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Allogeneic natural killer (NK) cell therapies are a valuable
treatment option for cancer, given their remarkable safety
and favorable efficacy profile. Although the use of allogeneic
donors allows for off-the-shelf and timely patient treatment,
intrinsic interindividual differences put clinical efficacy at
risk. The identification of donors with superior anti-tumor ac-
tivity is essential to ensure the success of adoptive NK cell ther-
apies. Here, we investigated the heterogeneity of 10 umbilical
cord blood stem cell-derived NK cell batches. First, we evalu-
ated the donors’ cytotoxic potential against tumor cell lines
from solid and hematological cancer indications, to distinguish
a group of superior, “excellent” killers (4/10), compared with
“good” killers (6/10). Next, bulk and single-cell RNA
sequencing, performed at different stages of NK differentia-
tion, revealed distinct transcriptomic features of the two
groups. Excellent donors showed an enrichment in cytotoxicity
pathways and a depletion of myeloid traits, linked to the pres-
ence of a larger population of effector-like NK cells early on
during differentiation. Consequently, we defined amulti-facto-
rial gene expression signature able to predict the donors’ cyto-
toxic potential. Our study contributes to the identification of
key traits of superior NK cell batches, supporting the develop-
ment of efficacious NK therapeutics and the achievement of du-
rable anti-tumor responses.

INTRODUCTION
Natural killer (NK) cells are innate lymphocytes that lyse cancer or
infected cells without prior sensitization by actively secreting cytolytic
granules or by initiating apoptosis via death receptors. In addition,
NK cells secrete chemokines and cytokines to attract other innate
and adaptive immune cells to sites of inflammation, triggering an
enhanced immune response.1 The activation status of NK cells is
dependent on a balance between multiple activating and inhibiting
signals that are mediated via engagement of ligands expressed by
encountered cells and activating or inhibiting receptors on the NK
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cell surface. The cumulative signal resulting from receptor engage-
ment determine the “kill” or “not kill” signal.1 Recognition of self-ma-
jor histocompatibility complex class I (MHC class I) molecules on the
surface of healthy cells by inhibitory killer immunoglobulin-like re-
ceptors (KIRs) or by other receptors such as the NK group 2 member
A (NKG2A) protects normal cells from NK-mediated killing. Both
KIRs and NKG2A are associated with an immunoreceptor tyrosine-
based inhibition motif.2,3 Conversely, in abnormal cells, such as tu-
mor cells, the downregulation ofMHC class I to avoid T cell responses
and the upregulation of stress-related activating ligands unleash NK
cell cytotoxicity. Activating receptors include natural killer group
2D (NKG2D), DNAX accessory molecule (DNAM-1), CD16, 2B4,
and the natural cytotoxicity receptors (NCRs) NKp30, NKp44, and
NKp46.4 The NCRs and CD16 signal via immunoreceptor tyrosine-
based activation motifs,5–8 while 2B4 contains immunoreceptor tyro-
sine-based switchmotifs.9 NKG2D is associated with the adaptor pro-
tein DAP10, which contains a YINM tyrosine-based signaling
motif.10 Killing occurs via secretion of lytic granules containing per-
forin and granzymes or by death receptor-mediated apoptosis. Down-
stream of activating receptors, activation of the mitogen-activated
protein kinase (MAPK) pathway leads to calcium flux, degranulation,
and cytokine secretion.11 Death receptor-mediated cytotoxicity in-
volves the engagement of tumor necrosis factor (TNF)-related
apoptosis-inducing ligand (TRAIL) or Fas ligand on the surface of
NK cells. While this pathway is classically described as slower than
the release of granzymes and perforin,12 recent work showed how
rapid lysis of tumor cells occurs via TRAIL/TRAILR receptor-medi-
ated interactions.13
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Figure 1. Cytotoxicity analysis of 10 stem cell-derived NK batches against multiple tumor cell lines distinguishes donors with superior anti-tumor efficacy

(A) Overview of the experimental setup. (B) NK cytotoxicity, expressed as percentage of tumor cell cytolysis, analyzed after 20 h of co-culture with different cell lines at multiple

E:T ratios (from 1:3 to 10:1). Cytolysis was assessed via flow cytometry for K562, and on the impedance-based platform xCELLigence for A375, LoVo, and LN-18. Each dot

(legend continued on next page)
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NK cells originate from hematopoietic stem cells (HSCs) primarily in
the bone marrow, but also in secondary lymphoid tissues like the
spleen and lymph nodes. A stepwise linear model for development
and maturation of human NK cells was proposed in 2005, where
HSCs differentiate into common lymphoid progenitors (CLPs) via
lymphoid-primed multipotential progenitors (LMPPs). These CLPs
still have the potential to commit to B, T, or NK cell lineages. NK
cell lineage commitment occurs in the next stage, as NK precursors
mature first into CD56brightCD94+ cells, then into CD56dim, CD16+,
and KIR+ cells.14 Later, NK heterogeneity within and across individ-
uals, and the advent of more sophisticated technologies, challenged
the idea that NK cells develop exclusively from CLPs. In the branched
model, LMPPs can generate both CLPs and common myeloid pro-
genitors, either of which can further differentiate into NK cells.15

Such knowledge has guided the development of protocols for
the ex vivo differentiation of CD34+ stem cells and induced pluripo-
tent stem cells (iPSCs) into NK cells, for application in adoptive
immunotherapy.

The innate cytotoxic capacity against tumor cells endows NK cells
with unique advantages for therapeutic applications. Off-the-shelf
availability and remarkable safety, with no risk of graft-vs.-host dis-
ease, accelerated the progression of allogeneic NK cell therapies to-
ward the clinical stage in the past years.16 Multiple NK sources are
available, such as peripheral blood NK cells (PBNKs), NK cell lines,
cord blood NK cells, iPSC-derived NKs, or bone marrow or umbilical
cord blood (UCB)-derived HSCs, the latter two employing ex vivo dif-
ferentiation.17When using donor-derived sources, the interindividual
variability might affect product quality and attributes and thereby
puts the success of the treatment at risk.18 Despite the urgency,
limited effort has been made to evaluate donor heterogeneity or to
standardize selection criteria for improved clinical efficacy.19

Glycostem Therapeutics leverages cord blood-derived HSCs to
generate off-the-shelf therapeutic GTA002 NK cells. During the
ex vivo culture process, CD34+ HSCs are first expanded and directed
toward the NK cell progenitor stage, to be then differentiated into
highly active CD56+ NK cells. Preclinical in vitro data showed high
cytotoxic potential of GTA002 against melanoma13 and hematologi-
cal cancer cell lines20 as well as in vivo efficacy against metastatic colo-
rectal cancer.21 GTA002 is currently under clinical investigation in a
phase I/IIa trial to evaluate safety and efficacy in patients with mini-
mal residual disease in acute myeloid leukemia (NCT04632316). To
advance product understanding toward standardization and
improved clinical outcome, we aimed to investigate the qualities per-
taining to the NK cell batches most effective at eliminating cancer
cells. In this study, we used unsupervised clustering to compare the
cytotoxic potential of 10 NK batches against tumor cell lines from
multiple cancer indications at low effector-to-target (E:T) ratios.
represents a donor and is the average of a technical triplicate. (C) Flow cytometry-based

of 7AAD+ cells. Data are shown asmean ± SD of technical triplicates. Donors are ordered

four cell lines. (D–E) Heatmaps showing the hierarchical clustering of donors based on th

antigens (E). Excellent and good donors are labeled with different colors. E:T, effector-
We identified a group of donors exhibiting superior cytotoxic capac-
ity, representing the most favorable source for therapeutic NK prod-
ucts. We then used transcriptomics, i.e., bulk and single-cell RNA
sequencing (scRNA-seq), and surface proteomics, i.e., multi-color
flow cytometry and scRNA-seq techniques, to investigate the molec-
ular features of such donors.We found that excellent, most potent do-
nors are defined by a multi-factorial gene expression signature,
composed of cytotoxicity- and lineage-related traits, which can be
found early on during NK differentiation. In this article, we establish
new criteria and novel methods for identifying qualities of superior
donors, which can be leveraged to ensure consistent generation of
optimal NK therapeutics with high anti-tumor potential for effica-
cious cancer treatment.

