severe COVID-19 during the resolution phase after treatment in the same hospital (T2, 6-19 days after ICU
admission [Table 1]) and healthy individuals who received the BNT162b mRNA vaccine in a two-dose regimen,
with samples collected 7-11 days after the second dose (Table 2). We integrated the scRNA-seq data from a total
of 34 patients: five healthy controls, seven vaccinated individuals, sixteen patients with severe COVID-19 at T1,
and six patients at T2. The donor information is summarized in Supplementary Table S1.

After data integration, cells from each donor group showed a similar distribution in the UMAP plot.
(Supplementary Fig. Sla). From the combined PBMC datasets, we selected clusters 2, 7 and 8, which expressed
authentic NK markers, KLRD1, KLRFI, NKG7, and GNLY (Supplementary Fig. S1b, and c). During data
processing, we excluded cells expressing gene markers for T cells (CD3D and CD3G), B cells (IGHGI, IGHG2,
and JCHAIN), macrophages (LYZ), platelets (PPBP), and erythrocytes (HBA ), as detailed in the Methods section
(Supplementary Fig. S1d). After data processing, 30,684 NK cells were retained for subsequent analyses. The NK
cell cluster definition was validated by the previously used definition of 13 NK cell marker genes previously
used®, supporting their reliability (Supplementary Fig. S1d). The number of NK cells per individual sample is
presented in Supplementary Fig. Sle. A k-nearest neighbor (KNN)-based differential abundance analysis using
Milo?* revealed a proportional increase in NK cell number in patients with severe COVID-19 at T2; however, no
such alteration was observed in the NK cell populations in patients at T1 or vaccinated donors compared with
healthy individuals (Supplementary Fig. S1f).

Using the Leiden algorithm for clustering, nine putative NK clusters were identified in PBMCs from
healthy controls, vaccinated donors, and patients with severe COVID-19 at T1 and T2 (Supplementary Fig.
S$2a). Traditionally, NK cells have been classified into subsets based on surface phenotype?>*. However, this
approach was not feasible for scRNA-seq analysis owing to the limited presence of cells expressing authentic
NK differentiation markers, such as NCAMI1 (CD56), B3GATI (CD57), CD27, and/or ITGAM (CD11b)
(Supplementary Fig. S2b). Instead, these clusters were classified based on their transcriptomic profiles into five
functional subsets: CD56™8" canonical CD569™, transitional, adaptive CD56%™ and proliferating (Fig. 1b,
¢, and Supplementary Fig. S2¢). The CD56"i8"t subset was marked by increased expression of SELL, IL7R, and
GZMK and decreased expression of FCGR3A, PRF1, and GZMB, representing the immature NK phenotype,
relative to other subsets. In contrast, the canonical CD56%4™ subset, corresponding to conventional cytotoxic
effector NK cells, exhibited the highest levels of FCGR3A, PRF1, NKG7 and CCL4 expression among NK
subsets. Moreover, another subset expressing these effector genes, but at intermediate levels, was identified;
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Fig. 1. Single-cell RNA sequencing (scRNA-seq) analysis for mapping human NK cell subsets in peripheral
blood. (a) Schematic illustrating the workflow for data collection and analysis of human natural killer (NK)
cells under various immunological stimuli using scRNA-seq. (b) Uniform manifold approximation and
projection (UMAP) embedding of scRNA-seq data for 30,684 NK cells. Cells are color-coded by NK cell
subsets: CD564™, canonical (green), CD564™, adaptive (orange), CD56%™, transitional (red), CD56""sht
(blue), and proliferating (purple). (c) Dot plots showing the expression of selected marker genes across five NK
subsets. (d) Selected Gene Ontology (GO) biological process terms enriched in the NK cell subsets, excluding
proliferating NK cells. The combined score represents — log10(p-value) * z-score. (e, f) Matrix plots showing
the expression of genes in the selected GO biological process terms, highlighting genes upregulated in CD564™
(canonical) (e) and CD56%™ (adaptive) NK cells (£).

Scientific Reports|  (2025) 15:37577 | https://doi.org/10.1038/s41598-025-11575-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Blood SARS-COV-2 ix}fection status

collection at blood collection (antigen test) HCMV

(days at Pa02 FiO2 P/F | Nasopharyngeal infection
Patient ID | Age (y) | Sex | ICU) BMI | (nmHg) | (nmHg) | ratio | swab Sputum | Blood | status
T2_01 62 M 8 259 | 148 1 148 +ve +ve —ve +ve
T2_02 60 F 10 19.6 |82.5 0.9 91.7 +ve +ve ND +ve
T2_03 62 M |9 ND |68.4 0.7 91.7 +ve ND ND +ve
T2_04 79 F 10 25.7 | 137 1 137 ND ND ND +ve
T2_05 67 M |9 332 | 104 1 104 ND ND ND ND
T2_06 74 M |8 223 | 837 0.6 139.5 | +ve ND +ve +ve

Table 1. Demographic data of patients. ND: not determined.

