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ABSTRACT 39	  

 40	  
Characterizing the transcriptome of individual cells is fundamental to understanding complex 41	  

biological systems. We describe a droplet-based system that enables 3’ mRNA counting of up 42	  
to tens of thousands of single cells per sample. Cell encapsulation in droplets takes place in ~6 43	  

minutes, with ~50% cell capture efficiency, up to 8 samples at a time. The speed and efficiency 44	  

allow the processing of precious samples while minimizing stress to cells. To demonstrate the 45	  
system’s technical performance and its applications, we collected transcriptome data from ~1/4 46	  

million single cells across 29 samples. First, we validate the sensitivity of the system and its 47	  

ability to detect rare populations using cell lines and synthetic RNAs. Then, we profile 68k 48	  
peripheral blood mononuclear cells (PBMCs) to demonstrate the system’s ability to characterize 49	  

large immune populations. Finally, we use sequence variation in the transcriptome data to 50	  
determine host and donor chimerism at single cell resolution in bone marrow mononuclear cells 51	  

(BMMCs) of transplant patients. This analysis enables characterization of the complex interplay 52	  
between donor and host cells and monitoring of treatment response. This high-throughput 53	  
system is robust and enables characterization of diverse biological systems with single cell 54	  

mRNA analysis. 55	  
  56	  
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Understanding of biological systems requires the knowledge of their individual 57	  

components. Single cell RNA-sequencing (scRNA-seq) can be used to dissect transcriptomic 58	  
heterogeneity that is masked in population-averaged measurements1, 2. scRNA-seq studies 59	  

have led to the discovery of novel cell types and provided insights into regulatory networks 60	  
during development3. However, previously described scRNA-seq methods face practical 61	  

challenges when scaling to tens of thousands or more cells or when it is necessary to capture 62	  

as many cells as possible from a limited sample4-9 (Supplementary Table 1). Commercially-63	  
available, microfluidic-based approaches have limited throughput5, 6. Plate-based methods often 64	  

require time-consuming fluorescence-activated cell sorting (FACS) into many plates that must 65	  

be processed separately4, 9. Droplet-based techniques have enabled processing of tens of 66	  
thousands of cells in a single experiment7, 8, but current approaches require generation of 67	  

custom microfluidic devices and reagents.  68	  
 69	  

To overcome these challenges, we developed a droplet-based system that enables 3’ 70	  
mRNA digital counting of up to tens of thousands of single cells. ~50% of cells loaded into the 71	  
system can be captured, and up to 8 samples can be processed in parallel per run. Reverse 72	  

transcription takes place inside each droplet, and barcoded cDNAs are amplified in bulk. The 73	  
resulting libraries then undergo standard Illumina short-read sequencing. An analysis pipeline, 74	  
Cell Ranger, processes the sequencing data and enables automated cell clustering. Here, we 75	  
first demonstrated comparable sensitivity of the system to existing droplet-based methods by 76	  

performing scRNA-seq on cell lines and synthetic RNAs. Then, we profiled 68k fresh peripheral 77	  
blood mononuclear cells (PBMCs) and demonstrated the scRNA-seq platform’s ability to dissect 78	  
large immune populations. Lastly, we developed a computational method to distinguish donor 79	  

from host cells in bone marrow transplant samples by genotype. We combined this method with 80	  
clustering analysis to compare sub-population changes of AML patients. This provided insights 81	  

into the erythroid lineage in post-transplant samples that have not been possible using 82	  

morphologic or routine flow cytometry analysis.  83	  
 84	  
RESULTS 85	  
 86	  
Droplet-based platform enables barcoding of tens of thousands of cells 87	  
 88	  

The scRNA-seq microfluidics platform builds on the GemCode® technology, which has 89	  

been used for genome haplotyping, structural variant analysis and de novo assembly of a 90	  
human genome10-12. The core of the technology is a Gel bead in Emulsion (GEM). GEM 91	  
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generation takes place in an 8-channel microfluidic chip that encapsulates single gel beads at 92	  

~80% fill rate (Fig. 1a-c). Each gel bead is functionalized with barcoded oligonucleotides that 93	  
consist of: i) sequencing adapters and primers, ii) a 14bp barcode drawn from ~750,000 94	  

designed sequences to index GEMs, iii) a 10bp randomer to index molecules (unique molecular 95	  
identifier, UMI), and iv) an anchored 30bp oligo-dT to prime poly-adenylated RNA transcripts 96	  

(Fig. 1d).  Within each microfluidic channel, ~100,000 GEMs are formed per ~6-min run, 97	  

encapsulating thousands of cells in GEMs. Cells are loaded at a limiting dilution to minimize co-98	  
occurrence of multiple cells in the same GEM. 99	  

 100	  

Cell lysis begins immediately after encapsulation. Gel beads automatically dissolve to 101	  
release their oligonucleotides for reverse transcription of poly-adenylated RNAs. Each cDNA 102	  

molecule contains a UMI and shared barcode per GEM, and ends with a template switching 103	  
oligo at the 3’ end (Fig. 1e). Next, the emulsion is broken and barcoded cDNA is pooled for 104	  

PCR amplification, using primers complementary to the switch oligos and sequencing adapters. 105	  
Finally, amplified cDNAs are sheared, and adapter and sample indices are incorporated into 106	  
finished libraries which are compatible with next-generation short-read sequencing. Read1 107	  

contains the cDNA insert while Read2 captures the UMI. Index reads, I5 and I7, contain the 108	  
sample indices and cell barcodes respectively. This streamlined approach enables parallel 109	  
capture of thousands of cells in each of the 8 channels for scRNA-seq analysis.  110	  

 111	  

Technical demonstration with cell lines and synthetic RNAs 112	  
  113	  

To assess the technical performance of our system, we loaded a mixture of ~1,200 114	  

human (293T) and ~1,200 mouse (3T3) cells and sequenced the library on the Illumina NextSeq 115	  
500 to yield ~100k reads/cell. Sequencing data were processed by Cell Ranger (Online 116	  

Methods, Fig. 1f). Briefly, 98-nt of Read1s were aligned against the union of human (hg19) and 117	  

mouse (mm10) genomes with STAR. Barcodes and UMIs were filtered and corrected. PCR 118	  

duplicates were marked using the barcode, UMI and gene ID. Only confidently mapped, non-119	  

PCR duplicates with valid barcodes and UMIs were used to generate the gene-barcode matrix 120	  

for further analysis. 38% and 33% of reads mapped to human and mouse exonic regions, 121	  
respectively and <6% of reads mapped to intronic regions (Supplementary Table 2). The high 122	  

mapping rate is comparable to previously reported scRNA-seq systems4-9.  123	  
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Based on the distribution of total UMI counts for each barcode (Online Methods), we 124	  

estimated that 1,012 GEMs contained cells, of which 482 and 538 contained reads that mapped 125	  
primarily to the human and mouse transcriptome, respectively (and will be referred to as human 126	  

and mouse GEMs) (Fig. 2a). >83% of UMI counts were associated with cell barcodes, 127	  
indicating low background of cell-free RNA. Eight cell-containing GEMs had a substantial 128	  

fraction of human and mouse UMI counts (the UMI count is >1% of each species’ UMI count 129	  

distribution), yielding an inferred multiplet rate (rate of GEMs containing >1 cell) of 1.6% (Online 130	  
Methods, Fig. 2a). A cell titration experiment across six different cell loads showed a linear 131	  

relationship between the multiplet rate and the number of recovered cells ranging from 1,200 to 132	  

9,500 (Supplementary Fig. 1a). The multiplet rate and trend are consistent with Poisson 133	  
loading of cells, and have been validated by independent imaging experiments (Online 134	  