RESULTS
Under challenging conditions, excellent NK cell donors show

superior cytolysis of tumor cell lines from different cancer

indications

To characterize interindividual variability of donors, we generated a
dataset of 10 different NK batches with heterogeneous cytotoxic ca-
pacity, as recently published.13 A summary of the experimental setup
and of the assessments performed is shown in Figure 1A. First, the
cytotoxic potential of day 35 late differentiated NK cells from all do-
nors (Figure S1A) was evaluated in a flow cytometry-based assay
against the bone marrow cancer, chronic myeloid leukemia (CML),
cell line K562 and in an impedance-based assay against three target
cell lines of diverse solid tumor origin, namely melanoma A375, colon
adenocarcinoma LoVo, and glioblastoma (GBM) LN-18 (Figure 1B).
These indications were previously identified as suitable candidates for
investigation in NK cell therapy based on promising in vitro and pre-
clinical mouse model studies.13,21–23 The kinetic results of the imped-
ance-based assay are reported in Figure S1B. After 20 h and at an E:T
ratio of 10:1, all targets were efficiently lysed by all donors. Similarly,
at 3:1, cytotoxic efficiency was still high, and only small differences
could be observed between donors. Challenging E:T ratios of 1:1
and 1:3, conversely, demonstrated donor heterogeneity, as some
maintained very high functionality (>75% cytolysis in 1:3 for LN-18
for donors 5, 6, 7, 8, and 10), while others were strongly impaired
(<5% against K562 in 1:3 for donors 1, 2, and 4). Having shown
that donor differences could be reliably detected only at lower E:T ra-
tios, while overall high functionality was maintained, we co-cultured
the 10 donors with the 4 target cell lines at a 1:1 E:T for 20 h and
analyzed cytotoxicity via flow cytometry (Figure 1C). When ranked
by mean cytotoxicity value, representing the donors’ anti-tumor effi-
ciency across all 4 cell lines, the 10 donors showed a distinct, intrinsic
behavior, independent of the targeted indication. In addition, some
donors were more potent than others (Figure 1C). We then inquired
if we could formally distinguish donors in groups, according to po-
tency. Hierarchical clustering based on the mean cytotoxicity value
overnight cytotoxicity assay at a 1:1 E:T ratio; cytolysis was assessed as percentage

from low to high cytotoxic capacity based on themean cytotoxicity value across the

e mean cytotoxicity value across the four cell lines (D) or the expression of 30 surface

to-target; 7AAD, 7-aminoactinomycin D; SD, standard deviation.
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defined 2 groups, separating the best performers (donors 7–10) from
the others (donors 1–6) (Figure 1D). We therefore designated the 4
superior effectors as “excellent” donors, and the remainder as
“good” donors. The presence of intrinsic donor features leading to su-
perior cytotoxic capacity was also confirmed by extensive character-
ization of receptors on the donor cells’ surface. Clustering analysis
of 30 surface antigens involved in NK activation, inhibition, adhesion,
and maturation separated the excellent donors from the good donors,
although less strongly than cytotoxicity (donor 9 was not included in
the analysis due to lack of cell availability) (Figure 1E). If considered
individually, none of the 30 antigens was able to discriminate excel-
lent effectors, indicating that the excellent phenotype is defined by
a combination of factors and not by expression of a specific receptor.
To further investigate the distinctive features of excellent donors, we
pursued whole transcriptome analysis.

Excellent donors express distinctive cytotoxicity genes and

pathways, while lacking myeloid traits

The transcriptome profiles of late differentiated day 35 cells from all
10 donors (Figure S1A) were analyzed by RNA-seq, each in single or
biological duplicates, depending on cell availability. To identify sim-
ilarities, samples were clustered based on their expression of the top
1,000 most variable genes (Figure 2A), accounting for the majority
of the variation (Figure S2). Remarkably, this analysis distinguished
the same 2 groups identified based on cytotoxicity (Figure 1D), sug-
gesting that intrinsic gene expression is linked to cytotoxic capacity.
Notably, biological replicates clustered together, indicating absence
of batch effect. To further explore transcriptomics differences be-
tween excellent and good donors, differential gene expression
(DGE) analysis was performed between the 2 groups (Figure 2B). A
total of 130 genes were upregulated in the excellent group, while
549 genes were downregulated. The most upregulated gene in the
excellent group was B3GAT1, encoding for the NK cell maturation
marker CD57, the expression of which has been reported to correlate
with higher granzyme B and perforin levels, as well as CD16-medi-
ated cytotoxic potential.24 Similarly, several genes related to NK cell
maturation and functionality were enriched in the excellent group,
including GZMB (granzyme B) and GZMK (granzyme K), IFNG
(IFN-g), highly expressed in mature NK cells,25 CD247 (CD3z)
required for NKp30, NKp46, and CD16 signaling,26 SELL (CD62L,
or L-selectin), inversely correlating with maturation but also distin-
guishing an intermediate stage of maturation with high cytotoxic po-
tential,27 and TNFRSF4 (OX40), important for NK cell cytotoxicity
and IFN-g expression in combination with FcgR crosslinking.28 In
addition, we observed increased expression of the calcium-binding
protein S100B, marker of cytotoxic lymphocytes in the peripheral
blood,29 the mitochondrial peptide MTRNR2L8, protecting cells
from oxidative stress and hypoxia30 and observed to be expressed
in PBNKs,31 INSRR, involved in protein tyrosine kinase activity of
transmembrane receptors,32 and SOX13, a transcription factor
involved in innate lymphoid cell development.28 Notably, downregu-
lated genes included several markers of macrophage and monocyte
innate immune effectors, such as surface receptors CD14, TLR4,
and CD4,33 anti-microbial enzyme lysozyme LYZ, calcium-binding
4 Molecular Therapy: Oncology Vol. 32 December 2024
proteins modulating the inflammatory response S100A8 and
S100A9,34 complement components C1QA, C1QB, and C1QC,35 che-
mokines CCL1736 and CXCL8,37 and metalloproteinases MMP1238

and MMP9.39 Using gene set enrichment analysis with the Gene
Ontology Biological Processes (GO BP) database, we identified path-
ways enriched in the excellent group as related to the cell cycle,
signaling pathways, response to external stimuli and intracellular
transport (Figure 2C). Pathways upregulated in the good donors
included regulation of the innate immune response, defense response
and response to bacteria and cytokines (Figure 2C), consistent to the
observed monocyte/macrophage gene traits.28

Since DGE analysis only accounts for large differences in the expres-
sion of few genes, it could mask biologically relevant effects resulting
from small changes occurring in groups of genes belonging to the
same pathway. Therefore, we also performed gene set enrichment
analysis (GSEA), using the normalized gene counts for all expressed
genes and the Kyoto Encyclopedia of Genes and Genomes (KEGG)
Canonical Pathways gene set database. Notably, we observed signif-
icant enrichment of the NK cell-mediated cytotoxicity pathway in
the excellent group (Figure 2D), which is in line with our functional
assessments. Among the genes contributing to the enrichment, we
found granule molecules and cytokines (GZMB, PRF1, IFNG), re-
ceptors (CD247, NCR1), signal transducers (ITGB2, MAP2K2,
MAPK3, ITGAL, ZAP70), and kinases (SYK, PIK3R3, PIK3CD,
PIK3CG, LCK) (Figure 2E). Notably, GZMB, CD247, IFNG,
CSF2, ULBP1, and ULBP2 were identified as pivotal markers of
excellent donors from both DGE and NK cytotoxicity gene set anal-
ysis. Additional pathways enriched in the excellent group included
the Notch signaling pathway, important for early NK cell develop-
ment40 but also for enhanced NK functionality at later stages,41

the non-small cell lung cancer pathway, including cell-cycle-related
members of the PI3 kinase family, MAP kinases, CCND1, AKT1 and
2, HRAS, GRB2 and E2F transcription factors, in accordance with
the highly proliferative signature observed in excellent donors
from the DGE analysis (Figure 2C). Interestingly, such signals are
also activated downstream of NKG2D and other NK surface recep-
tors, and lead to actin polarization and NK cell activation.11 Other
pathways include the T cell receptor pathway, with genes that are
also important mediators of NK cell functions such as CD247,
IFNG, FYN, and ZAP70,11 and the endocytosis pathway, used by
NK cells to regulate surface receptor expression and function,42,43

with genes such as ARF6, GRK, ARAP. Conversely, several path-
ways related to inflammation were enriched in the good group,
including complement and coagulation cascades, NOD-like recep-
tor signaling pathway, IgA production in the intestine, and cyto-
kine-cytokine receptor interaction, involving several genes of the
CC (CCL) and C-X-C motif (CXCL) chemokine ligands and of
the CXCR chemokine receptor families, cytokine interleukin-6
(IL-6) and IL-6 receptor, C1Q complement factors. Of note, the
KEGG cell cycle pathway was enriched in the good donors, in
contrast to what was observed in DGE analysis (Figure 2D). Howev-
er, the lists of cell cycle genes from KEGG and GO do not overlap,
except for one gene, CCNA1, which was upregulated in the good



