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In brief

Natural killer (NK) cells are an emerging

immunotherapy, particularly in blood

cancers. Dufva, Gandolfi et al. examined

interacting NK and a broad panel of blood

cancer types using single-cell

transcriptomics and CRISPR screens.

Their findings reveal various mechanisms

of NK cell resistance, as well as potential

targets to augment NK cell-based

immunotherapies.
Inc.
ll



OPEN ACCESS

ll
Resource

Single-cell functional genomics reveals
determinants of sensitivity and resistance
to natural killer cells in blood cancers
Olli Dufva,1,2,3,15 Sara Gandolfi,1,2,3,4,5,15 Jani Huuhtanen,1,2,3,12,16 Olga Dashevsky,4,5,6,7,16 Hanna Duàn,1,2,3,16
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SUMMARY
Cancer cells can evade natural killer (NK) cell activity, thereby limiting anti-tumor immunity. To reveal genetic
determinants of susceptibility toNKcell activity, we examined interactingNKcells and blood cancer cells using
single-cell and genome-scale functional genomics screens. Interaction of NK and cancer cells induced distinct
activation and type I interferon (IFN) states in bothcell typesdependingon the cancer cell lineageandmolecular
phenotype, ranging from more sensitive myeloid to less sensitive B-lymphoid cancers. CRISPR screens in
cancer cells uncovered genes regulating sensitivity and resistance to NK cell-mediated killing, including adhe-
sion-related glycoproteins, protein fucosylation genes, and transcriptional regulators, in addition to confirming
the importance of antigen presentation and death receptor signaling pathways. CRISPR screens with a single-
cell transcriptomic readoutprovided insight intounderlyingmechanisms, including regulationof IFN-gsignaling
in cancer cells and NK cell activation states. Our findings highlight the diversity of mechanisms influencing NK
cell susceptibility across different cancers and provide a resource for NK cell-based therapies.
INTRODUCTION

Natural killer (NK) cells are cytotoxic innate lymphoid cells that

can directly eliminate cancer cells,1 depending on the balance

between activating and inhibitory signals derived from surface
2816 Immunity 56, 2816–2835, December 12, 2023 ª 2023 The Auth
This is an open access article under the CC BY license (http://creative
receptors engaged with cognate ligands on target cells.2 Data

supporting the role of NK cells in graft-versus-leukemia effect

in allogeneic hematopoietic stem cell transplantation3 and the

effectiveness of chimeric antigen receptor (CAR) NK cells4 high-

light their promise in blood cancers.5,6
or(s). Published by Elsevier Inc.
commons.org/licenses/by/4.0/).
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Figure 1. Single-cell transcriptomics of NK cells interacting with blood cancer cells

(A) Multiplexed co-culture scRNA-seq workflow.

(B and C) UMAP of expanded NK cells (donor NK1) from all co-culture and monoculture conditions (B) and separately for each tumor cell line (C).

(legend continued on next page)
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Single-cell analyses have unveiled immune cell transcriptional

profiles in healthy and cancerous tissues, along with tumor cell

transcriptional programs.7–13 Yet the dynamic changes during

tumor-immune interactions remain underexplored at a transcrip-

tomic level. Genome-scale CRISPR screens have revealed can-

cer cell-intrinsic mechanisms of evasion from T cell killing in solid

tumors14–17 and hematological malignancies.18,19 CRISPR and

PRISM (profiling relative inhibition simultaneously in mixtures)

screens20 have identified molecular factors regulating solid tu-

mor cell sensitivity to NK cell-mediated killing.21 However, a

more systematic evaluation of resistance and sensitivity to NK

cell therapies across hematological malignancies is warranted.

Many critical questions remain about harnessing NK cells as

effective therapies. We need to understand how NK and cancer

cells alter their transcriptomes upon interaction, whether these

changes and sensitivity to NK cells vary depending on genetic

and epigenetic traits in tumor cells and which mechanisms drive

tumor resistance toward NK cells. Linking cancer subtypes to

NK cell sensitivity can identify those who may benefit from treat-

ment and uncover novel approaches to target resistant cancers.

Here, we sought to answer these questions by combining

multiplexed single-cell RNA sequencing (scRNA-seq) of inter-

acting NK cells and cancer cells, PRISM-based profiling of NK

cell sensitivity across a panel of blood cancer cell lines, and

genome-scale and single-cell transcriptomic CRISPR screens

of cancer-cell intrinsic NK cell resistance mechanisms. By

integrating these data and patient genomic profiles, we pro-

vide a comprehensive landscape of functionally validated mo-

lecular mechanisms that influence how NK cells recognize and

kill malignant hematopoietic cells. The results offer a roadmap

to facilitate the development of NK cell-based immunotherapy

for blood cancers and beyond. The data are available for inter-

active exploration at https://immunogenomics.shinyapps.io/

nkheme/.

RESULTS

Cancer cell interaction-induced phenotypic changes in
NK cells
Defining how the state of NK and cancer cells may change upon

their interaction is essential for understanding potential mecha-

nisms of adaptive, interaction-induced resistance. We therefore

cultured 26 cell lines representing diverse hematologic neo-

plasms either alone or with donor-derived (n = 3) ex vivo-

expanded or non-expanded NK cells. The cancer types included

acute and chronicmyeloid leukemia (AML andCML), B and T cell

acute lymphoblastic leukemia (B-ALL and T-ALL), B cell lym-

phoma (BCL), and multiple myeloma (MM). After 24 h co-culture,

we performed scRNA-seq using cell hashing,22 obtaining a total
(D) Bar plot of average percentages of NK cell clusters across three NK donor

correlate the most with tumor-induced NK cell states (bottom).

(E) Boxplot of percentages of NK cells in activated or IFN-I states. Boxes indicate

and max values at most 1.5 IQR from the quartiles. Below, heatmap of median p

(F) Time course experiment workflow.

(G) UMAP of expanded NK cells (donor NK1) from all time points co-cultured with

arrows indicating RNA velocity fields (below).

(H) Expression of selected genes enriched in each NK cluster in the time course

(I) Co-cultures of NK cells with indicated cell lines: time course of NK cell cluster

See also Figure S1 and Table S1.
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of 128,621 cells across 193 samples (666 cells per sample on

average) (Figure S1A; Table S1).

Unsupervised clustering of the ex vivo-expanded NK cells

(donor NK1) in all conditions revealed five clusters (Figures 1B

and S1B). Mostmonocultured NK cells belonged to two clusters:

resting NK cells (cluster 0) expressing markers of CD56bright NK

cells (NCAM1/CD56, KLRC1/NKG2A, GZMK),7–10 consistent

with the CD56bright phenotype of expanded NK cells,23,24 and

adaptive NK cells (cluster 1) based on expression of KLRC2/

NKG2C and LAG325,26 (Figure 1B). By contrast, the remaining

three NK cell clusters (2, 3, and 4) were mostly enriched in the

co-culture conditions with tumor cells. NK cells with an activated

phenotype (cluster 2) expressed co-stimulatory (TNFRSF18/

GITR, TNFRSF9/4-1BB, TNFRSF4/OX-40, and CRTAM) and

inhibitory receptor genes (HAVRC2/TIM-3 and TIGIT), immedi-

ate-early genes (DUSP2,DUSP4, and EGR2), the death receptor

ligand gene TNFSF10/TRAIL, and ENTPD1/CD39 gene associ-

ated with tumor-reactive T cells and exhaustion.27–29 Other clus-

ters enriched upon target cell encounter included NK cells with

high type I interferon (IFN-I) signature (cluster 3) expressing anti-

viral genes (MX1-2 andOAS1-3) and the inhibitory receptor gene

LAG3, and cytokine-producing NK cells (cluster 4) expressing

CCL3/MIP-1a, CCL4/MIP-1b, TNF, IFNG, and CSF2/GM-CSF.

Different cell lines triggered distinct NK cell phenotypic

changes. For instance, K562 (CML), JURKAT (T-ALL), and

SUDHL4 (BCL) induced over 50% of NK cells into the activated

state, compared with less than 20%with several B-ALL and MM

cell lines (Figures 1C and 1D). The IFN-I state was only induced

by certain cell lines, including GDM1, OCIM1, THP1 (AML), and

RI1 (BCL). The tumor-induced NK cell activation states corre-

lated with secreted cytokines, including IFN-g, TNF, CCL5, and

GM-CSF, consistent with the states representing actively func-

tioning NK cells30–32 (Figure 1D).

The percentages of activated and IFN-I state NK cells across

all 26 co-culture conditions were consistent in the three donors

(Figures S1C and S1D) and also in a panel of six donors repre-

senting different HLA (human leukocyte antigen)-C genotypes

(Figure S1D). Instead, the responses varied by cancer type,

with stronger responses against BCL, T-ALL, and AML/CML

compared with B-ALL (Figure 1E).

NK cells from unexpanded peripheral blood mononuclear cells

(PBMCs) showed concordant tumor-induced responses, under-

scoring the relevance of these activation states to circulating NK

cells (Figures S1E–S1H). In non-expanded NK cells, however,

the cytokine state was more prominently induced by co-culture

(Figure S1H).

Tomonitor the evolution of the responses observed at 24 h, we

performed serial scRNA-seq at 1–24 h after co-culture start

(Figures 1F–1I and S1I). At 1 h, most NK cells transitioned to
s (top). Heatmap of cytokines whose concentration increases in co-cultures

interquartile range (IQR) with a line at the median. Whiskers represent the min

ercentages of NK cells in activated or IFN-I states separately.

the different cell lines colored based on clusters (above) and on time point, with

experiment as a heatmap.

percentages and IFN-g concentration in co-culture medium.
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Figure 2. Transcriptomic responses of blood cancer cells to NK cell attack

(A) Dot plot of selected genes upregulated in cancer cells exposed to expanded NK cells. Heatmap shows co-culture-induced cytokine increases with highest

correlation with the core NK cell response. At the bottom, examples of UMAPs of selected cell lines.

(legend continued on next page)
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the cytokine state (which pre-existed at a minor fraction in un-

challenged NK cells), upregulating CD69, IFNG, TNF, CCL3,

CCL4, and CSF2/GM-CSF. Concordantly, cytokines, such as

IFN-g, started rising after 1 h in those co-cultures that strongly

induced the cytokine state (Figure 1I). Between 3 and 6 h, the

NK cells upregulated GZMB, XCL1, and XCL2 and started to ex-

press hallmarks of the activated phenotype (such as TNFRSF9

and CRTAM), constituting an early activated state (Figures 1G

and 1H). The activated signature peaked from 12 h onward, simi-

larly to the IFN-I signature when present (Figure 1I). RNA veloc-

ity33 analysis suggested that the IFN-I state may emerge from

both resting and activated cells (Figure 1G). These findings sug-

gest that the 24 h time point measured across the larger cell line

panel reflects the maximal tumor-induced activation state and

additionally captures the type I IFN state when present.

The IFN-I state could be induced inNK cellmonocultures by co-

culture-derived media, indicating that secreted factors underlie

this response (Figure S1J). By contrast, the activated state could

not be evoked by the co-culture medium, implying that cell-cell

contact is required. Taken together, NK cells engaging with can-

cer cells shift into activated states with an altered repertoire of

co-stimulatory and co-inhibitory receptors, with the magnitude

and direction of the transition depending on the target cells.

Transcriptomic responses of blood cancer cells to NK
cell attack
We then examined the transcriptomic responses in cancer cells

following NK cell attack. Comparing all expanded NK cell-treated

target cells to untreated controls revealed a strong induction of

IFN-g response (Figures 2A, 2B, and S2A; Table S2). A core set

of 17 genes significantly induced in at least 50% of the cell lines

comprised the class I major histocompatibility complex (MHC-I)

genes (B2M and HLA-A/B/C/E), MHC-I peptide-loading genes

(TAP1 and TAPBP), JAK-STAT signaling genes (STAT1 and

IRF1), immunoproteasome genes (PSMB8, PSMB9, PSME1, and

PSME2), and other genes (UBE2L6,MT2A,BST2, andGNLY) (Fig-

ure 2A). This induced signature was particularly strong in T-ALL,

AML, and CML compared with other blood cancers (Figure 2C).

To uncover distinct transcriptional programs induced in subsets

of cell lines, we examined the 200 genes most variably induced

across cell lines by unsupervised clustering (Figure S2A). This

highlighted IFN-g-associated programs, including the core NK-

induced signature and cytokines, such as CXCL8 (interleukin

[IL]-8), CXCL10, and TNFSF10 (TRAIL). Cytokines in the culture

media, including NK cell-produced IFN-g and those produced by

cancer cells based on scRNA-seq (IL-8 andCXCL10), consistently

correlated with the core NK-induced signature (Figure 2A). MHC

class II (MHC-II) genes were induced in monocytic cells and
(B) Volcano plot of differentially expressed genes between all NK-cell treated ca

(C) Boxplot of the log2 fold change (log2FC) of the core NK cell-induced gene score

as in Figure 1E.

(D) Scatter plot of average NK cell activation (after co-culture) versus core NK ce

(E) Dot plot of transcripts differentially expressed in cancer cells at different time p

its lower expression relative to other genes).

(F) Effects of co-culture-conditioned media on cancer cell transcriptomic states a

response signature score (below).

(G) Scatter plot of induction of genes byNK cell co-culture in target cells versus cor

from Reddy et al.

See also Figure S2 and Table S2.

2820 Immunity 56, 2816–2835, December 12, 2023
several B cell lines. A myeloid differentiation signature, including

LYZ, NCF1, CTSZ, and the TIM-3 ligand LGALS9, was induced

in AML cells, suggesting that NK cell attackmay be accompanied

bymaturation of monocytic leukemias, as reported in response to

IFN-g.34NK cell attack induced an IFN-I signature and IFNB1 (IFN-

b) expression in GDM1, OCIM1, and R1 cells, mirroring a similar

signature in the NK cells and implying a coordinated response to

IFN-b in both cell types (Figure 2A). Consistently, NK and target

cell activation signatures correlated positively across cell lines

(Figure 2D).

We examined target cells from the 24 h time course experi-

ment to temporally resolve the signature development (Fig-

ure 2E). The earliest events at 1–3 h included induction of IFN

response transcription factor (TF) genes IRF1 and IRF9, nuclear

factor (NF)-kB target BIRC3, and the adhesion molecule ICAM1.

HLA-E expression peaked at 6 h, whereas the classical MHC-I

genes were fully induced at 24 h. When present, IFN-I signature

genes emerged at 6 h, coinciding temporally with the IFN-I clus-

ter in NK cells and following IFNB1 induction at 3 h.

Medium from co-culture of NK and K562 cells induced the core

NK cell response in K562 monocultures, pointing to mediation by

soluble factors such as IFN-g (Figure 2F). NK-K562 co-cultureme-

dium also induced the IFN-I signature and IFNB1 expression in

GDM1 cells, implying that the IFN-I effect is mediated by soluble

factors. NK-K562 co-culture medium also triggered a transcrip-

tional response in 697 B-ALL cells, suggesting that their unre-

sponsiveness to NK cell interaction likely reflects lack of NK cell

activation rather than defective IFN-g responsiveness.