Methods, Supplementary Fig. 1b). In addition, we observed ~50% cell capture rate, which is 135	  
the ratio of the number of cells detected by sequencing and the number of cells loaded. The 136	  

capture rate is consistent across four types of cells with cell loads ranging from ~1,000 to 137	  
~23,000 (Supplementary Table 3), a key improvement over some existing scRNA-seq 138	  
methods (Supplementary Table 1). Lastly, the mean fraction of UMI counts from the other 139	  

species was 0.9% in both human and mouse GEMs, indicating a low level of cross-talk between 140	  
cell barcodes (Online Methods). This, coupled with the low multiplet rate and high cell capture 141	  
rate, is particularly important for samples with limited cell input and for the detection of rare 142	  
cells.  143	  

 144	  
The sensitivity of scRNA-seq methods is critical to many applications. At 100k reads/cell, 145	  

we detected a median of ~4,500 genes and 27,000 transcripts (UMI counts) in each human and 146	  

mouse cell, indicating comparable sensitivity to other droplet-based platforms7, 8 (Fig. 2b, c). 147	  
UMI counts showed a standard deviation of ~43% of the mean (CV) in human cells, and ~33% 148	  

of the mean in mouse cells, where the trend is consistent in four independent human and 149	  

mouse mixture experiments (Supplementary Fig. 1c,d). Genes of different GC composition 150	  

and length show similar UMI count distributions, suggesting low transcript bias (Supplementary 151	  

Fig. 1e-h). 152	  

 153	  
We also directly measured cDNA conversion rate by loading External RNA Controls 154	  

Consortium (ERCC) synthetic RNAs into GEMs in place of cells. We found that mean UMI 155	  

counts from sequencing was highly correlated (r=0.96) with molecule counts calculated from the 156	  
loading concentration of ERCC (Fig. 2d, Supplementary Fig. 2a). Furthermore, we inferred 157	  
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6.7-8.1% efficiency from both ERCC RNA Spike-in Mix1 and Mix2 in a 1:50 dilution 158	  

(Supplementary Fig. 2b), with minimal evidence of GC bias, and limited bias for transcripts 159	  
longer than 500-nt (Supplementary Fig. 2c, d). Additionally, we estimated the conversion rate 160	  

of cell transcripts in Jurkat cells by ddPCR13. The amount of cDNA of 8 genes obtained from 161	  
single cells after reverse transcription in GEMs was compared to the expected RNA inferred 162	  

from bulk profiling. The conversion rates among 8 genes were between 2.5 and 25.5%, which is 163	  

consistent with ERCC data (Online Methods, Supplementary Fig. 2e).  164	  
 165	  

The ERCC experiments also allowed us to estimate the relative proportion of biological 166	  

and technical variation. Since ERCCs are in solution, they do not introduce biological variation 167	  
related to differences in cell size, RNA content or transcriptional activity. Thus, technical 168	  

variation is the only source of variation. When the ERCCs are dilute (UMI counts are small), 169	  
sampling noise dominates; when the UMI counts increase, technical variations become 170	  

dominant14 (Supplementary Fig. 2f). These variations include variation in droplet size, variation 171	  
in concentration of RT reagents in the droplets, variation in the concentration of sample in the 172	  
droplets, and variation in RT and/or PCR efficiency of the distinct gel bead barcode sequences. 173	  

The squared coefficient of variation (CV2) is ~7% among all the ERCC experiments. In 174	  
comparison, CV2 in samples of mouse and human cells is ~11-19% (Supplementary Fig. 1d), 175	  
suggesting that technical variance accounts for ~50% of total variance, consistent with the 176	  
observations from Klein et al8. 177	  

 178	  
Detection of individual populations in in-vitro mixed samples 179	  
 180	  

We tested the ability of the system to accurately detect heterogeneous populations by 181	  
mixing two cell lines, 293T and Jurkat cells at different ratios (Supplementary Table 2). We 182	  

performed principal component analysis (PCA) on UMI counts from all detected genes after 183	  

pooling all the samples (Supplementary Fig. 3a). In the sample where an equal number of 184	  

293T and Jurkat cells was mixed, principal component (PC) 1 separated cells into two clusters 185	  

of equal size (Fig. 2e, Supplementary Fig. 4a, Supplementary Table 4). Based on expression 186	  

of cell type specific markers, we infer that one cluster corresponds to Jurkat cells (preferentially 187	  
expressing CD3D), and the other corresponds to 293T cells (preferentially expressing XIST, as 188	  

293T is a female cell line, and Jurkat is a male cell line) (Fig. 2e, Supplementary Fig. 4b). 189	  

Points located between the two clusters are likely multiplets, as they expressed both CD3D and 190	  
XIST (Fig. 2e, Supplementary Fig. 4b). In contrast, PC1 did not separate cells into two clusters 191	  
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in the 293T-only and the Jurkat-only samples (Fig. 2e). Furthermore, in the sample with 1% 192	  

293T and 99% Jurkat cells, the number of cells in each of the two clusters were observed at the 193	  
expected ratio (Fig. 2e, Supplementary Fig. 4a, Supplementary Fig. 4b). A similar trend was 194	  

observed for 12 independent samples where 293T and Jurkat cells were mixed at 5 different 195	  
proportions, demonstrating the system’s ability to perform unbiased detection of rare single cells 196	  

(Supplementary Fig. 4a).  197	  

 198	  
Our scRNA-seq data not only provides a digital transcript count, it also provides ~250nt 199	  

sequence for each cDNA that could be used for Single Nucleotide Variant (SNV) detection. On 200	  

average, there are ~350 SNVs detected in each 293T or Jurkat cell (Supplementary Fig. 4c, 201	  
Supplementary Table 5), and we investigated whether the SNVs could be used independently 202	  

to distinguish cells in the mixture. We selected a set of high quality SNVs that were only 203	  
observed in 293T or Jurkat cells, but not both (Online Methods). We then scored cells in the 204	  

mixed samples based on the number of 293T or Jurkat-enriched SNVs (Online Methods). In the 205	  
1:1 mixed sample, 45% 293T cells primarily (96%) harbored 293T-enriched SNVs, whereas 206	  
50% Jurkat cells primarily (94%) harbored Jurkat-enriched SNVs (Fig. 2f, Supplementary 207	  

Table 6). Jurkat and 293T cells inferred from marker-based analysis is 99% consistent with 208	  
SNV-based assignment. We observed a multiplet rate of ~3%, accounting for multiplets from 209	  
Jurkats:293Ts as well as Jurkats:Jurkats and 293Ts:293Ts. The multiplet rate is consistent with 210	  
that predicted from the human and mouse mixing experiment, when ~3000 cells were recovered 211	  

(Supplementary Fig. 1a). Our result demonstrates that SNVs detected from scRNA-seq data 212	  
can be used to classify individual cells.  213	  
 214	  

Subpopulation discovery from a large immune population 215	  
 216	  

The GemCode single cell technology can also be used for scRNA-seq of primary cells. 217	  

To study immune populations within PBMCs, we obtained fresh PBMCs from a healthy donor 218	  

(Donor A). ~8-9k cells were captured from each of 8 channels and pooled to obtain ~68k cells. 219	  

Data from multiple sequencing runs were merged using the Cell Ranger pipeline. At ~20k 220	  

reads/cell, the median number of genes and UMI counts detected per cell was approximately 221	  
525 and 1,300, respectively (Fig. 3a, Supplementary Fig. 5a). The UMI count is roughly 10% 222	  

of that from 293T and 3T3 samples at ~20k reads/cell, likely reflecting the differences in cells’ 223	  

RNA content (~1pg RNA/cell in PBMCs vs. ~15pg RNA/cell in 293T and 3T3 cells) 224	  
(Supplementary Fig. 5a, b).  225	  

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted July 26, 2016. ; https://doi.org/10.1101/065912doi: bioRxiv preprint 

https://doi.org/10.1101/065912


9 
 

 226	  

We performed clustering analysis to examine cellular heterogeneity among PBMCs. We 227	  
applied PCA on the top 1000 variable genes ranked by their normalized dispersion, following a 228	  

similar approach to Macosko et al.7 (Supplementary Fig. 3b, 5c, Online Methods). K-means15 229	  
clustering on the first 50 PCs identified 10 distinct cell clusters, which were visualized in two 230	  

dimensional projection of t-Distributed Stochastic Neighbor Embedding (tSNE)16 (Online 231	  