Figure 2. Bulk RNA-seq identifies the enrichment of cytotoxic pathways and the absence of myeloid traits in excellent donors

(A) Heatmap showing the hierarchical clustering based on the 1,000 most variable genes, analyzed from 10 donors on day 35. For each donor, single or two biological

replicates were used (a and b). (B) Volcano plot of differentially expressed genes in excellent vs. good donors. (C and D) Ten most enriched pathways in excellent and good

donors, using in (C) the differentially expressed genes and the GO Biological Process database and in (D) the normalized gene counts and the KEGG database. Significant

enrichment threshold was considered as NES p < 0.05 (colored bars) and FDR < 0.25 (bars with diagonal pattern). (E) Heatmap showing the genes from the NK cell-mediated

cytotoxicity KEGG pathway that contribute to pathway enrichment in excellent donors. Excellent and good donors are labeled with different colors. DE, differentially ex-

pressed; GO BP, Gene Ontology Biological Process; KEGG, Kyoto Encyclopedia of Genes and Genomes; NES, normalized enrichment score; FDR, false discovery rate.
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donors. Such discrepancy between GO and KEGG can explain the
disagreement, although makes the cell cycle analysis inconclusive.

Transcriptome analysis of late differentiated NK cells identified
distinct gene expression the excellent donors, which is related to
increased NK cell activation and cytotoxicity-related traits. We then
questioned if these traits could already discriminate the most potent
killers earlier during the NK differentiation process, as younger pop-
ulations are more heterogeneous and not all cells have acquired
expression of CD56 (Figure S1A). Therefore, we next analyzed the
transcriptome of day 28 cells with scRNA-seq.

During NK differentiation, excellent donors show early

enrichment of effector-like cells and lack of myeloid lineage

populations

To investigate the presence of differences distinguishing superior
cytotoxic capacity in day 28 cell populations, we analyzed gene
expression (RNA) and surface protein expression (AbSeq) from 8
of the donors in the dataset, i.e., excellent donors 7, 8, and 10, and
good donors 1–5, with scRNA-seq. First, we removed cells expressing
too few or too many genes and cells with higher percentage of mito-
chondrial DNA (Figure S3A), leaving�7,500 cells for further analysis
(Figure S3B). Then, we visualized all cells in two dimensions by Uni-
formManifold Approximation and Projection (UMAP). Hierarchical
clustering with Leiden algorithm identified 6 clusters, i.e., clusters 1–6
(Figures 3A and S3C). All clusters were present in both excellent and
good donors (Figure 3B); nevertheless, we observed differences in
their distribution. Notably, cluster 1 cells were overrepresented in
excellent donors (55.4% vs. 39.3% in the good group), while clusters
2 and 6 cells were more abundant in the good donors (23.6% vs. 7.8%
and 2.1% vs. 0.6%, respectively) (Figure 3C). Clusters 3, 4, and 5 were
evenly distributed.

We then sought to understand the features of each cluster by DGE
analysis, using both expressed genes and surface markers. We identi-
fied the top-defining RNA and AbSeq markers of each cluster and
visualized the top 10 in heatmaps (Figures 3D and S3D, respectively),
and all AbSeq markers and the top 5 RNA markers as feature plots in
UMAP (Figures S4 and S5). Cluster 1, representing the largest popu-
lation (46% of total cells), showed high surface expression of
CD45RA, CD56, NKp44, GITR, and CD62L (Figures S3D and S4)
and enrichment of 518 genes, including NK effector genes NKG7,
PRF1, GNLY, GZMB, and CCL5 (Figures 3D and S5). Other gene
markers of cluster 1 included IL2RB (IL-2b/IL-15 receptor), essential
for NK cell differentiation,44 CTSW (Cathepsin W),45 HOPX (tran-
Figure 3. scRNA-seq reveals early enrichment of NK effector-like cells and lac

(A) UMAP of cluster distribution of cells, analyzed with Leiden algorithm on day 28 from

total. (C) Distribution of clusters across excellent and good donors (n = 3 and 5, respect

shown as mean ± SD. Statistical analysis was performed using two-way ANOVA with �S

Heatmap showing the top 10 markers of each cluster identified by differential expressio

and G) Dot plots of (F) selected NK cell-related genes and (G) selected myeloid-related

gene, while the color scale indicates the average scaled gene expression. Excellent an

mation and Projection; GO, Gene Ontology; NES, normalized enrichment score; Padj,
scription co-factor),46 and CD7 (associated with active NK cells),47

all known to be expressed by NK cells. Analysis of GO BP associated
to cluster 1 revealed enrichment of NK cell effector functions, i.e., NK
cell cytotoxicity, immunity, and activation, and response to cytokines,
including IFN-g (Figure 3E). Cluster 2 (18%) showed low CD56 but
enrichment of several myeloid markers on the cell surface, including
CD4, CD14, CD11c, HLA-DR, CD25, and CD127 (Figures S3D and
S4), and of 979 genes, the top ones being LYZ, S100A8, S100A9,
CXCL8, and FCN1 (Figures 3D and S5). GO analysis identified
several myeloid-related functions, such as macrophage and granulo-
cyte activation and chemotaxis, innate immune response, as well as
the inflammatory response (Figure 3E). Cluster 3 (15.5%) showed
CD56 expression on the surface (Figures S3D and S4), and the 672
enriched marker genes included ALDOC, IL1R1, FURIN, LACC1,
and KIT (Figures 3D and S5). Enriched immune processes were
mostly related to regulation of lymphocyte proliferation, differentia-
tion and activation, regulation of the immune response, and regula-
tion of cytokine production and of molecular mediators of the im-
mune response (Figure 3E). Cluster 4 (12%) showed a similar
surface profile to cluster 1, with surface expression of CD56,
NKp44, and GITR although at a lower level, and of CD62L
(Figures 3D and S5). The 761 enriched genes, with top markers
TOP2A, MKI67, TUBB, STMN1, and HMGB2 (Figures 3D and
S5), were strongly associated with the cell-cycle process, such as
mitotic spindle and cytoskeleton organization, chromosome separa-
tion, and cell division (Figure 3E), suggesting that this cluster consists
of highly proliferating cells. Cluster 5 (7%) had surface expression of
CD56, NKp44, and GITR (Figures S3D and S4). 913 genes were en-
riched, including ATP8B4, ATP10A, RABGAP1L, SMYD3,
MAML2 and MAML3, KCNQ5, and CARD11 (Figures 3D and S5),
associated to the regulation of developmental processes, response to
stimulus, GTPase activity, signal transduction, and (immune) cell
surface receptor signaling (Figure 3E). Cluster 6 (1.5%) showed com-
mon markers with cluster 2, i.e., CD11c, HLA-DR, and CD25, and
unique markers TNFRSF9/CD137, BTLA/CD272, and CD196
(Figures S3D and S4). The 881 marker genes included CCL17,
CCL22, HLA-DPA1, -DPB1, and -DQA1, FSCN1, and CD74
(Figures 3D and S5). Enrichment analysis showed functions related
to cytokine production, response, and pathway, defense response,
innate response, and granulocyte and neutrophil chemotaxis
(Figure 3E).