NK cell-induced signatures in cancer cells from these co-cul-

tures were also identified in patient samples. Most of the NK-

induced genes, particularly the 17-gene core set, positively

correlated with NK and T cell infiltration in diffuse large BCL

(DLBCL)35 and AML36 patients (Figures 2G and S2C), suggesting

similar transcriptomic responses in vivo.

We studied potential ligand-receptor interactions induced upon

tumor-NK cell engagement using CellPhoneDB.37 Several pre-

dicted interactions were more frequent between the cancer

cells and co-culture-related NK cell states (activated, IFN-I, or

cytokine) compared with the resting or adaptive states. These

included ligands for activating and inhibitory receptor ligands

(TNFSF9-TNFRSF9, TNFSF4-TNFRSF4, LGALS9-HAVCR2, and

CD47-SIRPG), death receptors (TNFRSF10A/B-TNFSF10 and

FAS-FASLG), cytokines (TGFB1/3-TGFBR2), and adhesion mole-

cules (ICAM1-aMb2/aXb2 complex and EFNA3/4/5-EPHA4) (Fig-

ure S2D). Interactions induced by tumor-NK cell engagement

also included those of MHC-I with inhibitory receptors and

CXCL10-CXCR3 (Figure S2E). Taken together, the transcriptomic

responsesof tumor cells toNKcell attackdependon the tumor cell
ncer cell lines (NK donors n = 3) and the same cell lines cultured alone.

betweenNK-treated (NK donors n = 3) and untreated cells. Boxplots displayed

ll response induction in NK-treated target cells.

oints of co-culture with NK cells (different color and size scale for IFNB1 due to

s UMAPs with color indicating culture conditions (above) and the core NK cell

relation with NK and T cell infiltration (cytolytic score) in DLBCL patient samples
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lineage and correlate with NK cell activation, resulting in predicted

ligand-receptor interactions not found in the resting state.

Molecular correlates of sensitivity to NK cells
To study cancer cell sensitivity to NK cells across different line-

ages and maturation stages, we quantified the dose-dependent

sensitivity of 63 DNA-barcoded blood cancer cell lines to primary

NK cells (PRISM system; Figure 3A; Table S3).20

We observed substantial heterogeneity in NK cell sensitivity,

with AML and B-ALL lines being most and least sensitive,

respectively (Figures 3B, 3C, and S3A). MM and T-ALL lines

were on average less and more sensitive, respectively, but

both showed substantial variation, implying the existence of sen-

sitive and resistant subgroups. The sensitivity correlated with the

percentage of NK cells shifting toward activated/IFN-I states

(Figures 3D and S3B). Although not all responsive cell lines

induced a strong activated/IFN-I state, all resistant cell lines

failed to trigger this phenotype (Figure 3D).

We then investigated the molecular factors underlying the vari-

ation in NK cell sensitivity by correlating NK cell sensitivity the

area under the dose-response curve (AUC) of the PRISM NK

cell response data for blood cancer cell lines with their Cancer

Cell Line Encyclopedia (CCLE) multi-omics data38,39 (Figures 3E

and S3C). Genes highly correlating with lower AUC (higher sensi-

tivity to NK cells) included the activating receptor ligands

NCR3LG1 and ULBP1, whose expression negatively correlated

with promotermethylation (Figures 3F and 3G). Genes correlating

with resistance included components of the alternative NF-kB

pathway (TNFRSF13B/TACI and MAP3K14/NIK).

The core NK cell response signature and MHC-I expression

correlated with resistance (Figures 3H and 3I), suggesting that

pre-existing expression of adaptive response molecules may

contribute to cancer cell-intrinsic resistance to NK cells. In addi-

tion, several genetic alterations, proteins, miRNAs, and metabo-

lites were associated with sensitivity (Figures 3E and S3C).

TRAF3 and KRAS mutations correlated with resistance and

NLRC5 mutations with sensitivity, consistent with the regulation

of MHC-I expression by NLRC540 (Figure 3E).

CRISPR screens identify genomic determinants of
target cell sensitivity and resistance
To investigate underlying mechanisms of cancer cell sensi-

tivity and resistance to NK cells, we performed genome-scale

CRISPR loss-of-function (LOF) and gain-of-function (GOF)

screens. Pools of transduced tumor cells were co-cultured

with expanded NK cells from a minimum of 24 h to up to

2 weeks (Figure 4A; Table S4).
Figure 3. PRISM screen of NK cell sensitivity across blood cancer cell
(A) PRISM screen workflow.

(B) Examples of NK cell sensitivity dose-response curves. Colored dots represent

response curve (AUC), as a quantitative measure of tumor cell survival after NK

(C) Boxplot (displayed as in Figure 1E) of sensitivity of different hematological m

(D) Scatter plot of NK cell activation versus PRISM AUC of the cell lines to NK ce

(E) Heatmap ofmolecular correlates of sensitivity to NK cells across blood cancer c

separate column indicating significance of the correlation at 5% FDR.

(F–I) Scatter plots of PRISM AUC of cell lines to NK cells versus transcript levels fo

set (gene set variation analysis [GSVA score]) (H), or HLA I score (I).

Correlation coefficients and p values are obtained using Spearman’s rank correl

See also Figure S3 and Table S3.
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As expected, LOF of MHC-I complex and antigen-presenta-

tion machinery genes increased sensitivity across all cell lines,

reflecting the ‘‘missing-self’’ mechanism of NK cell activation

(Figures 4B, 4C, and S4A). Other sensitizing knockouts (KOs)

included genes encoding MHC-I transcriptional regulators

(NLRC5, RFXAP, and RFXANK), peptide-loading complex com-

ponents (TAP1, TAP2, and TAPBP),41 and IFN-g pathway com-

ponents (JAK1 and STAT1).

By contrast, LOF of death receptor pathway genes

(TNFRSF1B, TNFRSF10A, TNFRSF10B, FAS, FADD, BID, and

CASP8) conferred resistance to NK cell killing, whereas LOF of

negative regulators of death receptor signaling (CFLAR/c-FLIP,

TRAF2, and XIAP) sensitized multiple cell lines to NK cells

(Figures 4B and 4C). Integration of CRISPR screens of NALM6

cells treated with NK or CAR T cells18 showed shared resistance

mechanisms, including FADD and TNFRSF10B, suggesting

death receptor signaling mediating both NK and T cell cytotox-

icity (Figure S4B). Gene set enrichment analysis (GSEA) revealed

in multiple cell lines enrichment of hits from CRISPR screens for

pathways, including FASL/CD95L, transcription of death recep-

tors and ligands, TRAIL, TNFR1-induced NF-kB, IFN-g, antigen

processing and presentation, and class I HLA assembly and pep-

tide loading, supporting the broad relevance of death receptor-

mediated apoptosis and MHC-I in regulating NK cell cytotoxicity

(Table S4).

Overexpression of several activating NK cell receptor ligands

(CD2 ligand CD58, NKG2D ligands ULBP1-3 and MICA, 2B4

ligand CD48, DNAM-1 ligand PVR, and 4-1BB ligand TNFSF9)

sensitized MM1.S cells to NK cells. However, LOF screens re-

vealed a heterogeneous pattern across cell lines. NKp30 ligand

NCR3LG1 played a key role in NK cell cytotoxicity against K562

andMOLM14 cells (Figures 4B and 4C) andwas highly expressed

in NK-sensitive myeloid leukemias (Figure 3E). Other sensitizing

NK cell activating ligands included CD58 in K562, CD48 in B-ALL

NALM6 and myeloma MM1.S, and ULBP2 in NALM6 (Figures 4B

and 4C). Additionally, several adhesion molecules regulated

response to NK cells: the LFA-1 ligand ICAM1 promoted NK cell

killing, whereas adhesion-related glycoproteins SPN (CD43), the

P-selectin ligand SELPLG (PSGL-1), and CD44 promoted resis-

tance. PSGL-1, identified in MM1.S, requires O-glycan fucosyla-

tion for functionality.42 Interestingly, depletionof thecore fucosyla-

tion genes (FUT8, GMDS, and SLC35C1)43 sensitized LP1 cells to

NK cells, whereas overexpression of the terminal-fucosylation

gene FUT4 induced resistance (Figure S4A). Overexpression

of the mucin genes MUC1 and MUC21 conferred resistance to

NK cells in MM lines. Other genes not previously linked to NK

cell cytotoxicity included the peptidase, glycosylation regulator,44
lines

replicates (n = 8), black dots indicate mean (±SD), and the area under the dose-

cell attack, is shown next to the curve.

alignancies to NK cell cytotoxicity as AUC of the dose-response curve.

lls.

ell lines. Correlation of expression withmethylation is shown on the right, with a

r NCR3LG1 (F), ULBP1 (G), baseline expression of core NK cell response gene

ation.
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Figure 4. Genome-scale CRISPR screens of NK cell resistance and sensitivity in hematological malignancies

(A) Genome-scale CRISPR screen workflow.

(B) Scatter plot of gene perturbations conferring resistance or sensitivity to NK cells in genome-scale CRISPR screens.

(legend continued on next page)

ll
OPEN ACCESSResource

Immunity 56, 2816–2835, December 12, 2023 2823



ll
OPEN ACCESS Resource
andpositive regulator ofMHC-I presentationSPPL3,45whoseLOF

in NALM6 induced resistance.

A broad collection of transcriptional regulators and chromatin

modifiers regulated NK cell response. Loss of ARID1A, a member

of the SWI/SNF chromatin remodeling complex, conferred resis-

tance to NK cells (Figure 4B). MM1.S, specifically, became less

responsive with ARID1A loss and more sensitive with its overex-

pression. Other gene expression regulators impacting NK

responses included erythroid TFs GFI1B and TAL1 in K562 CML

cells and the m6A RNA methylation modifier YTHDF2 and

c-MAF inducing protein (CMIP), FOXA1, PCGF5, RBBP4, IRF4,

MYB, and MSI2 in other cell lines. Additional hits included the

NF-kB negative regulator NFKBIA, the G-protein alpha subunit

GNA13, and the antiviral gene ZC3HAV1.

We validated results from the genome-scale screens by target-

ing individual genes (Figures 4D–4G and S4C) and utilizing a

focused sgRNA library (Figures 4H and S4D). By targeting individ-

ual genes, 85% (17/20) of hits were validated with NK-target cell

luciferase assay (Figures 4D and S4C). A flow cytometry-based

cytotoxicity assay confirmed that LOF of FUT8 and GMDS sensi-

tized LP1 cells to NK cells (Figure 4E) and reduced surface fuco-

sylation (Figure S4E), an effect phenocopied by the fucosylation

inhibitor 2-fluoro-L-fucose46,47 (Figure S4F). Overexpression of

the surface proteins MUC1 and SELPLG in MM1.S cells reduced

the NK cell-mediated lysis (Figures 4F and S4C). Furthermore,

neutralizing antibody against CD43 (SPN) conferred sensitization

to NK cells for WT but not SPN (CD43) KO NALM6 cells

(Figures 4G and S4G), supporting a role for therapeutic targeting

of CD43 to enhance NK cell immunotherapy.

Genomic alterations and transcriptional regulation of
NK cell susceptibility genes in patient samples
To explorewhether CRISPR screen hits are altered in patient sam-

ples, we first searched for somatic mutations in public datasets of

blood cancers.36 Somatic mutations occurred in the MHC-I com-

plex subunit gene B2M, NF-kB signaling genes (NFKBIA and

BIRC3), TFs and epigenetic modifiers (ARID1A, IRF4, STAG2,

andMYB), the CD2 ligandCD58, the extrinsic apoptosis mediator

CASP8, and other genes such as GNA13 (Figures 4I and S5A;

Table S5). Many of these mutations were particularly prevalent in

DLBCL,andasubstantial fractionwerestop-gainor frameshift var-

iants leading to LOF (Figures 4I and S5A).

We also investigated DNA copy-number alterations (CNAs) and

DNA methylation using multi-omics datasets35,36 (Figures S5B–
(C) Dot plot of gene perturbations conferring resistance or sensitivity to NK cells i

p < 0.0001 in at least one screen or genes validated in separate assays.

(D) Luciferase cytotoxicity assays for validation of individual hits of genome-wide s

per gene.

(E) Flow cytometry validation of core fucosylation gene knockout effect on sensitiv

control cells with three replicates (dots) per sgRNA; 2 sgRNAs per gene.

(F) Calcein AM release assay in MM1.S MM cells overexpressing either MUC1

effector-to-target ratio of 3:1 (MUC1) or 1:1 (SELPLG). Dots indicate three replic

(G) Effect of antibody-mediated CD43 (SPN) blockade on NK cell cytotoxicity (do

mean percentage of viable NALM6 target cells measured by luciferase assay and

NK-treated target cells (100% viability).

(H) Selected genes validated using pooled CRISPR screens with focused librarie

genes were used as controls, in gray is the average of all OR gene sgRNA log2F

(I) Frequency of mutations in CRISPR screen hit genes in patients with hematolog

all cancer types are shown.

See also Figures S4 and S5 and Tables S4 and S5.
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S5D). Losses or deletions of TRAF2 (MM) and JAK1, CD58, and

ARID1A (DLBCL) were associated with reduced expression of

the respective genes (Figure S5C). CRISPR screen hits, whose

expression negatively correlatedwithDNAmethylation of the tran-

scription start site, included TNFRSF1B, ULBP1, and ULBP3

(TCGA AML) and TNFRSF1B, ULBP1, and PVR (TCGA DLBCL)

(FigureS5D).AMLpatientswithmonocyticormyelomonocytic leu-

kemiahad thehighestTNFRSF1Bexpression, providingexamples

of how DNA methylation and cell-type-specific transcriptional

regulation can influence expression of NK cell susceptibility genes

(Figure S5D).

Across all CCLE lines, the NK cell sensitivity regulators CD48,

SPN, RHOH, MYB, SELPLG, and TNFRSF1B were selectively

expressed in blood cancers (Figure S5E) and highly methylated

in solid tumor cell lines, indicating strong lineage-specific regula-

tion of expression (Figure S5E). Conversely, the DNAM-1/CD226

and TIGIT ligand PVR and the NKG2D ligand ULBP3 were en-

riched in solid tumors, althoughmyeloidmalignancies expressed

PVR, and T cell lymphomas (TCL) expressed ULBP3 (Fig-

ure S5E). These expression patterns were consistent in TCGA

patient samples (Figure S5E) and in normal healthy tissues (Fig-

ure S5F), indicating cell type, rather than oncogenic transforma-

tion, as a key driver of the observed differences. Given their

inhibitory function on NK cell cytotoxicity, genes such as

SELPLG, SPN, and MYB represent blood-cancer-specific NK

cell regulators that present potential therapeutic targets.

The expression of several NK cell evasion genes was associ-

ated with inferior survival, such as MUC1, MYB, SELPLG, and

CD44 in MM, and FUT8 in DLBCL (Figure S5G). By contrast,

MHC-I genes (B2M, HLA-C, and HLA-E) were associated with

better survival, perhaps reflecting their association with tumor

cell responses to cytotoxic T cells. The prognostic effect of

several genes varied between cancer types, such as CD58,

which was associated with better survival in DLBCL but poor

prognosis in MM.

