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Supplemental Methods

Single cell RNA-sequencing (scRNA-seq ) data processing

The Cell Ranger Toolkit (version 6.1.2) provided by 10x Genomics (Pleasanton, CA, USA) was used to aggregate raw data, filter low-quality reads and generate a gene-cell unique molecular identifier (UMI) matrix using the reference genome GRCh38 (1).  The R-based toolkit, Seurat (version 4.3.0), was used to analyse and explore scRNA-seq data (2).  Briefly, cells expressing fewer than 300 detectable genes and genes detected in fewer than 5 cells were preliminarily filtered from the raw UMI matrix.

To filter out low-quality and potential doublet cells, threshold of 300-6500 genes and < 15% mitochondrial gene counts were applied to the 10x UMI counts matrix.  Single cells expressing 2 sets of well-studied markers of major cell types were recognized as doublets and excluded from subsequent analyses.  The filtered gene expression matrix for each sample was integrated using the 'Runharmony' function in the harmony package (version 0.1.1), during which batch effects between samples were adjusted (3).  Annotation of the resulting clusters into cell types was based on canonical markers (Supplemental Table 3).

Dimensionality reduction and clustering analysis

Expression count matrices were initially normalised using the NormalizeData function with a scale factor of 10,000 and logarithmically transformed.  Principal component analysis was conducted using the RunPCA function based on previously defined variable genes.  Unsupervised clustering was identified using the FindClusters function with a resolution of 1 and Uniform Manifold Approximation and Projection (UMAP) clustering algorithms were applied.  We did 2 rounds of dimension reduction and unsupervised clustering for all cells.  After the 1st round 7 cell types were identified: (1) CD8-positive T-cells; (2) CD4-positive T-cells; (3) B-cells; (4) plasma cells; (5) myeloid cells; (6) NK-/NKT-cells; and (7) cycling cells.  Cycling cells were excluded from downstream analyses save cell-cell communication analyses.  The 2nd round was applied to the plasma and each immune cell type, separately.  A cell-cycle phase was assigned to each plasma cell line using the SCP package (https://github.com/zhanghao-njmu/SCP).  Differentially expressed genes (DEGs) between pre-therapy and acquired resistance samples or clusters were determined using the function FindMarkers in Seurat (4). 

Pseudotime analyses

Pseudotime analyses were done using the Monocle2 package with DDR-Tree and  default parameters (5).  DEGs were defined using the differentialGeneTest function with a q-value < 0.01 (4).  DEGs in individual clusters were used as ordered gene sets.  The cell differentiation trajectory was constructed after dimension reduction and cell ordering using default parameters.

Pathway analyses

DEGs of the cell subtypes of plasma cells were identified using the “FindAllMarkers” function of Seurat.  Adjusted P < 0.05 was the cut-off criterion. DEGs were visualized using the scRNAtoolVis package (https://github.com/junjunlab).  The R package “scRNAtoolVis” was used to plot the volcano chart for the DEGs between different cell clusters (6).  Enrichment analysis was done on DEGs using the SCP package  (7).  Gene Ontology/Kyoto Encyclopedia of Genes and Genomes (GO/KEGG) pathways were analysed (8).  The Benjamini-Hochberg procedure was used for individual pathways to calculate the false discovery rate to adjust for multiple comparisons (9).  The R-package GSVA was used to compute single sample gene set enrichment analysis (ssGSEA) values for function signature score of CD8-positive T-cells (10).  The metabolic activities of the plasma cells were evaluated using the scMetabolism package (11).	  The average metabolic pathway scores of 9 plasma clusters were evaluated.


Cell–cell communication analyses

Cell communication analyses were done using CellPhoneDB v2.0, a Python-based computational analysis tool (12).  The numbers of ligand-receptor (L-R) interactions between immune cells and neoplastic plasma cells were counted and interactions were filtered with a P < 0.05 threshold.  Retained interactions were selected to evaluate relationships.

