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Supplemental Figures 

 

Supplementary Figure 1. Comparative gene expression profiling of sub-cluster 

populations of MM cells 

(A-B) Heatmaps showing the expression of 70 high-risk gene set (A) and 56 drug 

resistance-related gene set (B) identified by UAMS in 8 sub-clusters. The sub-cluster 

number is labeled on the graph bottom. 

 

Supplementary Figure 2. Five functional CD4+ and seven CD8+ T cell clusters 

were identified based on canonical marker expression patterns across different 

conditions 

(A-B) UMAP plots displaying the referenced CD4+ and CD8+ T cells from integrated 

pan-cancer single-cell datasets. 

(C) t-SNE plot showing the integrated referenced cells of CD4+ and CD8+ T cells. 

(D) t-SNE plot illustrating the projection of T cells onto the referenced cells. Contour 



lines and black dots represent the projected cells. 

(E) Radar chart showing the expression levels of representative genes in referenced 

and projected cells. 

(F) Density line plot indicating the distribution of CD8+ T cells along the pseudo-time. 

(G) Clustered cell states of CD8+ T cells identified through pseudo-time trajectory 

analysis. 

(H) Distribution of CD8+ T cell subtypes along the pseudo-time trajectory. 

(I) Density line plot (upper) and PCA plot (lower) illustrating the distribution of CD8+ T 

cells across three sample groups. 

(J) Pseudo-time trajectory showing the order and distribution of CD8+ T cells (left). 

Colored dot plot depicting the cell scores within CD8+ T cells (right). 

(K) Fitted line with dot plot showing the expression levels of representative transcription 

factors and exhaustion-related genes along pseudo-time across different T cell states. 

(L) Fitted line with dot plot illustrating metabolism scores and the expression of 

representative genes along pseudo-time. Colors represent different T cell states. 

(M) UMAP plots displaying the distribution of CD8+ T cell subtypes in two patient 

groups along the pseudo-time trajectory. 

(N) Volcano plot highlighting differentially expressed genes in CD8+ memory T cells 

between the two patient groups. 

(O) Bar plot showing the enriched upregulated and downregulated pathways of 

differentially expressed genes in memory T cells. 

 

 

 

 



 

 

 



 

 



 



 



 

 

Supplementary Figure 3. Combining GEP-Based Biomarkers With R-ISS 

(A) Kaplan-Meier curve showing the overall survival of MM patients of MMRF- 

CoMMpass dataset by ISS.   
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Suppl. Table 1. Clinical characteristic of MM patients 

Suppl. Table 2. Top 10 up-regulated gene in sC4 compared with other sClusters 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Upstream primer 

sequence 

Downstream primer 

sequence 

probe sequence GENE 

1 CCAAGTGCAACAAG

GAGGTGTA 

GCCAGTCCTTGCCCA

GAGA 

TCGCCGAGAGGGTGA CRIP1 

2 TCGCCTTCGCCTCCT

AATC 

GCCAACGTGGATGGA

GATG 

CTAGCCACTATGCGTGAG

T 

TUBA1B 

3 AAACTTAAAGTCGGT

GGCACACA 

CTGTCTCTGATCCGCA

AGCA 

AGCAATGAAGGTCTGAGC CCND2 

4 GGTGCTAAGCGCCAT

CGT 

CGGTTTTGTAATGCCC

TGGAT 

AGGTGCTCCGGGATA HIST1H4C 

5 GGGTTCATTCAGGCC

CAAGT 

CATAGCACTGGAGTG

GCAGATAGT 

CGACGAGAACGGC CD74 

6 CAAGGCTGTGGGCA

AGGT 

GGAAGGCCATGCCAG

TGA 

ATCCCTGAGCTGAACG GAPDH 

7 CCCAAGAACAAGGC

CAGATTC 

CTGCGATAGTAACAGC

GGTATCTC 

CCATCCCATCCATGACAG

AGGACTATGC 

LILRB4  

8 CTGCCAGTCACCATT

CAGCTT 

CCCGCTCGAAGGCTT

GT 

CACCATGTGCTGTCCCTG

ACGGG 

ITGB7  

Suppl.Table 3. Diagram showing baseline characteristics of MM patients 

Training set (MMRF-CoMMpass cohort), Validation set 1 (GSE136337 cohort), Validation set 2 (in-

house data). 