Integration of CRISPR and PRISM screens reveals
cancer subtype-specific NK cell evasion mechanisms
To explore if mechanisms identified in our CRISPR screens could

explain differential NK cell sensitivity across larger cell line

panels, we correlated transcript levels (CCLE) of CRISPR screen

hits with the PRISM AUC. Across hematologic cancers, high

expression ofNCR3LG1,ULBP1, and PVR correlated with sensi-

tivity, whereas B2M, NLRC5, TAP1, CD44, and MSI2 correlated
n genome-scale CRISPR screens. Shown are selected genes out of those with

creen hits with six replicates (dots) per single guide RNA (sgRNA); two sgRNAs

ity to NK cells inMMcell line LP1 as log2FC of relative cell counts of knockout to

or SELPLG versus control sgRNAs. Data are from a single donor (NK2) at an

ates for each of the two sgRNAs, bar height indicates the mean.

nor NK1) in control and SPN knockout NALM6 cell lines. Bar heights depict the

dots represent three replicates per sgRNAs (n = 2). Data are normalized to non-

s targeting genome-wide screen hits in MM cell lines. Olfactory receptor (OR)

C values, and the dashed lines represent the 95% confidence interval.

ical malignancies. Only genes with mutations in >1.5% patients cumulatively in



A

B
C

D

E F

G

H I

(legend on next page)

ll
OPEN ACCESSResource

Immunity 56, 2816–2835, December 12, 2023 2825



ll
OPEN ACCESS Resource
with resistance (Figure 5A; Table S6). The IFN-g response signa-

ture, TNF signaling via NF-kB, the core NK cell response signa-

ture, and HLA I score correlated with resistance in MM and BCL

and IFN-g response additionally in AML (Figures S5H and S5I).

In MM, NK cell resistance correlated with expression of CFLAR

encoding c-FLIP, a suppressor of death receptor-mediated

apoptosis,MHC-I genes, the t(4;14) (WHSC1) translocation, and in-

activating mutations in TRAF3 (which cause activation of non-ca-

nonical NF-kB signaling48,49) (Figures 5A and 5B). As CFLAR is a

known NF-kB target gene,50 TRAF3 mutations could confer NK

cell resistance by inducing CFLAR, resulting in impaired death re-

ceptor-mediated apoptosis. We developed an NK cell sensitivity

signature comprising genes whose expression correlated with

sensitivity in the cell lines and applied this signature to identify pa-

tient subgroups with molecular profiles matching NK-sensitive

versus NK-resistant lines. In MM, this sensitivity signature was

low in theWHSC1subgroup (Figure5C), indicating that thecell lines

recapitulate molecular subtypes found in MM patients. CFLAR

expression was enriched in patients with TRAF3 alterations and

MHC-I expression in the WHSC1 subgroup, consistent with the

cell line data (Figure 5C). Finally, LOF ofCFLAR induced increased

response to NK cells in TRAF3-mutant MM1.S, KMS11, and LP1

cells (Figure 5D). These results indicate thatTRAF3 andWHSC1al-

terations contribute to NK cell evasion in MM.

In T-ALL, NK cell sensitivity correlated with expression of the

death receptor FAS, the DNAM-1 ligand PVR, the NKG2D ligand

ULBP1, and the TAL1 and LMO2 genetic subtypes representing

late cortical differentiation51 (Figures 5A and 5E). By contrast,

other T-ALL lines showed low expression and high DNA methyl-

ation of PVR and ULBP1. Consistently, in T-ALL patients,52 PVR

and ULBP1 expression was enriched in the TAL1, TAL2, and

LMO2 genetic subtypes corresponding to the late cortical stage,

in contrast to other subtypes including the early cortical stage

TLX1 and TLX3, and the more immature stage LMO2/LYL1 (Fig-

ure 5F). PVR and ULBP1 were unmethylated in patients with the

TAL subtype and healthy T cells at all maturation stages53 but

showed increased methylation in other subtypes. Therefore,

epigenetic control may underlie the cancer-specific silencing of

PVR and ULBP1 in immature and early cortical T-ALL (Figure 5G).
Figure 5. Integration of CRISPR and PRISM screens reveals cancer su

(A) Gene expression correlations with PRISM AUC after exposure to NK cells sho

CRISPR screen hit genes (p < 0.0001) showing a correlation with PRISM AUC (p

signed p value.

(B) Heatmap of MM cell lines ordered by sensitivity to NK cells showing genetic s

scores of the core NK cell response, hallmark IFN-g response and hallmark TNF

(C) UMAPs of MM transcriptomic data from CoMMpass (n = 767). Dot plot on the

signature (50 genes most significantly correlated with PRISM AUC) across CoM

tween the indicated subtype and all other subtypes.

(D) Effect ofCFLAR knockout in genome-wide CRISPR screens in TRAF3-mutated

the average of all OR gene sgRNA log2FC values, the dashed lines represent the

(E) Heatmap of T-ALL cell lines ordered by PRISM AUC after NK cell treatment s

(F) UMAPs of T-ALL transcriptomic data from Liu et al. (n = 262). Dot plot on the rig

across T-ALL subtypes. Dot size as in (C).

(G) Heatmap of PVR and ULBP1 methylation in T-ALL patients (n = 109) and hea

shown on the left. Genetic subtypes according to Roels et al. are shown above.

(H) Heatmap of B cell lymphoma (BCL) cell lines ordered by sensitivity to NK ce

PRISM AUC, HLA I score, GNA13 mutations, and GSVA scores of the same gen

(I) UMAPs of DLBCL transcriptomic data fromChapuy et al. (n = 137). Cell-of-origin

on the right shows the median HLA I score, cytolytic score, and NK sensitivity si

See also Table S6.
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Among BCL lines, the germinal center B (GCB) cell subtype

tended to be more NK cell sensitive compared with other sub-

types, including MCL, CHL, Burkitt lymphoma (BL), and acti-

vated B cell (ABC) (Figure 5H). Expression of several CRISPR

hits correlated with sensitivity (e.g., NCR3LG1) or resistance

(e.g., NLRC5, TAP1, NFKBIA, MYB, IRF4, and MHC-I), also

consistent with the IFN-g and NF-kB response gene sets being

enriched in NK-resistant BCL lines. Mutations in GNA13 corre-

lated with NK cell sensitivity, in line with our CRISPR screen

data (Figures 4C and 4H). In DLBCL patients, the PRISM-derived

NK cell sensitivity signature was consistently enriched in the

GCB subtype, which harbored GNA13 mutations and showed

decreased expression of NLRC5, MHC-I genes, TAP1, NFKBIA,

and MYB compared with ABC tumors (Figure 5I).

Single-cell transcriptomics CRISPR screens reveal NK
cell evasion mechanisms
We used CRISPR screens with a single-cell transcriptome

readout (CRISPR droplet sequencing [CROP-seq])54 to reveal

mechanisms whereby selected genes impact sensitivity to NK

cells, focusing on highly scoring hits from the genome-scale

screens (Figure 6A). From six single-cell screens, we obtained

a total of 118,968 cells with an assigned sgRNA, with three

sgRNAs targeting each of the 65 perturbed genes and, on

average, 128 cells representing each sgRNA (Table S7).

We analyzed differentially expressed genes (DEGs) between

malignant cells harboring each perturbation and those carrying

control sgRNAs, both with and without NK cell exposure. Out

of the 65 perturbed genes, 30 showed no substantial transcrip-

tomic changes (<5 DEGs, Figures 6B and S6A). These included

the cell-surface protein genes NCR3LG1, CD58, ICAM1,

HLA-E, SPN, SELPLG, andMUC1, suggesting that their physical

interaction with NK cell surface molecules is the main mecha-

nism mediating their effect on NK cell cytotoxicity. For the 35

perturbations with a transcriptomic phenotype, we examined

the common and distinct patterns by comparing the overlap of

the DEGs (Figures S6B and S6C) and by using uniform manifold

approximation and projection (UMAP) dimensionality reduction

after performing linear discriminant analysis55 (Figures 6C
btype-specific NK cell evasion mechanisms

wn as signed p values of the Spearman’s rank correlations using CCLE data.

< 0.05) to the same direction are colored and labeled. Dot color indicates the

ubtypes, CFLAR expression, HLA I score, TRAF3 mutation status, and GSVA

A signaling via NF-kB gene sets.

right shows the median expression of CFLAR, HLA I score, and NK sensitivity

Mpass subtypes. Dot size indicates significance of differential expression be-

MM cell lines. Olfactory receptor (OR) genes were used as a control; in gray is

95% confidence interval.

howing genetic subtypes, FAS, PVR, and ULBP1 expression and methylation.

ht shows the median expressions of PVR,ULBP1, and NK sensitivity signature

lthy controls (n = 20) from Roels et al. (GSE155333). Healthy thymocytes are

lls showing lymphoma subtypes, expression of CRISPR hits correlating with

e sets as in Figure 5B.

subtypes,GNA13mutations, andHLA I score are colored on the plots. Dot plot

gnature across DLBCL subtypes. Dot size as in (C).
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and S6D). Perturbations targeting IFN-g signaling mediators

(IFNGR2, JAK1, JAK2, and STAT1) grouped together in the

UMAP reduced space, as did those targeting NF-kB regulators

(TRAF2, NFKBIA, and NFKBIB), consistent with common tran-

scriptional changes induced by perturbing genes of the same

pathway. By contrast, most other perturbations grouped individ-

ually, indicating distinct transcriptomic phenotypes. Perturba-

tions targeting IFN-g and death receptor signaling mediators

induced substantial transcriptomic changes only in the presence

of NK cells (Figures S6A and S6E). Several perturbations influ-

enced the core NK cell response reflecting MHC-I genes and

IFN-g signaling (Figures 6C and 6E), suggesting that these genes

may regulate sensitivity to NK cells by influencing the transcrip-

tomic response to NK cell attack.

We hypothesized that perturbing a CRISPR screen hit might

affect the expression of other hits, revealing functional connec-

tions between them. Indeed, LOF of genes encoding IFN-g

signalingmediators (IFNGR2, JAK1, JAK2, and STAT1) prevented

the NK cell-driven induction of the MHC-I complex transcript

(Figures 6C, 6E, S6C–S6E, and S7A) and protein levels (Figure 6F).

Whereas LOF of the IFN-g signaling mediators showed a pheno-

type only in the presence of NK cells (Figures S6A–S7C), silencing

of the HLA gene transactivator complex components NLRC5 and

RFXAP downregulated MHC-I genes both with and without NK

cell exposure (Figure S7B).

Several genes that promoted NK cell killing, includingGFI1B in

K562, YTHDF2 and BID in SUDHL4, PCGF5 in MM1.S, and

KIAA0922 in NALM6, emerged as negative regulators of IFN-g

signaling and MHC-I expression (Figures 6C, 6E, 6F, and S6C).

Conversely, LOF of MYB in LP1 cells reduced both MHC-I and

MHC-II expression, indicating MYB as a positive regulator of an-

tigen-presentation genes (Figures 6C–6E and S7B). DEGs be-

tween KO and control cells were mostly concordant at different

time points tested inMM1.S cells (Figure S6D). However, disrup-

tion of IFN-g-JAK-STAT signaling had more pronounced effects

at the earlier 3 and 6 h time points and effects on MHC-I expres-

sion were evident only at 24 h, consistent with the previously

observed temporal pattern of MHC-I induction (Figure 2E).

We integrated our CRISPR data with those on MHC-I regula-

tors by Dersh et al.56 (Figure S7D). LOF of ARID1A, a negative

regulator of MHC-I in the BJAB cell line,56 concordantly

conferred resistance to NK cells in four of our genome-scale

screens. By contrast, KO of TRAF2 and CFLAR, also negative

regulators of MHC-I in Dersh et al. sensitized MM cells to NK

cells in our screens, suggesting alternate, disease-specific

mechanisms overriding the potential MHC-I modulation.
Figure 6. Single-cell transcriptomics CRISPR screens of cancer cell-in

(A) Single-cell CRISPR screening (CROP-seq) workflow.

(B) Genes targeted in CROP-seq experiments, divided into groups with at leas

targeting control cells in any of the conditions (no NK, NK 1:16, or NK 1:4), after

(C) UMAPs of CROP-seq data after linear discriminant analysis in the indicated c

(D) Volcano plots of differentially expressed genes with selected perturbations v

(E) Dot plot of genes differentially expressed in cancer cells (rows) where the ind

sgRNAs. Perturbed genes with at least 5 DEGs are shown. Only dots where p <

processes regulated by the perturbed genes are highlighted using dotted lines.

(F) Flow cytometry histograms of effects of JAK1 and YTHDF2 disruption on HLA

(G) Examples of transcriptional changes induced by CROP-seq perturbations wi

same genes. Perturbed cells are in dark yellow, controls in light yellow. Boxplots

See also Figures S6 and S7 and Table S7.
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Among potential mechanisms distinct from MHC-I regulation,

disruption of NFKBIA and TRAF2 in MM1.S caused increased

expression of the death receptor FAS, which promoted NK cell

susceptibility in the MM1.S CRISPR screen (Figures 6D, 6E, and

S7B). GSK3B and MYB LOF in LP1 downregulated CFLAR, a

negative regulator of death receptor signaling and NK cell resis-

tance gene identified in the CRISPR screens (Figures 6D, 6E,

andS7B).CMIPdisruption inNALM6downregulatedCD48, which

is a ligand for the activating receptor 2B4 and promotes NK cell

responsiveness of NALM6 cells (Figures 6E and S7B).

Our CROP-seq studies also identified other perturbation-

induced transcriptional events, not necessarily involving CRISPR

screen hits, which could influence tumor-NK cell interactions. In

SUDHL4 cells, LOF of the death receptor apoptosis mediators

FADD or CASP8 inhibited the NK cell-induced NF-kB activation

(Figures 6E and S7C). In addition to mediating apoptotic signals,

FADD and CASP8 thus appear to regulate the transcriptomic

response to NK cell attack.57,58 By contrast, silencing of TRAF2,

NFKBIA, orNFKBIB inMM1.S cells induced knownNF-kB targets

(Figures 6D, 6E, and S7A), such asBIRC3 andCD70, and the che-

mokines CXCL10 and CCL5,59,60 which may further increase T

and NK cell recruitment.61–64 Silencing of CMIP in the pre-B-ALL

cell line NALM6 led to increased expression of DNTT (TdT) and

CD9, markers of early pro-B cells, and concomitant downregula-

tion of genes expressed in more differentiated pro-B cells,

including CD79A, VPREB1, and VPREB3 (Figures 6E, S6D, and

S7A). Amore immature B cell state repressed byCMIPmay there-

fore drive resistance to NK cell killing.