Transcription factor analyses

Single-Cell rEgulatory Network Inference and Clustering (SCENIC) analyses were done to conjecture regulon activities (transcription factors and their target genes) in individual cells and define meaningful cell clusters (13).  GENIE3 was used to define a transcriptional regulatory network and RcisTarget was used for cis-regulatory motif analysis of each transcription factor (TF) regulon.  The motifs that are annotated to the corresponding TF and obtained a Normalized Enrichment Score (NES) > 3.0 are retained.  Using the AUCell algorithm, the activity of the regulons in each cell can be calculated (13). 

[bookmark: _Hlk197422735]PrimeFlow RNA flow cytometry data acquisition and analyses

Bone marrow mononuclear cells (BMMCs) were thawed and stained sequentially with Fixable Viability Stain 440UV (Cat #566332, BD Biosciences, Franklin Lakes, NJ, USA) and fluorescence-conjugated antibodies against surface markers including CD45 (Cat#566041, BD Biosciences), CD3 (Cat#562877, BD Biosciences), CD4 (Cat# 612748, BD Biosciences) and CD8 (Cat# 612942, BD Biosciences). Intracellular PrimeFlow RNA detection (Cat# 88-18005-210, Thermo Fisher Scientific, Waltham, MA, US) was performed for GZMK (VA4-3086695-PF, Thermo Fisher Scientific), CCR7 (VA1-12542-PF, Thermo Fisher Scientific), NEAT1 (VA10-3252399-PF, Thermo Fisher Scientific), and B2M (VA6-11782，Thermo Fisher Scientific) mRNA following the manufacturer's protocol (14).  Cells were washed, fixed, permeabilized with RNase inhibitors, and incubated with mRNA Target Probes diluted 1/20 in PrimeFlow RNA Target Probe Diluent for 2 h at 40°C.  After washing and centrifugation, cells were left overnight at 4°C.  PrimeFlow RNA PreAmp Mix and Amp Mix were added and incubated for 1 h and 30 min at 40°C, followed by the addition of diluted label probes for 1 h at 40°C to complete signal amplification.  Cells were washed twice before flow cytometry, and data were analyzed using FlowJo™ Software v10(BD Biosciences).

[bookmark: _Hlk197422721]GeoMx™ digital spatial profiler

Formalin-fixed and paraffin-embedded (FFPE) sections (4 µm) underwent deparaffinization, rehydration, and overnight hybridization with GeoMx™ Cancer Transcriptome Atlas RNA panel (NanoString, Seattle, WA, USA) at 37°C.  Subsequent fluorescence-conjugated antibody staining defined areas of interests (AoIs): plasma cell zones (CD138-positive cell-clustered regions) and immune cell zones (CD45-positive and CD138-negative cell-clustered regions) using PanCK (Clone AE-1/AE-3, NanoString), CD45 (Clone 2B11 + PD7/26, NanoString), and CD138 (Clone OTI7G1, ZSGB-BIO, Beijing, China) markers.  The AoIs was identified by a pathologist in conjunction with slides based on fluorescent markers and consecutive immune histochemistry (IHC) stains.  We divided immune cell zones into cancer-center (within cancer) and marginal (adjacent non-cancer) AoIs, assuming infiltration differs between cancer and non-cancer areas.  For spatial transcriptomic assay, target-specific oligonucleotides were released using a proprietary UV-guided technology.  The subsequent library was prepared  according to the manufacturer’s instructions and sequenced using a NextSeq 500 Sequencing System (Illumina).  Segment quality control (QC) was done for the AoIs, which included technical signal QC, technical background QC and GeoMx™ digital spatial profiler (DSP) parameters.  After quality checking, raw distal counts were normalized using the Q3 (3rd quartile of all selected targets).  Protein detection utilized a GeoMx core panel plus three modules (GeoMx myeloid cells profiling panel, GeoMx IO drug target module, and GeoMx immune activation status module).  Spatial proteomics required QC criteria (> 75% field-of-view registration, binding density 0.1-2.25, normalization factor 0.3-3) and normalization to housekeeping proteins such as histone H3 and GAPDH.   Probe QC was done with the negative background targets Ms IgG1, Ms IgG2a, and Rbt IgG.  Hierarchical clustering removed transcriptomic and proteomic outliers.  After QC, 34 AoIs were selected for further analysis. Single-sample gene set enrichment analysis (ssGSEA) scores for the top 100 upregulated genes in 19 immune cell clusters identified through scRNA-seq were calculated using the GSVA R package.  Exhaustion scores for CD45-positive immune cells and CD138-positive plasma cells were derived using curated gene lists (Supplemental Table 4, 5).  AoIs were stratified into pre- and post-resistance cohorts for comparative analysis of cluster-specific signature scores and exhaustion scores.   