Suppl.Table 4. Primer sequence of ddPCR 



Supplemental methods 

Single-cell data analysis and T cell projection 

We used Cell Ranger v3.0.2 to generate gene expression matrices for each cell. 

Quality control was performed using scCancer v2.1.0, which automatically detected 

outliers based on the distributions of various metrics 1. The quality-controlled cell 

matrices were then processed using Seurat v4 for data normalization, scaling, 

dimensionality reduction, and clustering. For the integration of the cells from different 

samples, we corrected batch effect using the harmony v0.1.1 2. We integrated the 

GSE156728 and utility datasets (https://spica.unil.ch/refs/CD8T_human) using the 

canonical correlation analysis (CCA) algorithm implemented in Seurat v4.0, thereby 

obtaining a reference dataset of human CD4⁺  and CD8⁺  T cells 3. Finally, we 

projected our T cells onto this reference dataset using ProjecTILs v3.0 to assign 

annotations to each T cell 4. The metabolism signatures were obtained from PathCards 

(https://pathcards.genecards.org/) and calculated by AddModuleScore function in 

Seurat v4. Pseudotime-ordered analysis of CD8+ T cells was performed using 

Monocle2 5. 

Establishment of 7-gene score and MR-ISS 

The 7-gene score for each patient in the datasets mentioned above was quantified by 

the following formula: 7-gene score = Σi=1,2…n β(i) × Exp(i), where β represents 

theregression coefficient for each gene derived from multivariate Cox regression and 

Exp indicates the expression value of each gene. The RNAseq data was represented 

as Transcripts Per Million (TPM) and sourced from the MMRF-CoMMpass cohort IA20 



version. The specific weights and gene expressions that contribute to the score are as 

follows: score = 0.678×Exp(LILRB4) + 0.809×Exp(ITGB7) + 0.674×Exp(CRIP1) + 

0.800×Exp(TUBA1B) + 0.120×Exp(CCND2) + 0.421×Exp(CD74) – 

1.246×Exp(HIST1H4C). The optimal cut point for the 7-gene score was determined 

using the maximally selected rank statistics from the maxstat v0.7. Subsequently, we 

constructed MR-ISS model with both univariate and multivariate Cox regression 

models using clinical risk features and 7-gene group. The Hazard ratio of multivariate 

Cox regression was utilized to assign scores to these risk features. Based on the 

cumulative scores of individual patients, we categorized them into four distinct intervals, 

thereby developing an MR-ISS classification. The Kaplan–Meier method was 

employed to plot survival curves for log-rank survival analyses. 

Multi-color ddPCR 

RNA was extracted from bead-enriched CD138⁺ cells isolated from MM patients using 

the Qiagen RNeasy Micro Kit. A two-tube ddPCR protocol was employed, whereby 

each cDNA sample was split into two aliquots, each receiving a distinct ddPCR reaction 

mix containing primer/probe sets for the target gene and the internal control GAPDH, 

thereby enabling the simultaneous detection of seven genes. The ddPCR assays were 

performed using the DQ24 All-in-one Automation Digital PCR System (Suzhou Sniper 

Medical Technologies Co., Ltd.) based on multicolor fluorescence detection. For each 

sample, the absolute expression copy number was calculated using the Poisson 

statistical formula: absolute expression copy number = –ln(1 – P/N) × M, where P 

represents the number of positive droplets, N is the total number of droplets, and M 



denotes the dilution factor of the reaction system. Normalization was performed by 

dividing the absolute copy number of the target gene by that of the internal control 

GAPDH. 