Methods, Fig. 3b, Supplementary Fig. 5d). To identify cluster-specific genes, we calculated 232	  
the expression difference of each gene between that cluster and average of the rest of clusters. 233	  

Examination of the top cluster-specific genes revealed major subtypes of PBMCs at expected 234	  

ratios17: >80% T cells (enrichment of CD3D, part of the T cell receptor complex, in clusters 1-3, 235	  
and 6), ~6% NK cells (enrichment of NKG718 in cluster 5), ~6% B cells (enrichment of CD79A19 236	  

in cluster 7) and ~7% myeloid cells (enrichment of S100A8 and S100A920 in cluster 9 (Online 237	  
Methods, Fig. 3b-f, Supplementary Fig. 5e, Supplementary Table 7). Finer substructures 238	  

were detected within the T cell cluster; clusters 1, 4 and 6 are CD8+ cytotoxic T cells, whereas 239	  
clusters 2 and 3 are CD4+ T cells (Fig. 3e, Supplementary Fig. 5f). The enrichment of NKG7 240	  
on cluster 1 cells implies a cluster of activated cytotoxic T cells21  (Fig. 3f). Cells in Cluster 3 241	  

showed high expression of CCR10 and TNFRSF18, markers for memory T cells22 and 242	  
regulatory T cells23 respectively, and likely consisted of a mixture of memory and regulatory T 243	  
cells (Fig. 3c, Supplementary Fig. 5g). The presence of ID3, which is important in maintaining 244	  
a naïve T cell state24, suggests that cluster 2 represents naïve CD8 T cells whereas cluster 4 245	  

represents naïve CD4 T cells (Fig. 3c). To identify sub-populations within the myeloid 246	  
population, we further applied k-means clustering on the first 50 PCs of cluster 9 cells. At least 3 247	  
populations were evident: dendritic cells (characterized by presence of FCER1A25), CD16+ 248	  

monocytes, and CD16-/low monocytes26 (Fig. 3g-i, Supplementary Table 7). Overall, these 249	  
results demonstrate that our scRNA-seq method can detect all major subpopulations expected 250	  

to be present a PBMC sample. 251	  

 252	  

Our analysis also revealed some minor cell clusters, such as cluster 8 (0.3%) and cluster 253	  

10 (0.5%) (Fig. 3b). Cluster 8 showed preferential expression of megakaryocyte markers, such 254	  

as PF4, suggesting that it represents a cluster of megakaryocytes (Fig. 3b-c, Supplementary 255	  
Fig. 5h). Cells in cluster 10 express markers of B, T and dendritic cells, suggesting a likely 256	  

cluster of multiplets (Fig. 3b, c). The size of the cluster suggests the multiplets comprised 257	  

mostly of B:dendritic and B:T:dendritic cells (Online Methods). With ~9k cells recovered per 258	  
channel, we expect a ~9% multiplet rate and that the majority of multiplets would only contain T 259	  
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cells. More sophisticated methods will be required to detect multiplets from identical or highly 260	  

similar cell types. 261	  
 262	  

To further characterize the heterogeneity among 68k PBMCs, we generated reference 263	  
transcriptome profiles through scRNA-seq of 10 bead-enriched subpopulations of PBMCs from 264	  

Donor A (Supplementary Fig. 6-7, Supplementary Table 8). Clustering analysis revealed a 265	  

lack of sub-structure in most samples, consistent with the samples being homogenous 266	  
populations, and in agreement with FACS analysis (Online Methods, Supplementary Fig. 6-7). 267	  

However, substructures were observed in CD34+ and CD14+ monocyte samples (Online 268	  

Methods,  Supplementary Fig. 7b, j). In the CD34+ sample, ~70% cell clusters show 269	  
expression of CD34 (Supplementary Fig. 7j). In the CD14+ sample, the minor population 270	  

showed marker expression for dendritic cells (e.g. CLEC9A), providing another reference 271	  
transcriptome to classify the 68k PBMCs (Supplementary Fig. 7b). This result also 272	  

demonstrates the power of scRNA-seq in selecting appropriate cells for further analysis.  273	  
 274	  
We classified 68k PBMCs based on their best match to the average expression profile of 275	  

11 reference transcriptomes (Online Methods, Fig. 3j). Cell classification was largely consistent 276	  
with previously described marker-based classification, although the boundaries among some of 277	  
the T cell sub-populations were blurred. Namely, part of the inferred CD4+ naïve T population 278	  
was classified as CD8+ T cells. We have also tried to cluster the 68k PBMC data with Seurat27 279	  

(Online Methods). While it was able to distinguish inferred CD4+ naïve from inferred CD8+ 280	  
naïve T cells, it was not able to cleanly separate out inferred activated cytotoxic T cells from 281	  
inferred NK cells (Supplementary Fig. 5i). Such populations have overlapping functions, 282	  

making separation at the transcriptome level particularly difficult and even unexpected. 283	  
However, the complementary results of Seurat’s and our analysis suggest that more 284	  

sophisticated clustering and classification methods can help address these problems.  285	  

 286	  

Single cell RNA profiling of cryopreserved PBMCs 287	  

 288	  

In order to analyze repository specimens for clinical research, we tested GemCode 289	  
technology on cryopreserved cells. We froze the remaining fresh PBMCs from Donor A, and 290	  

made a scRNA-seq library from gently thawed cells a week later where ~3k cells were 291	  

recovered (Online Methods). The two datasets (fresh and frozen) showed a high similarity 292	  
between their average gene expression (r=0.97, Online Methods, Supplementary Fig. 8a). 57 293	  
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genes showed 2-fold upregulation in the frozen sample, with ~50% being ribosomal protein 294	  

genes, and the rest not enriched in any pathways (Supplementary Table 9). In addition, the 295	  
number of genes and UMI counts detected from fresh and frozen PBMCs was very similar 296	  

(p=0.8 and 0.1, respectively), suggesting that the conversion efficiency of the system is not 297	  
compromised when profiling frozen cells (Supplementary Fig. 8b). Furthermore, 298	  

subpopulations were detected from frozen PBMCs at a similar proportion to that of fresh 299	  

PBMCs, demonstrating the applicability of our method on frozen samples (Online Methods, 300	  
Supplementary Fig. 8c).  301	  

 302	  

A genotype-based method to delineate individual populations from a mixed sample  303	  
 304	  

Next, we applied the GemCode technology to study host and donor cell chimerism in an 305	  
allogeneic hematopoietic stem cell transplant (HSCT) setting. Following a stem cell transplant it 306	  

is important to monitor the proportion of donor and host cells in major cell lineages to ensure 307	  
complete engraftment and as a sensitive means of detecting impending relapse. Traditionally, 308	  
the amount of host and donor chimerism is measured from flow sorted cell populations by PCR 309	  

assays with a panel of SNV-specific primers. This procedure is labor intensive and is limited to a 310	  
few major lineage populations. Here, we present a simple method to determine host and donor 311	  
chimerism at single cell resolution that enables extensive characterization of cell subtypes and 312	  
donor/host genotypes by integrating scRNA-seq with de novo SNV calling. 313	  

  314	  
While previous studies have used existing SNVs from DNA sequencing or large scale 315	  

copy number changes (CNV) in the transcriptome data to distinguish cells by genotype28-31, 316	  

these methods cannot be applied to transplant samples where donor and host genotype is not 317	  
known a priori, and when donor and host are closely matched in genotype. To this end, we first 318	  

developed a method to infer the relative presence of host and donor genotypes in a mixed 319	  

population based on SNVs directly predicted from the transcriptome data. The method identifies 320	  

SNVs and infers a genotype at each SNV. It then classifies cells based on their genotypes 321	  

across all SNVs (Online Methods).  322	  

 323	  
To evaluate the technical performance of this method, we generated scRNA-seq 324	  

libraries from PBMCs of two healthy donors B and C, with ~8k cells captured for each sample 325	  