We then looked in more detail at the expression of NK cell-related
genes in the different clusters. As shown by GO analysis, cluster 1 cells
showed a strong cytotoxic profile (Figure 3E), despite not being fully
k of myeloid lineage cells during differentiation of excellent donors

8 donors. (B) Relative distribution of clusters per donor, expressed as percentage of

ively), expressed as percentage of total. Clusters are ranked by overall size. Data are

ı́dák correction for multiple comparisons. Significance is shown as ***p <0.001. (D)

n analysis. (E) Selected GO Biological Process pathways enriched in each cluster. (F

genes. The size of the dot is proportional to the percentage of cells expressing the

d good donors are labeled with different colors. UMAP, Uniform Manifold Approxi-

adjusted p value.
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differentiated (Figure S1A). Cluster 1 cells showed a CD56bright

phenotype based on both surface protein and RNA expression
(Figure S6), and key markers included cytotoxicity molecules
PRF1, GZMB, GNLY, GZMA, GZMK, and NKG7, receptors
IL2RB, NCR1/NKp30, NCR3/NKp46, KLRC1/NKG2A, and
CD226/DNAM-1, co-stimulatory receptors such as KLRD1/CD94,
TNFRSF18/GITR, and CRTAM/CD355, ligands such as TNFSF10/
TRAIL, IFN-g response-related genes OAS2 and ISG15, chemokines
such as XLC1, XCL2, CCL3, CCL4, and CCL5 (Figure 3F). Notably,
expression of NCR2/NKp44 was high on the cell surface, but low at
the RNA level (Figures 3F, S3D, and S4). Receptors KLRK1/
NKG2D, FCGR3A/CD16a, B3GAT1/CD57, and KIR family mem-
bers were low (not shown). Cluster 4 had a similar profile, enriched
with PRF1, GZMB, GNLY, TRAIL, NKG2A, and CD94, albeit to a
lower level than cluster 1 (Figure 3F). A similar trend was observed
with surface markers, including a CD56 intermediate (CD56int)
phenotype (Figure S6). Likely, the cytotoxic profile was diminished
by the high proliferative potential of the cells, as shown from gene
ontology analysis (Figure 3E) and cell cycle analysis (Figures S7A
and S7B). Clusters 3 and 5, CD56int from surface analysis (Fig-
ure S3D), had lower expression of NK genes, especially cluster 5 (Fig-
ure 3F). Notably, cluster 5 showed the highest RNA expression of
CD56, in contrast with surface levels (Figure S6). Clusters 2 and 6,
characterized as CD56low/neg on the cell surface (Figure S6), had
low expression of granule molecules and of NK receptors; on the con-
trary, both sub-populations were characterized by myeloid markers,
namely CD4, LYZ, and HLA-DR (Figures 3G and S3D). In compar-
ison, cluster 2 showed higher expression of CD14, CD68, CXCL8,
S100A8, S100A9, ITGAM/CD11b, C5AR1/CD88, FCAR/CD89, and
TLR4, suggesting that these cells were of monocytic origin,48 while
cluster 6 expressed higher levels of CD40, CCL17, CCL22, LAMP3,
CD80, CD86, CCR7, FSCN1, CD274/PD-L1, and IDO1, indicating
a more dendritic cell (DC)-like phenotype.49 Notably, the immuno-
suppressive enzymes ARG1, NOS1, and NOS250 were absent in all
clusters, except for a small percentage of cells from cluster 6 (Fig-
ure 3G). In conclusion, cluster analysis of differentiating day 28 cells
identified different sub-populations, either with a differentiating NK
phenotype (expressing CD56) or with a myeloid phenotype (CD56
negative). While the most cytotoxic population was enriched in the
excellent donors, the myeloid populations were poorly present, in
line with observations from bulk RNA-seq. Interestingly, CD56-ex-
pressing populations showed heterogeneity of NK genes and func-
tions, suggesting different degrees of maturation between the NK
clusters. We therefore investigated this aspect by analyzing the status
of NK development of clusters 1, 3, 4, and 5.

Early effector-like cells from excellent and good donors are at a

more advanced stage of NK differentiation

We pursued the analysis of the maturation of the CD56-expressing
sub-populations by looking at the expression of surface and transcrip-
tional markers of NK cell developmental stages during hematopoiesis,
as reported by Abel et al. and by Wang and Malarkannan.14,51 As NK
maturation is marked by the appearance of the neural cell adhesion
molecule NCAM1/CD56,14 we compared its expression in the clus-
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ters, both at the surface protein (AbSeq analysis) and RNA level
(gene expression) (Figure S6). Notably, CD56 expression varied
greatly between clusters. Not surprisingly, we observed differences be-
tween protein and RNA levels, given the complex regulation of their
expression, their half-life, and the heterogeneity of the detection
methods.52 Cluster 3 cells, CD56int by surface analysis (Figure S6),
showed consistent RNA levels of NCAM1/CD56, highest expression
of KIT/CD117, IL1R1, IL7R/CD127, and KLRB1/CD161, low expres-
sion of KLRC1/NKG2A, NCR1/CD335, and NCR3/CD337, with high
expression of early transcription factors RUNX3, ID2, and ETS1 (Fig-
ure 4A), suggesting compatibility with stage 3/stage 4a progenitors.
Likely, the different environmental conditions and stimuli present
during ex vivo culture, compared with NK maturation in the bone
marrow and lymphoid organs, induced this “hybrid” profile between
the two stages. Cluster 5 cells showed an increase in NCAM1/CD56,
reaching the highest expression at the RNA level (Figures 4A and S6),
a reduction of KIT/CD117 and of IL1R1, and an increase in NCR1/
NKp46, compatible with stage 4a. However, other markers such as
NCR3 or KLRC1 were still poorly expressed, and the overall gene
expression of the cluster was low, making it difficult to assign cells
to a specific stage (Figure 4A). Clusters 1 and 4 showed a bright
CD56 phenotype, especially on the cell surface (Figures 4A and S6)
and traits of stage 4 cells (loss of KIT and IL1R1, increase in
KLRC1/NKG2A, NCRs). In addition, both clusters showed increased
expression of KLRF1/NKp80 and of the late-stage transcription factor
EOMES (Figure 4A), making them compatible with stage 4b. In
addition to the Abel model, expression of KLRD1/CD94 is linked
to NK cell lineage commitment, and its expression is increased on
CD56bright cells.53 We observed KLRD1 expression in clusters 1, 4,
and 5, with the maximum reached in cluster 1 (Figure 4A). Develop-
mental stages 5 and 6 could not be identified in any cluster, likely as
cells were still undergoing differentiation.

We then applied pseudotime analysis to reconstruct the cells’ trajec-
tories through differentiation. Setting cluster 3 as the starting point,
the trajectory divided over two main branches, one leading to
myeloid-like cells in clusters 2 and 6, and one to NK cell clusters (Fig-
ure 4B). The highest NK cell maturity was observed for clusters 1 and
4 (Figure 4C), consistent with the observed effector-like gene expres-
sion signature (Figure 3F). Notably, the branched trajectory of clus-
ters 2 and 6 was compatible with the expression of myeloid develop-
mental markers CEBPB and SPI1/PU.1,54 which were nearly absent in
the other clusters (Figure 3G). In summary, analysis of sub-popula-
tions during cell differentiation identified CD56+ cells in different
stages of development; the most mature ones, although present in
both groups, were more abundant in the excellent donors. CD56–

myeloid-like cells, depleted in excellent donors, were likely branching
from a separate lineage trajectory.

