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Abstract 28 

Chimeric antigen receptor (CAR) T-cell adoptive therapy is set to transform the 29 

treatment of a rapidly expanding range of malignancies. Although the activation 30 

process of normal T cells is well characterised, comparatively little is known about the 31 

activation of cells via the CAR. Here we have used flow cytometry together with single 32 

cell transcriptome profiling to characterise the starting material (peripheral blood 33 

mononuclear cells) and CAR therapeutic products of 3 healthy donors in the presence 34 

and absence of antigen specific stimulation. Analysis of 53,191 single cell 35 

transcriptomes showed APRIL-based CAR products to contain several subpopulations 36 

of cells, with cellular composition reproducible from donor to donor, and all major 37 

cellular subsets compatible with CAR expression. Only 50% of CAR-expressing cells 38 

displayed transcriptional changes upon CAR-specific antigen exposure. The resulting 39 

molecular signature for CAR T-cell activation provides a rich resource for future 40 

dissection of underlying mechanisms. Targeted data interrogation also revealed that 41 

a small proportion of antigen-responding CAR-expressing cells displayed an 42 

exhaustion signature, with both known markers and genes not previously associated 43 

with T-cell exhaustion. Comprehensive single cell transcriptomic analysis thus 44 

represents a powerful way to guide the assessment and optimization of clinical-grade 45 

CAR-T-cells, and inform future research into the underlying molecular processes. 46 

 47 

  48 
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Introduction 49 

The immune system plays an important role in cancer development and treatment, in 50 

both solid tumours and haematological malignancies. Multiple approaches have been 51 

explored to direct immune cells specifically against cancer cells. Increased attention 52 

has been focused on direct manipulation of the patient’s own immune cells through 53 

either small molecules or cell therapy(1), including the transduction of peripheral blood 54 

T-cells of the patient with a chimeric antigen receptor (CAR) directed against an 55 

antigen present in the cancer cells. For these treatment protocols, T-cells harbouring 56 

the CAR (CAR T-cells) are commonly expanded in vitro before reintroduction into the 57 

patient.  58 

Following highly encouraging clinical trial results, CAR products have already been 59 

approved for therapeutic use and many more are at advanced stages of clinical 60 

trials(2,3). However, relatively little is known about how CARs function from a 61 

molecular point of view, especially with respect to their influence on the overall cellular 62 

state of the CAR T-cell products. In particular, the cellular heterogeneity of CAR T-cell 63 

products remains poorly defined not only in terms of cellular heterogeneity as a result 64 

of culture conditions(4), but also because not all cells harbour the CAR as well as 65 

difficulties associated with recovery and analysis of the cells upon antigen encounter. 66 

Traditionally, transcriptomic studies of the immune system have relied on flow 67 

cytometry to obtain large numbers of relatively homogenous cell populations. The 68 

more recent adaptation of single cell transcriptomic analysis has revealed that almost 69 

all cell populations thought to be largely homogeneous are in fact composed of clearly 70 

identifiable subpopulations(5). Technological advances in single cell RNA-Seq 71 

(scRNA-Seq) permit the cost-efficient processing of thousands of cells(6), whereas 72 



4 
 

previously this type of analysis was low-throughput and cost prohibitive. Single cell 73 

transcriptome profiling also provides powerful opportunities to analyse molecularly the 74 

response and behaviour of individual immune cells following stimulation. 75 

Here we have performed a large-scale single cell transcriptomic analysis of CAR T-76 

cells containing a previously described third generation CAR based on an “A 77 

Proliferation-Inducing ligand” (APRIL) that specifically recognises the B cell maturation 78 

antigen (BCMA) and cyclophilin ligand interactor (TACI), both present in multiple 79 

myeloma (MM) cells(7). We have combined conventional flow cytometry analysis with 80 

state-of-the-art scRNA-Seq to characterise in detail three crucial stages of the CAR T-81 

cell production process, namely the starting leukapheresis sample, the in vitro 82 

generated CAR-T product and the product upon specific antigen stimulation. Sampling 83 

these three stages from three different donors provided the transcriptional profiles of 84 

53,191 cells in total, demonstrated the robustness of the procedure with respect to 85 

sample variation, and allowed us to determine molecular signatures associated with 86 

CAR activation as well as the small subset of cells displaying an exhaustion signature. 87 

 88 

Results 89 

A sampling strategy to capture key stages of CAR product development 90 

To interrogate the molecular consequences of specific CAR activation, the CAR-T 91 

product from 3 healthy donors were generated and analysed using a combined 92 

approach of traditional flow cytometry and scRNA-Seq. Each CAR product sample 93 

was split in half, with one half cultured in the presence of cells displaying the specific 94 

CAR antigen (Figure 1). This sampling strategy was designed to provide valuable 95 

information about (i) the similarity or otherwise of CAR products generated from 96 
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different donors, (ii) a full molecular characterisation of the CAR activation process, 97 

and (iii) to provide an opportunity to explore clinically relevant aspects such as the 98 

identification of possible subpopulations associated with exhaustion processes of 99 

activated CAR-T cells.  100 

To obtain a better understanding, we analysed the whole product containing a mixture 101 

of transduced and non-transduced cells. In this way, we could analyse the behaviour 102 

of CAR-T cells within the context of non-transduced cells and obtained an internal 103 

reference for comparative analysis. We obtained the transcriptional profiles of 37,898 104 

single cells corresponding to the CAR products of the three donors, of which 17,163 105 

cells were from the product in the absence of CAR-specific stimulation and 20,735 106 

cells from the product in the presence of CAR-specific antigen exposure (Table 1). 107 