(Supplementary Table 2). We first performed in silico mixing of PBMCs B and C at 12 mixing 326	  
ratios ranging from 0 to 50%. Only confidently mapped reads from samples B and C were used, 327	  
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and a total of 6000 cells were selected (Online Methods). There were ~15k reads/cell, with ~50 328	  

filtered SNVs per cell (Online Methods, Supplementary Fig. 9a, b, Supplementary Tables 2, 329	  
5). We then classified the cells based on variants detected from the mixed transcriptome. 330	  

Sensitivity and positive predictive value (PPV) were calculated by comparing the predicted call 331	  
of each cell against its true labeling. Our method was able to identify minor genotypes as low as 332	  

3% at >95% sensitivity and PPV (Fig. 4a, b). A minor population could not be detected when 333	  

the mixed ratio was below 3% (Fig. 4c). The accuracy of this method is affected by the number 334	  
of observed SNVs per cell, which is dependent on cell types, diversity between subjects, and 335	  

variant calling sensitivity. Nevertheless, the base error rate and variant calling errors have a 336	  

limited effect on the accuracy of the method, as the method uses all instead of a small subset of 337	  
SNVs (Supplementary Fig. 9c). 338	  

 339	  
We further validated the performance of the method in experiments where PBMCs from 340	  

donors B and C were mixed at three ratios, 50:50, 90:10 and 99:1, prior to scRNA-seq. In the 341	  
50:50 mixture sample, cells from donors B and C were almost indistinguishable by RNA 342	  
expression (Supplementary Fig. 9d, e). However, they can be separated by their genotype at 343	  

the correct proportion (Fig. 4d). In addition, the genotype overlap between genotype group 1 344	  
and Donor C is 94%, whereas the overlap between genotype group 1 and Donor B is only 63%, 345	  
both within the range of positive and negative controls, suggesting that group 1 comes from 346	  
Donor C (Online Methods, Fig. 4d). Similarly, genotype group 2 was inferred to be from Donor 347	  

B (Online Methods, Fig. 4d). The proportions of the minor genotype were accurately predicted 348	  
at the 90:10 mixing ratio. Consistent with the in silico mixing results, the minor population could 349	  
not be detected when B and C were mixed at 99:1 ratio (Fig. 4d).  350	  

 351	  
Single cell analysis of transplant bone marrow samples 352	  

 353	  

Single cell RNA-seq libraries were generated from cryopreserved BMMC samples 354	  

obtained from two patients before and after undergoing HSCT for acute myeloid leukemia (AML) 355	  

(AML027 and AML035) (Supplemental Table 2). Since HSCT samples are fragile, cells were 356	  

carefully washed in PBS with 20% FBS before loading them into chips. Relative to BMMCs from 357	  
2 healthy controls, we found 3-5 times as many median number of UMI counts per cell in AML 358	  

samples at ~15k reads/cell, suggesting their vastly abnormal transcriptional programs 359	  

(Supplementary Fig. 10a). ~35 and 60 SNVs/cell were detected from AML027 and AML035 360	  
pre-transplant samples respectively (Supplementary Table 5, Supplementary Fig. 10b, c). 361	  
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Our SNV analysis detected the presence of two genotypes in the post-transplant sample of 362	  

AML027, one at 13.8%, and one at 86.2% (Fig. 5a). As expected, there was no evidence of 363	  
multiple genotype groups in the pre-transplant host sample. We compared the major and minor 364	  

inferred genotypes present in the post-transplant sample to the genotype found in the host cells. 365	  
The major inferred genotype in the post-transplant sample was 97% similar to that inferred from 366	  

the host sample, while the minor inferred genotype was only 52% similar to that of the host 367	  

sample (Fig. 5a). The observed range of genotype overlap between the same individuals is 368	  
~98% (Online Methods), indicating errors in the genotypes inferred from individual SNVs. 97% 369	  

is within the observed range, and this results suggests that the post-transplant sample consists 370	  

mainly (86.2%) of host cells. This observation is consistent with the clinical chimerism assay, 371	  
which demonstrated only 12% donor in the post-transplant sample. In contrast, SNV analysis on 372	  

the post-HSCT sample from AML035 did not detect the presence of 2 genotype groups. The 373	  
sample only shared 78% similarity with AML035 host cells, suggesting that the post-HSCT 374	  

sample was all donor-derived (Fig. 5a). This finding was validated by the independent clinical 375	  
chimerism assay.  376	  
 377	  

SNV and scRNA-seq analyses enable subpopulation comparison between individuals 378	  
within and across multiple samples. We applied these analyses on BMMC scRNA-seq data from 379	  
healthy controls and AML patients (Online Methods), and observed subpopulation differences in 380	  
AML patients after HSCT. First, while T cells dominate the healthy BMMCs and donor cells of 381	  

the AML027 post-transplant sample as expected, erythroids constitute the largest population 382	  
among AML samples (Fig. 5b). Different sets of progenitor and differentiation markers (e.g. 383	  
CD34, GATA1, CD71 and HBA1) were detected among the erythroids, indicating populations at 384	  

various stages of erythroid development (Online Methods, Supplementary Fig. 10d-f). AML027 385	  
showed the highest level of erythroid cells (>80%, consist of mostly mature erythroids) before 386	  

transplant, consistent with the erythroleukemia diagnosis of AML027 (Fig. 5c). In contrast, after 387	  

transplant, AML027 showed the highest level of blast cells and immature erythroids (CD34+, 388	  

GATA1+), consistent with the relapse diagnosis and return of the malignant host AML (Fig. 5c). 389	  

These observations would have been difficult to make with FACS analysis, with limited number 390	  

of markers for early erythroid lineages. Second, ~20% cells in the AML027 post-transplant 391	  
sample show markers of immature granulocytes (AZU1, IL8, Fig. 5c, Supplemental Fig. 10d-f), 392	  

which are absent in AML035 post-transplant sample, and generally low among AML patients31. 393	  

These cells lack marker expression for mature cells, suggesting the presence of residual 394	  
precursor cells that may be part of the leukemic clone. Third, monocytes are abundant in both 395	  
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AML patients before transplant (10% and 25% in AML027 and AML035 respectively), but are 396	  

not detectable after transplant (Fig. 5c). Monocytes have been previously identified in post-397	  
transplant samples, and the unexpected monocytopenia needs to be followed up with additional 398	  

studies. Taken together, the analysis provided insights into the cellular composition and 399	  
possible presence of residual disease in the bone marrows of HSCT recipients that was not 400	  

available from routine clinical assays. 401	  

	  402	  

DISCUSSION 403	  

 404	  

Here we present a droplet-based scRNA-seq technology that enables digital profiling of 405	  
thousands to tens of thousands of cells per sample. We demonstrated its application in profiling 406	  

large immune systems, where we studied the substructures within 68k PBMCs. The ability of 407	  
GemCode technology to generate faithful scRNA-seq profiles from cryopreserved samples with 408	  

high cell capture efficiency enabled the application of the scRNA-seq analysis to clinical 409	  
samples. We successfully generated scRNA-seq samples from fragile BMMCs of transplant 410	  
samples, and correctly estimated the proportion of donor and host genotypes. In addition, our 411	  
clustering analysis provided a richer understanding of the complex interplay between host and 412	  

donor cells and of multiple lineages in the post-transplant setting. It sheds light on the early 413	  

erythroid lineage in patients, and offered a more comprehensive assessment of patients’ 414	  

disease progression than would have been possible with routine FACS analysis and clinical 415	  
chimerism tests. It is our belief that the GemCode single cell technology will in the near term 416	  
greatly expand research possibilities for clinicians and basic scientists, and will ultimately lead to 417	  
improved patient care. 418	  

 419	  
Accession codes. Single cell RNA-seq data have been deposited in the Short Read Archive 420	  

(SRA) under accession number SRP073767. Data is also available at 421	  

http://support.10xgenomics.com/single-cell/datasets. The analysis code for the 68k PBMC 422	  
analysis is available at https://github.com/10XGenomics/single-cell-3prime-paper. 423	  
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ONLINE METHODS 454	  