Next, we asked whether mutations in NK cell susceptibility

genes in patient tumor cells are associated with transcriptomic

alterations similar to those observed by CROP-seq. We

compared the DEGs of each perturbation in CROP-seq with

DEGs between patients with and without mutations in the

same gene (Figures 6G and S7E). MM patients with mutations

in the NF-kB negative regulators TRAF2 and NFKBIA expressed

higher levels of NF-kB target genes also identified experimen-

tally by CROP-seq (Figures 6G and S7E). Moreover, MMpatients

with NLRC5 mutations had lower HLA-E expression consistent

with CROP-seq data (Figures 6G and S7E), indicating that

although rare, NLRC5mutations in MMmay result in an NK-sen-

sitive phenotype (Figure 6G).

Cancer-cell intrinsic perturbations modulate NK cell
transcriptomic states
We examined whether perturbing CRISPR screen hits in cancer

cells could influence the NK cell activation states (Figure 7A). To
trinsic NK cell sensitivity regulators

t or less than five differentially expressed genes (DEGs) compared with non-

24 h co-culture.

ell lines at 1:16 effector-to-target ratio.

ersus control sgRNA-expressing cells.

icated genes (columns) are perturbed compared with cells expressing control

0.05 are shown, circled dots indicate adjusted p < 0.05. Selected molecular

-ABC surface expression.

th consistent changes in MM patients (CoMMpass) harboring mutations in the

displayed as in Figure 1E; dots indicate individual patient samples.
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quantify the effects of the target cell KOs on NK cell activation,

we computed an activation score for each NK cell, comprising

50 genes most significantly enriched in the activated NK cell

state (Figure 7B), and mapped the NK cells from the present

experiment to the UMAP dimensionality reduction from the orig-

inal co-culture experiment (Figure 7C). Resistance-inducing per-

turbations (e.g., LOF of CD58 in K562 cells or of CMIP and

SPPL3 in NALM6 cells) decreased NK cell activation scores

(compared with non-targeting control sgRNAs in respective

lines) (Figure 7B) and prevented NK cell transition from resting

to activated state (Figure 7C). By contrast, JAK1 LOF induced

stronger NK cell activation, consistent with its sensitizing effect

(Figures 7B and 7C). Collectively, the perturbation-induced tran-

scriptional changes both in NK and target cells offer plausible

mechanisms for how the genes identified in CRISPR screens

control sensitivity to NK cells and provide a comprehensive

resource of other immunoregulatory effects (Figure 7D).

DISCUSSION

In this study, we comprehensively examined the molecular

changes induced by the interaction of NK cells with malignant

hematopoietic target cells at single-cell resolution, assessed

cancer-type sensitivities to NK cells by PRISM profiling, and

identified genes and pathways affecting NK cell susceptibility

via CRISPR screens. A key finding is the diversity of mechanisms

influencing NK cell susceptibility across different cancers, high-

lighting the importance of considering cancer subtypes and ge-

netics for personalized NK cell-based therapies.

The diverse adaptive, interaction-induced responses reflected

the heterogeneity, with different tumor cell lines causing NK cells

to transition to various activated states ranging from significant

shifts to minimal changes. The NK cell states emerged both in

expanded and unexpanded PBMC-derived NK cells upon tumor

cell exposure. The activated state included genes encoding re-

ceptors, such as 4-1BB, OX-40, and CRTAM, which are induced

by NK cell activation.65–67 The IFN-I state resembles IFN-I-re-

sponding cells9 and inflamed NK cells,10 enriched in IFN-I-high

inflammatory conditions, such as severe COVID-19 infec-

tion.68,69 The cytokine state has been described before in non-

expanded NK cells and sometimes referred to as active NK

cells.10,69 Given its low presence in unchallenged NK cells, this

stage may signify cells primed for response but not yet fully acti-

vated because the subsequent activated states are absent in un-

challenged NK cells. As the tumor-induced states correlated

with increased cytotoxicity against target cells, interventions

promoting the activated state, such as agonistic antibodies for

activating immune checkpoint receptors, could improve NK

cell immunotherapies. Some of the receptors induced in the acti-
Figure 7. Effects of cancer cell perturbations on NK cell activation sta

(A) Workflow of identification of NK cell responses to cancer cells carrying differe

(B) Boxplot of NK cell activation scores (top 50 genes enriched in the activated sta

each perturbation and the cell line-specific control are obtained usingWilcoxon ra

Figure 1E.

(C) UMAPs of NK cells cultured alone or co-culturedwith K562 cells expressing the

in different regions of the UMAP reduced space. Gray shading in the background

shown on the right for reference.

(D) Summary tables of key findings from single-cell transcriptomics assays on pe
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vated (TIM-3, TIGIT, and possibly also 4-1BB65 and GITR70) and

IFN-I (LAG3) states inhibit NK cell function, and blocking these

could further augment the function of NK cells.

The gene signature recurrently induced in cancer cells in

response to NK cell exposure, reflecting IFN-g signaling and

MHC-I, is consistent with a negative feedback loop suggested in

early studies.71,72 Our single-cell CRISPR data confirm the role

of IFN-g signaling through JAK-STAT. When NK cells lack inhibi-

tory KIRs (e.g., in the NK-92 cell line73), their activity against target

tumor cells (e.g., the K562 line) may not be enhanced by loss of

IFN-g signaling,74 consistent with this effect being mediated by

KIR-MHC interactions. The IFN-I signature induced in a subset of

cell lines may reflect the IFN-stimulated resistance signature

described previously to mediate immunotherapy resistance.75,76

The same transcriptomic signature that was induced in cancer

cells upon NK cell attack correlated with resistance to NK cells

across blood cancer cell lines. Pre-existing activation of adap-

tive resistance pathways may therefore explain primary resis-

tance of cancer cells to NK cells. Conversely, as defects in

IFN signaling and antigen presentation cause resistance to

T cells,77,78 NK cells could offer an effective and individualized

alternative. In addition, because JAK1 KO in myeloid leukemia

cells strongly potentiated the NK activation signature, pharma-

cological inhibition of the JAK-STAT pathway is an interesting

treatment option for future combination therapies with NK cells.

Our findings challenge the notion that expression of activating

ligands for NK cells is a general feature of transformed cells

(‘‘altered-self’’). Instead, the cancer type, lineage, and genomics

appear to jointly define the expression patterns. Key activating

ligands, including NCR3LG1, PVR, and ULBP1, were highly ex-

pressed in myeloid as opposed to lymphoid leukemias, consis-

tent with AML being sensitive compared with pre-B-ALL as pre-

viously suggested.79 Furthermore, NCR3LG1, identified also in

previous CRISPR screens in the myeloid K562 cells and colo-

rectal cancer lines21,74 promoted NK cell cytotoxicity in myeloid

leukemias but not lymphoid cancers. Consistently, an immature

phenotype less differentiated toward the myeloid lineage may

enable evasion from NK cells in AML.80,81 As genes encoding

activating ligands, such as PVR, or apoptotic mediators, such

as TNFRSF1B, were highly expressed also in the normal coun-

terparts of myeloid malignancies, the observed expression

pattern may originate from normal hematopoietic differentiation

rather than being a feature acquired upon transformation.

In addition, our findings implicate genomic subtypes of blood

cancers with NK cell evasion. In T-ALL, the activating ligands

PVR and ULBP1 exhibited low expression in the less differenti-

ated NK-resistant TLX-driven subtypes. CFLAR expression

driving NK resistance in TRAF3-altered MM and high MHC-I

expression in the WHSC1 subtype represent further examples
tes

nt perturbations using single-cell transcriptomics.

te) in single NK cells across different target cell perturbations. p values between

nk sum test with Benjamini-Hochberg adjustment. Boxplots are displayed as in

indicated sgRNAs. Contour lines and their color indicate the density of NK cells

shows the density of all NK cells from Figure 1B. Clusters from Figure 1B are

rturbation effects both in the target cells (CROP-seq) and in NK cells.
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of NK cell evasion driven by the genetic makeup of the cancer

cells. Given that CFLAR can influence sensitivity of cancer cells

not only to NK cells but also T cells,19,82 this finding may have

relevance to immunotherapy sensitivity beyond NK cells.

Our CRISPR screens also implicated many previously

underappreciated gene classes in the regulation of NK cell re-

sponses, including mucins, fucosylation/glycosylation regula-

tors, glycoproteins, and a range of transcriptional regulators.

The decreased NK cell cytotoxicity caused by MUC1 overex-

pression is consistent with a recent report that MUC1 C-terminal

transmembrane subunit suppresses NK cell killing via MICA/B

repression in mucin-expressing solid tumors.83 Although our

screens in the MM cell lines LP1 identified the core fucosylation

genes FUT8, GMDS, and SLC35C1, previous screens in colo-

rectal cancer cell lines identified another glycosylation enzyme,

SLC35A2, as a driver of resistance to NK cells.21 The influence

of core fucosylation on human IgG1 Fc affinity for the FcgRIII is

previously documented, and glycoengineering of monoclonal

antibodies to reduce core fucosylation has proven effective in

enhancing ADCC (antibody-dependent cellular cytotoxicity).84,85

The glycosylation regulator SPPL3, heavily glycosylated mucins,

and the recently identified Siglec-7 ligands SPN (CD43) and

SELPLG (PSGL-1)86,87 point toward an important role for glyco-

sylation in the interactions of NK cells with cancer cells. The he-

matopoietic lineage-driven expression of some of these NK cell

regulators (SPN and SELPLG) support that blood cancers may

interact with NK cells in a distinct way compared with solid tu-

mors, potentially because they originate from immune cells natu-

rally interacting with NK cells.

Intact death receptor signaling was important for NK cell

responsiveness of several cell lines but redundant in others

such as K562, highlighting the heterogeneity in apoptotic mech-

anisms among NK-sensitive tumor lines. The reliance on distinct

apoptotic pathways in different cancers may impact approaches

to sensitize tumors to NK cells, including BH3mimetics.88 As the

death receptor pathway can alsomediate bystander killing,89 the

differential sensitivity of cancers may influence the efficacy of

both NK and T cell immunotherapies.

In summary, our study provides a comprehensive picture of

the adaptivemolecular changes in interacting NK and blood can-

cer cells and molecular mechanisms of response and resistance

to NK cell cytotoxicity. These molecular profiles offer a resource

informing efforts to develop personalized NK cell immuno-

therapy strategies for hematological malignancies.

Limitations of the study
Our single-cell analyses of interaction-induced cell states,

including CROP-seq studies, relied on transcriptomics, warrant-

ing cell-surface proteomic studies of these states. Our PRISM

and CRISPR studies included 63 and 7 cell lines, respectively,

from different blood cancer types, but somemore rare blood can-

cer types were not represented. Because many of the hits in our

screens were found only in some cell lines, our data stress the

importance of large unbiased screens in diverse cancer types.

We anticipate our findings on the heterogeneity between cancer

types to stimulate similar efforts in other infrequent malignancies.

We envision our findings to encourage more frequent sampling

during in vivo adoptive cell transfer in patients to capture the

changes occurring immediately upon NK-cancer cell interaction.
STAR+METHODS

Detailed methods are provided in the online version of this paper

and include the following:

d KEY RESOURCES TABLE

d RESOURCE AVAILABILITY
B Lead contact

B Materials availability

B Data and code availability

d EXPERIMENTAL MODEL AND STUDY PARTICIPANT

DETAILS

B Cell lines

B Primary NK cell isolation and expansion

d METHOD DETAILS

B Co-culture assays with multiplexed scRNA-seq

readout

B Cytokine analysis

B Pooled PRISM screen of NK cell cytotoxicity against

DNA-barcoded cancer cell lines

B Genome-scale CRISPR-Cas9-based gene editing or

gene activation screens

B CRISPR screens with focused sgRNA library

B Individual gene validations

B Analysis of CRISPR screen hit mutations and gene

expression

B Multi-omics correlations with PRISM-based NK cell

sensitivity

B Patient genomic data analysis

B Single-cell transcriptomics CRISPR screens

d QUANTIFICATION AND STATISTICAL ANALYSIS

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.

immuni.2023.11.008.

ACKNOWLEDGMENTS

We thank Prof. Yenan Bryceson and Drs. Mikko Ker€anen, Oscar Br€uck, Mikko

Myllym€aki, Sofie Lundgren, Leo Meriranta, and Francesca De Lorenzo for

insightful comments. We acknowledge the Biomedicum Sequencing Labora-

tory and Virus Core supported by the Biocentrum Helsinki; the Helsinki Insti-

tute of Life Science (HiLIFE), the Biomedicum Helsinki Flow Cytometry Core

Unit, and the FIMM Single-Cell Analytics and Sequencing units supported

by HiLIFE and Biocenter Finland; the Finnish Red Cross Blood Service bio-

bank; and the Team 11 of the Centre de Recherche en Cancérologie et Immu-
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TotalSeq�-A antibodies BioLegend

See Table S1B for

HTO sequences

Cat# 394601-29 RRID:AB_2750015 to AB_2750028

Bacterial and virus strains

ElectroMAX Stbl4 Competent Cells Invitrogen Cat# 11635018

Endura ElectroCompetent Cells Lucigen Cat# 60242-1

Biological samples

Human PBMCs Finnish Red Cross

Blood Service

N/A

Human PBMCs Specimen Bank Brigham

and Women’s Hospital

N/A

Chemicals, peptides, and recombinant proteins

Cell Culture Phosphate Buffered Saline (PBS) Corning Cat# 21040CV

Fetal Bovine Serum Tetracycline Negative (FBS) Gemini Bio-Products, Cat# 100-800

Bovine Serum Albumin New England Biolabs Cat# B9000S

RPMI 1640 Gibco Cat# 11875119

RPMI 1640 Medium, no phenol red Gibco Cat# 11835030

GMP SCGM Cellgenix Usa Cat# 20802-0500

GlutaMAX, 200 mM Gibco Cat# 35050061

Human recombinant IL-2 R&D Systems Cat# 202-IL-050

RBC Lysis Buffer for Human Red Blood Cells VWR Cat# IBB-197

Trypsin-EDTA (0.05%), phenol red Gibco Cat# 25300120

Opti-MEM I Reduced Serum Medium Gibco Cat# 31985070

Hepes Gibco Cat# 15630080

Lipofectamine 2000 Thermo Fisher Scientific Cat# 11668030

Polybrene Sigma Aldrich Cat# TR-1003-G

Puromycin Dihydrochloride Thermo Fisher Scientific Cat# BP2956100

Blasticidin Gibco Cat# R21001

Ampicillin Sigma Aldrich Cat# A5354

Penicillin-Streptomycin Solution Corning Cat# 30001CI

(Continued on next page)
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2F-Peracetyl-Fucose Sigma Aldrich Cat# 344827