The mapping of the region upstream of the predicted polyadenylation site of the 3’LTR 108 

of the virus used to express the CAR allows the robust detection of CAR transcripts 109 

independently of the insertion point (Supplementary Figures 1A and 1B). CAR 110 

expression was detected on a total of 8,534 cells, of which 4,218 cells corresponded 111 

to antigen-exposed cells and 4,316 cells to unstimulated cells (Table 1). The CAR 112 

could be detected on an average of 22.5% of the cells, in line with previous reports(2), 113 

with expression levels similar in all samples (Supplementary Figure 1C). CAR-114 

expressing cells also express RQR8 on the surface, which allows the detection of 115 

successfully infected cells by flow cytometry. Importantly, the percentage of CAR-116 

expressing cells was very similar when measured by either scRNA-Seq or RQR8 117 

detection by flow cytometry (Supplementary Figure 1D). 118 

 119 
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Bioinformatic identification of cell clusters was used to identify cellular subtypes and/or 120 

molecular states present in the products, as defined by single cell gene expression 121 

analysis. The clustering results were visualised using UMAP and the cells were 122 

coloured retrospectively according to their allocated cluster. This analysis highlighted 123 

the presence of eleven clusters (Figure 2A, Table 1). We next investigated the nature 124 

of the defined clusters using the expression of known T-cell subpopulation marker 125 

genes such as CD8A, CD4, CCR7 and SELL (CD62L)(8) (Figures 2B and 2C, 126 

Supplementary Figures 2A and 2B) and inferred the probability for each cell to stay in 127 

a particular cell cycle stage (Figure 2D and Supplementary Figure 2E) using a list of 128 

cell cycle genes previously defined(9). CD8A expression was strongly detected in 129 

clusters 9 and 10 whereas CD4 expression was detected in the rest of the clusters. 130 

Clusters 1, 7 and 8 contained a mixture of CD4 and CD8-expressing cells. Thus, we 131 

could define cells that expressed: CD4+CCR7highSELLhigh (cluster 5); 132 

CD4+CCR7highSELLmid (cluster 6); CD4+CCR7lowSELLmid (cluster 4); 133 

CD4+CCR7highSELLhigh (clusters 2 and 3); CD8+CCR7lowSELLlow (cluster 9); 134 

CD8+CCR7highSELLhigh (cluster 10). Cells in cluster 1 presented high levels of CCR7, 135 

low levels of SELL and higher levels of genes related to T-cell activation such as IL2RA 136 

(CD25) (Figure 2C). 137 

All cells in the dataset expressed CD3E except a small number of cells that belonged 138 

to cluster 11 and a very small number of cells located within cluster 9 (Supplementary 139 

Figure 2C). Cells within cluster 11 expressed high levels of MHC class II (HLA-DR, 140 

HLA-DP and HLA-DM) as well as FCER1A suggesting that they have a dendritic 141 

phenotype. The small number of cells in cluster 9 that did not express CD3E had a 142 

high expression of GNLY, NCAM1 and NKG7 suggesting that they present a 143 

phenotype similar to NK cells (Supplementary Figure 2D). 144 
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 145 

CAR products from different donors show a similar cellular composition 146 

To assess the variability between CAR-T products from different donors in terms of 147 

cell types and distribution of cellular states, we compared the distribution of the three 148 

different donors within the previously defined clusters of CAR products. 149 

Importantly, all clusters (except cluster 11 that only comprised 27 cells) contained cells 150 

from all three donors (Figure 3A and Supplementary Figure 3A), indicating that the 151 

scRNA-Seq data produced with our experimental and processing pipeline can be 152 

readily compared across different donors. The contribution of each donor to each 153 

cluster was variable, suggesting that the different subtypes/states can be present in 154 

different proportions in each donor. In particular, donor 1 was less represented in 155 

cluster 4 but contributed proportionally more to clusters 5, 6 and especially to cluster 156 

2, where it constituted 75% of the cells within this cluster (Figure 3A). 157 

 158 

Early activation promotes effector-like transcriptional signatures 159 

To gain a better understanding of the potential impact of the CAR T-cell production 160 

process (early activation treatment and transduction) on the cells, we compared the 161 

CAR product single cell transcriptomes to those of the T-cells in the original PBMC 162 

starting material. To this end, we characterised 10,845 leukapheresis T-cells from the 163 

very same three healthy donors using scRNA-Seq analysis and identified 3,693 T-164 

cells from donor 1, 3,763 T-cells from donor 2 and 3,389 T-cells from donor 3 165 

(Extended Results). The UMAP visualisation containing PBMCs and product T-cells 166 

separated cells according to their source (Supplementary Figures 4A and 4B) 167 

independently of the expression pattern of markers such as CD8A, CCR7 and SELL 168 
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(Supplementary Figure 4C). We then integrated both datasets (Supplementary 169 

Figures 4D, 4E and 4F) and assigned leukapheresis T-cells to the closest predefined 170 

product T-cell clusters (Supplementary Figure 4G). Next, we compared unstimulated 171 

CAR-non-expressing cells and leukapheresis T-cells within each associated cluster 172 

(Supplementary Table 1). Of note, we could not identify a counterpart to cluster 1 in 173 

the leukapheresis sample, as can be observed from the pattern of expression of 174 

markers such as IL2RA (Supplementary Figure 4F), nor was there a clear separation 175 

between clusters 5 and 6 (Supplementary Figure 4E). We therefore excluded cells 176 

assigned to cluster 1 from this comparative analysis and we considered cells assigned 177 

to clusters 5 and 6 as one single group.  178 

The integration of the 200 most upregulated genes from each of the different 179 

comparisons defined 5 groups of genes (Supplementary Figure 4H and 180 

Supplementary Table 1). One group of genes was upregulated in all clusters 181 

suggesting the presence of a common differentially expressed signature between the 182 

leukapheresis T-cells and product T-cells. This group contained genes that are 183 

upregulated in effector and effector memory cells when compared to naïve cells 184 

(“GSE11057_NAIVE_VS_MEMORY_CD4_TCELL_DN”, p-adjusted value 5.63E-11;  185 

“GSE9650_NAIVE_VS_EFF_CD8_TCELL_DN”, p-adjusted value 5.63E-11). 186 

Although we could define groups of genes upregulated in the specific clusters, the 187 

genes we identified were generally related to an acquisition of effector and effector 188 

memory states. 189 

 190 

CAR-expressing and CAR-non-expressing cells are similar in the absence of 191 

CAR-specific stimulation 192 
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Since we had determined that CAR-expressing cells can be robustly detected and we 193 

had generated parallel scRNA-Seq datasets for CAR products with and without CAR-194 

specific antigen exposure, we then analysed the distribution of CAR expressing cells 195 

in the previously defined clusters to investigate whether CAR expressing cells are 196 

enriched in certain subpopulations, and whether expression of the CAR influences 197 

transcriptional profiles even in the absence of antigen stimulation. Unstimulated CAR-198 

expressing cells had a very similar distribution to the unstimulated CAR-non-199 

expressing cells (Figure 3B and Supplementary Figures 3B and 3C). These results 200 

indicate that all major cell subtypes are equally susceptible to CAR virus transduction. 201 