 455	  
High speed imaging of gel beads and cells in GEMs  456	  

 457	  
A microscope (Nikon Ti-E, 10X objective) and a high speed video camera (Photron SA5, frame 458	  

rate=4000/s) were used to image every GEM as they were generated in the microfluidic chip. A 459	  

custom analysis software was used to count the number of GEMs generated and the number of 460	  
beads present in each GEM, based on edge detection and the contrast between bead edges 461	  

and GEM edges and the adjacent liquid. The results of the analysis are summarized in Fig. 1c. 462	  

To estimate the distribution of cells in GEMs, manual counting was used for ~28k frames of one 463	  
video on a subset of GEMs. The results indicate an approximate adherence to a Poisson 464	  

distribution. However, the percentage of multiple cell encapsulations was 16% higher than the 465	  
expected value, possibly due to sub-sampling error or to cell-cell interactions (some two-cell 466	  

clumps were observed during the manual count) (Supplementary Fig. 1b). 467	  
 468	  
Cell lines and transplant patient samples 469	  

 470	  
Jurkat (ATCC TIB-152), 293T (ATCC CRL-11268) and 3T3 (ATCC CRL-1658) cells were 471	  
acquired from ATCC and cultured according to ATCC guidelines. Fresh PBMCs, frozen PBMCs 472	  
and BMMCs were purchased from ALLCELLS.   473	  

 474	  
The Institutional Review Board at the Fred Hutchinson Cancer Research Center approved the 475	  
study on transplant samples. The procedures followed were in accordance with the Helsinki 476	  

Declaration of 1975 and the Common Rule. Samples were obtained after patients had provided 477	  
written informed consent on molecular analyses. We identified patients with AML undergoing 478	  

allogeneic hematopoietic stem cell transplant at the Fred Hutchinson Cancer Research Center. 479	  

The diagnosis of AML was established according to the revised criteria of the World Health 480	  

Organization32.  481	  

 482	  

Bone marrow aspirates were obtained for standard clinical testing 20-30 days before transplant 483	  
and serially post-transplant according to the treatment protocol. Bone marrow aspirate aliquots 484	  

were processed within 2 hours of the draw. The BMMCs were isolated using centrifugation 485	  

through a Ficoll gradient (Histopaque-1077, Sigma Life Science, St Louis, MO). The BMMCs 486	  
were collected from the serum-Ficoll interface with a disposable Pasteur pipet and transferred to 487	  
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the 50ml conical tube with 2% patient serum in 1xPBS. The BMMCs were counted using a 488	  

hemacytometer and viability was assessed using Trypan Blue. The BMMCs were resuspended 489	  
in 90% FBS, 10% DMSO freezing media and frozen using a Thermo Scientific Nalgene Mr. 490	  

Frosty (Thermo Scientific) in a -80°C freezer for 24 hours before transferred to liquid nitrogen for 491	  

long-term storage. 492	  

 493	  

Estimation of RNA content per cell 494	  

The amount of RNA per cell type was determined by quantifying (Qubit, Invitrogen) RNA 495	  

extracted (Maxwell RSC simplyRNA Cells Kit) from several different known number of cells.  496	  

Cell preparation 497	  

Fresh cells were harvested, washed with 1x PBS and resuspended at 1x106 cells/ml in 1x PBS 498	  

and 0.04% BSA. Fresh PBMCs were frozen at 10x by resuspending PBMCs in DMEM + 40% 499	  

FBS + 10% DMSO, freezing to -80°C in a CoolCell® FTS30 (BioCision), then placed in liquid 500	  

nitrogen for storage.  501	  

Frozen cell vials from ALLCELLS and transplant studies were rapidly thawed in a 37°C water 502	  

bath for approximately 2 minutes. Vials were removed when a tiny ice crystal was left. Thawed 503	  
PBMCs were washed twice in medium then resuspended in 1x PBS and 0.04% BSA at room 504	  

temperature. Cells were centrifuged at 300 rcf for 5 min each time. Thawed BMMCs were 505	  

washed and resuspended in 1x PBS and 20% FBS. The final concentration of thawed cells was 506	  

1x106 cells/ml. 507	  

Sequencing library construction using the GemCode platform  508	  

Cellular suspensions were loaded on a GemCode Single Cell Instrument (10x Genomics, 509	  

Pleasanton, CA) to generate single cell GEMs. Single cell RNA-Seq libraries were prepared 510	  
using GemCode Single Cell 3’ Gel Bead and Library Kit (now sold as P/N 120230, 120231, 511	  

120232, 10x Genomics). GEM-RT was performed in a C1000 Touch™ Thermal cycler with 96-512	  

Deep Well Reaction Module (Bio-Rad P/N 1851197): 55°C for 2 hours, 85°C for 5 minutes; held 513	  
at 4°C. After RT, GEMs were broken and the single strand cDNA was cleaned up with 514	  

DynaBeads® MyOne™ Silane Beads (Thermo Fisher Scientific P/N 37002D) and SPRIselect 515	  

Reagent Kit (0.6X SPRI, Beckman Coulter P/N B23318). cDNA was amplified using the C1000 516	  
Touch™ Thermal cycler with 96-Deep Well Reaction Module: 98°C for 3 min; cycled 14x: 98°C 517	  
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for 15s, 67°C for 20s, and 72°C for 1 min; 72°C for 1 min; held at 4°C. Amplified cDNA product 518	  

was cleaned up with the SPRIselect Reagent Kit (0.6X SPRI). The cDNA was subsequently 519	  
sheared to ~200bp using a Covaris M220 system (Covaris P/N 500295). Indexed sequencing 520	  

libraries were constructed using the reagents in the GemCode Single Cell 3’ Library Kit, 521	  
following these steps: 1) end repair and A-tailing; 2) adapter ligation; 3) post-ligation cleanup 522	  

with SPRIselect; 4) sample index PCR and cleanup. The barcode sequencing libraries were 523	  

quantified by quantitative PCR (qPCR) (KAPA Biosystems Library Quantification Kit for Illumina 524	  
platforms P/N KK4824). Sequencing libraries were loaded at 2.1pM on an Illumina NextSeq500 525	  

with 2 × 75 paired-end kits using the following read length: 98bp Read1, 14bp I7 Index, 8bp I5 526	  

Index and 10bp Read2. Some earlier libraries were made with 5nt UMI, and 5bp Read2 was 527	  
obtained instead. These libraries have been documented in Supplementary Table 2. 528	  

ERCC assay 529	  
 530	  

ERCC synthetic spike-in RNAs (Thermo Fisher P/N 4456740) were diluted (1:10 or 1:50) and 531	  
loaded into a GemCode Single Cell Instrument, replacing cells normally used to generate 532	  
GEMs. Spike-in Mix1 and Mix2 were both tested. A slightly modified protocol was used as only 533	  

a small fraction of GEMs were collected for RT and cDNA amplification. After the completion of 534	  
GEM-RT, 1.25 µL of the emulsion was removed and added to a bi-phasic mixture of Recovery 535	  
Agent (125 µL) (P/N 220016) and 25 mM Additive 1 (30 µL) (P/N 220074, 10x Genomics). The 536	  
recovery agent was then removed and the remaining aqueous solution was cleaned up with the 537	  

SPRISelect Reagent Kit (0.8X SPRI). cDNA was amplified using the C1000 Touch™ Thermal 538	  
cycler with 96-Deep Well Reaction Module: 98°C for 3 min; cycled 14x: 98°C for 15s, 67°C for 539	  
20s, and 72°C for 1 min; 72°C for 1 min; held at 4°C. Amplified cDNA product was cleaned up 540	  

with the SPRIselect Reagent Kit (0.8X) cDNA was subsequently sheared to ~200bp using a 541	  
Covaris M220 system to construct sample-indexed libraries with 10x Genomics adapters. 542	  