Days after HCMV
Donor ID | Age (y) | Sex | 2nd vaccination | infection status
VP_01 44 F 9 +ve
VP_02 36 F 8 +ve
VP_03 25 M |7 ve
VP_04 37 F 9 +ve
VP_05 32 F 7 +ve
VP_06 24 F 11 +ve
VP_07 24 F 7 +ve

Table 2. Demographic data of vaccinated donors.

this subset was designated as transitional NK cells. The adaptive CD56%™ NK cell subset was characterized by
high expression of KLRC2 and low levels of KLRCI1, FCERIG, and ITGAM (CD11b) when compared with that
of other subsets (Fig. 1c). This classification of adaptive CD56%™ NK cells was further validated through gene
signature analysis using a previously established adaptive NK signature? (Supplementary Fig. S2d). Finally, the
proliferating NK cell subset consisted of cells with elevated expression of cell cycle marker genes such as Mki67,
TOP2A, and E2F1. All differentially expressed genes (DEGs) for each subset are shown in Supplementary Fig.
S3a. Enriched biological processes in each subset, compared to the others, are shown in Supplementary Fig. S3b.
Notably, our analysis revealed the presence of a diverse range of human NK cell subsets in the blood, which were
delineated by integrating data from various immunological conditions.

Pathway enrichment analysis of DEGs revealed enhanced cellular motility (“Positive regulation of
lamellipodium assembly”) as well as Fc receptor signaling (“Fc-gamma receptor signaling pathway”) in the
canonical CD56%m NK cell subset, compared with that in other subsets (Fig. 1d, e). In contrast, the adaptive
CD56%™ subset exhibited enrichment in pathways related to T cell receptor signaling (“T cell receptor
signaling pathway”), immune response (“Cellular response to type II interferon’, and “Antigen processing and
presentation of exogenous peptide antigen via MHC class II”), as well as upregulated mitochondrial functions,
(“Aerobic electron transport chain’, “Mitochondrial ATP synthesis coupled electron transport’, and “Oxidative
phosphorylation”) (Fig. 1d, f). TCR signaling pathway was found to be markedly enriched in the adaptive NK
subset, as indicated by increased expression of signal mediators and related molecules, including CD3E, PTPRC,
LCK, and FYN, which are common signaling adaptors and regulators shared between T and NK cells?’~?. These
findings suggest that canonical NK cells were primarily involved in enhanced motility and effector functions
relative to other subsets, whereas adaptive NK cells acquired antigen presentation capabilities and displayed
marked alterations in cellular signaling and metabolic pathways.

Distinct NK cell subset compositions elicited by different immunological stimuli and
temporal profiles: increased adaptive CD56%™ frequency in patients with COVID-19 at T2 and
CD56Pri9ht after vaccination

We next characterized condition-specific NK cell responses by analyzing changes in subset composition and
pathway enrichment. Supplementary Fig. S4 presents the proportions of NK cell subsets across individual
samples and donor groups.

In vaccinated individuals, differential abundance analysis revealed an increase in the frequency of proliferating
NK cells and a reduction in transitional NK cell levels compared to healthy donors (Fig. 2a). Additionally,
certain neighborhoods within the CD56% 8" subset were enriched in the vaccinated cohort (Fig. 2a). Gene
set enrichment analysis (GSEA) revealed the upregulation of various pathways in CD568h NK cells post-
vaccination, compared to those in other subsets. These included “Positive regulation of nucleic acid-templated
transcription”, “Regulation of the cell cycle”, “Negative regulation of nucleic acid-templated transcription’,
“Regulation of RNA metabolic processes’, and “Chromatin remodeling” (Fig. 2b). These findings suggest that
the mRNA vaccine may affect NK cell maturation and functionality.
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Fig. 2. Distinct NK cell subset compositions elicited by different immunological stimuli and temporal profiles.
(a) Differential abundance analysis comparing NK cells between vaccinated individuals and healthy controls.
Top: Neighborhood graph on UMAP embedding. Each dot represents a neighborhood identified by Milo
and is colored according to the log-fold change from the differential abundance test. Bottom: Beeswarm
plots showing the distribution of log-fold changes across annotated neighborhoods. Each dot represents a
neighborhood and is color-coded to indicate whether the false discovery rate (FDR) is<0.10. (b) Gene set
enrichment analysis (GSEA) of the CD568 subset from vaccinated individuals. (c, d) Differential abundance
analysis for NK cells from patients with coronavirus disease 2019 (COVID-19) at T1 (c¢) and T2 (d) compared
with healthy controls. (e) GSEA of the adaptive CD56%™ subset from patients with severe COVID-19 at T2.
In contrast, the NK cell subset composition was comparable between healthy donors and patients with severe
COVID-19 at T1, except for a slight reduction in transitional NK cell levels in patients with severe COVID-19
(Fig. 2c). However, NK cells from patients with COVID-19 at T2 were characterized by an increase in the
levels of adaptive CD569™ and proliferating NK subsets, alongside a decrease in the frequency of transitional
and CD56"8h NK subsets (Fig. 2d). GSEA suggested that adaptive CD564™ NK cells in patients with severe
COVID-19 at T2 exhibited increased mitochondrial activity and enhanced oxidative phosphorylation compared
with those in other subsets (Fig. 2e).
Direct comparison of abundance and gene enrichment between T1 and T2 are shown in Supplementary Fig.
S5. These analyses highlighted increased frequencies of adaptive CD56%™ and proliferating NK cell subsets,
as well as enhanced mitochondrial functions across all NK subsets in patients with severe COVID-19 at T2
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compared to T1. These results highlight the dynamic changes in NK cell responses during the progression of
severe COVID-19.