We then compared the unstimulated CAR-expressing and CAR-non-expressing cells 202 

within each of the major clusters to investigate if there were transcriptional differences 203 

between them. We could not detect a shared signature across the different 204 

comparisons and only few genes were differentially expressed for each of the clusters 205 

(Supplementary Table 2). 206 

Our results suggest that CAR-expressing cells behave similarly to untransduced cells 207 

in resting conditions. 208 

 209 

Few CAR-expressing cells show transcriptional response without specific 210 

antigen stimulation 211 

The proportion of CAR-expressing cells in the absence of specific stimulus was higher 212 

in clusters 1 and 2 when compared to non-expressing CAR cells (Figure 3B and 213 

Supplementary Figure 3C). Cluster 2 contained 422 unstimulated CAR-expressing 214 

cells (9.8% of 4316 unstimulated CAR-expressing cells) that presented a central 215 

memory-like phenotype (CCR7+ SELLhigh) although these cells were present mainly 216 
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in only one of the donors (see Figure 3A). Cluster 1 (which was comprised mostly of 217 

CAR-expressing antigen-exposed cells) contained 303 unstimulated CAR-expressing 218 

cells (7% of all unstimulated CAR-expressing cells). These cells presented an 219 

activation signature that was independent of the CAR-expression levels (Figure 3C 220 

and Supplementary Figure 3D). Of note, unstimulated CAR-non-expressing cells 221 

could also be detected within clusters 1 and 2, although in much smaller proportions, 222 

0.9% and 0.4%, respectively (114 and 47 cells out of 12,847 cells, respectively). 223 

Our approach using single cell transcriptomics has allowed us to reveal that 224 

approximately 7% of CAR-expressing cells are activated already prior to encountering 225 

the specific antigen. 226 

 227 

Antigen exposure results in homogeneous activation of CAR-expressing cells 228 

Our sampling strategy allows us to compare the effect of exposure to the CAR-specific 229 

antigen in CAR-expressing T-cells, using non-expressing cells as a reference. Upon 230 

CAR-specific antigen stimulation, there is a relative increase of CAR-non-expressing 231 

cells in clusters 1 and 6 paralleled by a relative decrease of cells in cluster 5 when 232 

compared to the distribution in the absence of the stimulus (Figure 3B and 233 

Supplementary Figure 3C).  234 

Cells in cluster 6 present lower levels of SELL and higher expression of genes that 235 

code for granzymes (GZMA, GZMB and GZMH), cytokine genes (such as IL3, IL4, 236 

IL5, IL8, IL13 and CSF2), activating transcriptional factors (such as FOS, a member 237 

of the AP-1 complex) and receptors (such as CCR1 and CXCR6) when compared to 238 

cluster 5 (Supplementary Table 3). These results suggest that a proportion of CAR-239 

non-expressing cells acquired a transcriptional state resembling activation upon CAR-240 
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specific antigen stimulation, although at lower levels than cells in cluster 1. Since CAR-241 

non-expressing cells cannot respond to the CAR-specific antigen, this would suggest 242 

that there is cell-to-cell signalling between the CAR-expressing cells and a proportion 243 

of CAR-non-expressing cells upon stimulation.  244 

The distribution of CAR-expressing cells changed drastically upon stimulation. These 245 

cells were substantially enriched in cluster 1, where they constituted 62% of the cells, 246 

and dramatically reduced in all the remaining clusters, with the exception of a 247 

moderate increase in cluster 6 (in a similar trend to CAR-non-expressing cells) (Figure 248 

3B and Supplementary Figure 3C). Our results suggest that a proportion of CAR-249 

expressing cells acquire a similar transcriptional state upon antigen-specific 250 

stimulation and these cells simultaneously transition to cluster 1 from most of the other 251 

clusters.  252 

Cluster 1 contained a small proportion of unstimulated cells and 26% of cells in this 253 

cluster corresponded to stimulated CAR-non-expressing cells (Figure 3B). We 254 

therefore investigated if the cells within cluster 1 had a homogenous transcriptional 255 

profile. To this end, we obtained an UMAP visualisation of the cells within cluster 1 256 

and could observe a separation between CD8- and CD4-expressing cells that could 257 

be confirmed by the appearance of subclusters within cluster 1 (Figure 4A and 258 

Supplementary Figures 5A and 5B). Of note, we could not see a separation between 259 

CAR-expressing and CAR-non-expressing cells or in relation to CAR-expression 260 

levels (Supplementary Figures 5D and 5E). 261 

We also compared the expression patterns of CD8-expressing cells with the rest of 262 

the cells within cluster 1 and we found very few differences (Supplementary Figure 5C 263 

and Supplementary Table 4). These results suggest that there is one single program 264 
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for T cell activation triggered by antigen stimulation and the presence of CAR, although 265 

a small proportion of cells can activate this program even in the absence of the antigen. 266 

Taken together, our analysis shows that nearly 50% of CAR-expressing cells respond 267 

to CAR-specific stimulation in a consistent fashion, thus implying the existence of a 268 

molecular signature that should be characteristic of the CAR response to specific 269 

antigen. 270 

 271 

Some CAR-expressing cells show no transcriptional response to specific 272 

antigen stimulation 273 

Our previous results revealed a specific transcriptional response in a subset of CAR-274 

expressing cells upon exposure to specific antigen stimulation. However, a big 275 

proportion of CAR-expressing cells from the stimulated condition were assigned to 276 

other clusters than cluster 1 where they were intermixed with non-CAR expressing 277 

cells in both clustering and UMAP analysis, thus indicating that CAR-expressing cells 278 

within those clusters do not respond to antigen exposure. We then investigated 279 

whether these cells did not present a transcriptional response to the antigen 280 

stimulation or whether they showed evidence of a short-term response to the stimulus. 281 

Since we had cultured the product in parallel in the presence and absence of the CAR-282 

specific antigen, we next compared the unstimulated and stimulated CAR-expressing 283 

cells within clusters other than cluster 1. We could not find major differences between 284 

these cells (Supplementary Table 5). Our results suggest that cells in the product 285 

exposed to antigen that fall outside of cluster 1 remain transcriptionally very similar to 286 

cells that have not been exposed to the antigen. 287 

 288 
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The molecular signature of CAR activation includes upregulation of the MYC 289 

program 290 

To dissect the molecular program of CAR activation, we focussed our bioinformatic 291 

analysis on the 4,218 stimulated CAR-expressing cells. We compared the 292 

transcriptional profiles of antigen-exposed cells present in cluster 1, which contained 293 

the activated cells, with antigen-exposed cells present in all the other clusters. 294 