Expected ERCC molecule counts were calculated based on the amount of ERCC molecules 543	  

used and sample dilution factors. The counts were compared to detected molecule counts (UMI 544	  

counts) to calculate conversion efficiency.   545	  

 546	  

ddPCR assay 547	  
 548	  

Jurkat cells were used in ddPCR assays to estimate conversion efficiency as follows. 1) The 549	  
amount of RNA per Jurkat cell was determined by quantifying (Qubit, Invitrogen) RNA extracted 550	  
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(Maxwell RNA Purification Kits) from several different known number of Jurkat cells. 2) Bulk RT-551	  

ddPCR (Bio-Rad One-Step RT-ddPCR Advanced Kit for Probes 1864021) was performed on 552	  
the extracted RNA to determine the copy number per cell of 8 selected genes. 3) Approximately 553	  

5000 Jurkat cells were processed using the GemCode Single Cell 3’ platform, and single 554	  
stranded cDNA was collected after RT in GEMs following the protocols listed in “Sequencing 555	  

library construction using the GemCode platform”. cDNA copies of the 8 genes were determined 556	  

using ddPCR (Bio-Rad ddPCR Supermix for Probes (no dUTP) P/N 1863024). The actual 557	  
Jurkat cell count was found by sequencing a subset of the GEM-RT reactions on a MiSeq. The 558	  

conversion efficiency is the ratio between cDNA copies per cell (step 3) and RNA copies per cell 559	  

from bulk RT-ddPCR (step 2), assuming a 50% efficiency in RT-ddPCR33. 560	  
 561	  

The probe sequences for the ddPCR assay are as follows.  562	  
SERAC1_f: CACGAGCCGCCAGC; SERAC1_r: TCTGCAACAGATGACGCAATAAG; 563	  

SERAC1_p: /56-FAM/CGCCTGCCG/ZEN/GCAGAATGTC/3IABkFQ/.  564	  
AP1S3_f: GAAGCAGCCATGGTCTAAGC; AP1S3_r: CCTTGTCGACTGAAGAGCAATATG; 565	  
AP1S3_p: /56-FAM/CGGCCCAGC/ZEN/CACGATGATACAT/3IABkFQ/OR.  566	  

AOV1_f: CCGGAAGTGGGTCTCGTOR; AOV1_r: TTCTTCATAGCCTTCCCGATACCOR; 567	  
AOV1_p: /56-FAM/TCGTGATGG/ZEN/CGGATGAGAGGTTTCA/3IABkFQ/.  568	  
DOLPP1_f: ATGGCAGCGGACGGA; DOLPP1_r: GGCTCAGGTAGGCAAGGA; DOLPP1_p: 569	  
/56-FAM/CCACGTCGA/ZEN/ATATCCTGCAGGTGATCT/3IABkFQ/.  570	  

KPNA6_f: TGAAAGCTGCCGCTGAAG; KPNA6_r: CCCTGGGCTCGCCAT; KPNA6_p: /56-571	  
FAM/CGGACCCGC/ZEN/GATGGAGACC/3IABkFQ/.  572	  
ITSN2_f: GTGACAGGCTACGCAACAG; ITSN2_r: TCCTGAGTTTTCCTTGCTAGCT; ITSN2_p: 573	  

/56-FAM/AGGGCGCCA/ZEN/GATGGCTGA/3IABkFQ/.  574	  
LCMT1_f: GTCGACCCCGCTTCCA; LCMT1_r: GGTCATGCCAGTAGCCAATG; LCMT1_p: /56-575	  

FAM/ATGCTTCCC/ZEN/TGTGCAAGAGGTTTGC/3IABkFQ/.  576	  

AP2M1_f: GCAGCGGGCAGACG; AP2M1_r: ATGGCGGCAGATCAGTCT; AP2M1_p: /56-577	  

FAM/CATCGCTCT/ZEN/GAGAACAGACCTGGTG/3IABkFQ/. 578	  

 579	  

Cell capture efficiency calculation 580	  

The efficiency is calculated by taking the ratio of the number of cells detected by sequencing vs. 581	  

the number of cells loaded into the chip. The latter is determined from (volume added*input 582	  
concentration of cells), and takes into account losses in the chip. These losses include: 1) cells 583	  

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted July 26, 2016. ; https://doi.org/10.1101/065912doi: bioRxiv preprint 

https://doi.org/10.1101/065912


20 
 

left behind in sample well, 2) cells in GEMs left behind in the outlet well, 3) cells in GEMs with 584	  

Nbead = 0 and Nbead > 1. The losses do not include cells left behind in pipette tips during 585	  
mixing and transfer steps before pipetting into the sample well. The theoretical efficiency (based 586	  

on the Cell Loading Correction Factor of 1.92) is 52%. It is worth noting that there is a 15-20% 587	  
error in cell counts, which could account for at least some of the variability in the calculated 588	  

efficiencies. 589	  

Chimerism assay 590	  

PowerPlex 16 System (Promega) was used in conjunction with an Applied Biosystems (Life 591	  

Technologies) 3130xl Genetic Analyzer. Donor BMMCs were used as the reference baseline.  592	  

Alignment, barcode assignment and UMI counting 593	  

The Cell Ranger Single Cell Software Suite was used to perform sample demultiplexing, 594	  
barcode processing, and single cell 3’ gene counting (http://software.10xgenomics.com/single-595	  
cell/overview/welcome). First, sample demultiplexing was performed based on the 8bp sample 596	  

index read to generate FASTQs for the Read1 and Read2 paired-end reads as well as the 14bp 597	  
GemCode barcode. 10bp UMI tags were extracted from Read2. Then, Read1, which contains 598	  
the cDNA insert, was aligned to an appropriate reference genome using STAR34. For mouse 599	  

cells, mm10 was used. For human cells, hg19 was used. For samples with mouse and human 600	  
cell mixtures, the union of hg19 and mm10 were used. For ERCC samples, ERCC reference 601	  
(https://tools.thermofisher.com/content/sfs/manuals/cms_095047.txt) was used.  602	  

Next, GemCode barcodes and UMIs were filtered. All of the known listed of barcodes that are 1-603	  

Hamming-distance away from an observed barcode are considered. Then the posterior 604	  
probability that the observed barcode was produced by a sequencing error is computed, given 605	  

the base qualities of the observed barcode and the prior probability of observing the candidate 606	  

barcode (taken from the overall barcode count distribution). If the posterior probability for any 607	  
candidate barcode is at least 0.975, then the barcode is corrected to the candidate barcode with 608	  

the highest posterior probability. If all candidate sequences are equally probable, then the one 609	  

appearing first by lexical order is picked. 610	  

 611	  

UMIs with sequencing quality score>10 were considered valid if they were not homopolymers. 612	  
Qual=10 implies 90% base call accuracy. A UMI that is 1-Hamming-distance away from another 613	  

UMI (with more reads) for the same cell barcode and gene, is corrected to the UMI with more 614	  
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reads. This approach is nearly identical to that in Jaitin et al.4, and is similar to that in Klein et 615	  

al.8 (although Klein et al.8 also used UMIs to resolve multi-mapped reads, which was not 616	  
implemented here). 617	  

 618	  
Lastly, PCR duplicates were marked if two sets of read pairs shared a barcode sequence, a 619	  

UMI tag, and a gene ID (Ensembl GTFs GRCh37.82, ftp://ftp.ensembl.org/pub/grch37/release-620	  

84/gtf/homo_sapiens/Homo_sapiens.GRCh37.82.gtf.gz, and GRCm38.84, 621	  
ftp://ftp.ensembl.org/pub/release-84/gtf/mus_musculus/Mus_musculus.GRCm38.84.gtf.gz, were 622	  

used). Only confidently mapped (MAPQ=255), non-PCR duplicates with valid barcodes and 623	  

UMIs were used to generate gene-barcode matrix.  624	  

Cell barcodes were determined based on distribution of UMI counts. All top barcodes within the 625	  
same order of magnitude (greater than 10% of the top nth barcode where n is 1% of the 626	  
expected recovered cell count) were considered cell barcodes. Number of reads that provide 627	  

meaningful information is calculated as the product of 4 metrics: 1) valid barcodes; 2) valid UMI; 628	  
3) associated with a cell barcode; and 4) confidently mapped to exons. 629	  