Clonal selection and expansion signatures in adaptive NK cells from patients with severe
COVID-19 during the resolution phase

Clonal selection followed by expansion is a key characteristic of adaptive immune responses following antigen-
specific stimuli, a phenomenon now extended to innate lymphocytes, as recent studies have suggested that they
also undergo clonal expansion during infection®. Unlike T and B cells, which generate unique antigen receptors
through genetic rearrangement, NK cells express a repertoire of germline-encoded receptors. Therefore,
conventional methods for determining clonal relatedness of NK cells based solely on receptor expression are
limited, given the potential plasticity of NK cells®!.

To examine whether the NK cell response following vaccination and during COVID-19 is driven by clonal
expansion, we leveraged the inferred heteroplasmy of mitochondrial single-nucleotide variations (SNVs) in
scRNA-seq data. In total, 34 informative mitochondrial SN'Vs were identified from patients with COVID-19 at
T2 and vaccinated donors using MQuad?2. The patterns of mitochondrial SNVs and their mutation frequencies,
estimated via mRNA analysis, were used to determine clonal structures (Supplementary Fig. S6a), identifying 26
clones (Supplementary Table S2). Examination of the homogeneity within the single-cell transcriptomes of these
clonal NK cells revealed five clones (T2_02_6249G>A, T2_02_6285G>A, T2_02_15084G>A, T2_04_1945A>C,
and T2_04_2838A>G), derived from two patients, with each exhibiting a connectivity score>1.5 and
demonstrating significant transcriptional correlation (false discovery rate [FDR] <0.05) (Fig. 3a).

Notably, these clones were exclusively detected within the adaptive CD56%™ NK cell subset of the
corresponding donors (Fig. 3b—d), indicating a homogeneous expansion of NK cells within this subset. Although
not restricted, these donors, T2_02, and T2_04, possessed HCMV-specific IgG, suggesting persistent HCMV
infection (Table 1). Furthermore, these clones exhibited distinct expression patterns of NK receptors (Fig. 3b, ),
suggesting clonal selection driven by specific target recognition. Several other clones, such as T2_01_7657T>C
and T2_05_1729T>C, identified in patients with COVID-19 at T2 were relatively small and predominantly
distributed across subclusters within the canonical CD56%™ and transitional NK cell subsets (Supplementary
Fig. S6b). In contrast, no clones with significant transcriptional homogeneity (FDR<0.5) were detected in
vaccinated donors.

Some identified clones, including VP_07_24442T>C spanned across the CD56%"iht transitional, and
canonical CD56%™ subsets but not within the adaptive CD56%™ subset (Supplementary Fig. S6b). These results
highlighted the homogeneity of adaptive NK cell clones, in contrast to the intraclonal diversity observed across
transitional and canonical CD56%™ NK cells, during COVID-19 treatment, as observed previously in HCMV-

positive healthy donors®.

Bifurcated developmental trajectory of NK cells during the resolution of COVID-19

To investigate the developmental trajectory of adaptive CD569™ NK cells in our dataset, we employed scFates,
a tool designed for pseudotime analysis that infers developmental bifurcations from single-cell transcriptomic
data®. Given the observed increase in the frequency of adaptive CD56%™ NK cells in patients with severe
COVID-19 during disease resolution, compared to that in other conditions (Fig. 2¢, d), we focused on the single-
cell transcriptomes of NK cells from these patients.

Using combined data from patients with COVID-19 at T1 and T2, we constructed a multi-scale diffusion
space using Palantir, which generated a principal tree graph that identified a bifurcated developmental trajectory
for NK cells, with node 155 from the CD56"8" subset serving as the root (Fig. 4a). The trajectory segments
and milestones defined by the principal tree graph corresponded well with the NK cell subsets identified in
the single-cell transcriptome, except the “transitional” milestone, which comprised a large proportion of the
canonical CD56%™ subset, alongside small fractions of transitional and adaptive CD56%™ cells (Fig. 4b). The
bifurcation began at the transitional NK milestone, leading to the emergence of adaptive and canonical CD564™
subsets (Fig. 4c). Cell density changes along pseudotime indicated that the divergence toward adaptive CD56%™
NK cells was initiated at T1, followed by further adaptive maturation at T2, whereas divergence toward canonical
CD56%™ NK cells was observed at both time points (Fig. 4d). Therefore, the developmental bifurcation from
CD568" to both canonical and adaptive CD56%™ NK cells contributed to the observed NK cell diversity in
patients with COVID-19.