Differential gene expression analysis showed that 899 genes were upregulated and 295 

364 genes downregulated in antigen-exposed cells within cluster 1 when compared 296 

with the other clusters (Figure 4B and Supplementary Table 6). The upregulated genes 297 

included receptors (such as CCR4), cytokines (such as IL2, IL3, IL4, IL5, IL8, IL10, 298 

IL13 and CSF2) and granzyme B (GZMB). Analysis of the upregulated genes showed 299 

an enrichment in genes corresponding to pathways related to lymphocyte activation 300 

(Figures 4C and 4D). Enriched pathways included “ribosome biogenesis” (p-adjusted 301 

value 5.29E-76), genes related to the “calcineurin-regulated NFAT-dependent 302 

transcription in lymphocytes” (p-adjusted value 2.35E-11) (which contains genes such 303 

as BATF3, CSF2, IRF4, CDK4, IL2RA, IL3, IL4 and IL5) together with “Calcium 304 

signaling in the CD4+ TCR pathway” (p-adjusted value 5.19E-05) and “IL-2 signalling 305 

mediated by STAT5” (p-adjusted value 7.72E-05). MYC was also found to have a 306 

prominent role in the CAR activation (p-adjusted value 2.96E-13). Not only is MYC 307 

itself upregulated but additionally validated target genes of MYC were also 308 

upregulated (including genes such as FOSL1, CDK4, KAT2A, PMAIP1, CDC25A, 309 

NME1, NPM1, TFRC and BMI1). 310 

 311 
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The downregulated genes contained expected genes such as SELL(10) and genes 312 

that code for MHC class I, such as B2M. Of note, genes such as HLA-A, HLA-B, HLA-313 

C, HLA-E and HLA-F had an FDR <0.05 and a fold-change close to -2. In summary, 314 

our results show that CAR-expressing cells activated upon antigen exposure activate 315 

similar pathways to the ones triggered by the T-cell receptor. 316 

 317 

Only a small proportion of stimulated CAR-expressing cells exhibit exhaustion 318 

features 319 

The exhaustion of T-cells commonly occurs upon long exposure to the antigen in the 320 

absence of adequate costimulatory signals. It is an important factor to take into 321 

consideration when producing CAR T-cells since there are reports of relapse after an 322 

initial phase of clearing of the disease followed by the eventual exhaustion of CAR T-323 

cells(11). Traditionally, surface markers including PD-1, TIM-3 and LAG-3 have been 324 

used to identify exhausted T-cells by flow cytometry. We measured the expression of 325 

those surface markers in the lymphocytic compartment of our leukapheresis and final 326 

product by flow cytometry (Figure 5A and Supplementary Figure 6A). Very few cells 327 

expressed the inhibitory receptor PD-1 in the final product and only a slightly higher 328 

proportion of cells expressed it in the original leukapheresis samples. TIM-3 and LAG-329 

3 were detected in a higher proportion of cells of the final product than the 330 

leukapheresis with no differences between CAR-expressing and non-expressing cells.  331 

 332 

From a transcriptomic point of view, exhaustion is characterised by the upregulation 333 

of inhibitory receptors and downregulation of stimulatory signals. A molecular 334 

signature for exhaustion was defined for mouse upon chronic viral infection(12), and 335 
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has also subsequently proved to be informative in patients with autoimmune 336 

diseases(13) as well as in the response of CML patients to treatment with anti-CD19 337 

autologous CAR-T cells(14). We used this molecular signature to evaluate the 338 

exhaustion state of cells in our dataset by scoring all single cell transcriptomes from 339 

the final products in our study against these genes (Figure 5B, Supplementary Table 340 

7 and methods). This comprehensive transcriptome-based approach identified 752 341 

cells with a strong exhaustion gene signature (Figure 5C and Supplementary Figure 342 

6B). These cells showed a good overlap with the expression of typical markers used 343 

to evaluate exhaustion by flow cytometry, particularly LAG-3 (Supplementary Figure 344 

6D), and the ones located within cluster 1 were mainly concentrated within one of the 345 

previously defined subclusters for cluster 1 (Supplementary Figures 5B and 6C). Only 346 

7% (153 cells out of 2,104) of the responding antigen-exposed CAR-expressing cells 347 

(cluster 1 in Figure 2A) presented an exhaustion signature. Importantly, these 153 348 

cells presented higher expression levels of the CAR when compared with non-349 

exhausted stimulated CAR-expressing cells within the same cluster (Figure 5D). 350 

Another noteworthy observation is that the exhaustion signature cells were distributed 351 

unequally between the donors, with most coming from donor 3, fewer from donor 1 352 

and even fewer from donor 2 (Supplementary Figure 6E). The frequency of these cells 353 

may therefore represent a key feature that distinguishes CAR T-cell products from 354 

different donors.  355 

 356 

We next compared the 153 CAR-expressing cells with strong exhaustion signature 357 

from cluster 1 to the 153 CAR-expressing and antigen-responding cells with the lowest 358 

exhaustion score from the same cluster (Supplementary Table 8). The cells with high 359 

exhaustion signature showed upregulation of typical co-inhibitory receptors (like 360 
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LAG3, HAVCR2/TIM3, CTLA4 and TIGIT) (Figure 5D). Moreover, differential gene 361 

expression analysis demonstrated overexpression of gene sets previously shown to 362 

be expressed by exhausted CD4 and CD8 murine T-cells(15) (Figure 5E). The 363 

differentially upregulated genes included typical exhaustion transcription factors (like 364 

T-BET/TBX21(15)) (Figure 5D), IFNG, chemokine genes (such as CCL1, CCL5, 365 

CCL3/MIP1-alpha and CCL4/MIP1-beta), genes specifically identified in exhausted 366 