Survival analysis in external validation

[bookmark: _Hlk197525349]The GSE24080, GSE136337, GSE57317, and coMMpass datasets were obtained from the NCBI GEO (https://www.ncbi.nlm.nih.gov/geo) and GDC portals (https://portal.gdc.cancer.gov).  ssGSEA analysis using the GSVA R package was performed to calculate enrichment scores for the top 100 upregulated genes in daratumumab acquired resistance samples and the elevated Plasma Cell Myeloma (PCM) subset (10).  Optimal ssGSEA score thresholds for survival stratification were determined through survival and survminer packages.  Kaplan-Meier survival curves with log-rank tests assessed prognostic significance (P < 0.05).  Hazard ratio (HR) was calculated using Cox  regression. 


Supplement Results

B- and myeloid-cell phenotype alterations

Unsupervised analysis of B-cell compartments identified 6 clusters (Supplemental Fig. 1A), including 2 naïve B-cells (PLPP5A-positive and TCL1A-positive), a follicular B cell (CIB1-positive), a memory B-cell (ITGB1-positive) and 2 undefined B cells with pre-pro-B cell phenotype marker expression of LTB (CD1C-positive) and SPN (MZB1-positive) (Supplemental Fig. 1B, C).  Following acquired resistance, the proportion of ITGB1-positive memory B cells, CIB1-positive follicular B cells and CD1C-positive B cells increased whilst PLPP5-positive naïve B cells declined (Supplemental Fig. 1D, E). 

Eight subclusters were identified after the re-clustering of myeloid cells (Supplemental Fig. 1F).  One subcluster was a monocyte (CXCL8-positive). Three were dendritic cell (DC) cells, including CLEC10A-positive conventional DC (cDC), DNASE1L3-positive cDC and TCF4-positive plasmacytoid DC (pDC).  One subcluster was identified as S100A12-positive myeloid-derived suppressor cells (MDSC).  Two were macrophages, including M2-like macrophage expressing CD163 (C1QB-positive) and another M1-like macrophage highly expressing FCGR3A (FCGR3A-positive) (Supplemental Fig. 1G, H).  The fraction of CXCL8-positive monocytes and C1QB-positive M2-like macrophages was increased whereas the FCGR3A-positive macrophages and DNASE1L3-positive cDC cells decreased in acquired daratumumab resistance samples (Supplemental Fig. 1I, J).

CD16-positive NK-cell decreases are involved in the evolution of acquired daratumumab resistance