By extracting DEGs along pseudotime, we identified 366 and 131 genes specific to the developmental
trajectories of canonical and adaptive CD56%™ NK cells, respectively (Fig. 4e, f, and Supplementary Table S3).
Genes associated with the development toward canonical CD56%™ NK cells included the authentic markers for
canonical NK cells, such as KLRCI and FCGR3A, as well as cytotoxic effector genes, including FGFBP2, GZMB,
and PRFI, along with transcription factors (TFs), such as TBX2I and ZBTB16 (Fig. 4e). Conversely, genes that
exhibited elevated expression in the adaptive CD56%™ NK lineage, relative to the canonical lineage, included
KLRC2, CD2, CD3E, as well as HLA class II genes, including HLA-DP, HLA-DQ, and HLA-DR (Fig. 4f). This
analysis identified several key regulators involved in NK cell fate determination. Notably, FCERIG, a critical
receptor component for the maturation of canonical CD56%™ NK cells**, showed increased expression along
the developmental trajectory of canonical NK cells (segment 2, Supplementary Fig. S7a); however, its expression
drastically decreased during the development of adaptive NK cells (segment 1, Supplementary Fig. S7a).
Additionally, several genes were consistently expressed during the development of canonical NK cells; however,
their expression decreased in the adaptive pathway. These genes included ZBTB16 and TBX21, essential TFs
for the development of innate lymphocytes, including NK cells***¢, and THEMIS2, a critical regulator of NK
memory function, as demonstrated in a recent murine study®” (Supplementary Fig. S7a). The expression of
PTGDS, previously demonstrated to be expressed in a subset of CD56%™ NK cells*®, was strongly induced along
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Fig. 3. Clonal expansion of adaptive NK cells in patients with severe COVID-19 at T2. (a) Scatter plot

of connectivity scores versus log10 (FDR). Each dot represents a clone identified based on informative
mitochondrial single-nucleotide variants (SNVs), color-coded by the donor group. Dot size corresponds to the
number of cells in each clone. (b, ¢) Top left: UMAP embedding showing the differential abundance of NK cells
across each condition, with cells colored according to the allele frequency of mitochondrial SN'Vs. Top right:
Heatmap illustrating the distribution of cells among NK subsets with mitochondrial SNV allele frequency
greater than 50%. Bottom: Dot plots showing the expression of NK receptor genes in cells from each clone and
the remaining cells from the same donors. (d) UMAP embedding of total NK cells from donors T2_02 and

T2_04.

the trajectory of canonical NK cells (Supplementary Fig. S7a). These results highlight the accuracy and reliability
of this trajectory analysis. Pathway enrichment analysis further revealed a functional enhancement in Fc
receptor-mediated processes and cellular motility driven by the cellular cytoskeleton. Notable pathways included
“FCGR3A-related phagocytosis’, “RHO GTPases activate WASPs and WAVEs”, and “EPHB-mediated forward
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Fig. 4. Bifurcated developmental trajectory of NK cells in patients with severe COVID-19 at T2. (a)
ForceAtlas2 graph embedding multi-scale diffusion spaces. Top left: Principal graph generated using
SimplePPT. Each number represents a root, fork, or end node. Top right: Pseudotime assignment for each cell,
determined based on the principal graph after root selection. Bottom: Cells annotated by segments (bottom
left) and milestones (bottom right). (b) Heatmap showing NK cell subset distribution across milestones.
Column sum to 1. (¢) Dendrograms of NK cell distribution by segment, milestone, pseudotime, and condition.
(d) Density plots illustrating NK cell distribution over pseudotime. Left: Canonical NK developmental
pathway. Right: Adaptive NK developmental pathway. (e, f) Scaled expression of differentially expressed genes
(DEGs) along pseudotime in the canonical (e) and adaptive (f) NK developmental branches. Featured gene
names are indicated.
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signaling’, all of which were enriched in the developmental pathways of canonical NK cells (Supplementary Fig.
S7b).

In the adaptive NK cell trajectory, the expression of KLRC2, a phenotypic marker for adaptive NK cells,
was readily induced (Supplementary Fig. S7c). Additionally, the levels of ARID5B, a key TF that promotes
mitochondrial membrane potential®®, were increased in the adaptive NK cell trajectory (Supplementary Fig.
S7¢), consistent with the observed enhancement of oxidative phosphorylation in adaptive NK cells (Fig. 1d).
Furthermore, several novel genes associated with adaptive NK cell development were identified, including
IL32, which encodes a human-specific inflammatory cytokine; KLRC4, which encodes NKG2F, an orphan
activated receptor on human NK cells*; and ZBTB38 and LITAF, TFs with unknown functions in NK cells
(Supplementary Fig. S7c). Pathways enriched during adaptive NK cell development included acquired
immunity-related signaling pathways and protein translation pathways, such as "Translocation of ZAP70 to
the immunological synapse", "Phosphorylation of CD3 and TCR zeta chains", “PD1 signaling”, "Generation of
second messenger molecules”, and "Eukaryotic translation elongation" (Supplementary Fig. S7d). Collectively,
our findings highlight the dynamic reprogramming of signal transduction and metabolic regulation throughout
the progression of adaptive NK cells.

Gene regulatory networks governing NK cell diversity

Based on transcriptional profiles, we identified the upstream transcriptional regulators involved in the
differentiation and function of adaptive and canonical NK cell subsets in patients with severe COVID-19. To
extract the TFs governing adaptive and canonical CD56%™ NK cell dynamics, we inferred TF activity using the
decoupleR package*!, integrating data from time points T1 and T2. For the canonical subset, key TFs predicted
to be central to the transcriptional regulatory network included NCOA3, EOMES, MEF2C, MITE, and FOXF2
(Fig. 5a and Supplementary Fig. S8a). Although the identification of NCOA3 is not particularly informative,
as it primarily functions as a coactivator for DNA-binding TFs*, our analysis identified EOMES and MEF2C
as important TFs for canonical NK cells. Recent studies have demonstrated that these factors play crucial
roles in NK cell development and function in humans****. Additionally, MITF and FOXF?2 are critical for cell
differentiation of other cell lineages**%, suggesting potential roles for these factors in the functional capacities
of canonical NK cells. These findings highlight the need for further investigation into their contributions to NK
cell biology.