CAR-T cells (such as ENTPD1(16)), as well as genes downregulated following a 367 

treatment to prevent exhaustion of human CD8 T-cells(13) (Figure 5F). 368 

 369 

In summary, our data not only indicate that a small proportion of CAR-expressing cells 370 

exhibit features similar to T-cell exhaustion following antigen-specific CAR stimulation, 371 

but also that scRNA-Seq represents a powerful analytical technique to (i) quantify their 372 

proportion in CAR products, and (ii) identify previously unrecognised genes affected 373 

by immune cell exhaustion, with direct implications for both correlation to patient 374 

outcomes as well as optimisation strategies for product development. 375 

 376 

Discussion 377 

Here we provide a comprehensive single cell transcriptomic analysis of key sequential 378 

stages during CAR T-cell generation. Traditionally, the characterisation of immune cell 379 

populations has relied on flow cytometry, which resulted in a detailed vocabulary to 380 

describe primary immune cell populations. However, the link between surface marker 381 

expression and cellular function is often lost during in vitro culture, thus making a 382 

nomenclature based on surface markers potentially unreliable. Moreover, the need to 383 

pre-select markers from a list of ready-made antibodies prohibits a data-driven 384 
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approach, which would collect unbiased information at full genome-scale, and then 385 

“learn” the subpopulation structure purely from the data itself. Here we used flow 386 

cytometry analysis to define basic parameters of CAR T-cell populations, and then 387 

performed comprehensive scRNA-Seq analysis, which allowed us to show that overall 388 

cellular composition is reproducible between donors. We furthermore show that all 389 

major cell populations are transduced with the CAR virus, yet only a subset of CAR 390 

expressing cells responds to antigen-mediated activation. Moreover, we devised a 391 

new bioinformatic pipeline to define CAR activated cells displaying an exhaustion 392 

signature, thus providing a new means to assess this clinically relevant subpopulation 393 

in CAR T-cell products. 394 

 395 

Our results show that the CAR product is heterogeneous and that cell cycle and 396 

predicted memory status are important factors to define this heterogeneity, in line with 397 

previous reports(8,17). Interestingly, we find that this heterogeneity is present in all 398 

donors although at different levels. We also corroborated that all major subpopulations 399 

present after T-cell culture were susceptible to CAR transduction as reported 400 

before(18), and moreover found that approximately 7% of CAR transduced cells 401 

already presented an activation signature before antigen-specific stimulation. 402 

Importantly, high levels of CAR expression are unlikely to cause this activation in the 403 

absence of antigen since CAR expression in pre-activated cells is not higher than in 404 

cells without this gene signature. The reports of CAR T-cell activation are 405 

contradictory; some report homogenous response(17) while others report diverse 406 

signatures(19). In our study, stratifying cell populations in a data-driven way based on 407 

their full transcriptomes allowed us to demonstrate that, following antigen activation, 408 

all major subpopulations within the CAR product can respond to antigen-specific 409 



18 
 

stimulation in a similar way, thus revealing a uniform activation signature, which 410 

included a strong MYC gene signature together with the upregulation of genes related 411 

to calcium activation pathways. Both pathways are usually associated with an increase 412 

of glycolysis following T-cell stimulation(20). We also detected concomitant 413 

downregulation of CD3D, CD3E and CD3G (components of the T cell receptor) 414 

(Supplementary Table 6) which is well-established upon T-cell response(21) as well 415 

as upregulation of genes involved in ribosomal RNA synthesis and processing(22). 416 

We also detected a strong upregulation of CSF2, IL2RA(CD25) and cytokines as 417 

previously described in cytolytic CAR T-cells(19). 418 

 419 

Of note, we did not detect expression of CD8 in the majority of CAR cells responding 420 

to antigen stimulation. The existence of CD4 CAR T cells with lytic activity has been 421 

described before(18,19). These cells present a very similar behaviour and 422 

transcriptional profile to CD8 CAR T cells with lytic activity(19), although they have 423 

been suggested to have weaker activity than CD8 cells(18). Interestingly, previously 424 

reported CD4 CTL may be related to the CD4-expressing CAR T-cells in our samples. 425 

CD4 CTL cells express high levels of GZMB and IFNG(23). Accordingly, we detected 426 

increased expression of BATF, BATF3 and IRF4 which are involved in the 427 

differentiation of effector T-cells(24,25) and collaborate to promote genes such as T-428 

BET (TBX21), which was also upregulated, and has been shown to promote the 429 

production of CD4 CTL cells(23). These comparisons not only provide new 430 

hypotheses for future investigations, but also demonstrate that the cellular complexity 431 

of CAR products may be higher than previously anticipated. 432 

 433 
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The conventional identification of memory cells using flow cytometry relies on 434 

detecting different isoforms of the gene PTPRC (that codes for CD45), but this portion 435 

of the mRNA is covered with very low efficiency when using droplet scRNA-Seq 436 

technology that captures the 3’ end of the mRNA.  The expression of CCR7 and SELL 437 

has been used in the past to identify different cell types in datasets generated using 438 

this technology(8). The bioinformatic pipeline devised here detects CCR7 expression 439 

at the same proportion as identified by flow cytometry thus providing independent 440 

validation. The memory status of T-cells before CAR production is thought to represent 441 

a key parameter when trying to predict the downstream performance of the therapeutic 442 

product. Detailed attention has also been paid to the ratios of CD4:CD8 cells and the 443 

proportion of different subpopulations within the product(18,26).  444 

In our study, we combined the expression of CCR7 and SELL with unsupervised 445 

clustering to group cells with similar transcriptional profiles. This analysis 446 

demonstrated that memory status is a strong parameter contributing to cell grouping, 447 

as is the CD8 or CD4 nature of the cells. Importantly, our data-driven approach allowed 448 

us to account for heterogeneity within and between donors, and thus derive broadly 449 

relevant cell classifications that would not have been possible to obtain using 450 

conventional approaches.  451 

 452 

The exhaustion status of T-cells has previously been linked with the in vivo response 453 

of CAR T cells(14). Robust ways of identifying cells with exhaustion status within CAR 454 

products therefore represents an important goal with broad clinical relevance. We 455 

devised a bioinformatic pipeline that allows us to score single cell transcriptomes 456 

based on the activity of a previously defined gene signature in chronically stimulated 457 
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murine T-cells(12). This analysis identified a subset of cells, which showed specific 458 

upregulation of genes that matched previously described exhaustion 459 

signatures(13,15). Only few cells showed an exhaustion signature, corroborating 460 

previous reports of low incidence of exhaustion following acute stimulation in CAR-461 

activated cells(17,19). Single cell molecular profiling therefore emerges as a 462 

potentially powerful analytical technique, that can be used to define coarse grain 463 

population structure, donor-specific differences in subpopulation abundance, and also 464 

functional parameters such as the proportion of cells displaying an exhaustion 465 

signature. Application to extensive clinical studies would provide unprecedented new 466 

opportunities to correlate CAR product features with clinical outcomes, and thus guide 467 

patient management as well as the design of new and improved CAR production 468 

protocols. 469 

 470 

Materials and Methods 471 

Donor Samples 472 

PBMCs were derived from healthy donors leukapheresis. Peripheral blood 473 

leukapaheresis were obtained from the NHS as part of a research study (IRAS ID 474 