Dimensionality reduction, clustering of cells, and visualization  

The R package Seurat v.3 was used for data scaling, transformation, clustering, 

dimensionality reduction, differential expression analysis, and most visualizations 6, 7. 

PCA was performed using the top 2,000 variable genes.  Graph-based clustering was 

performed on the PCA-reduced data for clustering analysis. The resolution was set to 

0.5 to obtain a more refined result. Briefly, the first 50 PCs of the integrated gene -cell 

matrix were used to construct a shared nearest-neighbor graph (SNN; 

‘FindNeighbors’), and this SNN was used to cluster the dataset (‘FindClusters’) u sing 

a graph -based modularity -optimization algorithm of the Louvain method for 

community detection. Then UMAP was performed on the top 30 principal components 

for visualizing the cells. 

Cell cluster annotation with specific maker genes expression   

The marker genes, identified by the ‘FindAllMarkers’ function—with the setting 

‘only.pos’ as ‘True’, ‘min.pct’ as 0.25, ‘logfc.threshold’ as 0.25 and ‘test.use’ as 

‘wilcox’—were used to annotate cell clusters. Cluster annotation was confirmed using 

the celltypist, an automated cell type annotation tool for scRNA-seq datasets based on 

logistic regression classifiers optimised by the stochastic gradient descent algorithm 8.  

Characterizing the cell distribution in sample groups   

To characterize the group distribution of cells, odds ratios (OR) were calculated and 



used to indicate preferences as reported 3. Specifically, for each combination of cells i 

and group j, a 2 by 2 contingency table was constructed, which contained the number 

of cells i in group j, the number of cells of cell i in other groups, the number of non -i 

cells in group j, the number of non -i cells in other groups. Then Fisher’s exact test was 

applied on this contingency table, thus OR and corresponding p -value could be 

obtained. We labeled groups with a p-value < 0.05 using an asterisk (*). A higher OR 

with an asterisk indicated that cells i was more preferred to distribute in group j, while 

a lower OR with an asterisk indicated that cells i was preferred to less distribute in 

group j. 

InferCNV analysis 

We used InferCNV to infer copy number variations (CNVs) from single-cell RNA 

sequencing data. The gene expression matrix was first preprocessed and normalized 

to reduce technical noise and batch effects. CNVs were inferred by comparing the 

expression profiles of individual cells to a reference population of normal cells. Specific 

chromosomal regions with significant deviation in expression patterns were identified 

as CNV regions. The results were visualized through heatmaps, which displayed the 

CNV landscape across the cell population. For scoring CNVs, we calculated a CNV 

score for each cell, representing the degree of CNV severity based on its expression 

profile. The CNV score was derived by assessing the deviation of each cell's gene 

expression from the normal reference. Higher scores indicated more pronounced copy 

number alterations, while lower scores suggested minimal or no CNV. These CNV 

scores were then used for further statistical analysis to correlate with biological or 



disease-related features. 

Construction of transcriptional regulatory network and gene co -expression 

network  

We selected specific genes from cluster 4 to infer the transcriptional regulatory network 

and establish a co-expression network. Candidate transcription factors and 

transcription factor -target pairs were obtained from TRRUST v2 9, which includes 

8,444 regulatory interactions (annotated as ‘activation’, ‘repression’, and ‘unknown’) 

for 800 transcription factors in humans.  We retained only the edges where both the 

transcription factor and target were present in the specific genes of   cluster 4. 

Moreover, we kept only the transcription factors with at least two edges annotated as 

‘activation’ or ‘repression’ in the final network. To construct the co-expression network, 

we calculated the Pearson correlation between the specific genes of cluster 4 in cluster 

4 MM cells. Genes with a P-value < 0.05 and an absolute correlation coefficient > 0.4 

were retained. Clustering of the co-expression network was performed using MCODE 

in Cytoscape v3.9.0, and the top 4 clusters with a degree cutoff of 5 were kept. The 

networks were visualized using Gephi v0.10.1 with the ‘Fruchterman Reingold’ layout. 
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