In adaptive NK cells, several HLA-II enhanceosome factors, including REXAP, REXANK, RFX5, and CIITAY,
were identified as highly active TFs (Fig. 5a), indicating a specific upregulation of the expression of HLA-II genes
in this subset. This expression profile suggests the potential role of adaptive NK cells in bridging innate and
acquired immune responses. Additionally, gene network analysis further identified several key TFs, including
NOTO, IRF6, and EHFE, which reportedly influence the developmental fate of non-immune cell types*®->?, as
being active in adaptive NK cells (Fig. 5a). The gene regulatory network model for adaptive NK cells is shown
in Fig. 5b.

When integrated with the developmental trajectories, the scores of the identified regulons were strongly
correlated with the individual NK cell developmental pathways (Supplementary Fig. S8b). Notably, the
functions of EOMES and MEF2C were suppressed, whereas those of REXAP and NOTO were enhanced along
the development of adaptive NK cells. Overall, these results highlight the presence of distinct transcriptional
programs that drive the bifurcation of NK cell development, providing insights into the transcriptional regulation
underlying NK cell diversity in peripheral immune responses.

Discussion

Although NK cells are innate lymphocytes with functional heterogeneity!, the mechanisms underlying
the establishment of NK cell diversity remain unclear. In this study, we investigated the functional diversity
and developmental trajectories of human NK cells. Using integrated scRNA-seq data from blood NK cells
under different immunological stimuli, we observed a notable increase in the number of adaptive NK cells,
particularly in patients with severe COVID-19 undergoing ICU treatment. In contrast, patients with acute severe
COVID-19 at ICU admission showed no substantial changes in NK cell subset composition compared to healthy
controls. This observation is consistent with several previous reports, although some studies have highlighted
increased NK cell activation in the blood of patients with COVID-19°!-%3, Despite expansion of CD568h
and proliferating subsets, adaptive NK cells did not increase in proportion within 7-11 days after vaccination;
however, longitudinal analysis may yield different results. Trajectory analysis suggests that the formation of
adaptive NK cells can be initiated during peripheral NK cell maturation and progresses through a transitional
subset between the immature CD56*"8" to CD56%™ subsets (Supplementary Fig. S9). This finding contrasts with
the previously proposed linear model of adaptive NK cell development™.

Furthermore, our findings revealed that adaptive NK cells underwent transcriptional reprogramming
involving signaling adaptors, metabolic regulators, and epigenetic regulators during their bifurcation from
canonical NK cell development. The adaptive NK cell developmental trajectory in peripheral blood was associated
with biological processes related to T-cell activation. Among these, enhancement of PD-1 signaling was also
observed in the adaptive NK cell development; nonetheless, its functional relevance remains controversial, given
the low or undetectable surface expression of PD-1 on NK cells*®=>’. Cells in the adaptive NK fate also exhibited
decreased expression of canonical NK marker genes and regulators, including FCERIG, TBX21 and ZBTBI 6860,
while concurrently exhibiting increased expression of a distinct set of genes, such as KLRC2 and ARID5B.
Notably, the levels of ARID5B, a pivotal regulator of mitochondrial metabolism in adaptive NK cells*, were
increased during this developmental process. Beyond these developmental associations, our analysis showed
upregulation of the FcyR signaling pathway in adaptive NK cells. This may contribute to antibody-dependent
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Fig. 5. Prediction of transcriptional regulators governing adaptive NK cell development. (a) Bar plots showing
the top 30 transcriptional factors (TFs) based on TF activity enrichment scores for canonical and adaptive
CD56%m NK cells. Bars are color-coded to reflect the corresponding enrichment scores. (b) Gene regulatory
network graph of adaptive CD564™ NK cells. Square nodes represent TFs color-coded according to their TF
activity enrichment scores. Round nodes represent target genes from CollecTRI color-coded based on their
gene expression levels, with size proportional to the fraction of cells in the adaptive CD56%™ subset. Red lines
indicate positive regulation, whereas blue lines represent negative regulation.

cellular cytotoxicity (ADCC) and facilitate the clearance of virally infected cells through collaboration with the

antibody response in these patients.
Additionally, ZBTB38, a TF known to bind to CpG-methylated DNA®! was identified to be associated with
the adaptive trajectory-associated transcription, suggesting its potential role in the epigenetic regulation of NK

Scientific Reports|  (2025) 15:37577 | https://doi.org/10.1038/s41598-025-11575-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

cell adaptive reprogramming. Chromatin accessibility changes reportedly regulated increased KLRC2, ARID5B
and ZBTB38 expression as well as reduced FCERIG and ZBTB16 expression in adaptive NK cells of HCM V-
positive donors, whereas these epigenetic changes were not observed in those of HCMV-negative donors’. This
raises a new question concerning the mechanism by which an HCMV antigen triggers chromatin remodeling
that leads to transcriptional reprograming in the adaptive NK cell fate, warranting further investigation in future
studies.