[bookmark: OLE_LINK52][bookmark: OLE_LINK45]Unsupervised clustering of the NK-/NKT-cell compartments was also done to explore the alterations following acquired daratumumab resistance.  NK-cells were further partitioned into two distinct subsets (Supplemental Fig. 2A, B).  KLRC1-positive CD56-positive cells highly expressed CD56 and CXCR3 and were identified as CD56-bright NK-cells, an early stage of mature NK-cells.  The cells also expressed high levels of KLRF1 and the cytolytic molecule GNLY.  The other subset (MYOM2-positive CD16-positive) highly expressed CD16, cytotoxic marker, MHC I/II molecules, chemokines, chemokine receptors and activated killer cell immunoglobulin-like receptors (KIRs) (Supplemental Fig. 2C, D).  These cells were identified as CD56-dim CD16-high NK-cells, a subtype mediating antibody dependent cellular cytotoxicity (ADCC) which accounts for nearly 90% of NK-cells (Supplemental Fig. 2D).  The proportion of NK-cells was decreased significantly from pre-therapy to acquired daratumumab resistance, especially for MYOM2-positive CD16-positive NK-cells (Supplemental Fig. 2E, F).  NKT-cells were divided into three clusters: IGLC3-positive, GZMK-positive, and TRGC2-positive (Supplemental Fig. 2A).  TRGC2-positive NKT-cells increased, but the other two NKT-cells declined after acquiring resistance (Supplemental Fig. 2G, H).
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Supplement Figures
Supplemental Fig. 1. Dissection of B and myeloid clusters in plasma cell myeloma (PCM) patients.
[image: Supplemental Fig. 1]
A, Uniform Manifold Approximation and Projection (UMAP) plot showing 6 subclusters of B-cells in PCM samples.  B, Dot plot showing the average expression level and percentage of selected B-cell phenotype genes in the 6 B-cell subclusters.  C, Volcano plot showing the top 5 upregulated and downregulated differentially expressed genes (DEGs) in each B-cell subcluster.  sigDown = significantly down-regulated genes; sigUp = significantly up-regulated genes.  D-E, Histograms showing the proportion of B cell types in each patient (D) and alterations to the B-cell types after acquiring resistance (E).  P = patient; Pre = pre-therapy; Res = acquired resistance; error bars indicate 95% confidence intervals for the calculated relative frequencies.  *** P < 0.001; ** P < 0.01.  F, UMAP of 8 myeloid cell subclusters. G, Dot plot of myeloid subtype marker expression profiles.  H, Volcano plot of the top 5 up-and downregulated DEGs in myeloid cell subclusters.  I-J, Histogram showing the myeloid composition by patient (I) and resistance status (J).  For panels A and F, each dot represents a single cell colored by its respective cell cluster. Error bars indicate 95% confidence intervals for the calculated relative frequencies.  *** P < 0.001, ** P < 0.01, and * P < 0.05 using a chi-square test of independence.  









Supplemental Fig. 2. Dissection of NK/NKT clusters in plasma cell myeloma (PCM) patients.
[image: Supplemental Fig. 2]
A, Uniform Manifold Approximation and Projection (UMAP) plot of the 2 NK-cell subclusters and 3 NKT-cell subclusters.  Each subcluster was annotated using different colours.  B, UMAP plot of NK-/NKT-cells from pre-therapy and acquired resistance PCM samples.  C, Dot plot showing the average expression and expression percentage of selected immune-related genes in NK-/NKT-cell subclusters.  D, Loop graph showing the top 3 upregulated and 3 downregulated genes in each NK- and NKT-cell subcluster.  sigDown = significantly down-regulated genes; sigUp = significantly up-regulated genes.  E-F, Histograms indicating the proportion of two NK-cell subtypes in each studied patient (E) and the fractional variation between pre-therapy and acquired resistance samples (F).  P = patient; Pre = pre-therapy; Res = acquired resistance; error bars indicate 95% confidence intervals for the calculated relative frequencies.  *** P < 0.001 using a chi-square test of independence.  G-H, Histograms showing the composition of NKT-cell subclusters in each patient (G) and their alterations after acquiring resistance (H). Error bars indicate the 95% confidence intervals for the calculated relative frequencies; *** P < 0.001; ** P < 0.01; and * P < 0.05, using the chi-square test of independence.












Supplemental Fig. 3. Copy Number Variation (CNVs) and trajectory analysis of plasma cells.
[image: Supplemental Fig. 3]
A, Landscape of inferred large-scale CNVs in plasma cells.  B, Trajectory analysis of plasma cell subclusters.  C, Ridge plot showing cell density distribution based on trajectory analysis of plasma cell subclusters. 