Lens Culinaris Agglutinin (LCA) fluorescein Vector Cat#FL-1041-5

Calcein AM Invitrogen Cat# C1430

Calcein AM DW buffer R&D systems Cat# 4892-010-02

NP40 cell lysis buffer Invitrogen Cat# FNN0021

QIAGEN Proteinase K Qiagen Cat# 19133

TWEEN-20 Sigma Aldrich Cat# P9416

Human TruStain FcX� BioLegend Cat# 422302

Cell Staining Buffer BioLegend Cat# 420201

Critical commercial assays

Blood & Cell Culture DNA Midi Kit Qiagen Cat# 13343

Blood & Cell Culture DNA Maxi Kit Qiagen Cat# 13362

QIAquick Gel Extraction Kit Qiagen Cat# 28706

QIamp DNA Mini Kit Qiagen Cat# 51304

MycoAlert KIT Lonza Cat# LT07-710

CellTiterGlo Promega Cat# G7572

One-Glo� Luciferase Assay System Promega Cat# E6120

Phusion High-Fidelity PCR Master Mix with

HF Buffer

New England Biolabs Cat# M0531L

NK Cell Isolation Kit, human Miltenyi Biotec Cat# 130-092-657

RosetteSep Human CD3 Depletion Cocktail StemCell Technologies Cat# 15661

Bio-Plex Pro Human Cytokine 27-plex Assay BioRad Cat# M500KCAF0Y

Chromium Next GEM Single Cell 3’ Kit v3.0

and v3.1

10x Genomics PN-1000268

Chromium Next GEM Chip G Single Cell Kit 10x Genomics PN-1000127

Dual Index Kit TT Set A 10x Genomics PN-1000215

Experimental models: Cell lines

Lenti-X� 293T Cell Line Takara Bio Cat# 632180

KHYG1 DSMZ Cat# ACC 725 RRID:CVCL_2976

MM1.S-Cas9 B. Ebert’s lab N/A

KMS11-Cas9 Broad Institute, MIT N/A

LP-1-Cas9 Broad Institute, MIT N/A

LP-1-dCas9/VP64 Broad Institute, MIT N/A

KMS11-dCas9/VP64 Broad Institute, MIT N/A

K562-Cas9 This study N/A

MOLM14-Cas9 This study N/A

SUDHL4-Cas9 This study N/A

NALM6-Cas9 Dufva et al.18 N/A

K562-luc This study N/A

SUDHL4-luc Dufva et al.18 N/A

NALM6-luc Dufva et al.18 N/A

K562-mbIL21-41BBL Kiadis, a Sanofi Company Cat# CSTX-002

PRISM cell line panel Broad Institute, MIT see Table S3

Cell line panel used in co-culture scRNA-seq N/A see Table S1

Oligonucleotides

Genome-scale CRISPR screen primers See Table S4 tab Primers N/A

Focused library CRISPR LOF sgRNAs See Table S4 tab P N/A

Single gene validation CRISPR LOF sgRNAs See Table S4 tab Q N/A

(Continued on next page)
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CROP-seq sgRNAs See Table S6 N/A

Recombinant DNA

lentiCas9-Blast Addgene Cat# 52962 RRID:Addgene_52962

lentiGuide-Puro Addgene Cat# 52963 RRID:Addgene_52963

psPAX2 Addgene Cat#12260 RRID:Addgene_12260

pMD2.G Addgene Cat# 12259 RRID:Addgene_12259

pCMV-VSV-G Addgene Cat#8454 RRID:Addgene_8454

Lenti dCAS9-VP64_Blast Addgene Cat# 61425 RRID:Addgene_61425

Brunello human library Addgene Cat# 73178 RRID:Addgene_73178

Human CRISPR Activation Pooled sgRNA

Library (Calabrese library)

Addgene Cat# 92377; 92378

GeCKO v2 human library Addgene Cat# 1000000049

pLenti PGK V5-LUC Neo (w623-2) Addgene Cat# 21471 RRID:Addgene_21471

CROPseq-Guide-Puro Addgene Cat# 86708 RRID:Addgene_86708

CROP-sgRNA-MS2 Addgene Cat# 153457 RRID:Addgene_153457

lentiCRISPRv2 Addgene Cat# 52961 RRID:Addgene_52961

Software and algorithms

cutadapt (v.1.9.1) https://github.com/marcelm/

cutadapt/; bowtie2 Lagmead

et al.

https://sourceforge.net/projects/bowtie-bio/

PRISM 8 GraphPad https://www.graphpad.com

FlowJo (v9.7.6) Tree Star https://www.flowjo.com/

MAGeCK (v0.5.2 and v0.5.7) Li et al.90 https://sourceforge.net/projects/mageck/

RStudio Integrated Development

for R. RStudio, PBC,

Boston, MA

http://www.rstudio.com/

Cell Ranger (v3.1 and v6.0.2) 10x Genomics N/A

bcl2fastq (v2.2.0) Illumina N/A

CITE-seq-Count Stoeckius et al.22 https://hoohm.github.io/CITE-seq-Count/

Bioconductor (v3.13) N/A http://www. bioconductor.org/

ggplot2 N/A https://ggplot2. tidyverse.org

ComplexHeatmap Gu et al.91 https://bioconductor.org/packages/

release/bioc/html/ComplexHeatmap.html

MSigDB Subramanian et al.92 https://www.gsea-msigdb.org/gsea/

msigdb

fgsea Korotkevich et al.93 https://bioconductor.org/packages/

release/bioc/html/fgsea.html

R R Core Team https://www.r-project.orgs

Seurat (v4.0.4) Stuart et al.94 https://cran.r-project. org/web/

packages/Seurat/index.html

umap McInnes et al.95 https://github.com/lmcinnes/umap

SingleR (v1.6.1) Aran et al.96 https://github.com/dviraran/SingleR

CellPhoneDB Efremova et al.37 https://github.com/ Teichlab/cellphonedb

velocyto (v0.17.17) La Manno et al.33 https://velocyto.org/

scVelo (v0.2.5) Bergen et al.97 https://scvelo.readthedocs.io/en/stable/

GSVA (v1.24.0) H€anzelmann et al.98 https://bioconductor.org/packages/

release/bioc/html/GSVA.html

DescTools (v0.99.43) N/A https://cran.r-project.org/web/

packages/DescTools/index.html

(Continued on next page)
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survival (v3.5-5) N/A https://cran.r-project.org/web/

packages/survival/index.html

OrderedList (v1.64.0) N/A https://www.bioconductor.org/

packages/release/bioc/html/

OrderedList.html

Deposited Data

Raw sequencing data from co-culture

scRNA-seq and CROP-seq experiments

This study EGA: EGAS00001007272

Processed data from co-culture

scRNA-seq and CROP-seq experiments

This study ArrayExpress: E-MTAB-13204

Genome-wide CRISPR screen data This study Synapse https://doi.org/10.7303/

syn52600685

CCLE multi-omic data Barretina et al.38;

Ghandi et al.39
https://depmap.org/portal/

download/all/

DLBCL gene expression, genetic alteration,

and clinical data

Reddy et al.35 EGA: EGAS00001002606

DLBCL gene expression, genetic alteration,

and clinical data

Chapuy et al.99 GEO: GSE98588

TCGA AML and DLBCL TCGA Research Network dbGaP: phs000178.v8.p7

CoMMpass MM gene expression, genetic

alteration, and clinical data

Manojlovic et al.100 https://research.themmrf.org/rp/

download

T-ALL gene expression, genetic alteration,

and clinical data

Liu et al.52 dbGaP: phs000218.v26.p8

T-ALL methylation data Roels et al.53 GEO: GSE155333

CRISPR screening data of MHC-I regulators Dersh et al.56 N/A

Normal cell type gene expression data from

Blueprint and ENCODE

Stunnenberg et al.101;

Dunham et al.102
https://github.com/dviraran/SingleR/

blob/master/data/blueprint_encode.rda

Patient survival data from Hemap dataset Pölönen et al.103;

Dufva, Pölönen et al.104
Synapse https://doi.org/10.7303/

syn21991014;http://hemap.uta.fi
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to andwill be fulfilled by the lead contact, SatuMust-

joki (satu.mustjoki@helsinki.fi) and the co-corresponding author Constantine Mitsiades (constantine_mitsiades@dfci.harvard.edu).

Materials availability
Materials are available upon request from the lead contact. This study did not generate new unique reagents.

Data and code availability
The results of the study can be interactively explored at: https://immunogenomics.shinyapps.io/nkheme/. Raw scRNA-seq data

generated in this study are available at EGA: EGAS00001007272) Processed scRNA-seq data are available at ArrayExpress:

E-MTAB-13204. Genome-scale CRISPR screen data (sgRNA count matrices) are available at Synapse: syn52600685 (https://

doi.org/10.7303/syn52600685). Scripts used for data analysis are available at GitHub (https://github.com/odufva/nk-

bloodcancer). This paper analyzes existing, publicly available data. The accession numbers for the datasets are listed in the

key resources table.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cell lines
PL-21, GDM-1, SKM-1, and OCI-M1 cells were cultured in IMDM medium (Gibco) with 10% heat-inactivated fetal bovine serum

(FBS), 2 mM L-glutamine, and 100 U/ml penicillin with 100 mg/ml streptomycin (PS). All other cell lines were cultured in R10 medium:

RPMI-1640 with 10% FBS, 2 mM L-glutamine, and PS. All cultures were incubated at 37�C with 5% CO2.

PRISM cell line pools were cultured in phenol red-free RPMI 1640 medium with 20% FBS and PS.
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KHYG1 cells were cultured in RPMI-1640 with 10% FBS (20% for first passage upon thawing as per manufacturer’s instructions),

1% PS and 100 IU/ml of human recombinant IL-2 (R&D Systems, 202-IL-050). Cells were used at low passage numbers, in order to

avoid the outgrowth of growth factor independent subclones.

To generate SpCas9-expressing K562, SUDHL4, NALM6, and MOLM14 cells, the cells were transduced with virus produced

using the lentiCas9-EGFP plasmid (a gift from Phil Sharp & Feng Zhang, Addgene plasmid # 63592), single-cell sorted using a

Sony SH800 cell sorter, and a clone with high and uniform EGFP expression was selected for screening. The MM1.S-SpCas9+

cells were generated and kindly gifted by the laboratory of Dr Benjamin Ebert (DFCI). KMS11-SpCas9+ cells and LP1-SpCas9+

cells (transduced with pLX 311-Cas9 construct, Addgene plasmid # 96924) were obtained from the Broad Institute. MM1.S,

KMS11, and LP1 cells were transduced with the lentiviral construct dCAS-VP64_Blast (Addgene plasmid # 61425) for CRISPR

activation screens.

Luciferase-expressing K562 (K562-luc) cells were generated using the pLenti PGK V5-LUC Neo (w623-2) construct as previously

described for NALM6 (NALM6-luc)18 The generation of luciferase-expressing SUDHL4 (SUDHL4-luc) cells has been previously

described.18

All cell lines were STR profiled and tested for Mycoplasma using the MycoAlert kit (Lonza).

Primary NK cell isolation and expansion
Expansion with feeder cells

NK cells were expanded using K562-mbIL21-41BBL feeder cells (CSTX-002, provided by Kiadis, a Sanofi Company) as previously

described.23 Briefly, PBMCswere isolated from buffy coats of healthy donors using Ficoll-Paque gradient centrifugation. Buffy coats

were obtained from the Finnish Red Cross Blood Service in accordance with the Declaration of Helsinki and the Helsinki University

Hospital ethics committee (permit number 303/13/03/01/2011). Fivemillion PBMCswere suspended in 40ml R10 supplementedwith

10 ng/ml recombinant human IL-2 (R&D Systems, 202-IL-050) together with 10 million K562-mbIL21-41BBL feeder cells irradiated

with 100 Gy. Cells were passaged twice a week and feeder cells were added in a 1:1 ratio after 7 days. After 14 days of culture, NK

cells were purified using the NK Cell Isolation Kit (Miltenyi) and frozen. NK cells from various donors were thawed and cultured for

5 days in R10 + IL-2 prior to genome-scale CRISPR screens (K562, MOLM14, SUDHL4, NALM6). For all multiplexed scRNA-seq

and CROP-seq experiments, NK cells were thawed and cultured 3 days prior to the experiments.

Expansion without feeder cells

PBMCs were isolated from consenting healthy donors. Buffy coats were obtained from the Specimen Bank Brigham and Women’s

Hospital in accordance with the Declaration of Helsinki (study #T0311). CD3+ cells were depleted using the negative selection cock-

tail RosetteSep (STEMCELL Technologies Inc.) according to the manufacturer’s instructions. CD3-negative PBMCs were then

seeded in 6-well plates at a density of 1x106 cells/ml in GMPSCGMmedia (CellGenix) with 10%heat-inactivated FBS, 1%Glutamax,

200 IU/ml of recombinant human IL-2 (R&D Systems, 202-IL-050) and expanded for 10 – 14 days. Expanded NK cells from PBMCs

from the same donor (donor NK12) were used in the genome-scale and focused-library screens with MM1.S, LP1, and KMS11 cells

and the PRISM screen. Flow cytometry was performed to verify primary NK cell viability, purity (anti-CD56-PECy7 and anti-CD3-

FITC), and expression of NKp46 receptor (anti-NKp46-APC).

METHOD DETAILS

Co-culture assays with multiplexed scRNA-seq readout
Experiments and scRNA-seq library preparation

For the experiment involving 26 cell lines from different hematologic cancers, each cell line was plated separately at 500,000 cells/

well on a 24-well plate and day 17 feeder cell-expanded NK cells (1:4 effector-to-target ratio) or NK cells directly extracted from

PBMCs (1:2 effector-to-target ratio, donor NK1) or only R10 culture medium (targets only) were added, resulting in a total volume

of 1 ml R10. Experiments were performed in batches of 13-14 cell lines, and wells with only NK cells were included (Table S1B). After

24 h co-culture, we labeled the cells from each monoculture or co-culture condition with oligonucleotide-conjugated antibodies

against ubiquitously expressed surface proteins (with different oligonucleotide for each mono- or co-culture), enabling multiplexing

in the scRNA seq using the cell hashing method.22

For the time-course experiment, expanded NK cells from donor NK1 were plated at 1:4 effector-to-target ratio with the indicated

cell lines as above for 24, 12, 6, 3, 1, and 0 h prior to cell collection and staining with the cell hashing antibodies. For the culture media

transfer experiment, expanded NK cells from donor NK1 were first co-cultured at 1:4 effector-to-target ratio with the target cell lines

for 24 h (1.25 million NK cells and 5 million target cells in a T-25 flask with a total of 10 ml culture medium) and culture media at 24 h

were collected, centrifuged for 5 min at 300 g to pellet remaining cells, and media were added to either untreated NK cells or un-

treated target cells. After 24 h culture in the presence of the conditioned media, cells were stained with the cell hashing antibodies

and processed for scRNA-seq. For the experiment involving CRISPR-targeted cell lines, day 17 feeder cell-expanded NK cells were

used at an 1:1 effector-to-target ratio.