Assessment of mitochondrial SN'Vs revealed several expanded clones within the adaptive CD564™ subset
of patients with severe COVID-19 during the resolution phase. Although clone identification was constrained
by the high number of cells in the dataset, the methodology employed for clonality assessment proved robust,
allowing for effective clonal analysis based on scRNA-seq data. Previous research has demonstrated that ex
vivo expansion of NK cells results in plasticity in killer immunoglobulin receptor expression®*2. However,
our analysis demonstrated that individual clones exhibited distinct expression patterns of NK cell receptors
within the adaptive NK compartment of individual donors. This observation suggests that adaptive NK cells
undergo clonal selection based on specific target antigens. Consistent with our findings, clonal expansion has
also been exclusively observed in adaptive NK cells from the blood of healthy individuals infected with HCMV?>.
Therefore, clonal selection followed by homogenous expansion represents a fundamental aspect of adaptive NK
cell formation rather than a feature unique to NK responses in COVID-19. Due to the limited detection of NK
cell clones in the dataset, we could not conclude whether clonal proliferation is more enhanced during SARS-
CoV-2 infection than after vaccination.

Although our analysis suggests that NK cell divergence is characterized by the expansion of adaptive NK
cells in patients with severe COVID-19, the factors driving this process remain unclear. One potential trigger
for adaptive NK cell expansion in these patients could be HCMV-derived peptides, as previously demonstrated®.
Several studies have shown that HCMV was reactivated during severe COVID-19%%¢%, Alternatively, SARS-CoV-
2-derived peptides may induce adaptive NK cells. The nonstructural protein 13 (Nsp13) in SARS-CoV-2 contains
a peptide (Nsp13,,, ,,.) that can be presented by HLA-E, preventing its binding to the inhibitory NK receptor
NKG2A4, thereby inducing a “missing self” activation of NK cells®. However, the Nsp13 peptide has been
demonstrated to activate NK cells without promoting adaptive NK cell development and expansion in vitro®.
A recent study has suggested that the YLQPRTFLL peptide from the SARS-CoV-2 spike (S) protein can activate
adaptive NK cells and inhibit NKG2A* canonical NK cells®. Nonetheless, our analysis of NK cells following
mRNA vaccination did not reveal an enhanced adaptive NK response, although the vaccine BNT162b2 encodes
SARS-CoV-2 S, which contains the YLQPRTFLL peptide. Therefore, the precise mechanisms responsible for
inducing adaptive NK cell expansion in patients with COVID-19 remain elusive.

The BNT162b2 mRNA vaccine elicited an increase in the frequency of CD56**¢" NK and proliferating
cells. These CD5618" NK cells showed distinctive transcriptional signatures and RNA metabolism compared
with those of healthy individuals, indicating intrinsic changes in NK cells following mRNA vaccination. This
observation aligns with that of previous reports suggesting that the inflammatory phenotypes of NK cells mediate
the adverse effects and reactogenicity associated with BNT162b2 mRNA vaccination®”%. Although based
on limited examples, clonal analysis revealed transcriptional diversification within NK cell clones across the
CD56%"ight transitional, and canonical CD56%™ subsets in vaccinated individuals. This observation likely reflects
the rapid clonal development of canonical NK cells, but not adaptive NK cells, in response to vaccination. The
absence of adaptive NK cell expansion after vaccination could be attributed to the timing of sample collection.
A longitudinal analysis of NK cell subsets after mRNA vaccination will further clarify their persistence and
functional changes over time. Alternatively, adaptive NK cells may migrate to tissues after vaccination and
contribute to durable protection, as previously shown for T cells®’; however, whether this also applies to NK cells
remains unclear. In this context, evaluating tissue-resident NK cells may provide more insight into adaptive NK
cell clonal expansion than analysis of circulating NK cells.

A notable limitation of this study is its relatively small sample size. The conclusions drawn from this study
could be strengthened by incorporating additional data into the analysis. Potential confounding factors, including
HLA haplotypes, disease history, and HCMV reactivation status, were not addressed. The observed imbalance
in age and sex was partly attributed to the higher prevalence of severe COVID-19 in older male patients during
the early stages of the pandemic”’. Clinical treatment during ICU stay may affect NK cell responses, potentially
leading to decreased frequencies of conventional CD56%™ NK cells in severe COVID-19 patients compared
to other groups. Glucocorticoids have been shown to reduce NK cell responsiveness by altering receptor
expression’!’2, Mechanical ventilation increases pro-inflammatory cytokines’®, which may promote memory-
like, adaptive NK cell function'?”3. Lastly, although our conclusions are based on integrated scRNA-seq analysis,
experimental validation is required to further elucidate the roles of the identified biological processes in NK cell
diversification.

In conclusion, our study revealed that the activation of the intrinsic adaptive program in human NK cells
results in their functional diversity in the periphery. Adaptive NK cells diverged from a peripheral transitional
subset, and this differentiation was particularly enhanced during the resolution phase of severe COVID-19.
This developmental bifurcation was driven by the adaptive reprogramming of NK cells, involving alterations
in cellular signaling and metabolism that resemble T-cell activation. Further exploration into the generation of
adaptive NK cells may offer valuable insights into immune responses following viral infections and vaccinations.
Recent advancements in cellular immunotherapy have proposed the use of NK cells carrying chimeric antibody
receptors (CARs) for cancer treatment’%, and in light of the COVID-19 pandemic, several studies have suggested
the potential benefits of using CAR NK cells in treating COVID-197>7¢. Our findings not only provide crucial
insights into the functional diversification of human NK cells but also offer valuable guidance for optimizing NK
cell-based immunotherapies.
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Methods