Supplemental Fig. 4. Metabolic alteration analysis and malignant signatures of samples with acquired resistance.
[image: Supplemental Fig. 4]
A, Uniform Manifold Approximation and Projection (UMAP) plots of the top five metabolic pathways (oxidative phosphorylation, glycolysis/gluconeogenesis, cysteine and methionine metabolism, propanoate metabolism, and beta-alanine metabolism) with the most significant differences between pre-therapy and acquired resistance neoplastic plasma cells.  B, Dot plot showing the top 20 altered metabolic pathways associated with acquired resistance in 9 neoplastic plasma cell subclusters.  C, Dot plot showing the expression of selected plasma cell myeloma malignancy-related genes that were previously reported in the neoplastic plasma cells of each independent sample.  P = patient.  D, Kaplan–Meier curves showing the acquired resistance signature scores for overall survival (OS), progression-free survival (PFS) and event-free survival (EFS) at different score levels in the GSE24080, GSE136337, GSE57317, and coMMpass cohorts.  P-values were estimated using the Log-rank test. Hazard ratios (HRs) were calculated and shown as 95% confidence intervals.  GSE24080 (OS: HR = 1.553 [1.011, 2.384], P = 0.043); GSE24080 (EFS: HR = 1.378 [1.081, 1.757], P = 0.046); GSE136337 (OS: HR = 1.406 [1.098, 1.800], P = 0.028); GSE136337 (PFS: HR = 1.544 [1.141, 2.088], P = 0.041); GSE57317 (OS: HR = inf, P = 0.003); coMMpass (OS: HR = 2.298 [1.542, 3.424], P = 0.012). In GSE57317, the HR was reported as "inf" (infinity) because no deaths occurred in the low-risk group during follow-up. This results in a mathematically undefined HR (division by zero), indicating that the high-risk group had significantly higher mortality risk compared to the zero-risk reference group.  E, Dot plots showing the top-ranked alterations of ligand-receptor paires from immune cell subsets to neoplastic plasma cells in pre-therapy and acquired resistance samples.  Pre = pre-therapy; Res = acquired resistance.  Bubble size represents the P-value; the larger the bubble, the smaller the P-value.  The colour represents the cell interaction strength; the darker the shade of red, the stronger the interaction.

Supplemental Fig. 5. Supplement in digital spatial profiler (DSP) analysis.
[image: Supplemental Fig. 5]
A, Representative regions of interests (ROIs) in the cancer centre from pre-therapy (upper) and acquired resistance (lower) samples (Red = CD138-positive cells; yellow = CD45-positive cells).  The CD45-positive cells showed an obvious decline in pre-therapy samples compared with acquired resistance samples.  B, Histograms showing variations in the composition of immune cells in CD45-positive area of interest (AoIs) for the cancer margin between pre-therapy and acquired resistance samples. Pre = pre-therapy; Res = acquired resistance. C, Boxplots of resistant neoplastic plasma cell cluster 8 signature in normal plasma cells (NPC) and plasma cell myeloma (PCM) cells among four public cohorts (GSE125361, GSE47552, GSE6691 and GSE2113).  D, Boxplots of exhausted signature scores in pre-therapy and acquired resistance samples from the cancer centre, cancer margin, all regions, and CD138-positive plasma cells.  The gene profiles used for exhaustion signature calculation were different in CD45-positive and CD138-positive cells based on whether the immune checkpoints were expressed in immune cells or cancer cells (Supplemental Table 4, 5).  













Supplemental Fig. 6. Activation of the MYC regulon and its related biological processes in acquired daratumumab resistance.
[image: Supplemental Fig. 6]
A, Uniform Manifold Approximation and Projection (UMAP) plot showing the distributions of 9 neoplastic plasma cell clusters based on transcription factors and their gene regulatory networks (left), and the variations between pre-therapy (Pre) and acquired resistance (Res) samples (right). B, According to the unsupervised hierarchical clustering, regulons were divided into 15 modules based on the connection specificity index (CSI) matrix.  C, UMAP plot illuminating the regulons in module 2 based on the regulon activity score showing obvious alterations between the pre-therapy (left) and acquired resistance (right) samples.  D, Kyoto Encyclopedia of Genes and Genomes (KEGG) (upper) and Gene Ontology (GO) (lower) analyses of pathways enriched in Model 2 regulon genes, including MYC regulon-related genes.  E, UMAP plots showing elevated activation of the MYC regulon in neoplastic plasma cells with acquired resistance compared with the pre-therapy sample.  F, Western blot analysis of MYC expression in 3 plasma cell myeloma (PCM) cell lines (RPMI 8226, MM.1S, and Luc+ -MM.1S) stably transfected with MYC overexpressing (OE) or a negative control (NC) plasmid.  G, Weight variations in the 3 mouse groups (Dara + NK treated Luc+ -MYC NC, Dara + NK treated Luc+ -MYC OE, and Dara + NK + MYCi975 treated Luc+ -MYC OE) during their respective treatments.  Dara = daratumumab. Pre = pre-therapy; Res = acquired resistance.