185945) or purchased as LeukoPaks from AllCells. 475 

Manufacturing of CAR T cells product 476 

Genetically modified T cells were generated using the CliniMacs Prodigy (Miltenyi) 477 

following manufacturer’s instructions. Transduction was performed using an APRIL-478 

CAR retroviral vector as previously described(7). The sequence of the CAR 479 

corresponds to SEQ ID No. 17 found within the patent WO 2015/052538. Briefly, T-480 

cells are enriched from leukapheresis blood samples by stimulating their proliferation 481 
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through 2 days of specific T-cell stimulation (CD3/CD28). Following removal of the 482 

stimulus, cells are infected with a retrovirus containing the CAR and cultured for 5 days 483 

in the presence of cytokines to promote T cell expansion, after which the culture is 484 

entirely made up of T cells. The final product is then stored in liquid nitrogen as well 485 

as the bulk of the original leukapheresis sample (Figure 1). CAR transduction 486 

efficiency was assessed in the final product by flow cytometry using RQR8 staining 487 

(Qbend10 antibody; R&D).  488 

Target cells 489 

MM.1S cells were obtained from ATCC (CRL-2974) and cultured in RPMI (Lonza) 490 

supplemented with 10% FBS (Gibco) and 1% Glutamax (Gibco).  491 

Sampling for analysis 492 

Leukapheresis samples were thawed, washed and seeded at a concentration of 2 x 493 

106 cells/ml in TexMacs (Miltenyi) supplemented with human AB serum (Seralab) and 494 

IL-7 and IL-15 (Miltenyi) in 24 well plates.  495 

Similarly, product samples were thawed, washed and resuspended at a concentration 496 

of 1 x 105 CAR+ cells/ml in 0.5 ml of culture media and cultured for 24 hours in 48 well 497 

plates. For the antigen-exposure experiments, product samples were co-cultured in 498 

the presence of MM1.S cells in a 1:1 effector (CAR+ cells)/target (MM1.S) ratio. 499 

For single cell RNA-Seq analysis, following 20 hours of incubation, wells from the 500 

same conditions were pooled and all samples were FACS sorted, selecting live cells 501 

by using DAPI staining. Cells were washed and counted before entering the droplet-502 

based scRNA-Seq workflow. 503 

Flow cytometry 504 
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Cellular composition of leukapheresis samples was determined by flow cytometry 505 

using the following antibodies (20 min at 4°C): CD3 (BD), CD19 (BioLegend) and 506 

CD56 (BioLegend). 507 

Expression of exhaustion markers was determined by flow cytometry using the 508 

following antibodies (20 min at 4°C): CD3 (BD), RQR8 (Qbend10 antibody; R&D), CD8 509 

(BioLegend), LAG3 (Enzo Life Sciences), PD1 (BioLegend) and TIM3 (BioLegend). 510 

All samples were counterstained with 7AAD (BioLegend) to exclude dead cells. 511 

BD Celesta was used for cell acquisition, and data were analysed using FlowJo V10 512 

(Treestar). Representative plots showing the gating strategy are shown in 513 

Supplementary Figure 6A. 514 

Droplet based scRNA-Sequencing 515 

Samples were processed following manufacturer’s recommendations for Chromium 516 

Single Cell 3′ Library & Gel Bead Kit v2 (10X Genomics). 17,500 cells were loaded for 517 

each sample and 1 sample was loaded per condition. Samples were sequenced in 518 

Illumina HiSeq4000 sequencer machine. We obtained an average of ~286 million 519 

reads per sample. Per cell, we obtained an average of ~46,000 reads; 6,194 median 520 

UMIs and 1,851 median genes detected.  521 

Pre-processing of scRNA-seq data 522 

The alignment was done using Cellranger (version 2.0.0). The expected number of 523 

cells was set to 10,000. In total, 17,089 cells were detected for leukapheresis samples 524 

and 40,523 cells for product T cells. The downstream analysis was done using 525 

Scanpy(27) (version 1.5.0). For the leukapheresis samples, 382 doublets were 526 

estimated and removed using Scrublet package(28) (version 0.2.1) in Python. Due to 527 
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the homogeneity of the product samples, this method is not adequate for the 528 

estimation of doublets in these samples. Further quality control was performed based 529 

on 3 parameters: 1) at least 400 or 1,000 genes detected per cell for leukapheresis or 530 

product samples, respectively; 2) less than 8% of UMI counts associated to 531 

mitochondrial genes; 3) more than 10,000 or 30,000 of total UMI counts per cell for 532 

leukapheresis or product samples, respectively. After QC, 15,293 cells were remained 533 

for leukapheresis samples and 37,898 cells were remained for product T cells. In 534 

addition, only genes that have more than 1 UMI count were maintained in further 535 

analysis. Cells were then normalised to 10,000 UMIs per cell and logarithmically 536 

transformed. Highly variable genes (HVGs) were selected using 537 

“highly_variable_genes” method with “flavour = ‘Seurat’, min_mean=0.02, 538 

max_mean=3, min_disp=0.5” with “batch_key” included so that the HVGs were 539 

selected within each batch separately and merged. Read depth, number of genes, 540 

number of mitochondrial counts and cell cycle effects were removed using the 541 

“regress_out” function in Scanpy. The number of cell barcodes retained for each 542 

sample/condition after processing can be found in Table 1.  543 

As part of our scRNA-Seq processing pipeline, we mapped sequence reads in parallel 544 

to both the human reference genome and a customised reference genome that 545 

included the sequence encompassing the 1.3 kb just upstream of the predicted 546 

polyadenylation site of the 3’LTR of the virus used to express the CAR. This strategy 547 

allows the detection of CAR transcripts since the polyadenylation site located in the 548 