After incubation in 37�C and 5% CO2, cells from each well were washed 2-3 times with 10 ml PBS, resuspended in 100 ml Cell

Staining Buffer (BioLegend), 10 ml TruStain FcX blocking reagent (BioLegend) was added, and cells were blocked for 10min. A unique

TotalSeq-A hashing antibody (BioLegend) was added to each sample (1-2 ml/1-2 mg per sample) and cells were incubated for 30 min

at +4�C covered from light. Cells were then washed 3-5 times with 3 ml staining buffer and samples were combined in 1 ml staining
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buffer, centrifuged, resuspended to PBS + 0.04% bovine serum albumin (BSA) and proceeded to scRNA-seq. The Chromium Single

Cell 3’RNAseq run and library preparations were done using the 10x Genomics Chromium Next GEM Single Cell 3’ Gene Expression

version 3.1 Dual Index chemistry with the modifications described in Stoeckius et al.,22 https://cite-seq.com/ and according to the

slightly improved protocol described in www.biolegend.com/en-us/protocols/totalseq-a-antibodies-and-cell-hashing-with-10x-

single-cell-3-reagent-kit-v3-3-1-protocol. Approximately 15,000 cells were targeted per each 10x lane (GEMwell) containing hashed

samples from 13 cell lines (cultured either alone or with NK cells, with separate GEM wells for each treatment group). Thus, approx-

imately 1,000-1,200 cells were targeted for sequencing from each cell line mono/co-culture. The 3’ GEX and Cell Hashing (multiplex-

ing) libraries were sequenced using Illumina NovaSeq 6000 system using read lengths: 28bp (Read 1), 10bp (i7 Index), 10bp (i5 Index)

and 90bp (Read 2).

Data analysis

Data preprocessing was performed using 10x Genomics Cell Ranger v6.0.2 pipelines. The ‘cellranger mkfastq’ was used to produce

FASTQ files and ‘cellranger count’ to perform alignment, filtering, and UMI counting. The Illumina bcl2fastq v2.2.0 was used to run

mkfastq and alignment was done against human genome GRCh38. Count matrix for hashtag oligonucleotides (HTO) was generated

using the CITE-seq-Count-tool (DOI: 10.5281/zenodo.2590196).22

The R package Seurat (v4.0.4)94 was used for further scRNA-seq data processing. Cells with > 15% mitochondrial gene

counts, > 50%or < 5% ribosomal gene transcripts, < 700 UMI counts, or < 300 or > 10,000 detected genes were filtered out. Hashtag

oligonucleotide (HTO) demultiplexing to classify cells to samples was performed on centered log-ratio-normalized HTO UMI counts

using the HTODemux function in Seurat with a positive quantile of 0.99. Sample IDs based on HTO data were transferred to transcrip-

tome data and only cells classified as singlets based onHTODemuxwere considered for further analyses. Across the 193 scRNA-seq

samples from the experiments using the 26-cell line panel, we obtained a total of 128,621 cells classified as singlets based on hash-

tag barcodes (666 cells per sample on average), including 13,983 NK cells (104 cells per sample on average) and 114,638 target cells

(645 cells per sample on average).

After log-normalization, the highly variable geneswere calculatedwith the FindVariableFeatures function using the ‘‘mean.var.plot’’

selection method in Seurat. Data were scaled and the effect of the cell cycle was corrected using the ScaleData function with scores

assigned to each cell using the CellCycleScoring function with G2/M and S phase markers provided in Seurat. Clusters were defined

using the FindClusters function with resolution set to 0.8 and cell types were annotated using SingleR.96 Clusters comprising NK cells

were identified and subsequent analyses were focused only on expanded or non-expanded NK cells (NK cell clusters) or cancer cells

(all other clusters). The UMAP dimensionality reduction95 with default parameters was calculated using RunUMAP with the top 20

principal components (PCs).

For the analysis focusing onNK cells (either expanded or non-expandedNK cells), data were re-scaled and the cell cycle effect and

batch (resulting from performing the experiments in two batches) were corrected for using the ScaleData function in Seurat. To iden-

tify the clusters shown in Figure 1B, only expanded NK cells from donor NK 1 (harboring an adaptive NK cell population) were used.

Clusters were defined using the FindClusters function with resolution set to 0.3, and the UMAP was calculated from the top 20 PCs.

Cells from all other donors (NK2-NK6) were mapped to these clusters using the FindTransferAnchors and MapQuery functions in

Seurat. Differentially expressed genes between clusters were obtained with a Student’s t-test followed by Bonferroni correction us-

ing the FindAllMarkers function in Seurat. Marker genes for each cluster were selected from the genes significantly overexpressed in

each cluster compared to other clusters based on significance with regard to NK cell biology and listed in Figures 1B and 1G. For

Figure 1G, cells were downsampled to 200 cells per cluster and scaled expression levels of selected genes were plotted.

RNA velocity (the abundances of spliced and unspliced reads) were analyzed with velocyto33 (v 0.17.17) with GRCh38 build

with default parameters. The RNA velocity estimates were then analyzed with scVelo97 (v0.2.5) with the default model (stochas-

tic) with default parameters, and the resulting velocity vector fields were visualized on the precalculated UMAP space of the

spliced reads.

For the analysis focusing on cancer cells, differentially expressed genes between NK cell-treated (three different donors=three bio-

logical replicates) and untreated cells (two biological replicates) were obtained with a Student’s t-test followed by Bonferroni correc-

tion using the FindMarkers function in Seurat. Multiple testing correction was performed separately for each cell line comparison. For

the differential expression analysis across all cell lines (Figure 2B), 1,000 cells were subsampled from the treated and untreated cells.

For UMAP visualizations of each individual cell line, data were scaled, the cell cycle effect was regressed out using ScaleData, and

small clusters comprising less than 5% of cells (representing misclassified other cell lines) were removed. The UMAP dimensionality

reduction with default parameters was calculated from the top 20 principal components. The core NK cell response score was calcu-

lated using the AddModuleScore function in Seurat based on the 17 genes induced by co-culture with expanded NK cells inR 50%

of the cell lines (B2M, HLA-A, HLA-B, HLA-C, HLA-E, TAP1, TAPBP, STAT1, IRF1, PSMB8, PSMB9, PSME1, PSME2, UBE2L6,

MT2A, BST2, GNLY). To identify gene expression programs activated by NK cell attack in subsets of the cell lines, 200 genes

most variably induced across the blood cancer cell lines upon co-culture with expanded NK cells were hierarchically clustered using

Euclidean distance andward.D2 linkage (Figure S2A). Out of these genes, selected geneswere shown in Figure 2A, including the core

NK cell-induced genes (17 genes induced in at least 50%of the cell lines) and other genes induced in subsets of the cell lines grouped

based on functional categories. For Figure 2A, the cell lines were ordered based on the log2 fold change of a score comprising the

core NK cell-induced genes, and by cancer type in the order of median core NK-induced signature. The differential expression

was plotted as a dot plot with color indicating log2 fold change between conditions, dot size indicating the negative log10 of adjusted

p value, showing only dots where p < 0.05 are shown, with circled dots indicating adjusted p < 0.05.
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Ligand-receptor interactions were evaluated using CellPhoneDB37 with default parameters from each cell type subsampled to the

same number of cells. Interactionswere calculated between all NK cell clusters fromdonor NK1 and each cell line (both untreated and

NK cell-treated), and the significant interactions (p < 0.05 permutation testing) based on CellPhoneDB were considered for down-

stream analyses.

To compute the activation scores for the NK cells co-cultured with CRISPR-targeted cell lines, the AddModuleScore function in

Seurat was used on the 50 genes most significantly enriched in the activated cluster (cluster 2) in the cell line panel experiment.

When NK cells cultured with target cells expressing two different sgRNAs targeting the same gene were available, the NK cells

were pooled together for the analysis. Wilcoxon rank sum test was used to compare NK cells cultured with a gene-targeted cell

line to those cultured with the same cell line expressing non-targeting control sgRNAs. The normalized activation scores were ob-

tained by subtracting the median activation score of the same cell line control from the activation scores of the NK cells co-cultured

with gene-targeted cell lines. The NK cells co-cultured with CRISPR-targeted cell lines were projected onto the previously computed

UMAP visualization from the 26 cell line panel experiment using the FindTransferAnchors and MapQuery functions in Seurat.

Cytokine analysis
Culturemedia were collected from themono- or co-cultures at 24 h or indicated timepoints in the time course experiments and stored

at -70�C. Cytokine multiplex analysis was performed with the Bio-Plex Pro Human Cytokine 27-plex Assay (M500KCAF0Y, BioRad)

per the manufacturer’s instructions. Samples were analyzed with the Bio-plex 200 system (BioRad). Values outside the calibrated

range were marked as the lowest or highest measured value. To identify cytokines whose concentration is increased in the co-cul-

tures compared to cancer or NK cells cultured alone, the median concentration of each cytokine in NK cell monocultures was first

added to the cancer cell monocultures to achieve a concentration reflecting that produced by both cell types without their interaction

(’’artificial co-culture’’). The co-culture fold change was then calculated between the actual co-cultures and the artificial co-cultures

using the averages of replicate experiments performed using three different NK cell donors (same as in scRNA-seq experiments). In

heatmaps, color indicates concentration log2 fold change between a NK-cancer cell co-culture and the sum of a cell line cultured

alone and NK cells cultured alone. For the heatmap in Figure 2A, cytokines were hierarchically clustered using Spearman’s correla-

tion distance and ward.D2 linkage.

Pooled PRISM screen of NK cell cytotoxicity against DNA-barcoded cancer cell lines
PRISM is a platform that allows pooled screening of mixtures of cancer cell lines by labeling each cell line with 24-nucleotide barc-

odes as previously described.20 Briefly, 70 suspension blood cancer cell lines (Table S3) stably expressing DNA barcode sequences

were seeded in 6-well plates in 8 experimental replicates per condition. The cells were incubated in 5 ml PRISM growth medium

(RPMI-1640 without phenol red + 20% FBS + PS) for 24 h. At that point, primary NK cells were washed, resuspended in PRISM

growth medium and added to the PRISM cells in 4 different E:T ratios 5:1, 2.5:1, 1.25:1, and 0.625:1 (1 ml/well). Control wells

were added with the same volume of media only.

After 24 h co-culture, cells from each well were washed with PBS and incubated for 1 hour at 60�C in lysis buffer (1 ml per well),

prepared using double-distilled water with 10% PCR buffer (20mM Tris-HCL PH 8.4, 50mM KCL), 0.45% NP40, 0.45% TWEEN and

10% proteinase K. Genomic DNA from cell lysate was amplified, PCR product was hybridized to Luminex beads with covalently

attached antisense barcodes, and streptavidin-phycoerythrin addition, washing, and detection on Luminex FlexMap machines

was performed as previously described.20

Means of the eight experimental replicates of each cell line were calculated for each E:T ratio and percent viability values were

obtained by dividing the mean of each E:T ratio with the mean of the untreated control for each cell line multiplied by 100. Area under

the curve (AUC) values were calculated with the percent viability values using the AUC function in the DescTools (v0.99.43) R pack-

age. Three non-hematological cell lines included in the pool were removed from the analysis, the gastric adenocarcinoma cell lines

HUG1N andSNU1 and the Ewing sarcoma cell line CHLA57. Cell lineswith incomplete data at some E:T ratioswere similarly removed

from the analysis, resulting in a total of 63 evaluable cell lines.

Genome-scale CRISPR-Cas9-based gene editing or gene activation screens
We transduced cell lines from BCL (SUDHL4), B-ALL (NALM6), MM (MM1.S, LP1, KMS11), CML (K562), and AML (MOLM14) with

either the GeCKO v2 sgRNA library105 or the Brunello sgRNA library106 for loss-of-function (LOF) screens (see STAR Methods).

MM cell lines were also transduced with the gain-of-function (GOF) Calabrese library107 in order to uncover genes with low expres-

sion at baseline whose overexpressionmight alter the cancer cell response toNK cells. Pools of transduced tumor cells were then co-

cultured with IL-2-expanded donor-derived NK cells for a period ranging from a minimum of 24 hours to up to two weeks (Figure 4A;

Table S4). For the KMS11 and LP1 cells, also the KHYG1 NK cell line was used as effectors. After sequencing the sgRNA barcodes,

hits were identified using MAGeCK analysis comparing NK-treated cells to untreated cells.

Production of viral particles

CRISPR screens with genome-scale sgRNA libraries Brunello (CRISPR gene editing) and Calabrese (CRISPR activation): Lenti-X-

293T cells (Takara Bio) were plated in T-175 culture flasks (0.6x106 cells/ml) in DMEM (Life Technologies) with 10% FBS for 24 h.

After decanting the cell medium, OPTI-MEM (6 ml) and Lipofectamine 2000 (100 ml; Life Technologies) were added to each flask

plus packaging plasmids psPAX2 (20 mg) and MD2.G (10 mg) and plasmid preps of the Brunello sgRNA library or Calabrese sgRNA

library (20 mg per prep; lentiGuide-Puro). Plasmid preps for the Brunello and the Calabrese sgRNA libraries were purchased from
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Addgene (#73178 and #1000000111). The transfected Lenti-X-293T cells were incubated at 37ºC (20 min), topped up with fresh me-

dia (25 ml), and then refreshed again after 16 hours. Viral supernatants were collected after 24 h and stored at -80ºC prior to use.

CRISPR screens with GeCKO v2 genome-scale sgRNA library: The genome-scale GeCKO v2 sgRNA library in the lentiGuide-Puro

plasmid105,108 (a gift from Feng Zhang, Addgene # 1000000049) was amplified using Endura competent cells (Lucigen) according to

instructions provided by the Zhang lab and Lucigen as previously described.18 To produce lentivirus, 10 mg of both A and B library

plasmids were transfected into 293FT cells seeded on the previous day at 11.4 million cells/T-225 flask, together with 15 mg of

psPAX2 and 10 mg of pCMV-VSV-G using 100 ml Lipofectamine 2000 (Thermo Fisher Scientific) and 200 ml of Plus Reagent (Thermo

Fisher Scientific). After 6 h incubation, the culture medium was replaced with 30 ml of DMEMwith 10% FBS and 1%BSA. After 60 h,

the viral supernatant was harvested, filtered using a 0.45 mm filter, and stored in -70�C.
Lentiviral transductions with sgRNA libraries

Genome-scale CRISPR gene editing screens with Brunello sgRNA library: Transductions of MM1.S, KMS11, and LP1 cells were per-

formed in batches of 5x107 cells per library for three replicates. Cells were incubated (18 h) in cell medium containing polybrene (5 mg/

ml; Santa Cruz Biotechnology), 10mMHEPES (pH 7.4) (Gibco) and viral prep (30ml) diluted 1:1. Transduced cells were cultured at an

initial density of 1x106 cells/ml andwere treated with puromycin (1 mg/ml) for up to 5 days additional two days from transduction. After

stable transduction, pooled cells were plated at 40x106 cells per flask (T-175, 100 ml) to enable coverage of 500X and were sub-

cultured at three- to four-day intervals to prevent confluence. The cells were treated with primary NK cells in either duplicates or trip-

licates for 24 h before harvesting the cells.