Gene expression markers identified with bulk and scRNA-seq

predict the cytotoxic potential of ex vivo differentiated NK cell

donors

From our donor analysis, both bulk and scRNA-seq identified specific
transcriptomics features of excellent donors, which could be related to



Figure 4. NK sub-populations show differences consistent with developmental stages, while myeloid cells derive from a separate trajectory

(A) Dot plot of selected NK development genes. The size of the dot is proportional to the percentage of cells expressing the gene, while the color scale indicates the average

scaled gene expression. (B) UMAP of pseudotime inference, computed selecting cluster 3 as the root. Each cluster is profiled in a different color. (C) Boxplots of cluster

ordering and cell distribution based on pseudotime. UMAP, Uniform Manifold Approximation and Projection.
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their superior cytotoxic potential. Aiming to findmeasurable markers
of donor cytotoxicity that can be analyzed during ex vivo cell culture,
we sought to integrate the two approaches. When visualized by
UMAP, all donors showed large overlap, although segregation was
visible, especially in clusters 1 and 2 (Figure 5A). As previously
done with bulk RNA-seq, we performed DGE analysis of scRNA-
seq between the two groups of excellent vs. good donors, including
all clusters, and found 76 upregulated and 208 downregulated genes
in the excellent donors. Notably, we observed a large overlap with
the day 35 bulk analysis (Figure 2B), with 5 upregulated and 88 down-
regulated common genes (Figure 5B). No gene showed an opposite
trend between the two lists. The 5 upregulated genes were granule
molecules GZMB and GZMK, the adhesion receptor SELL/CD62L,
the calcium-binding protein S100B, and the mitochondrial peptide
MTRNR2L8. Interestingly, when performing DGE analysis between
excellent and good donors including only cells from cluster 1, no sig-
nificant genes were found, suggesting that the same potent NK effec-
tors are present in both groups, and that the differences observed in
cytotoxic capacity are truly due to the differences in abundance of
this population within the total cell pool of a donor. As high expres-
sion of granzyme B was one of the strongest traits of the excellent
phenotype, we validated this finding at the transcriptome level by
qPCR, and at the protein level by intracellular staining (Figures 5C
and 5D). Moreover, detection of granzyme B in the secretome upon
5 h of co-culture with K562 at a 1:1 E:T ratio showed significantly
higher release by the excellent donors (Figure 5E). A trend of higher
granule release and activation was also observed for other effector
molecules such as PRF1/perforin, IFN-g, TNF, granzyme A, and
granulysin, although not always at significant levels (Figures 5C–
5E). Of the 88 downregulated genes that were in common between
bulk and single-cell analyses there were, among others, previously
identified myeloid markers such as CD14, LYZ, S100A8, S100A9,
CD4, TLR4, CCL17, CXCL8, and MMP9, which were also indicators
of cluster 2.

Having identified the presence of cytotoxic attributes and the absence
of myeloid ones as distinct traits of excellent donors, we sought to
explain them as measurable entities to potentially predict the anti-tu-
mor potential of any donor. We therefore selected 22 predictor genes
from the enrichment observed in either bulk or scRNA-seq. First, we
identified markers of superior donors, including the 5 genes that were
enriched in excellent donors from both bulk and scRNA-seq (e-genes:
GZMB, GZMK, GZMA, MTRNR2L8, and SELL) and 8 additional
genes enriched in excellent donors from bulk or scRNA-seq (e-genes:
S100B, CD247, TNFRSF4, B3GAT1, IL2RB, NKG7, PRF1, and
IFNG). Next, we added 9 myeloid lineage genes, enriched in the
good donors from both bulk and scRNA-seq, which were also highly
enriched in clusters 2 and/or 6 from scRNA-seq (g-genes: CD14, LYZ,
S100A8, S100A9, TLR4, CCL17, CXCL8, MMP9, and CD4). We then
calculated a signature score S for each donor from bulk RNA-seq read
Molecular Therapy: Oncology Vol. 32 December 2024 9
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counts (day 35 cells) or from scRNA-seq average gene expression (day
28 cells), where e-genes and g-genes contributed positively and nega-
tively to the overall score value, respectively. Excellent donors showed
higher scores than good donors, and a linear correlation was observed
between the S score and cytotoxicity (Figure 1D), with Pearson’s cor-
relation coefficient r of 0.95 and 0.94 for day 35 and day 28, respec-
tively (Figures 5F and 5G). Although not all 22 genes were enriched
in both bulk and scRNA-seq, their expression reliably predicted the
donors’ cytotoxic potential already on day 28 as well as on day 35,
when assessed with either method.

In conclusion, our study has identified a multi-factorial gene expres-
sion signature, which enables prediction of the cytotoxic potential of
mature CD34+ HSC-derived NK donors already from earlier stages of
ex vivo differentiation (Figure 5H).

DISCUSSION
Allogeneic NK cell therapies are rapidly emerging as a promising
anti-tumor cellular immunotherapy, with proven efficacy and
remarkable safety.16 Currently, clinical development of NK thera-
pies employs different cell sources, mostly derived from healthy do-
nors, which are expanded, activated, or differentiated ex vivo.16

Donor-derived therapeutic NK cells bring remarkable advantages
toward sustainable manufacturing of cell therapies, as they allow
for large-scale batch production and off-the-shelf availability,
providing a timely treatment for patients in need while reducing
costs.55 However, not all donor-derived NK cell batches are equip-
ped with the same cytotoxic potential, thus influencing anti-tumor
efficacy. The identification and use of highly functional NK cell
products is therefore essential to ensure clinical success. So far,
limited consideration has been given to the identification and selec-
tion of donors with superior anti-tumor activity, although attempts
have been made,56,57 and currently there are no standardized criteria
for donor selection.19 Clinical interest for donor selection is
restricted to KIR/HLA match/mismatch, which is not predictive
of the cells’ cytotoxic potential and is not relevant for some ex-
vivo-expanded NK cell therapies, as they lack KIR expression.
Thus, it is necessary to understand donor heterogeneity and to iden-
tify key intrinsic traits of donors with superior cytolytic efficacy to
generate potent allogeneic NK cell therapies.

Historically, characterization based on phenotypic analysis has led the
assessment of the quality, functionality, and safety of therapeutic NK
cells. The benefit of phenotyping is its widespread application and
Figure 5. Identification of a multi-factorial gene expression signature predictin

(A) UMAP of excellent and good donor distribution. No major separation is distinguishab

identified with bulk and scRNA-seq. (C) Relative mRNA expression of GZMB and PRF

control. (D) Intracellular protein levels of granzyme B and perforin of day 35 cells, analyze

effector molecules in the supernatant after 5 h co-culture with K562 target cells, analy

statistical analysis was performed using unpaired t test, with Holm-�Sı́dák correction for m

correlation analysis between the mean cytotoxicity value, calculated across 4 target cell

seq (8 donors). (H) Summary of the main findings from this study. Excellent and good NK

orange regions, respectively. MFI, mean fluorescence intensity.
accessibility, and it is still highly relevant for cell therapy in-process
control and release assessment. However, phenotypic methods are
inadequate at revealing donor heterogeneity, especially as consistent
discrimination of highly cytotoxic NK subsets solely based on surface
markers cannot be made,58,59 and additional aspects, such as splice
variants, are involved.60 More recently, the advent of high-
throughput technologies allowed for deeper investigation of donor
differences. Foley et al. assessed the anti-leukemic potential of 49
PBNK donors through in vitro functional screening, and identified
a pool of superior donors, which could represent a source of effective
and functional therapeutic NK cells.18 As a follow-up, Barnes et al.
proposed a paradigm shift away from traditional phenotypic charac-
terization, toward a functional profile based on molecular and meta-
bolic characteristics.19 Recently, Marin et al. demonstrated how
donor cord blood characteristics and transcriptomics heterogeneity
of cord blood NK cells determined clinical outcome in a phase 1/2
trial where chimeric antigen receptor-engineered NKs were used to
treat CD19+ B cell tumors, while notable phenotypic differences of
the infused NK cells were not observed.61 Leveraging high-resolution
transcriptomics can provide unprecedented insight into the mecha-
nisms driving NK cell development and function, enabling functional
understanding of donor diversity and the selection of superior
effectors.