Supplemental Tables
Supplemental Table 1. Clinical characteristics of the 6 patients enrolled for single-cell sequencing.
	Patient ID
	Age
	Sex
	PCM type
	LDH
（U/L）
	Daratumumab-based regimen
	FISH

	P1
	49
	Female
	IgG-λ
	360.0
	Daratumumab + Thalidomide + Dexamethasone
	13q14-

	P2
	51
	Male
	IgA-λ
	143.5
	Daratumumab + Bortezomib + Pomadomide + Dexamethasone
	Normal

	P3
	56
	Female
	κ
	182.0
	Daratumumab + Doxorubicin + Dexamethasone
	1q21(+)

	P4
	60
	Female
	κ
	292.8
	Daratumumab + Bortezomib + Lenalidomide + Dexamethasone
	1q21(+)/t(4:14)/13q14-

	P5
	50
	Male
	IgA-κ
	247.0
	Daratumumab + Cyclophosphamide + Dexamethasone
	Normal

	P6
	69
	Female
	IgG-κ
	154.2
	Daratumumab + Dexamethasone
	Normal


Abbreviations: PCM, plasma cell myeloma; LDH, lactatedehydrogenase; FISH, fluorescence in situ hybridization.

Supplemental Table 2. Significant immunophenotypic ligand-receptor pairs between immune cells and malignant plasma cells in samples with acquired resistance.
	Interacting-pair
	Cell-cell
	Pre-therapy pair
	Acquired resistant pair

	
	
