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NOVEL ASPECTS

Figure 4: Repeatability of single cell gene signatures

Figure 5: Correlation of average enrichment scores for gene signatures across replicates

KEY TAKEAWAYS
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Figure 3: Visualizing single cell gene signatures

INTRODUCTION

METHODS

Cellular indexing of transcriptomes and epitopes (CITE-seq)1 is the most 
comprehensive tool for immune monitoring today but identifying relevant and 
robust features from such vast datasets has been challenging. We investigated 
the repeatability of multimodal immune signatures at the single cell level, which 
to our knowledge has not been previously published or presented in the field. In 
addition, we evaluated the repeatability of novel signatures of T cell exhaustion.

24 gene signatures primarily focused on T cell function were evaluated in Total T cells. 79% of the signature 
enrichment scores had a CV < 25% (Fig 4A).

CITE-seq measures 1000’s of genes, proteins, and signatures across dozens of cell populations, so qualifying every 
readout is impractical. We analyzed the correlation between all pairs of replicates as a high-level measure of assay 
repeatability. R2 for Total T cells ranged from 0.76 to 0.89 (Fig 5). These values were unchanged in a relatively rare 
T cell subset, Treg cells.

•	 RNA, Protein, and Multi-modal features of T cell function - including several T cell exhaustion signatures - 
	 showed consistent intra-assay precision with CVs < 25% (Fig 2, Table 1).

•	 Single cell gene set enrichment scores can be visualized and gated like flow cytometry data (Fig 3).

•	 Correlation coefficients between sample replicates may help evaluate repeatability for the large-scale assays  
	 such as CITE-seq (Fig 5).

•	 Understanding how the repeatability of biological signatures is affected by cell population size, number of features  
	 chosen, and feature abundance will help enable the use of novel signatures as biomarkers in clinical trial monitoring.
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When these 24 gene signatures were evaluated in 17 T cell subsets, including rare memory populations with as 
few as ~30 cells, 53% of the signature enrichment scores had a CV < 25% (Fig 4B). The enrichment score values 
correlated with CVs; on average features having scores below ~0.005 showed higher CVs than those with higher 
enrichment scores. In addition, most gene signatures showed a correlation where on average the T cell populations 
with lower event counts had higher CVs (Fig 4C).

Rapidly evolving methods and decreasing costs are accelerating the use of single 
cell sequencing for deep immune profiling. CITE-seq generates highly multiplexed 
protein and gene expression readouts. The complexity of such data requires new 
analysis tools to extract insights. We demonstrate how signatures from CITE-seq 
data can be visualized, interrogated, and assessed for repeatability as 
foundational steps for their application in clinical trial monitoring.

Peripheral blood mononuclear cells (PBMCs) from a single healthy donor were 
thawed and stained in 4 replicates with 137 antibodies from the Biolegend Total-
Seq-C universal cocktail v1. 14,000 cells per replicate were captured on the 10X 
Genomics Chromium X using the 5’ HT v2 workflow. RNA and Antibody libraries 
were sequenced on an Illumina NovaSeq 6000 to obtain ~28,000 RNA reads/
cell and ~12,000 Antibody reads/cell. Cell Ranger (10x Genomics) was used to 
generate feature-barcode H5 files, then a CellCarta pipeline leveraging aspects of 
Seurat2 generated FCS files with the following parameters per cell:

•	 137 protein features from TotalSeq antibody staining

•	 300 sctype marker genes of various immune cell populations3

•	 1,000 highly variable genes across all cells of the experiment

•	 487 enrichment scores computed by scGSEA4 from various MSigDB5  
	 gene set collections (Hallmark, C5 GO Biological Processes, C7 Immune,  
	 C2 Biocarta and Reactome)

•	 122 custom gene set enrichment scores created from literature search  
	 and targeted publications6,7,8,9,10

The resulting ~2,000-parameter FCS files were uploaded to CellCarta’s cloud-based 
CellEngine software for analysis.
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Figure 1: Gating T cell subsets in CITE-seq data

Figure 2: RNA, Protein, and Multi-modal features

Cells from 4 replicate samples were gated using canonical protein markers to identify 17 unique T cell 
subset populations (Fig 1A). Frequencies of gated populations ranged from 0.26% (CD8 Tcm) to 67% (Total T cells) 
of CD45+ leukocytes. Intra-assay precision ranged from 1.3% to 15% CV (Fig 1B).

Expression of RNA and Protein features of T cell function (exhaustion, senescence, stemness, and activation) were 
visualized for Total T cells (Fig 2). Cells with positive expression scores were gated. Intra-assay precision based on 
Mean and % Positive statistics ranged from 0.77% to 12% CV. Multi-modal readouts were defined using both RNA and 
Protein expression levels. Intra-assay precision for multi-modal features ranged from 6% to 14% CV.