In the mouse and human mixing experiments, multiplet rate was defined as twice the rate of cell 630	  

barcodes with significant UMI counts from both mouse and human, where top 1% of UMI counts 631	  
was considered significant. The extent of barcode crosstalk was assessed by the fraction of 632	  
mouse reads in human barcodes, or vice versa. 633	  

Samples processed from multiple channels can be combined by concatenating gene-cell-634	  

barcode matrices. This functionality is provided in the Cell Ranger R Kit. Sequencing data from 635	  
multiple sequencing runs of a library can be combined by counting non-duplicated reads. This 636	  

functionality is provided in the Cell Ranger pipeline. In addition, sequencing data can be 637	  

subsampled to obtain a given number of UMI counts per cell. This functionality is also provided 638	  
in the Cell Ranger R Kit, and is useful when combining data from multiple samples for 639	  

comparison.  640	  

PCA analysis of mixing of Jurkat and 293T cells 641	  

Gene-cell-barcode matrix from each of the 4 samples was concatenated. Only genes with at 642	  

least 1 UMI count detected in at least 1 cell are used. UMI normalization was performed by first 643	  
dividing UMI counts by the total UMI counts in each cell, followed by multiplication with the 644	  

median of the total UMI counts across cells. Then we took the natural log of the UMI counts. 645	  
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Finally, each gene was normalized such that the mean signal for each gene is 0, and standard 646	  

deviation is 1. PCA was run on the normalized gene-barcode matrix. The normalized UMI 647	  
counts of each gene is used to show expression of a marker in a tSNE plot. 648	  

 649	  
SNV analysis of Jurkat and 293T scRNA-seq data 650	  

 651	  

SNVs were called by running Freebayes 1.0.235 on the genome BAM produced by Cell Ranger. 652	  
High quality SNVs (SNV calling Qual>=100 with at least 10 UMI counts from at least 2 cells; 653	  

indels are ignored) that were only observed in Jurkat or 293T cells (but not both) were selected. 654	  

Cells were labeled as Jurkat or 293T based on Jurkat- and 293T-specific SNV counts, where 655	  
the fraction of counts from the other species is <0.2. Cells with fraction of SNV from either 656	  

species between 0.2 and 0.8 are considered multiplets. The inferred multiplet rate is 2* 657	  
observed multiplet rate (to account for Jurkat:Jurkat and 293T:293T multiplets). 658	  

 659	  
PCA and t-SNE analysis of PBMCs 660	  
 661	  

Genes with at least 1 UMI count detected in at least 1 cell are used. Top 1000 most variable 662	  
genes were identified based on their mean and dispersion (variance/mean), which is similar to 663	  
the approach used by Macoscko et al7. Genes were placed into 20 bins based on their mean 664	  
expression. Normalized dispersion is calculated as the absolute difference between dispersion 665	  

and median dispersion of the expression mean, normalized by median absolute deviation within 666	  
each bin.  667	  
 668	  

PCA was run on the normalized gene-barcode matrix of the top 1000 most variable genes to 669	  
reduce the number of feature (gene) dimensions. UMI normalization was performed by first 670	  

dividing UMI counts by the total UMI counts in each cell, followed by multiplication with the 671	  

median of the total UMI counts across cells. Then we took the natural log of the UMI counts. 672	  

Finally, each gene was normalized such that the mean signal for each gene is 0, and standard 673	  

deviation is 1. PCA was run on the normalized gene-barcode matrix. After running PCA, 674	  

Barnes-hut36 approximation to t-distributed Stochastic Neighbor Embedding (t-SNE)16 was 675	  
performed on the first 50 PCs to visualize cells in a 2-D space. 50 PCs were used because: 1) 676	  

using all PCs would take a very long time with tSNE analysis; 2) they explained ~25% of total 677	  

variance. K-means15 clustering was run to group cells for the clustering analysis. k=10 was 678	  
selected based on the sum of squared error scree plot (Supplementary Fig. 5d).  679	  
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 680	  

Identification of cluster-specific genes and marker-based classification 681	  
 682	  

To identify genes that are enriched in a specific cluster, the mean expression of each gene was 683	  
calculated across all cells in the cluster. Then each gene from the cluster was compared to the 684	  

median expression of the same gene from cells in all other clusters. Genes were ranked based 685	  

on their expression difference, and the top 10 enriched genes from each cluster were selected. 686	  
For hierarchical clustering, pair-wise correlation between each cluster was calculated, and 687	  

centered expression of each gene was used for visualization by heatmap.  688	  

 689	  
Classification of PBMCs was inferred from the annotation of cluster-specific genes. In the case 690	  

of cluster 10, marker expression of multiple cell types (e.g. B, dendritic, and T) was detected. 691	  
Since the relative cluster size of B, dendritic and T is 5.7%, 6.6% and 81% respectively, we’d 692	  

expect the cluster 10 (which is only 0.5%) to contain multiplets consisting mostly from 693	  
B:dendritic (0.36%) and B:dendritic:T (0.3%). 694	  
 695	  
Selection of purified sub-populations of PBMCs 696	  

 697	  
Each population of purified PBMCs was downsampled to ~16k reads per cell. PCA, tSNE and k-698	  
means clustering were performed for each downsampled matrix, following the same steps 699	  
outlined in PCA and t-SNE analysis of PBMCs. Only one cluster was detected in most 700	  

samples, consistent with the FACS analyses (Supplementary Fig. 6). For samples with more 701	  
than one cluster, only clusters that displayed the expected marker gene expression were 702	  
selected for downstream analysis. For CD14+ Monocytes, 2 clusters were observed and 703	  

identified as CD14+ Monocytes and Dendritic cells based on expression of marker genes FTL 704	  

and CLEC9A, respectively. 705	  

 706	  
Cell classification analysis using purified PBMCs 707	  

 708	  

Each population of purified PBMCs was downsampled to ~16k confidently mapped reads per 709	  
cell. Then, an average (mean) gene expression profile across all cells was calculated. Next, 710	  

gene expression from every cell of the complex population was compared to the gene 711	  
expression profiles of purified populations of PBMCs by spearman correlation. The cell was 712	  

assigned the ID of the purified population if it had the highest correlation with that population. 713	  
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Note that the difference between the highest and 2nd highest correlation was small for some 714	  

cells (for example, the difference between cytotoxic T and NK cells), suggesting that the cell 715	  
assignment was not as confident for these cells. A few of the purified PBMC populations 716	  

overlapped with each other. For example, CD4+ T Helper 2 cells include all CD4+ cells. This 717	  
means that cells from this sample will overlap with cells from samples that contain CD4+ cells, 718	  

including CD4+/CD25+ T Reg, CD4+/CD45RO+ T Memory, CD4+/CD45RA+/CD25- Naïve T. 719	  

Thus, when a cell was assigned the ID of CD4+ T Helper 2 cell based on the correlation score, 720	  
the next highest correlation was checked to see if it was one of the CD4+ samples. If it was, the 721	  

cell’s ID was updated to the cell type with the next highest correlation. The same procedure was 722	  

performed for CD8+ Cytotoxic T and CD8+/CD45RA+ Naïve Cytotoxic T (which is a subset of 723	  
CD8+ Cytotoxic T). 724	  

 725	  
The R code used to analyze 68k PBMCs and purified PBMCs can be found here: 726	  

https://github.com/10XGenomics/single-cell-3prime-paper. 727	  
 728	  
Cell clustering and classification with Seurat 729	  

 730	  
The gene-cell-barcode matrix of 68k PBMCs was log-transformed as an input to Seurat. The 731	  
top 469 most variable genes selected by Seurat were used to compute the PCs. The 732	  
first 22 PCs were significant (p < 0.01)based on the built-in jackstraw analysis, and used for 733	  

tSNE visualization. Cell classification was taken from Cell classification analysis using purified 734	  
PBMCs. 735	  
 736	  