Here, we showed that stem cell-derived, ex-vivo-expanded NK cells
show intrinsic heterogeneity of cytotoxic capacity, appreciable in
challenging assay conditions, and irrespective of the targeted tumor
indication. With hierarchical clustering, we were able to distinguish
a group of excellent donors, showing superior anti-tumor capacity,
compared with good donors. Notably, transcriptome analysis of late
differentiated day 35 cells, analyzed by bulk RNA-seq, defined the
same groups, indicating that a donor’s cytotoxic capacity is inherently
connected to its molecular ensemble. Looking at the genes distin-
guishing the two groups, we found that excellent donors were charac-
terized by the concurrent enrichment of NK effector-like and deple-
tion of myeloid-like traits. Investigation by scRNA-seq analysis on
younger day 28 cells linked such traits to different sub-populations
present during NK differentiation. In agreement with bulk RNA anal-
ysis, excellent donors showed a larger proportion of early cytotoxic
CD56bright cells and a depletion of CD14+ myeloid cells. Our findings
are in line with the observations from Lehmann et al.,62 who analyzed
ex vivo expansion cultures of CD34+ cells to NK cells, finding signif-
icant upregulation of effector genes including GZMB, PRF1, and
GZMA in CD56bright NK cells, comparable with PBNK CD56dim
g donor cytotoxic potential

le. (B) Overlap of differentially expressed genes between excellent and good donors

1 of day 35 cells, analyzed by qPCR on the 10 donors. The good group is used as

d via flow cytometry on 9 donors. The good group is used as control. (E) Detection of

zed via flow cytometry on 9 donors. In (C)–(E), data are shown as mean ± SD and

ultiple comparisons. Significance is shown as *p < 0.05, **p < 0.01. (F and G) Linear

lines, and the signature score S, from (F) bulk RNA-seq (10 donors) and (G) scRNA-

cell-related genes, contributing to the predictive signature, are listed in the blue and
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and similar to the early cytotoxic cell CD56bright population we found
enriched in the excellent donors. Notably, high intensity of CD56 on
the cell surface is mostly influenced by cytokine stimulation and is not
a sign of poorly cytotoxic cells, showing how phenotypic criteria
should be revised in view of the development of therapeutic NK cell
products from ex vivo cultures. Besides early cytotoxic cells, our anal-
ysis distinguished several additional clusters within the NK popula-
tion. Although our transcriptomics-based characterization did not
completely overlap with in vivo developmental stages, likely due to
the incomparability of ex vivo culture systems with the human
body, we observed that the heterogeneity of differentiating cells is
due to the coexistence of NK cells at different stages of development,
rather than to the presence of different subtypes. As cells were still un-
dergoing differentiation, we did not identify populations from final
NK maturation stages; however, phenotypic characterization and
in vivo evaluation show later maturation and upregulation of CD16
and KIR.63 Characterization of the myeloid cells, enriched in the
good donors, distinguished a larger cluster expressing genes associ-
ated with the monocytic lineage, and a smaller cluster featuring a
DC-like phenotype, likely reflective of in vivo lineage differentiation
pathways. Importantly, these clusters lack immunosuppressive traits,
suggesting that their impact on donor cytotoxicity is due to the
reduced pool of active NK cells, rather than to a myeloid-mediated
suppression of NK function. The presence of myeloid-like cells during
NK differentiation was also reported by Lehmann et al. CD14+mono-
cytes accumulate transiently during ex vivo culture, and could have a
functional role by stimulating NK cell differentiation.62 However,
based on surface phenotypic assessment, almost all cells were fully
differentiated into CD56+, and the myeloid signature was still
observed in the good donors on day 35. It is not known if during
the final week of differentiation themyeloid sub-populations differen-
tiated into NK cells, in line with the branched NK development
model,15 or if they mostly disappeared from the culture, possibly un-
dergoing apoptosis induced by a lack of sustaining growth factors.
Pseudotime analysis suggests that the myeloid-like cells branch sepa-
rately from NK cells, supporting the hypothesis of myeloid cell death
during the latest phase of the culture. Further investigation is needed
to comprehend the fate of the myeloid cells, and to learn how to
reduce expression of the myeloid signature, to make all donors excel-
lent. Remarkably, we observed that the early, day 28, cytotoxic NK
cells from cluster 1 were present in both excellent and good donors,
although in different proportions, suggesting that each donor has
the potential of being excellent if this effector population is suffi-
ciently enriched.

Bulk RNA-seq and scRNA-seq, although performed at two different
time points during NK differentiation, showed comparable out-
comes, with a significant overlap of genes enriched in the two
groups. By combining the two approaches, we defined a unique,
multi-factorial gene expression signature that predicts a donor’s
cytotoxic capacity, including both positive cytotoxicity-related,
and negative myeloid lineage-related, traits. When applying this
signature to bulk and scRNA-seq data, we found a comparable pos-
itive correlation with cytotoxicity, further demonstrating the agree-
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ment between the two methods, and indicating that the signature
can be predictive both earlier and later during NK differentiation.
Notably, the signature genes include different molecular types,
namely effector molecules, receptors, co-stimulatory factors, signal
peptides, and enzymes, which would be impossible to measure by
phenotyping but could be amenable to measurement through a tar-
geted qPCR panel. A customized qPCR kit would allow for simulta-
neous and rapid analysis of all signature genes, in association with
intracellular staining of effector molecules. Continuous dataset
expansion will strengthen our correlation model and allow us to
define robust threshold criteria to assign a high or low signature
score S to excellent and good donors. As the efforts in leveraging
transcriptomics techniques to define NK signatures applicable to
disease treatment and outcome are increasing,18,61,64–70 this is the
one of first reports of measurable pivotal traits of NK cytotoxic effi-
cacy that can support the establishment of improved criteria for
donor selection to be applied during ex vivo manufacturing of off-
the-shelf NK therapeutics. Remarkably, in vitro prediction methods
can be easily scaled-up, allowing for matrix testing of multiple target
cell lines, indications, and donors at once; the same would not be
possible by using animal models, limited by ethical and practical
reasons. Finally, combining transcriptomics-based gene signature
analysis with genomics parameters would further improve the pre-
diction of excellent donors and enable confirmation of superior
product profiles before infusion.

MATERIALS AND METHODS
Cell line culture

The CML cell line K562 (ATCC-CCL-243) was cultured in Iscove’s
modified Dulbecco’s medium (Lonza). The melanoma cell line
A375 (ATCC-CRL-1619) and the GBM cell line LN-18 (ATCC-
CRL-2610) were cultured in Dulbecco’s modified Eagle’s medium
(Lonza). The colon adenocarcinoma cell line LoVo (ACC-350,
DSMZ) was cultured in Roswell Park Memorial Institute 1640 Me-
dium (Lonza). All media were supplemented with 10% fetal bovine
serum (Gibco). All cell lines were cultured at 37�C and 5% CO2.
Cell line authentication was confirmed by short tandem repeat
profiling and cells were regularly tested for mycoplasma.

NK cell culture and phenotypic characterization

Fresh and frozen UCB units were purchased from Anthony Nolan
(UK) or NHS Blood and Transplant (UK), and mononuclear cells
(MNCs) were isolated by Ficoll Paque Plus (1.077 g/mL, GE Health-
care) density gradient centrifugation. Hematopoietic CD34+ stem
cells were selected from the MNCs using the CD34+ magnetic mi-
crobead kit (Miltenyi Biotech) according to the manufacturer’s pro-
tocol. CD34+ cells from 10 UCB donors (purity 67.6% ± 15.2%) were
seeded in six-well tissue culture-treated plates (Corning) for expan-
sion culture in Glycostem Basal Growth Medium (Fertipro) supple-
mented with human serum (Sanquin), thrombopoietin (TPO), IL-7,
FMS-like tyrosine kinase 3 ligand (Flt-3L), granulocyte-macrophage
colony-stimulating factor (GM-CSF), IL-6, stem cell factor (all from
Cellgenix), and Neupogen (G-CSF, Amgen) as described previ-
ously.71 After 9 days, TPO was replaced by IL-15 (Cellgenix) and,



Table 1. Overview of antibodies/stains used for phenotypic characterization of NK cells and their progenitors during ex vivo cell culture