Clinical samples

Clinical samples were collected with approval from the Osaka University Research Ethics Committee. Written
informed consent was obtained from all participants or their relatives before sample collection. Samples were
collected from patients with severe COVID-19 (WHO score 5-7) admitted to the ICU at Osaka University
Hospital (Osaka, Japan) between November 2020 and December 2021, as well as from healthy individuals
vaccinated with the Pfizer-BioNTech SARS-CoV-2 mRNA vaccine (BNT162b2). For patients with COVID-19,
infection with the SARS-CoV-2 Alpha.V2 variant was confirmed via PCR at ICU admission. SARS-CoV-2
infection status was intermittently monitored by viral antigen testing in nasopharyngeal swab, sputum and
blood during ICU stays. Blood samples were collected upon ICU discharge; four patients were still positive for
SARS-CoV-2 antigen and the rest were not tested at that time. These patients received mechanical ventilation,
corticosteroids, and anticoagulant medicines during their stay in the ICU. For vaccinated individuals, BNT162b2
vaccine was administered intramuscularly in a two-dose regimen, with doses given a 21-days interval between
doses. Blood samples were obtained 10-14 days after the second dose. PBMCs were isolated from blood samples
using Lymphoprep (STEMCELL Technologies, Vancouver, BC, Canada) and cryopreserved in the vapor phase
of liquid nitrogen according to the manufacturer’s protocol.

HCMV serostatus

Persistent HCMV infection in donors was determined by detecting antiviral IgG in plasma using a commercially
available kit (Human Anti-Cytomegalovirus IgG ELISA Kit [Abcam]), following the manufacturer’s protocol.
Samples with OD450 values > 10% exceeding the cut-off control were defined as positive.

scRNA-seq for PBMCs from patients with COVID-19 and vaccinated donors

Frozen PBMCs were thawed at 37 °C and subjected to droplet-based scRNA-seq using Chromium Single Cell
V(D)J Reagent Kits v1.1 (10 x Genomics, Pleasanton, CA, USA), following the manufacturer’s instructions.
Sequencing of the generated cDNA library was performed on an Illumina NovaSeq 6000 platform (San Diego,
CA, USA).

scRNA-seq data collection and processing

Previously published scRNA-seq data from patients with COVID-19 and healthy individuals were obtained
from the Human Database (hum0366.v1, E-GEAD-551) provided by the National Bioscience Database Center,
Japan. The cohort was collected from the same hospital during a similar time period (between December 2019
and October 2021), and had comparable characteristics in terms of age, sex, and disease scores (WHO score 5-7)
to those in our ICU COVID-19 cohort?. Preprocessed count matrices, which had undergone quality control,
were used for further analyses. The collected FASTQ files were processed using Cell Ranger (v5.0.1) with the
GRCh38 human reference genome”’.

Quality control, normalization, batch correction, and dimensionality reduction in scRNA-seq
analysis

The gene expression matrices filtered by Cell Ranger were analyzed using the Scanpy package (v1.10.3)78. We
applied the same quality control method to our cohort as used for the public dataset to enable integration®.
Cells expressing fewer than 100 genes and genes detected in fewer than three cells were excluded. Additionally,
cells with fewer than 1,000 unique molecular identifiers (UMIs) or more than 20,000 UMIs, as well as those with
over 10% of reads derived from mitochondrial or hemoglobin genes, were excluded. For each sample, doublets
predicted using Scrublet (v0.2.3)”° were removed. Count matrices were normalized using counts per million
mapped reads and log-transformed with a log plus one (loglp) transformation. In total, 2,000 shared highly
variable genes (HVGs) were identified using the pp.highly variable_genes() function with flavor =“seurat”
Principal component analysis (PCA) was subsequently performed. Batch correction was applied using
harmonypy (v0.0.10), a Python wrapper for the Harmony R package®. Subsequently, a neighborhood graph
was constructed based on the batch-corrected representation, and dimensionality reduction was achieved via
uniform manifold approximation and projection®!.

Identification of NK cells in the scRNA-seq dataset

NK cell populations were identified as previously described®?, with slight modifications. Briefly, cells were
clustered in an unsupervised manner using the Leiden algorithm® with a resolution parameter set to 1.0.
Clusters exhibiting NK cell signatures were determined by the expression of classical NK marker genes, KLRDI,
KLRFI, NKF7, and GNLY as mentioned in previous reports®2. Subsequently, cells expressing marker genes
associated with other lineages, such as CD3D and CD3G for T cells, IGHGI, IGHG2, and JCHAIN for B cells,
LYZ for macrophages, PPBP for platelets, and HBAI for erythrocytes, were excluded. The remaining cells were
designated as NK cells in the datasets.

Adaptive NK gene signature scoring

Subclustering of the NK cell subset was performed using the Leiden algorithm. To identify the adaptive NK
cell subset, previously described adaptive NK signatures* were utilized as input for the scanpy.tl.score_genes()
function, replicating the approach implemented in Seurat®®. Gene scores were calculated by subtracting the
average expression of a reference gene set from that of the target gene set. The reference set was randomly
sampled from the gene pool for each binned expression value.
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Differential cell abundance analysis

Differential cell abundance between conditions (healthy vs. vaccinated, healthy vs. severe T1, and healthy vs.
severe T2) was assessed using Milo?%, as implemented in pertpy (v0.9.4)%°. A KNN graph was constructed with
k=30based on similarities in the reduced principal component space following batch correction. Neighborhoods
were defined based on their connectivity within the KNN graph and subsequently assigned to cells. Counts
for each neighborhood were modeled using a negative binomial generalized linear model, and p-values were
calculated using the quasi-likelihood F-test under a specified contrast. Spatial FDR correction was applied to
control for multiple testing, with a significance threshold set at 10% FDR. Neighborhoods in which cells in a
specific annotated subset accounted for less than 75% of the total cell population were designated as "Mixed."