3’LTR of the virus is used independently of the insertion point. 549 

Data integration 550 
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In order to directly compare between the leukapheresis and the product T cells, we 551 

used BBKNN(29) (version 1.3.9) to calculate the batch balanced neighbours between 552 

them with “neighbors_within_batch” set to “7”. Leukapheresis T cells were assigned 553 

to the most frequent product cluster of the closest 7 product neighbour cells. 554 

Visualisation and clustering 555 

UMAPs were obtained from 50 PCA components using Scanpy. Louvain clustering 556 

was used to obtain clusters in leukapheresis samples and Leiden clustering was used 557 

to obtain clusters in product T cells. Modularity scores were calculated from resolutions 558 

0.1 to 2 and the final number of clusters were selected based on the trade-off of the 559 

modularity score and the biological complexity. 560 

Differential Expression Analysis 561 

Differential expression analysis was done using “rank_genes_groups” function in 562 

Scanpy with method “t-test”. The p-values were adjusted using Benjamini-Hochberg 563 

method. Genes were considered differentially expressed only if complied with all the 564 

following criteria: i) FDR < 0.05; ii) log2 fold change > |1|; and 3) base mean expression 565 

> -5 (results in Supplementary Tables 1, 2, 4, 5 and 6) or > -7 (results in Supplementary 566 

Table 3) or > -3 (results in Supplementary Table 8). 567 

To characterise each cluster, mean expression in all cells within each cluster was 568 

calculated for each selected gene and scaled across the clusters using “matrixplot” 569 

function with parameter “standard_scale=’var’” in Scanpy. 570 

For the comparison between leukapheresis and product T cells, the 200 most 571 

upregulated genes from each cluster comparison were obtained and the union list was 572 

extracted. The upregulated genes from each cluster were converted into binary 573 

vectors so that if a gene overlaps with the union of genes, then 1 was assigned, 574 
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otherwise, 0. The Euclidean distances between genes and clusters were calculated 575 

using “pdist” function from SciPy package (version 1.4.1) in Python. Then the 576 

hierarchical clustering was performed with ‘ward’ method using the “linkage” function 577 

in SciPy. The heatmap was plotted using “clustermap” function in Seaborn (version 578 

0.10.0). 579 

Prediction of exhaustion status 580 

The list of 107 up-regulated genes that constitute the previously defined exhaustion 581 

signature(12) (Supplementary Table 7) was obtained and intersected with the list of 582 

highly variable genes in our dataset. The exhaustion score was calculated using the 583 

“score_genes” function in Scanpy based on the 26 overlapping exhaustion genes 584 

(Supplementary Table 7). The cells with exhaustion score larger than 0.6 were 585 

considered as cells with high exhaustion potential. 586 

Gene Set Enrichment Analysis 587 

The gene set enrichment analysis of upregulated genes in cluster 1 (relates to Figure 588 

4D) was performed using the hypergeometric test (“phyper” function in R). The over-589 

represented genes are determined by: 590 

𝑃𝑃(𝑋𝑋 ≥ 𝑥𝑥) = 𝐻𝐻𝐻𝐻𝐻𝐻(𝑥𝑥,𝑁𝑁,𝑚𝑚,𝑘𝑘) =  �
�𝑚𝑚𝑖𝑖 � �

𝑁𝑁 −𝑚𝑚
𝑘𝑘 − 𝑖𝑖 �

�𝑁𝑁𝑘𝑘�

min (𝑛𝑛,𝐵𝐵)

𝑖𝑖=𝑥𝑥

 591 

where 592 

- N: the total number of expressed Homo sapiens genes 593 

- m: the number of genes in individual reference database terms 594 

- k: the number of upregulated/downregulated genes 595 
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- x: the number of upregulated/downregulated genes found in individual 596 

reference database terms 597 

P-values were then corrected using the Benjamini–Hochberg (BH) method for multiple 598 

comparisons. 599 

All gene sets included in the Pathway Interaction Database (PID) were used for 600 

comparison. The PID gene sets with adjusted p-value lower than 0.05 were selected 601 

as being significant. The upregulated/downregulated ratio for the selected pathways 602 

was calculated as: 603 

𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 ∩ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑠𝑠𝑠𝑠𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑤𝑤𝑤𝑤𝑤𝑤
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 ∩ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑠𝑠𝑠𝑠𝑠𝑠 𝑃𝑃𝑃𝑃𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑤𝑤𝑤𝑤𝑤𝑤

 604 

The calculation was performed using the in-house single cell analysis pipeline 605 

smqpp(30) (version 0.1.1) in Python.   606 

Pre-ranked Gene Set Enrichment Analysis 607 

All genes were ranked according to the scores calculated using the following:  608 

1
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣

∗ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑙𝑙𝑙𝑙𝑙𝑙2𝐹𝐹𝐹𝐹) 609 

where adjusted p-value and log2FC values were obtained from the differential 610 

expression analysis. 611 

The resulting pre-ranked gene lists were used as reference sets for GSEA Pre-ranked 612 

analysis using GSEA software (version 4.0.3) with parameters enrichment 613 

statistic=’classic’, Max size=500 and Min size=15. The lists of genes sets used for the 614 

comparison were: GO:0042254 “Ribosome Biogenesis”; upregulated genes in 615 

exhausted T-cells (Supplementary Table 7), obtained from Crawdford et al.(15); 616 
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downregulated genes upon CD2-co-stimulation (Supplementary Table 7), obtained 617 

from McKinney et al.(13). 618 

 619 

Data and Code availability 620 

The data corresponding to the single cell RNA-Seq is deposited in the Gene 621 

Expression Omnibus database (https://www.ncbi.nlm.nih.gov/geo/) with access 622 

number GSE145809. 623 

The code used for the analysis has been deposited in GitHub 624 

(https://github.com/SharonWang/CARTcells_Notebooks/). 625 
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 734 

Figure Legends 735 

Figure 1.- Experimental pipeline for single cell transcriptomic analysis of CAR 736 