Antibody Fluorochrome Clone Cat. no. Supplier

Brilliant staining buffer plus (BSBP) – – 566385 BD Biosciences

ViaKrome IR885 – C36628 Beckman Coulter

CD56 APC-Fire750 QA17A16 392408 BioLegend

CD3 PerCPCy5.5 SK7 344808 BioLegend

CD14 PerCPCy5.5 HCD14 325622 BioLegend

CD15 PerCPCy5.5 HI98 301922 BioLegend

CD19 PerCPCy5.5 HIB19 302230 BioLegend

CD16 BV421 3G8 302038 BioLegend

NKp30 BV605 P30-15 325234 BioLegend

NKp46 BV785 9E2 331946 BioLegend

DNAM-1 PE DX11 559789 BD Biosciences

NKp44 PE-Cy7 P44-8 325116 BioLegend

NKG2D CD159D APC 1D11 320808 BioLegend

LFA-1 BV421 M24 363408 BioLegend

CRACC BV605 235614 235614 BD Biosciences

CD94 BV786 HP-3D9 743953 BD Biosciences

NKG2A CD159A PE Z199 IM3291U Beckman Coulter

NKG2C CD159C PE-Vio770 REA205 130-120-449 Miltenyi

SLAMF6 CD352/NTBA APC REA339 130-105-543 Miltenyi

CD25 BV421 BC96 302630 BioLegend

PD-1 BV605 NAT105 367426 BioLegend

CD69 BV785 FN50 310932 BioLegend

TIM-3 PE F38-2E2 345006 BioLegend

FAS-L PE-Cy7 Nok-1 306418 BioLegend

TRAIL APC RIK-2 308210 BioLegend

CD96 BV421 6F9 742794 BD biosciences

2B4 BV605 C1.7 329536 BioLegend

CD2 BV785 RPA-2.10 300234 BioLegend

SIGLEC7 PE 6–434 339204 BioLegend

KIR2D PE-Vio770 REA1042 130-117-483 Miltenyi

KIR3DL1/L2 PE-Vio770 REA970 130-116-180 Miltenyi

CD161 APC HP-3G10 339912 BioLegend

CXCR4 BV421 12G5 306518 BioLegend

CCR6 BV605 G034E3 353420 BioLegend

CD62L BV785 DREG-56 304830 BioLegend

CD57 PE QA17A04 393308 BioLegend

CCR7 PE-Cy7 G043H7 353226 BioLegend

CXCR3 APC G025H7 353708 BioLegend
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after 14 days of NK progenitor expansion, Flt-3L was replaced by
Proleukin (IL-2, Novartis) for the NK cell differentiation phase.
Cells were cultured until day 28 and cryopreserved. Upon thawing,
cells were directly used for assays, or cultured for an additional
7 days in differentiation medium before use. In this article, when
referring to donors, we allude to the 10 different UCB donors
from which we originated the 10 different NK cell batches. To char-
acterize the receptor expression profile on NK cells, the antibodies
listed in Table 1 were used; 5 � 104 cells were stained for 30 min
at 4�C, followed by washing with flow cytometry buffer and data
acquisition using the Cytoflex LX flow cytometer (Beckman
Coulter).
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Flow cytometry-based cytotoxicity assay

Cell lines were trypsinized when necessary and washed with phos-
phate-buffered saline before labeling with 5 mM Pacific blue succini-
midyl ester (Thermo Fisher Scientific). NK cells were cultured for
7 days after thawing, then (on day 35) co-cultured with target tumor
cells at an E:T ratio of 1:1 in a 96-well plate. As controls, target cells
and NK cells alone were plated. After 20 h incubation at 37�C, cells
were trypsinized and transferred to a V-bottom plate and stained
with 7-aminoactinomycin D (7AAD) (Sigma) and anti-CD56 APC-
A750 (N901, Beckman Coulter). Samples were acquired in technical
triplicates with Cytoflex LX (Beckman Coulter). Data analysis was
performed with Kaluza software (Beckman Coulter). Target cell
killing, expressed as “percentage cytotoxicity,” was determined as fol-
lows (Equation 1):

D 7AAD+cells ð%Þ = ð% 7AAD+PBSE + targets in co

� cultureÞ -- ð% 7AAD+PBSE +targets in controlÞ
(Equation 1)

Impedance-based cytotoxicity assay

Impedance-based cytotoxicity assays were performed on the
xCELLigence Real-Time Analysis platform (Agilent). After baseline
measurement with medium, cell lines A375, LN-18, and LoVo were
seeded in a 96-well PET E-plate (Agilent) at 25,000, 30,000, and
30,000 cells/well, respectively, 1 day before effector cell addition to
allow target cells to adhere. The next day, a few extra wells of the
seeded cells were trypsinized and counted to match E:T ratios. NK
cells were added in the following E:T ratios: 10:1, 3:1, 1:1, and 1:3.
Impedance during the co-culture was measured every 15 min for a to-
tal of 24 h. Data analysis was performed with the RTCA software Pro
(Agilent) using the immunotherapy module.
Bulk RNA-seq and data analysis

To preserve RNA expression patterns, 1 � 106 cells were collected
from all 10 donors on day 35, then immediately diluted in RNApro-
tect Cell Reagent (QIAGEN) and stored at�80�C until mRNA isola-
tion. The RNAeasy Plus Mini kit (QIAGEN) was used to isolate RNA
according to manufacturer’s instructions. RNA samples were stored
at �80�C until sequencing. RNA quality, measured as RNA integrity
number, was >8 for all samples.

RNA-seq libraries were prepared according to the Illumina TruSeq
stranded mRNA protocol. In brief, 200 ng of total RNA was purified
using poly(T) oligo-attached magnetic beads to end up with
poly(A)-containing mRNA. The poly(A)-tailed mRNA was frag-
mented and cDNA was synthesized using SuperScript II and random
primers in the presence of actinomycin D. cDNA fragments were end
repaired, purified with AMPure XP beads, and A-tailed using Klenow
exo-enzyme in the presence of dATP. Paired end adapters with dual
index (Illumina) were ligated to the A-tailed cDNA fragments and pu-
rified using AMPure XP beads. The resulting adapter-modified cDNA
fragments were enriched by PCRusing Phusion polymerase as follows:
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30 s at 98�C, 15 cycles of 10 s at 98�C, 30 s at 60�C, and 30 s at 72�C, and
5 min at 72�C. PCR products were purified using AMPure XP beads
and eluted in 30 mL of resuspension buffer. 1 mL was loaded on an Agi-
lent Technologies 2100 Bioanalyzer using a DNA 1000 assay to deter-
mine the library concentration and for quality check. The resulting li-
braries were sequenced according to the Illumina TruSeq Rapid v.2
protocol on an Illumina HiSeq2500 sequencer. Paired-end reads of
100 base pairs in length were generated. Illumina adapter and poly(A)
sequences were trimmed off with an in-house adapter-trimming script
and the trimmed reads were mapped against the human GRCh38
reference using HiSat2 (v.2.1.0).72 Gene expression values were deter-
mined using htseq-count (v. 0.11.2)73 and Ensembl release-91 gene
and transcript annotation. SampleQC, differential expression analysis,
and data visualization were performed in the R environment for statis-
tical computing v.3.6.3, using the packages DESeq2 v.1.26.0,74 tidy-
verse v.1.3.0, and ggplot2.75

Genes with >10 average counts were considered significantly ex-
pressed with a log2 fold change (log2FC) >1 or <�1 and an adjusted
p value (Padj) < 0.05. GSEA was performed using GSEA v.4.1.0.76 The
following gene sets were used: KEGG c2.cp.kegg.v2022.1.Hs.sym-
bols.gmt and GO BP c5.go.bp.v2023.1.Hs.symbols. Classic enrich-
ment statistics were used to calculate the statistics of the enrichment
score and normalized enrichment score. A false discovery rate < 0.25,
concomitant with a nominal p < 0.05, was considered significant.

scRNA-seq and data analysis

Immediately after thawing, 1� 105 day 28 cells from 8 donors (1–5, 7,
8, and 10) were processed through the BD Rhapsody workflow (BD
Biosciences). First, cells were resuspended in stain buffer, and each
donor was labeled with a Sample Tag from the Human Single-Cell
Multiplexing Kit. After washing, donors were pooled and stained
with the BD AbSeq Immune Discovery Panel (BD Biosciences).
Next, cells were loaded into a BD Rhapsody cartridge and checked
for viability by Calcein AM (Thermo Fisher Scientific) and DRAQ7
(BD Biosciences) in the BD Rhapsody Scanner. A total of 33,774
living cells (72.4% viable) were loaded in the cartridge. Cells were
captured in the microwells of the cartridge and cDNA and exonu-
clease treatment was performed using the Rhapsody cDNA kit ac-
cording to manufacturer’s instruction. Libraries were prepared using
the BD Rhapsody WTA Amplification kit according to manufac-
turer’s instructions. In brief, cDNA of the BD AbSeq and Sample
Tags were denatured from the beads and supernatant was collected.
A total of three libraries were generated: RNA library, BD AbSeq li-
brary, and Sample Tag library. To generate the RNA library, random
priming and extension was performed, followed by a clean-up to re-
move primer dimers and other small-molecular weight by-products,
and amplification by PCR. The amplification product was purified,
and quality control and quantification were performed using the Qu-
bit dsDNA HS Assay (Thermo Fisher Scientific) and Agilent High
Sensitivity D1000 Screen Tape Assay (Agilent). The AbSeq/Sample
Tag libraries were generated using the supernatant after denaturation
by amplification through PCR. The PCR1 products were purified and
quantified, followed by a PCR2 amplification for the Sample Tag



Table 2. Forward and reverse primer sequences used for qPCR

Gene Forward primer Reverse primer

GZMB ACCATTGAGTTGTGCGTGGG AGGCATGCCATTGTTTCGTC

PRF1 CACCAGGACCAGTACAGCTT GTGGAGGCGTTGAAGTGGT

PPIA TCATCTGCACTGCCAAGACTG CATGCCTTCTTTCACTTTGCC

YWHAZ ACTTTTGGTACATTGTGGCTTCAA CCGCCAGGACAAACCAGTAT
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library. To make the libraries compatible with the Illumina
sequencing platform, full-length Illumina sequencing adapters and
indexes were added through PCR. Sequencing was performed on an
Illumina NovaSeq 6000 using a Novaseq 2 � 150 bp kit with a
preferred number of reads per cell of 50,000 for the RNA library,
16,000 for the AbSeq library, and 1,000 for the Sample Tag library.