Gene enrichment scores for 6 T cell exhaustion signatures were visualized for Total T cells to identify exhausted 
T cells (Fig 3A). The fraction of exhausted cells ranged from 0.4% to 4% depending on the composition of the 
gene set. The T cell exhaustion signatures were also visualized across different T cell populations (Fig 3B and 3C). 
Leveraging the single cell aspect of enrichment scores, cells enriched with multiple signatures were identified 
simply using standard flow cytometry-based gating methods (Fig 3D).
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Readout Mean expression % Positive

TOX (RNA) 0.24 ± 0.027
12% CV

15% ± 1.5%
10% CV

PD-1 (Protein) 0.89 ± 0.018
2.0% CV

8.7% ± 0.38%
4.4% CV

TOX+ PD-1+ – 2.6% ± 0.37%
14% CV

KLRG1 (RNA) 0.45 ± 0.011
2.4% CV

28% ± 1.0%
3.8% CV

CD57 (Protein) 2.5 ± 0.032
1.3% CV

36% ± 1.5%
4.0% CV

KLRG1+ CD57+ – 14% ± 0.87%
6.4% CV

TCF7 (RNA) 0.64 ± 0.041
6.5% CV

35% ± 2.1%
6.1% CV

CD127 (Protein) 1.1 ± 0.017
1.5% CV

40% ± 0.80%
2.0% CV

TCF7+ CD127+ – 28% ± 1.7%
6.0% CV

CD40LG (RNA) 0.12 ± 0.0067
5.5% CV

8.4% ± 0.59%
7.0% CV

CD69 (Protein) 0.29 ± 0.0022
0.77% CV

2.6% ± 0. 093%
3.6% CV

CD40LG+ CD69+ – 0.31% ± 0.023%
7.3% CV
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RESULTS

Table 1 – updated for optional short wide format, if needed

Signature Gene list %CV in Total T 
cells

%CV in 17 T cell 
pops. (Avg)

CellCarta-Tex-2 PDCD1 (PD-1), LAG3, HAVCR2 (TIM-3), TOX, ENTPD1 (CD39) 22% 29%

CellCarta-Tex-3 PDCD1 (PD-1), LAG3, HAVCR2 (TIM-3), TOX, ENTPD1 (CD39), CTLA4, TIGIT 8% 19%

ImmuCellAI-Tex6 ADGRG1, AFAP1L2, CCND2, CD38, CD8A, CD8B, CTLA4, EOMES, FUT8, LAG3, PDCD1 (PD-1), +8 others 9% 16%

Ref1-Tex-terminal7 CXCL13, TNFRSF9 (4-1BB), ENTPD1 (CD39), HAVCR2 (TIM-3), CTLA4, TNFRSF18 (GITR), TIGIT, DUSP4, +42 others 33% 44%

Ref3-Tex-42genes8 HAVCR2 (TIM-3), ENTPD1 (CD39), PDCD1 (PD-1), TNFSF4 (OX40L), GZMA, MKI67 (Ki67), TOX, TIGIT, TNFRSF9 (4-1BB), LAG3, CTLA4, +30 
others

15% 18%

Ref4-Tex9 GZMB, CXCL13, LAG3, VCAM1, HAVCR2 (TIM-3), CCL5, PDCD1 (PD-1), DUSP4, TNFRSF9 (4-1BB), CTLA4, GZMH, ENTPD1 (CD39), +48 others 14% 16%

Ref5-Tex10 CCL3, CXCL13, IFNG, GZMB, CCL5, CD8A, CD63, XCL1, XCL2, PDCD1 (PD-1), GZMH, HAVCR2 (TIM-3), LAG3, DUSP4, +82 others 15% 25%

Signature Gene list
%CV in 
Total T 

cells

%CV Avg 
over 17 T 
cell pops. 

CellCarta-Tex-2 PDCD1 (PD-1), LAG3, HAVCR2 (TIM-3), TOX, ENTPD1 (CD39) 22% 29%

CellCarta-Tex-3 PDCD1 (PD-1), LAG3, HAVCR2 (TIM-3), TOX, ENTPD1 
(CD39), CTLA4, TIGIT 8% 19%

ImmuCellAI-Tex6 ADGRG1, AFAP1L2, CCND2, CD38, CD8A, CD8B, CTLA4, 
EOMES, FUT8, LAG3, PDCD1 (PD-1), +8 others

9% 16%

Ref1-Tex-terminal7 CXCL13, TNFRSF9 (4-1BB), ENTPD1 (CD39), HAVCR2 (TIM-
3), CTLA4, TNFRSF18 (GITR), TIGIT, DUSP4, +42 others

33% 44%

Ref3-Tex-42genes8
HAVCR2 (TIM-3), KLRC1, ENTPD1 (CD39), PDCD1 (PD-1), 
TNFSF4 (OX40L), GZMA, MKI67 (Ki67), TOX, TIGIT, TNFRSF9 
(4-1BB), LAG3, CTLA4, +30 others

15% 18%

Ref4-Tex9
GZMB, CXCL13, LAG3, VCAM1, HAVCR2 (TIM-3), CCL5, 
PDCD1 (PD-1), DUSP4, TNFRSF9 (4-1BB), CTLA4, GZMH, 
ENTPD1 (CD39), CXCR6, +48 others

14% 16%

Ref5-Tex10
CCL3, CXCL13, IFNG, GZMB, CCL5, CD8A, CD63, XCL1, XCL2, 
PDCD1 (PD-1), GZMH, HAVCR2 (TIM-3), LAG3, DUSP4, +82 
others

15% 25%

Table 1: Composition of T cell exhaustion gene signatures

Gene sets for calculating T cell exhaustion scores are listed. Intra-assay precision for the signatures ranged from 
8% to 33% CV for Total T cells and 16% to 44% CV on average across the 17 unique T cell subsets.