T-cells. PBMCs from 3 different donors were obtained and T-cells were specifically 737 

activated using CD3/CD28 for 2 days prior to transduction of the chimeric antigen 738 

receptor (CAR). T-cells were then expanded and final product was frozen. For 739 

analysis, product samples were thawed, split in 2 and cultured overnight either in the 740 
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presence or absence of the specific antigen. Aliquots of the original PBMC samples 741 

were thawed and cultured overnight. Samples were FACS sorted to remove dead cells 742 

followed by single cell RNA-Seq and bioinformatics analysis. 743 

Figure 2.- Single cell transcriptomics defines cellular composition of CAR 744 

product. A) UMAP visualisation of transcriptomic profiles of CAR product cells 745 

(contains CAR-expressing and -non-expressing cells before and after CAR-specific 746 

stimulation) and Leiden clustering. B) The cells in the UMAP were coloured according 747 

to the expression levels of CD8A. Colour scheme is based on ln scale of normalised 748 

counts from 0 (grey) to the indicated maximum value in the scale (dark red). C) 749 

Heatmap using selected genes to characterise each cluster. For each gene, mean 750 

expression in all cells within each cluster was calculated, scaled across the clusters 751 

and expressed relative to the maximum mean value. Colour scheme goes from 0 752 

(grey) to 1 (dark red). D) Stacked bar chart showing the proportion of cells predicted 753 

in each cell cycle stage for each cluster. The total number of cells in each cluster is 754 

indicated at the top. 755 

Figure 3.- Cluster composition is independent of donor and condition. A, B) All 756 

donors and all conditions contributed to all clusters. Of note, the small cluster 11 (only 757 

contained 27 cells) was the only exception. Distribution of cells per donor and cluster 758 

(A) and per condition and cluster (B) is depicted. The total number of cells in each 759 

group is shown at the top. C) Violin plots showing expression levels (ln scale of raw 760 

counts on y axis) of CAR across CAR-expressing cells from the clusters. Cluster 11 761 

was excluded since it only contained 2 CAR-expressing cells. 762 

Figure 4.- Antigen exposure results in homogeneous activation of CAR-763 

expressing cells. A) UMAP visualisation of cells within cluster 1, which contains 764 
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activated cells upon CAR-specific antigen stimulation. Cells were coloured according 765 

to the expression levels of CD8A. Colour scheme is based on ln scale of normalised 766 

counts from 0 (grey) to the indicated maximum value in the scale (dark red). B) 767 

Volcano plot showing differentially expressed genes in antigen-exposed CAR-768 

expressing cells contained in the activated cluster 1 compared with the antigen-769 

exposed CAR-expressing cells contained in the rest of clusters. Fold change is 770 

presented in the x-axis (expressed as log 2) and the q-value of the analysis (expressed 771 

as –log10 of q-value) in the y-axis. Genes with log2 fold change > |1| and p-adjusted 772 

value < 0.05 and with log2 mean expression > -5 are depicted in red. Genes that 773 

overlapped with GO terms “Validated targets of C-MYC transcriptional activation” and 774 

“Validated targets of C-MYC transcriptional repression” are highlighted in blue and 775 

orange, respectively. (C, D) Gene set enrichments analysis (GSEA) of differentially 776 

expressed genes showed in B) with GO term “ribosome biogenesis” (C) and all GO 777 

terms contained in the PID database (D). In C, genes were ranked according to their 778 

p-adjusted value with most upregulated genes to the left and most downregulated 779 

genes to the right. Normalised Enrichment Score (NES) and Fold Discovery Rate 780 

(FDR) are shown. In D, the ratio of overlapping upregulated and downregulated genes 781 

within each GO term is presented in the x-axis (expressed as log 2) and the q-value 782 

of the analysis (expressed as –log2 of q-value) in the y-axis. Thresholds indicating 2-783 

fold upregulated genes over downregulated genes and minimum significance 784 

(FDR<0.05) are denoted. The size of the dot represents the number of genes included 785 

in the term. The dots are coloured according to the ratio of upregulated genes that 786 

overlap relative to the total number of genes included in the term. 787 

 788 
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Figure 5.- Exhaustion is only a minor consequence of CAR activation. A) 789 

Detection of typical exhaustion markers by flow cytometry in leukapheresis, CAR-790 

expressing and non-expressing product cells. B) Strategy followed to identify putative 791 

exhausted cells and their transcriptional signature. C) Distribution of putative 792 

exhausted cells in the UMAP visualisation showing all product cells in the study. D) 793 

Expression of genes linked to in the 153 most putative exhausted cells compared to 794 

153 less likely exhausted cells based on the exhaustion scores (cluster 1 of Figure 795 

2A). E, F) Gene set enrichment analysis of differentially expressed genes in the 153 796 

most putative exhausted cells compared to 153 less likely exhausted cells based on 797 

the exhaustion scores. Genes are pre-ranked according to their significance in the 798 

analysis, most upregulated to the left and most downregulated to the right. Normalised 799 

Enrichment Score (NES) and Fold Discovery Rate (FDR) are shown. 800 
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Table 1.- Distribution of single cell transcriptomes analysed in this work. 802 

 Unstimulated 

CAR-non-expressing 

Unstimulated 

CAR-expressing 

Stimulated 

CAR-non-expressing 

Stimulated 

CAR-expressing 

Total 

 Donor 

1 

Donor 

2 

Donor 

3 

Donor 

1 

Donor 

2 

Donor 

3 

Donor 

1 

Donor 

2 

Donor 

3 

Donor 

1 

Donor 

2 

Donor 

3 

 

Cluster 1 10 47 57 47 61 195 336 190 351 768 435 901 3398 

Cluster 2 36 2 9 317 12 93 40 9 8 134 4 39 703 

Cluster 3 397 162 61 201 90 25 404 101 37 70 25 4 1577 

Cluster 4 134 1112 1793 32 173 561 203 1847 1997 28 133 286 8299 

Cluster 5 1891 1139 1171 653 344 348 805 638 549 194 87 101 7920 

Cluster 6 398 229 552 117 65 141 2636 970 1155 338 140 166 6907 

Cluster 7 26 37 199 7 8 45 70 27 32 9 2 6 468 

Cluster 8 19 12 41 10 6 18 24 13 20 7 0 4 174 

Cluster 9 23 266 104 5 39 29 34 435 128 5 38 45 1151 

Cluster 

10 

634 1291 986 266 201 207 760 1836 846 72 92 83 7274 

Cluster 

11 

0 9 0 0 0 0 0 14 2 0 1 1 27 

Total 3568 4306 4973 1655 999 1662 5312 6080 5125 1625 957 1636 37898 

 12847 4316 16517 4218  
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