Genome-scale CRISPR activation screens with Calabrese sgRNA library: Tumor cells (MM1.S, KMS11, and LP1) were transduced

in batches of 3x107 cells per sub-library in triplicates. Cells were incubated (18h) in cell medium containing polybrene (4 mg/ml; Santa

Cruz Biotechnology), 10mM HEPES (pH 7.4) (Gibco) and viral prep (30 ml) diluted 1:1. Transduced cells were cultured at an initial

density of 1x106 cells/ml and were treated with puromycin (1 mg/ml) for up to 7 days additional two days from transduction. After sta-

ble transduction, pooled cells were plated at 30x106 cells per flask (T-175, 100 ml) to enable an estimated average coverage of 500

cells per sgRNA and were treated with primary NK cells in either duplicates or triplicates for 24 h before harvesting the cells. The E:T

ratio was selected to kill at least 50% of the tumor cells, according to a dose-response curve.

Genome-scale CRISPR gene editing screenswith GeCKO v2 sgRNA library (K562,MOL14, SUDHL4, NALM6): The amount of lenti-

virus used to transduce the cells was first optimized by transducing cells with a range of virus concentrations on a 12-well plate,

where in each well 3 million cells were suspended in a total volume of 1 ml containing 0-1000 ml of GeCKO v2 library virus and

8 mg/ml Polybrene. The plate was centrifuged at room temperature at 800 g for 2 h after which virus 8 was washed away. The cells

were treated with or without 0.5 mg/ml puromycin (Thermo Fisher Scientific) for 6 days starting 48 h post-transduction. Transduction

efficiency was measured after 72 h puromycin treatment using CellTiter-Glo (CTG, Promega) (50 ml of cell suspension + 50 ml CTG),

measured with a Fluostar plate reader (BMG Labtech). Luminescence values (after subtracting background signal obtained from the

average of wells containing only R10) in puromycin-treated wells at each virus concentration were divided by values of non-puromy-

cin-treated wells. A concentration resulting in 10-20% transduction efficiency was selected to ensure that the majority of the cells

receive only one sgRNA.

For the genome-scale screen, > 400 million cells were transduced in 12-well plates. In each well, 3 million cells were suspended in

the titrated virus volume achieving 10-20% transduction in a total volume of 1 ml/well topped up with R10 in the presence of 8 mg/ml

Polybrene. The plates were centrifuged at room temperature at 800 g for 2 h, after which the virus was washed away. Transduced

cells were selected with 0.5 mg/ml puromycin (0.9 mg/ml for K562) for 6 days starting 24 h post-transduction (48 h for NALM6). On day

7 post-transduction (day 8 for NALM6), cells were divided into NK-treated and untreated conditions in T-225 flasks with 120 ml R10

and 60 million target cells, with effector-to-target ratios as listed in Tables S4A and S4B. In some screens, several different effector-

to-target ratios were used. The cells were passaged every 2-3 days and cultured for a duration of 4-17 days as listed in Tables S4A

and S4B. To maintain sufficient selection pressure, NK cells were added to the cultures 1-2 times during the screens. Approximately

60million cells were pelleted at the end and at earlier timepoints, frozen in -70 �C, and later thawed for genomic DNA extraction using

Blood Maxi Kit (Qiagen).

Next generation sequencing

Genome-scale screens for CRISPR gene editing with Brunello and CRISPR activation with Calabrese sgRNA libraries: Preparation of

DNA for next generation sequencing was undertaken using a two-step PCR protocol as previously described.108 Briefly, DNA was

extracted from frozen cell pellets (3x107 cells; Blood & Cell Culture DNAMaxi Kit, Qiagen) per manufacturer’s instructions. DNA con-

centration was quantified by UV-spectroscopy (NanoDrop 8000; ThermoFisher Scientific). In the first PCR, sgRNA loci were selec-

tively amplified from a total of 160 mg of genomic DNA (10 mg DNA per sample x 16 reactions, 100 ml volume) using primers described

in Table S4C and Phusion� High-Fidelity DNA Polymerase (New England Biolabs, Beverly, MA). This provides approximately 300X

coverage for sequencing. A second PCR was performed using 5 ml of the pooled Step 1 PCR product per reaction (1 reaction per

10,000 sgRNAs; 100 ml reaction volume) to attach Illumina adaptors and to barcode samples (Table S4C). Primers for the second

PCR included a staggered forward primer (to increase sequencing complexity) and an 8bp barcode on the reverse primer for multi-

plexing of disparate biological samples (Table S4C). PCR replicates were combined, gel normalized (2% w/v) and pooled, and the

entire sample was run on a gel for size extraction. The bands containing the amplified and barcoded sgRNA sequences (approxi-

mately 350-370 bp) were excised and DNA extracted (QIAquick Gel Extraction Kit, Qiagen). Multiplexed samples were then

sequenced at the Molecular Biology Core Facility (Dana-Farber Cancer Institute) and/or The Genomics Platform (Broad Institute) us-

ing an Illumina NextSeq 500 (Illumina, San Diego, CA), allowing approximately 4x108 individual reads per multiplexed sample.
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Genome-scale screens for CRISPR gene editing with the GeCKOv2 library: Amplicons containing sgRNA sequences were ampli-

fied with a 2-step PCR protocol using primers flanking the sgRNA cassette (Table S4C) as previously described.18 Briefly, the

following overhangs were added to the locus-specific primers to make them compatible with the index primers: Adapter1 (before

locus specific forward primer 5’- 3’), Adapter2 (before locus specific reverse primer 5’-3’). The first PCR was performed using

1200 ng of sample DNA and the locus-specific primers, with 96 separate amplifications for each sample. After amplification, all re-

actions were pooled for the second PCR, in which index primers 1 and 2 and seven identical reactions for each sample pool were

used, with a unique combination of dual indexes for each of the sample pools. The seven amplified and indexed reactions were

pooled together and purified with Agencourt AMPure XP beads twice. Sample pools were sequenced with Illumina HiSeq 2000 Sys-

tem (Illumina) using read length PE100 or NovaSeq 6000 System (Illumina) using read length PE100.

Data analysis

CRISPR screen data were analyzed using MAGeCK v0.5.2 and v0.5.7.90 Forward direction reads were aligned to the GeCKO v2 li-

brary sgRNA sequences using the mageck count function with default parameters. Comparisons across conditions were performed

on the resulting sgRNA read count matrix using themageck test function with default parameters. For the GeCKO v2 screens with the

K562, MOLM14, SUDHL4, and NALM6 cells, all NK-treated and untreated samples from different replicates and E:T ratios were

respectively pooled together for the MAGeCK test analysis of each cell line. For the Brunello (LOF) and Calabrese (GOF) libraries,

forward direction reads were processed with cutadapt to remove 5’ staggered primer adapters and 3’ adapters. The sgRNA count-

matrix was generated by mapping the trimmed sgRNAs to the corresponding sgRNA library of the CRISPR screen, e.g., Calabrese

(GOF), Brunello (LOF) and focused sub-libraries using the mageck count function (perfect match) with default parameters. The

sgRNA countmatrix for theMM1SBrunello screen was generated using bowtie2 aligner allowing at most onemismatch for a uniquely

matching read. Comparisons between the replicates of NK-treated and untreated cells for a given E:T treatment ratio and experiment

in MM1S, LP1, KMS11 were performed using the mageck test function. We used a median read count normalization and non-target-

ing sgRNAs of the respective library as control distribution for the gene-level rank aggregation in mageck.

For Figure 4B, genes with p < 0.0001 and absolute value of the log2 fold change > 0.75 in at least one screen were plotted, showing

data from the screen with the highest significance for each gene. The MAGeCK p values were multiplied by the signs of the log2 fold

change for each gene and plotted on the y axis in Figure 4B with dot size indicating the absolute value of the log2 fold change (for

genes with p < 0.0001), whereas the genes were ordered in a randomly sampled order on the x axis. Selected genes out of those

with p < 0.0001 were colored based on their functional categories.

GSEAwas run using fgsea93 on gene lists ranked based on signedMAGeCKp values. For comparison of theNALM6NK cell screen

with CAR T cell screen in the same cells, CAR T cell screen data were downloaded from Table S5 (File S6) in Dufva et al.18

CRISPR screens with focused sgRNA library
Sub-genome scale CRISPR gene editing screens to validate determinants of tumor cell response versus resistance to NK cells in a

pooled manner were performed using the same reagents and protocols described in the genome-scale Brunello section above. Six

hundred thirty-five target genes were selected by pooling top hits and biologically relevant hits from ourMMcell screens and our solid

tumor screens.21 Olfactory receptor (OR) genes, which are generally not expressed nor considered to influence tumor cell survival

and immune responses, were used to establish a control distribution of sgRNAs.109,110 A total of 4,000 sgRNAs targeting screen

hits and OR gene control sgRNAs were cloned into lentiCRISPRv2 (a gift from Feng Zhang, Addgene plasmid # 52961), with an addi-

tional G added in the beginning of the sgRNA sequence when indicated (Table S4P).

Target cell lines MM1.S, LP1 and KMS11 were co-cultured with donor-derived, IL-2 expanded NK cells (same donor as genome-

scale screens) or left untreated, in three biological replicates at the following E:T ratios: LP1 and KMS11 1:2, while MM1.S were

treated at 2:1 in one experiment and 1:1 in a subsequent experiment. After each screen, DNA extraction, PCR amplification, next

generation sequencing, and processing of sequencing data were performed as described for genome-scale screens above.

One-sided test for enrichment and depletion of the sgRNAs and sgRNA rank aggregation was performed for each gene using

MAGeCK, with default parameter settings. OR genes were used to establish a control distribution of sgRNAs for the rank aggregation

procedure.

For validation purposes, only those genes included among the top 200 in each genome-scale screen were included in the analysis

per each cell line.

Individual gene validations
Single-guide RNAs targeting genome-scale screen hits and non-targeting control sgRNAs were cloned into lentiCRISPRv2 (a gift

from Feng Zhang, Addgene plasmid # 52961), with an additional G added in the beginning of the sgRNA sequence (Table S4P).

The individual genes were selected based on biological interest out of the most highly scoring hits, and included known regulators

and genes previously not connected to NK cell cytotoxicity. Lentivirus was produced and luciferase-expressing cells were trans-

duced as described above for the GeCKO library virus. Cells were selected using 0.5 mg/ml puromycin (0.9 mg/ml for K562) prior

to experiments. CD43-negative NALM6 cells were obtained from lentiCRISPRv2-sgSPN-transduced cells by staining the cells

with CD43-PE (BD, clone 1G10, Cat # 560199), and sorting using the Sony SH800 cell sorter.

Cytotoxicity assays using a luciferase readout were performed by plating 10,000-20,000 luciferase-expressing target cells

harboring each sgRNA were on a 384-well plate alone or with expanded NK cells at 1:2 effector-to-target ratio in a total volume

of 25 ml with 3-6 replicate wells. K562 and NALM6 cells were treated with NK cells for 48 h at 1:2 effector-to-target ratio and
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SUDHL4 for 72 h at 1:1 effector-to-target ratio. NK cells for the validation experiments shown in Figure 4Dwere obtained from a single

donor (NK10), different from at least one of the genome-wide screen replicates for the corresponding cell line, to achieve donor-in-

dependent validation. Plates were incubated at 37 �Cand 5%CO2 for 24, 48, or 72 h, after which 25 ml ONE-Glo reagent was added to

eachwell and luminescencemeasuredwith a Pherastar FS plate reader. Raw luminescence valueswere normalized to the average of

replicates of target cells carrying each sgRNA cultured without NK cells. Average log2 fold changes were calculated between NK-

treated and untreated wells for each sgRNA.

Antibody-mediated blockade

NALM6-luc cells expressing SPN or control sgRNAs (2 sgRNAs each, 20,000 cells/well on a 384-well plate in triplicates) were treated

with anti-CD43 antibody (10 mg/ml, Abcam, cloneMEM-59, Cat # ab9088) or isotype control (10 mg/ml, Abcam, clone 15-6E10A7, Cat

# ab170190) and cultured alone or with expanded NK cells from three different donors at E:T ratios 1:8, 1:4, 1:2 and 1:1 for 24 h,

followed by luciferase assay as described above.

NK cell direct cytotoxicity assay (calcein AM release assay)

Target cells were cultured as described above and collected by centrifugation at 300 g for 5 min. Cells were washed in PBS and

labeled with 0.5 mg/ml Calcein AM (Invitrogen #C1430) in Calcein AM DW buffer (R&D systems, #4892-010-02) at 37�C with 5%

CO2 for 30 min. Calcein-loaded cancer cells were washed twice, resuspended in RPMI medium with probenecid (Invitrogen

#P36400), and seeded into a 96-well plate at 10,000 cells/well.

MM1.S-dCas9-VP64 cells expressing sgRNAs for CRISPR activation of MUC1 (2 sgRNAs) or with the 2 non-targeting control

sgRNAs were treated with 700 ng/ml of either purified NA/LE mouse anti-human MUC1 blocking Ab (Cell Signaling #4538,

VU4H5) or IgG1k isotype control (Cell Signaling #5415S, G3A1) to validate the resistance induced by MUC1 overexpression.

MM1.S dCas9 VP64 cells expressing sgRNAs for CRISPR activation of SELPLG (2 clones, sgSELPLG.1 and sgSELPLG.2) and the

non-targeting controls (sgCtrl.1, sgCtrl.2) were treated with 10 mg/ml of either purified NA/LE anti-CD162 blocking Ab (BD Pharmin-

gen #556052, KPL-1 RUO) or purified NA/LE mouse IgG1k isotype control (BD Pharmingen #554721) to validate the resistance

induced by SELPLG overexpression.

After 10 min incubation of the antibodies at 37�C, feeder layer-expanded NK cells from three different healthy donors were added

at the following E:T ratios 3:1, 1:1, 1:2 and untreated control and the plates were incubated at 37�C with 5% CO2 for 3 h. Released

calcein AM was detected at excitation and emission wavelengths of 485 and 520 nm, respectively with Microplate reader

(FluoStarOmega, BMG Labtech). The percent of tumor cell lysis was calculated according to:

Specific lysisð%Þ = ½ðER � SRÞ = ðMR � SRÞ��100
ER = experimental release, MR = maximal release, SR = spontaneous release.

MR is that of tumor cells with lysis buffer (Triton X-100 at 10%)

Flow cytometry-based NK cell killing assay

NK cell cytotoxicity on luciferase-negative LP1-Cas9 carrying either FUT8 or GMDS LOF sgRNAs or control sgRNAs was measured

by flow cytometry. Before experiment set-up, surface fucose levels were measured via fluorescein-conjugated Lens Culinaris Agglu-

tinin (LCA) (Vector, #FL-1041-5) staining (10 mg/ml)111 in both knockout and control cells (2 sgRNAs per gene and 2 control sgRNAs).

To allow head-to-head comparison and correct for potential plating error, LCA negative knockouts were co-cultured at a 1:1 ratio

with their respective LCA positive control and either left untreated or co-cultured with NK cells. The effector cells were co-incubated

at the E:T ratios of 1:1 or 2:1 at 37 �C, 5% CO2 for 24 h.