Enrichment analysis of DEGs

To ensure robust analysis, proliferating cells and specific genes— such as ribosomal genes, as well as TRAV, TRA],
TRBJ, TRBV, IGHV, IGKV, and IGLV—were excluded. Differential gene expression analysis was performed
using the scanpy.tl.rank_genes_groups() function, which employs the Wilcoxon rank-sum test with p-value
correction via the Benjamini-Hochberg method. DEGs were considered statistically significant if they met an
adjusted p-value threshold of <0.05. Functional analysis of DEGs was performed using Gene Ontology (GO)
enrichment analysis with the gsea.enrichr() function in GSEApy®®, a Python wrapper for Enrichr®”~%, with
GO biological process 2023 or Reactome 2022 as the reference set. GSEA was performed using the gsea.gsea()
function, with GO biological process 2023 as the reference set.

Detection of mitochondrial mutations

Mitochondrial SNVs were extracted from raw BAM files for each sample from patients with COVID-19 at T2
and vaccinated individuals using the cellsnp-lite (v1.2.3) tool®. Informative mitochondrial SNV were identified
using MQuad (v0.1.8)2, applying a minimum depth threshold of 5 and a delta Bayesian Information Criterion
cutoff of 200. For each informative SNV, allele depth (AD) and depth of coverage (DP) were extracted. Allele
frequency (AF) was calculated using the following formula:

AD

AF = ———
DP +0.0001

Clones were defined as sets of SNVs with an AF threshold exceeding 0.5. To identify transcriptionally associated

SNVs, a connectivity score for each SNV was computed using the scirpy.tl.clonotype_modularity() function in

the Scirpy package®!. The connectivity score was calculated using the following formula:

E| +1
Connectivity score = 10g2||E||"C°%‘3”1_|_1
expected

where |E|, . represents the number of edges connecting cells within a given clonotype, and |E|expecte 4 denotes the
number of edges that would be expected by random chance in a subgraph of the same size. For each unique SNV
size, the expected number of edges was derived by randomly sampling 1,000 subgraphs from the transcriptomic
neighborhood graph. A negative binomial distribution was fitted to the background distribution of these edges,
and connectivity scores were calculated accordingly. Subsequently, p-values were adjusted for multiple testing
using the Benjamini-Hochberg FDR correction method.

Pseudotime analysis

Pseudotime analysis was performed using the scFates tree analysis pipeline (v1.0.8)%3. During the preprocessing
stage, 1,500 HVGs of NK cells were identified from patients with severe COVID-19 at both T1 and T2. PCA
was performed, followed by batch correction using harmonypy. Diffusion maps were generated from the batch-
corrected representation, and the multi-scale diffusion space was constructed using the first three eigenvectors,
as determined by Palantir (v1.3.3)°2. From the multi-scale diffusion space, a ForceAtlas2”® embedding was
generated using the first two principal components as the initial positions, employing the scanpy.tl.draw_graph()
function. A 200-node tree was fitted to the diffusion space using the simplePPT approach®, with the parameter
ppt_lambda set to 0.02. Pseudotime was subsequently calculated, with node 155 set as the root.

Bifurcation analysis

To identify genes with significant changes along the tree, an A cut parameter value of 0.25 was used. Significant
genes were fitted using a generated additive model®® to obtain smoothed trends. Subsequently, differential
expression analysis was conducted to identify genes showing the most significant amplitude differences across
branches. Each significant gene was tested for branch-specific differential gene expression, with a focus on
upregulation from progenitor to terminal states. DEGs were assigned to two post-bifurcation branches, with an
FDR threshold of < 0.05 and minimum expression difference cutoft of 0.05.

Gene regulatory network

Using a pseudobulk approach, the gene expression matrix was initially pseudobulked using the decoupler.
get_pseudobulk() function. Subsequently, low-quality samples were filtered using the decoupler.filter_by
expr_function() in the decoupleR Python package (v1.8.0)**°. Differential expression analysis was performed
between the CD56%™ (canonical) and CD56%4™ (adaptive) subsets using the pydeseq2.dds.DeseqDataset() class
in PyDESeq2 (0.4.11)%”. TF enrichment scores were determined using a univariate linear model with CollecTRI
to identify transcriptional regulatory interactions®®. Regulon scores were calculated using the decoupler.run_
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aucell() function, a wrapper for AUCell*. The top 20 TFs by enrichment score, along with their respective
regulons registered in CollecTRI, were visualized using Cytoscape (v3.10.3)1°.

Data availability

The raw scRNA-seq data from recovered patients with severe COVID-19 and healthy individuals who received
the SARS-COV-2 mRNA vaccine are deposited in the BioProject database under accession number PRJ-
NA1152718 (https://dataview.ncbi.nlm.nih.gov/object/PRINA1152718), where they are publicly accessible.
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