	Mean
	P value
	Mean
	P value

	ADORA2A-ENTPD1
	plasma|C1QB-macrophage
	0.176
	0.000
	0.195
	0.000

	ADORA2A-ENTPD1
	plasma|CIB1-B-cell
	0.128
	0.000
	0.140
	0.000

	ADORA2A-ENTPD1
	plasma|CLEC10A-cDC
	0.176
	0.000
	0.203
	0.000

	ADORA2A-ENTPD1
	plasma|CXCL8-monocyte
	0.199
	0.000
	0.223
	0.000

	ADORA2A-ENTPD1
	plasma|PLPP5-B-cell
	0.098
	1.000
	0.119
	0.000

	ADORA2A-NAMPT
	plasma|DNASE1L3-cDC
	0.345
	0.040
	0.472
	0.020

	ADORA2A-NAMPT
	plasma|LYZ-M2macrophage-cc
	0.331
	0.000
	0.348
	0.000

	ADRB2-VEGFB
	FCGR3-macrophage|plasma
	0.204
	0.000
	0.209
	0.000

	ADRB2-VEGFB
	plasma|DNASE1L3-cDC
	0.315
	0.000
	0.416
	0.000

	ADRB2-VEGFB
	plasma|IRF8-meyloid-cc
	0.384
	0.000
	0.401
	0.000

	ADRB2-VEGFB
	plasma|PLPP5-B-cell
	0.198
	0.000
	0.217
	0.000

	ADRB2-VEGFB
	plasma|TCL1A-B-cell
	0.254
	0.000
	0.266
	0.000

	CCL4L2-VSIR
	PTGDS-NKT|plasma
	0.349
	0.482
	0.461
	0.004

	HLA-C-KIR2DL1
	plasma|TRGC2-NKT
	1.750
	1.000
	1.751
	0.000

	KIR2DL3-FAM3C
	MYOM2-NK|plasma
	0.342
	0.000
	0.354
	0.000

	KIR2DL3-FAM3C
	PTGDS-NKT|plasma
	0.321
	0.000
	0.323
	0.000

	NRP1-VEGFA
	IRF8-meyloid-cc|plasma
	0.122
	0.000
	0.123
	0.000

	NRP1-VEGFA
	TCF4-pDC|plasma
	0.189
	0.000
	0.263
	0.000

	NRP1-VEGFB
	TCF4-pDC|plasma
	0.294
	0.000
	0.326
	0.000

	PDCD1-FAM3C
	CCL5-CD8-cc|plasma
	0.266
	1.000
	0.288
	0.000

	PDCD1-FAM3C
	HIST1H4C-CD8-cc|plasma
	0.256
	1.000
	0.308
	0.000


Abbreviations: cDC, conventional dendritic cell; cc, cycling cell; pDC, plasmacytoid dendritic cell.

Supplemental Table 3. Canonical Markers for Cell Type Annotation.
	Celltype
	Marker
	
	
	
	

	CD8-positive T-cells
	CD3D
	CD3E
	CD3G
	CD8A
	CD8B

	CD4-positive T-cells
	CD3D
	CD3E
	CD3G
	CD4
	

	B-cells
	CD19
	CD79A
	MS4A1
	
	

	Plasma cells
	IGHG1
	SDC1
	MZB1
	CD38
	

	Myeloid cells
	CD14
	CD163
	CD68
	
	

	NK-/NKT-cells
	NCAM1
	FCGR3A
	GNLY
	NKG7
	

	Cycling cells
	MKI67
	TYMS
	
	
	



Supplemental Table 4. Selected genes for exhaustion score calculation in the immune cells.
	Gene

	PDCD1

	CTLA4

	LAG3

	BTLA

	HAVCR2

	TIGIT

	VSIR



Supplemental Table 5. Selected genes for exhaustion score calculation in the cancer cells.
	Gene

	CD48

	ICOSLG

	SLAMF7

	ADORA2A

	KIR3DL1

	CD276

	VEGFB

	VEGFA

	CD70

	TNFRSF14

	TNFSF15

	TGFB1



Supplemental Table 6. Abbreviations for genes.
	Abbreviation
	Gene

	ADORA2A
	Adenosine A2a Receptor

	ADRA2A
	Adrenoceptor Alpha 2A

	ADRB2
	Adrenoceptor Beta 2

	AIF1
	Allograft Inflammatory Factor 1

	AIM2
	Absent In Melanoma 2

	AQP3
	Aquaporin 3

	BAFF(TNFSF13B)
	TNF Superfamily Member 13b

	C1QA
	Complement C1q A Chain

	C1QB
	Complement C1q B Chain

	C1QC
	Complement C1q C Chain

	CCL3
	C-C Motif Chemokine Ligand 3

	CCL4
	C-C Motif Chemokine Ligand 4

	CCL5
	C-C Motif Chemokine Ligand 5

	CCR7
CD1C
	C-C Motif Chemokine Receptor 7
CD1C Molecule

	CD14
	CD14 Molecule

	CD27
	CD27 Molecule

	CD33
	CD33 Molecule

	CD38
	CD38 Molecule

	CD44
	CD44 Molecule (IN Blood Group)