NK cells for the validation experiment shown in Figure 4E were obtained from a single donor (NK2), different from the one used in

the genome-wide screen, to achieve donor-independent validation. Triplicate samples were set up for each E:T ratio. After 24 h, cells

were stained with LCA fluorescein 10 mg/ml and NKG2D-APC (BD Biosciences, #558071, clone 1D11) 10 ml/test according to pre-

vious calibration, and incubated 30 minutes in the dark. After washing, 7-amino-actinomycin D (7-AAD) (BD Biosciences, # 559925,

RUO) was added to every well at the final concentration of 1 mg/ml, as recommended by themanufacturer. As controls, target cells or

effector cells alone were also stained to measure spontaneous cell death. After exclusion of doublets, dead cells and NKG2D-pos-

itive effector cells, LCA-positive and negative cells were gated to compare cell counts after NK cell treatment in the different condi-

tions. Flow cytometry acquisition was conducted on FACSVerse and FACSuite (BD Biosciences), and the data were analyzed using

FlowJo software (FlowJo v10.9.0).

Fucosyltransferase pharmacological inhibition

To evaluate the efficacy of pharmacological modulation of surface fucosylation, we treated LP1 cells carrying control sgRNAs with

100 mM of the fucosyltransferase inhibitor 2F-Peracetyl-Fucose (Sigma-Aldrich, #344827-10MG) or DMSO for 72 h as previously re-

ported,111 and for 7 days and 14 days, changing half of the media every 3 days. Surface fucose expression was measured by LCA

staining (Vector, #FL-1041-5) 10 mg/ml.111 Flow cytometry acquisition was conducted on FACSVerse and FACSuite (BD Biosci-

ences), and the data were analyzed using FlowJo software (FlowJo v10.9.0).

Analysis of CRISPR screen hit mutations and gene expression
Mutations in CRISPR screen hit genes (p < 0.00005 and FDR < 0.2 in any of the screens) were queried from cBioPortal with the online

tool (https://www.cbioportal.org/) using the following datasets: Chronic Lymphocytic Leukemia (Broad, Nature 2015), Diffuse Large

B-Cell Lymphoma (Duke, Cell 2017), Multiple Myeloma (Broad, Cancer Cell 2014), Acute Myeloid Leukemia (TCGA, PanCancer

Atlas), Acute Lymphoblastic Leukemia (St Jude, Nat Genet 2016). The gene list with the above mentioned criteria was used as input
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and the resulting mutation list containing altered amino acids and the sample matrix containing a list of all samples where 1=altered

and 0=unaltered were downloaded in tab-delimited format. Mutations containing ‘‘fs’’, were annotated as frameshift, mutations

ending in ‘‘*’’ as stopgain, and others as missense/other. The identified mutations are listed in Table S5.

Processed gene expression data from normal cell types from BLUEPRINT and ENCODE were downloaded from https://github.

com/dviraran/SingleR/blob/master/data/blueprint_encode.rda.

Multi-omics correlations with PRISM-based NK cell sensitivity
Genetic subtypes of the cell lines were annotated based on previous studies as listed in Table S3A. A data matrix containing genomic

and other multi-omic features was generated for systematic pairwise correlation analyses between PRISM AUC and genomic fea-

tures in CCLE data. CCLE 2021 quartile 4 data was downloaded from https://depmap.org/portal/download/all/. A feature matrix

comprising all available data levels was built, harmonizing sample names by DepMap-ID (columns) and categorizing by features

(rows) as numeric or binary. Each feature was annotated as NUMERIC|BINARY:DATATYPE:FEATURE using the following abbrevi-

ations: GEXP, gene expression; RPPA, protein expression; METH, methylation; CNVR, copy number variation, GNAB, mutation;

MIRN, miRNA; LCMS, metabolomics. In all instances, missing data was reported as NA.

Feature pairs were compared using Spearman’s rank correlation followed by p value adjustment using the Benjamini-Hochberg

method. In the case of discrete features, only features with at least 5 observations (such as mutations) were used to limit the number

of comparisons. Statistical tests were performed to assess whether PRISM-based AUC, as a quantitative metric of the extent of

response to NK cells, was correlated with other features, such as gene expression, protein expression, clinical, CNA,mutations, miR-

NAs, and metabolomics. For genes whose expression correlated with PRISM AUC, the correlation between expression and methyl-

ation of the same gene was analyzed. The analyses were performed both across all cell lines and within each cancer type (AML, BCL,

B-ALL, T-ALL, MM).

To assess which gene sets were enriched in samples sensitive or resistant to NK cells, GSEA was run using fgsea93 on gene lists

ranked based on signed p values of the correlation with PRISM AUC.

Features identified using the pairwise correlation analyses were visualized at the sample level with heatmaps generated using

ComplexHeatmap.91 The enriched gene sets identified by GSEA were visualized at the sample level using GSVA.98

Patient genomic data analysis
Data collection and preprocessing

Feature matrices containing clinical data, processed gene expression values, mutations, CNAs, and subtypes of DLBCL patients

from Reddy et al.,35 Chapuy et al.99 and the TCGA dataset; MM patients from the CoMMpass dataset100; and AML patients from

the TCGA dataset36 preprocessed as previously described104 were downloaded from Synapse (Reddy et al. DLBCL: https://

www.synapse.org/#!Synapse:syn21995529, Chapuy et al. DLBCL: https://www.synapse.org/#!Synapse:syn21991358, TCGA

DLBCL: https://www.synapse.org/#!Synapse:syn21995730, CoMMpass MM: https://www.synapse.org/#!Synapse:syn21995455,

TCGA AML: https://www.synapse.org/#!Synapse:syn21995719.

Clinical data, processed gene expression values, mutations, and subtypes of 262 T-ALL patients were downloaded from supple-

mentary tables 1, 5, 8, and 15, respectively, from the Liu et al. study.52

Processed methylation beta values of 109 T-ALL patients and 20 samples of normal thymocytes were downloaded from GEO

(GSE155333). Genetic subtypes were obtained from supplementary table 6 from the Roels et al. study.53

Pairwise correlation analysis and visualization

Data matrices containing genomic and other multi-omic features as well as clinical annotations were generated as described above

for systematic pairwise correlation analyses, including correlations with the NK cell sensitivity signatures (Figure 5) and with expres-

sion of CRISPR screen hits in patient data (Figures 4 and S5). To find patient samples with similar molecular phenotypes as the NK-

sensitive cell lines, NK cell sensitivity signatures were obtained by taking 50 genesmost significantly correlating with sensitivity to NK

cells based on PRISM AUC. The 50 genes were used to calculate an enrichment score of the NK sensitivity signature for each patient

sample using GSVA. The NK cell sensitivity signatures were derived separately from MM, T-ALL, and BCL cell lines for use in the

corresponding patient datasets. Spearman’s rank correlation followed by p value adjustment using the Benjamini-Hochberg method

was used to assess whether the NK cell sensitivity signatures were correlated with other features, such as gene expression, clinical,

CNAs, or mutations. A similar approach was used to test if the expression of CRISPR screen hits correlated with methylation or copy

number of the same gene.

To visualize identified associations of CRISPR/PRISM features with patient genomic and clinical data as dot plots, differential

expression between a sample group and all other samples was calculated using Wilcoxon rank sum test. For UMAP visualizations,

expression values of 15% of the most variable genes were used for dimensionality reduction using the umap R package.95

Survival analysis

Univariable survival analyses of CRISPR screen hit gene expression levels were computed with Cox regression using the ‘survival’ R

package (v 3.5-5) in myeloma, AML, and DLBCL datasets (for myeloma GEO: GSE19784, GEO: GSE16716, GEO: GSE24080,

CoMMpass; for DLBCL GEO: GSE10846, GEO: GSE11318, GEO: GSE17372, GEO: GSE98588, Reddy et al.; and for AML GEO:

GSE10358, GEO: GSE12662, GEO: GSE12417, GEO: GSE14468, GEO: GSE6891, BeatAML, TCGA AML). Processed data from

these datasets were downloaded from Synapse (DOI: 10.7303/syn21991014).103,104 Established prognostic factors, such as Inter-

national Staging System (ISS) for myeloma and International Prognostic Index (IPI) and ABC/GCB subtypes for DLBCL and age in
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AML were also included in the analyses. CRISPR screen hits with p < 0.0001 and absolute value of the log2 fold change > 0.75 in at

least one CRISPR screen were included in the analysis. Genes with a significant univariable survival association at 5% FDR in at least

one cohort were included in the final results.

Single-cell transcriptomics CRISPR screens
Experiments and preparation of scRNA-seq libraries

To generate lentiviral sgRNA libraries for single-cell CRISPR screens, guides targeting screen hits (three sgRNAs for each gene) and

non-targeting control sgRNAs (four for K562, six for other screens; Table S7A) were cloned into CROPseq-Guide-Puro (a gift from

Christoph Bock, Addgene # 86708)54 or into CROP-sgRNA-MS2 (a gift from Wolf Reik, Addgene # 153457).112 Lentivirus was pro-

duced and cells stably expressing Cas9 or dCas9-VP64 were transduced as described above using different concentrations of virus.

Cells were selected with puromycin (0.5 mg/ml for K562, SUDHL4, and NALM6; 1 mg/ml for MM1.S, LP1, and KMS11) and cells trans-

duced with a concentration resulting in a 10-20% transduction efficiency based on a viability assay described above were selected

for screening. Target cells were co-cultured with day 17 feeder cell-expanded NK cells for 24 h at 1:16 and 1:4 effector-to-target

ratios (only 1:16 for K562) or left untreated, and both conditions were subjected to scRNA-seq after washing twice with 10 ml

PBS + 0.04% BSA.

The Chromium Single Cell 3’ RNAseq run and library preparation were done using the 10x Genomics Chromium Next GEM Single

Cell 3’ Gene Expression v3.0 chemistry (K562), v3.1 chemistry (SUDHL4, NALM6,MM1.S), or v3.1 Dual Index chemistry (LP1,MM1.S

CRISPRa). CROP-seq guide sequencing libraries were prepared using nested PCRs described in Hill et al.113 and https://github.com/

shendurelab/single-cell-ko-screens#enrichment-pcr. Briefly, 13 ng of full length 10x cDNAwas used as template for the first round of

amplification. The subsequent 2nd and 3rd PCR reactions were done using SPRIselect Reagent (1.0X) purified and 1:25 diluted PCR

product as template. Optimal amplification cycles were selected based on quantitative PCR analysis. The guide sequencing libraries

were sequenced alongside the 3’ GEX libraries with approximately 10% read depth when compared to 3’ GEX libraries. The K562,

SUDHL4, NALM6, and MM1.S sample libraries were sequenced on Illumina NovaSeq 6000 system using the following read lengths:

28bp (Read 1), 8bp (i7 Index), 0 bp (i5 Index) and 89bp (Read 2). The LP1 and MM1.S CRISPRa sample libraries were sequenced on

Illumina NovaSeq 6000 system using the following read lengths: 28bp (Read 1), 10bp (i7 Index), 10bp (i5 Index) and 90bp (Read 2).

Data analysis

Data preprocessing was performed using 10x Genomics Cell Ranger v3.1 (K562, SUDHL4, NALM6, MM1.S) or v6.0.2 (LP1, MM1.S

CRISPRa) pipelines. The ‘cellranger mkfastq’ function was used to produce FASTQ files and ‘cellranger count’ to perform alignment,

filtering, and UMI counting. The Illumina bcl2fastq v2.2.0 was used to run mkfastq function and alignment was done against the hu-

man genome GRCh38.

FASTQ files of the targeted sgRNA amplification libraries were run through Cell Ranger count v3.1.0 pipeline. UMI counts of guides

associated with each cell were extracted using the get_barcodes.py script113 downloaded from https://github.com/shendurelab/

single-cell-ko-screens. To assign guides to cells, cells harboring sequences with > 10 UMI counts and accounting for > 50% of

the UMI counts in the cell were included in the analysis. Out of these, cells in which the second most frequent guide accounted

for > 20% of the UMI counts were considered to express two guides and were removed from the analysis.

The R package Seurat (v4.0.4)94 was used for further scRNA-seq data processing. Cells with > 10-15% mitochondrial gene

counts, > 50% or < 5% ribosomal gene transcripts, < 3,000 UMI counts, or < 300 or > 10,000 detected genes were filtered out. After

log-normalization, the highly variable genes were calculated with the FindVariableFeatures function in Seurat using the ‘vst’ selection

method. Datawere scaled, clusterswere definedbased onPCswith a standard deviation > 2 using the FindNeighbors and FindClusters

functions, and cell types were annotated using SingleR. Clusters comprising NK cells, doublets, or low-quality cells were removed. The

sgRNA–cell assignments were merged with the expression object, which was subsetted to cells assigned a single sgRNA. Differential

expression between cells expressing guides targeting a gene and non-targeting controls or between untreated or NK cell-treated con-

trol sgRNA-carrying cells was performed with a Student’s t-test using the FindMarkers function in Seurat with logfc.threshold = 0.1.

Multiple testing correction using the Bonferroni method was performed separately for each perturbation. Similarity of the differential

expression gene lists across perturbations was assessed using the CompareLists function in the OrderedList package (v1.64.0).

The mixscape tool in Seurat was used to detect perturbations with a transcriptomic phenotype and visualize their relative differ-

ences as previously described.55 CalcPerturbSig was used to calculate perturbation signatures reflecting the perturbation-specific

differences between cells expressing gene-targeting guides and cells expressing control guides, and cells were classified as per-

turbed or non-perturbed using RunMixscape with logfc.threshold = 0.025 and gene.count = 5. Cells classified as non-perturbed

were removed from the analysis and the similarity of the perturbations was visualized as a UMAP based on linear discriminant anal-

ysis computed using the MixscapeLDA function.

The core NK cell response score was calculated as described above and differential enrichment of the score in various perturba-

tions was calculated with the Student’s t-test using the FindMarkers function in Seurat similarly as for genes.

Comparison with patient data

For the genes perturbed in CROP-seq experiments and mutated in at least 5 patients with either MM (CoMMpass), DLBCL (Reddy

et al.), or AML (TCGA), differential expression between tumor cells from patients with versus without mutations were determined us-

ing limma.114 Genes significantly differentially expressed in the same direction at a nominal p value threshold of 0.05 in both CROP-

seq and in patients when the same gene was knocked out or mutated, respectively, were identified.
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Detailed information on the statistical method for all quantitative data was described in each method paragraph, and is reported in

figure legends, and figures. The Spearman’s correlation was used for the statistical analysis between two numeric variables. The non-

parametric two-sidedWilcoxon rank sum test or the unpaired two-sidedWelch’s t-test was used for statistical analysis between two

groups. P value between multiple groups was obtained using a Kruskal-Wallis test and p values between each pair using Wilcoxon

rank sum tests followed by Benjamini-Hochberg (BH) adjustment. For CRISPR single gene validation (luciferase-based, flow cytom-

etry and calcein AM release assays), p values were obtained using an unpaired t-test withWelch’s correction. In case other statistical

tests were used, all information is provided in the figure legend. Only p values for significant pairs are shown (* < 0.05, ** < 0.01,

*** < 0.001, **** < 0.0001)
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