Fastq files were processed using the BD Rhapsody WTA Analysis
Pipeline 2.0 in SevenBridges. Reads with low quality were filtered
out based on read length (R1 < 60 bp or R2 < 40), Phred score
(mean base quality score <20), and single-nucleotide frequency
(R1 R 0.55 or R2 R 0.80). High-quality R1 reads were aligned to
the pre-defined cell label sequences and the unique molecular identi-
fiers (UMIs). High-quality R2 reads were aligned to human reference
genome for mRNA and a reference panel of sequences for AbSeq in-
formation. Next, reads with the same cell label, UMI sequence, and
same gene were collapsed into a single raw molecule to determine
gene expression. Recursive substitution error correction and distribu-
tion-based error correction (DBEC) algorithms were used to correct
for UMI errors and sequencing errors. Putative cells were determined
by comparing the number of unique cell labels vs. number of reads on
a log-transformed cumulative curve, where the inflection point sepa-
rates putative cells from noise. Lastly, sample of origin was deter-
mined based on Sample Tag reads count.

The DBEC files with molecules per cell were imported in the R pack-
age Seurat v.4.3.077 and a Seurat object was created for further anal-
ysis. A total of 17,397 cells were sequenced and initial quality control
analysis excluded cells with more than 20% mitochondrial gene
expression or expressing fewer than 200 or more than 7,000 bio-
products (mRNA/AbSeq). Untagged cells were excluded. Further
analysis was performed with the remaining 7,518 cells. Log normali-
zation was performed for RNA data and centered log-ratio normali-
zation for AbSeq data. Data dimensionality was reduced by PCA on
both RNA and AbSeq data and elbow plots were used to retain rele-
vant components. To integrate the multimodal mRNA and AbSeq da-
tasets, the FindMultiModalNeighbors function was used, selecting 30
dimensions for RNA and 18 dimensions for AbSeq. Integrated data
were visualized using UMAP78 after applying the RunUMAP func-
tion. Clusters were determined with the FindClusters function, using
the Leiden algorithm79 with a resolution of 0.05, resulting in 7 clus-
ters. Only clusters present in at least 5/8 samples were retained.
Differentially expressed genes between clusters or groups were iden-
tified using FindAllMarkers or FindMarkers function, to obtain only
upregulated genes with the following parameters: log2FC > 0.25 and
Padj < 0.05. GSEA was performed with the clusterprofiler v.4.8.180

package. The GO Biological Process and KEGG databases were
used. Significance was calculated using Benjamini-Hochberg correc-
tion and gene sets with Padj < 0.05 were considered. Pseudotime anal-
ysis was performed using Monocle 3,81 selecting cluster 3 as the root
cluster. Cell-cycle analysis was performed using the CellCycleScoring
function from Seurat.

Validation of gene expression by qPCR

Genes of interest for validation were selected based on genes that
contributed to the core enrichment of the KEGG NK cell-mediated
cytotoxicity pathway. For all tested genes, primers were designed
with the Primer-BLAST tool from NCBI (Table 2). The iTaq Uni-
versal SYBR Green One-Step Kit (Bio-Rad) was used according to
the manufacturer’s instructions. In brief, each reaction contained
5 mL iTaq reaction mix, 0.125 mL reverse transcriptase, 2 ng
RNA, and 500 nM of forward and reverse primers. The reaction
was performed at 50�C for 10 min, 95�C for 1 min, and for 40 cy-
cles of 10 s at 95�C and 30 s at 60�C using a CFX Connect Real-
Time PCR Detection System (Bio-Rad). After the amplification, a
melt curve analysis was performed by increasing the temperature
from 65�C to 95�C (0.5�C increment per step) for 5 s per step.
No primer dimer peaks were observed. Fold change was calculated
using the DDCt method.82 Reference genes PPIA and YWHAZ
were used for normalization and the good group was considered
as control.

Intracellular staining

Intracellular stainings were performed on 9 donors (1–8 and 10) on
day 35 of culture. After count, 1 � 105 cells were stained with anti-
CD56 BV421 (NCAM16.2, BD Biosciences) and live/dead fixable
aqua (Thermo Fisher Scientific). After washing, cells were fixed and
permeabilized using the cytofix/cytoperm kit (BD Biosciences) ac-
cording to the manufacturer’s instructions. Cells were stained with
anti-perforin PerCP-Cy5.5 (B-D48, BioLegend), anti-granzyme B
AF647 (GB11, BioLegend), and mouse IgG1 isotype control in
PerCP-Cy5.5 or AF647 (MOPC-21, BioLegend). All antibodies
were used at the recommended concentration, and the good group
was considered as control.

Secretome analysis

For secretome analysis, 1:1 co-cultures of 9 day 35 donors (1–8, 10)
and K562 targets were incubated similarly to the flow cytometry-
based cytotoxicity assay. Supernatant was collected after 5 h. The
CD8/NK LEGENDplex (BioLegend) kit was used according to the
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manufacturer’s protocol to detect the following analytes: TNF, IFN-g,
granzyme A, granzyme B, perforin, and granulysin.

Statistical analysis

Hierarchical clustering based on cytotoxicity was performed first by
calculating the mean cytotoxicity value, i.e., the geometric mean of
the D 7AAD+ cells (%) values (Equation 1) across the four target cell
lines for each donor, followed by calculating the distance matrix us-
ing the Euclidean method and computing the dendrogram with the
single agglomeration method, and finally by visualizing distances as
a heatmap. For surface receptors, the percentage of signal-positive
cells per donor was expressed as Z scores, then the distance was
calculated with the Euclidean method and the dendrogram was
computed with the Ward algorithm. Two-way ANOVA with �Sídák
correction for multiple comparison or unpaired t-test with Holm-
�Sídák correction for multiple comparison was performed where
indicated.

In scRNA-seq cluster analysis, qPCR and intracellular staining anal-
ysis, the statistical test was considered significant with (adjusted)
p < 0.05. Significance is shown as *p < 0.05, **p < 0.01, ***p < 0.001.

For the gene expression signature, a signature score S was defined,
based on 13 cytotoxicity genes from the excellent (e) group and 9
myeloid genes from the good (g) group, with a higher value deter-
mined by concomitant high expression of e-genes and low expression
of g-genes. For each e- and g-genes, normalized gene counts (bulk
RNA-seq) or average gene expression values calculated with the Aver-
ageExpression function in Seurat77 (scRNA-seq) were expressed as Z
scores (Ze

i , where i = 1;.; 13 and Zg
j , where j = 1;.; 9). S was

calculated for each donor as the average of the combined Z scores
(Equation 2),

S =
1

13+9

 X
i

Ze
i �

X
j

Zg
j

!
(Equation 2)

where the sign of the Z scores of the g-genes was reversed.
To improve visualization, the minimum S value was shifted to 1
(S � minðSÞ+ 1). With biological replicates, the final score per
donor was calculated as the average of the replicates. Linear regres-
sion analysis between cytotoxicity (geometric mean of four cell lines
per donor) and the signature score S was performed; Pearson’s cor-
relation coefficient r was calculated between the two variables.
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