	CD56
	Neural Cell Adhesion Molecule 1

	CD69
	CD69 Molecule

	CD74
	CD74 Molecule

	CD79A
	CD79a Molecule

	CD86
	CD86 Molecule

	CX3CR1
	C-X3-C Motif Chemokine Receptor 1

	CXCL8
	C-X-C Motif Chemokine Ligand 8

	CXCR3
	C-X-C Motif Chemokine Receptor 3

	CXCR4
	C-X-C Motif Chemokine Receptor 4

	HLA-DPB1
	Major Histocompatibility Complex, Class II, DP Beta 1

	ENTPD1
	Ectonucleoside Triphosphate Diphosphohydrolase 1

	EOMES
	Eomesodermin

	FAM3C
	FAM3 Metabolism Regulating Signaling Molecule C

	FCER1G
	Fc Epsilon Receptor Ig

	FCER2
	Fc Epsilon Receptor II

	FCGR3A
	Fc Gamma Receptor IIIa

	FCN1
	Ficolin 1

	FGFBP2
	Fibroblast Growth Factor Binding Protein 2

	FRZB
	Frizzled Related Protein

	GNLY
	Granulysin

	GZMA
	Granzyme A

	GZMB
	Granzyme B

	HLA-C
	Major Histocompatibility Complex, Class I, C

	IFI27
	Interferon Alpha Inducible Protein 27

	IFNG
	Interferon Gamma

	IGHA1
	Immunoglobulin Heavy Constant Alpha 1

	IGHG3
	Immunoglobulin Heavy Constant Gamma 3 (G3m Marker)

	IGHD
	Immunoglobulin Heavy Constant Delta

	IGHG1
	Immunoglobulin Heavy Constant Gamma 1 (G1m Marker)

	IGHG2
	Immunoglobulin Heavy Constant Gamma 2 (G2m Marker)

	IGHG4
	Immunoglobulin Heavy Constant Gamma 4 (G4m Marker)

	IL4R
	Interleukin 4 Receptor

	ISG15
	ISG15 Ubiquitin Like Modifier

	ITGAM
	Integrin Subunit Alpha M

	ITGB7
	Integrin Subunit Beta 7

	JCHAIN
	Joining Chain Of Multimeric IgA And IgM

	KIR2DL1
	Killer Cell Immunoglobulin Like Receptor, Two Ig Domains And Long Cytoplasmic Tail 1

	KIR2DL3
	Killer Cell Immunoglobulin Like Receptor, Two Ig Domains And Long Cytoplasmic Tail 3

	KLRF1
	Killer Cell Lectin Like Receptor F1

	LAG3
	Lymphocyte Activating 3

	LEF1
	Lymphoid Enhancer Binding Factor 1

	LRMP(IRAG2)
	Inositol 1,4,5-Triphosphate Receptor Associated 2

	LTB
	Lymphotoxin Beta

	LYZ
	Lysozyme

	MYADM
	Myeloid Associated Differentiation Marker

	MYC
	MYC Proto-Oncogene

	NAMPT
	Nicotinamide Phosphoribosyltransferase

	NCAM1
	Neural Cell Adhesion Molecule 1

	NEAT1
	Nuclear Paraspeckle Assembly Transcript 1

	NR4A1-3
	Nuclear Receptor Subfamily 4 Group A Member 1-3

	NRP1
	Neuropilin 1

	PDCD1
	Programmed Cell Death 1

	PDL1(CD274)
	CD274 Molecule

	PDL2(PDCD1LG2)
	Programmed Cell Death 1 Ligand 2

	PRF1
	Perforin 1

	PTPRC
	Protein Tyrosine Phosphatase Receptor Type C

	RPL17
	Ribosomal Protein L17

	RPL26
	Ribosomal Protein L26

	RPL36
	Ribosomal Protein L36

	RPS2
	Ribosomal Protein S2

	RPS4X
	Ribosomal Protein S4 X-Linked

	S100A12
	S100 Calcium Binding Protein A12

	S100A9
	S100 Calcium Binding Protein A9

	SDC1
	Syndecan 1

	SPN
	Sialophorin

	STAT1
	Signal Transducer And Activator Of Transcription 1

	TCL1A
	TCL1 Family AKT Coactivator A

	TGFB1
	Transforming Growth Factor Beta 1

	TIGIT
	T Cell Immunoreceptor With Ig And ITIM Domains

	TNFRSF13B
	TNF Receptor Superfamily Member 13B

	TNFRSF18
	TNF Receptor Superfamily Member 18

	TNFRSF4
	TNF Receptor Superfamily Member 4

	TNFSF10
	TNF Superfamily Member 10

	TNFSF13B
	TNF Superfamily Member 13b

	TXNIP
	Thioredoxin Interacting Protein

	VEGFB
	Vascular Endothelial Growth Factor B

	VSIR
	V-Set Immunoregulatory Receptor
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