Comparison between fresh vs. frozen PBMCs 737	  
 738	  

The sequencing data of 68k fresh PBMCs and 3k frozen PBMCs were down-sampled such that 739	  

each sample has ~14k confidently mapped reads/cell. Only genes that are detected in at least 740	  

one cell were included for the comparison, which uses the mean of each gene across all cells. 741	  

 742	  

For cell classification comparison between purified and frozen PBMCs, we pooled all the cells 743	  
labeled as T or NK cells together. This is because the sub-populations within T and between T 744	  

and NK cells are sometimes difficult to cluster separately. We did not want the comparison 745	  

between fresh vs. frozen cells to be affected by the clustering methods used. 746	  
 747	  
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SNV-based genotype assignment 748	  

 749	  
SNVs were called by running Freebayes 1.0.235 on the genome BAM produced by Cell Ranger. 750	  

Only SNVs with support from at least 2 cell barcodes, with a minimal SNV Qual score >=30, 751	  
minimal SNV base Qual>=1 were included. Reference (R) and alternate (A) allele counts were 752	  

computed at each SNV, producing a matrix of cell-reference UMI counts and cell-alternate-allele 753	  

UMI counts. These matrices were modeled as a mixture of two genomes where the likelihood of 754	  
any of the three genotypes (R/R, R/A, or A/A) at a site was taken to be binomially distributed 755	  

with a fixed error rate of 0.1%. For each sample, two models were inferred in parallel, one 756	  

where only one genome is present (K=1) and another where two genomes are present (K=2). 757	  
Inference of the model parameters (cell-to-genome assignments and the K sets of genotypes) 758	  

was performed by using a Gibbs sampler to approximate their posterior distributions. In order to 759	  
ameliorate the label-switching problem in Monte Carlo inference of mixture models, relabeling of 760	  

the sampled cell-to-genome assignments was performed as per Stephens et al37.  761	  
 762	  
In in silico cell mixing experiments, when the K=2 model failed to adequately separate the two 763	  

genomes, it reported a distribution of posterior probabilities near 0.5 for the cell-genome calls, 764	  
indicating a lack of confidence in those calls. We applied a requirement that 90% of the cells 765	  
have a posterior probability greater than 75% in order to select the K=2 model over the K=1 766	  
model. Selecting K=1 indicates that the mixture fraction is below the level of detection of the 767	  

method, which in in silico mixing experiments was determined to be 4% of 6,000 cells. 768	  
  769	  
Genotype comparison to the pure sample 770	  

 771	  
To ascertain the assignment of genotypes to individuals, only shared SNVs between the 772	  

genotype group and the pure sample were considered. Then the average genotype of all the 773	  

cells was compared to that of the pure sample. In order to obtain some baseline for the % 774	  

genotype overlap among different individuals, we performed pairwise comparison of genotypes 775	  

called from the same individuals (11 pairwise comparisons) or from different individuals (15 776	  

pairwise comparisons). The percent genotype overlap between the same individuals averages 777	  

~98%±0.3%, whereas the percent genotype overlap between the different individuals averages 778	  

~73%±2%. 779	  

 780	  

PCA and t-SNE analysis of BMMCs 781	  
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 782	  

Data from 6 samples were used: 2 healthy controls, AML027 pre- and post-transplant, and 783	  
AML035 pre- and post-transplant. Each sample was downsampled to ~10k confidently mapped 784	  

reads per cell. Then the gene-cell barcode matrix from each sample was concatenated. PCA, 785	  
tSNE and k-means clustering were performed on the pooled matrix, following the same steps 786	  

outlined in PCA and t-SNE analysis of PBMCs. For k-means clustering, k=10 was used based 787	  

on the bend in the sum of squared error scree plot.  788	  
 789	  

Cluster-specific genes were identified following the steps outlined in Identification of cluster-790	  

specific genes and marker-based classification. Classification was assigned based on 791	  
cluster-specific genes, and based on expression of some well-known markers of immune cell 792	  

types. “Blasts and Immature Ery 1” refers to cluster 4, which expresses CD34, a marker of 793	  
hematopoietic progenitors38, and Gata2, a marker for early erythroids39. “Immature Ery 2” refers 794	  

to clusters 5 and 8, which show expression of Gata1, a transcription factor essential for 795	  
erythropoiesis40, but not CD71, which are often found in more committed erythroid cells38. 796	  
“Immature Ery 3” refers to cluster 1, which show expression of CD71. “Mature Ery” refers to 797	  

cluster 2. HBA1, a marker of mature erythroid cells, is preferentially detected in cluster 2. 798	  
Cluster 3 was assigned as “Immature Granulocytes” because of the expression of early 799	  
granulocyte markers such as AZU1 and IL841, and the lack of expression of CD16. Cluster 7 800	  
was assigned as “Monocytes” because of the expression of CD14 and FCN1, for example. “B” 801	  

refers clusters 6 and 9 because of markers such as CD19 and CD79A. “T” refers to cluster 10, 802	  
because of markers such as CD3D and CD8A. 803	  
  804	  
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FIGURES 805	  

 806	  

 807	  
 808	  

Figure 1. GemCode single cell technology enables 3’ profiling of RNAs from thousands 809	  
of single cells simultaneously. (a) scRNA-seq workflow on GemCode technology platform. 810	  
Cells were combined with reagents in one channel of a microfluidic chip, and gel beads from 811	  
another channel to form GEMs. RT takes place inside each GEM, after which cDNAs are pooled 812	  

for amplification and library construction in bulk. (b) Gel beads loaded with primers and 813	  
barcoded oligonucleotides are first mixed with cells and reagents, and subsequently mixed with 814	  

oil-surfactant solution at a microfluidic junction. Single cell GEMs are collected in the GEM 815	  

Outlet. (c) % GEMs containing 0 gel bead (N=0), 1 gel bead (N=1) and >1 gel bead (N=2). Data 816	  
include 5 independent runs from multiple chip and gel bead lots over >70k GEMs for each run, 817	  

n=5, mean ± s.e.m. (d) Gel beads contain barcoded oligonucleotides consisting of Illumina 818	  

adapters, 10x barcodes, UMIs and oligo dTs, which prime reverse transcription of poly-819	  
adenylated RNAs. (e) Finished library molecules consist of Illumina adapters and sample 820	  

indices, allowing pooling and sequencing of multiple libraries on a next generation short read 821	  
sequencer. (f) Cell Ranger pipeline workflow. Gene-barcode matrix (highlighted in green) is an 822	  

output of the pipeline. 823	  

 824	  
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 825	  
Figure 2. Demonstration of technical performance of GemCode single cell technology 826	  
with cell lines and ERCC. (a) Scatter plot of human and mouse UMI counts detected in a 827	  

mixture of 293T and 3T3 cells. Cell barcodes containing primarily mouse reads are colored in 828	  

cyan and termed “Mouse-only”; cell barcodes with primarily human reads are colored in red and 829	  

termed “Human-only”; and cell barcodes with significant mouse and human reads are colored in 830	  
grey and termed “Human:Mouse”. A multiplet rate of 1.5% was inferred. Median number of 831	  

genes (b) and UMI counts (c) detected per cell in a mixture of 293T (red) and 3T3 (cyan) cells 832	  

at different raw reads per cell. Data from 3 independent experiments were included, mean ± 833	  

s.e.m. (d) Mean observed UMI counts for each ERCC molecule is compared to expected 834	  

number of ERCC molecules per GEM. A straight line was fitted to summarize the relationship. 835	  
(e) Principal component (PC) analysis was performed on normalized scRNA-seq data of Jurkat 836	  

and 293T cells mixed at 4 different ratios (100% 293T, 100% Jurkat, 50:50 293T:Jurkat and 837	  

1:99 293T and Jurkat). PC1 and PC3 are plotted, and each cell is colored by the normalized 838	  
expression of CD3D. (e) SNVs analysis was performed, and 293T-enriched SNVs and Jurkat-839	  

enriched SNVs were plotted for each sample. A 3.1% multiplet rate was inferred from the 50:50 840	  
293T:Jurkat sample.  841	  
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 842	  
Figure 3. Distinct populations can be detected in fresh 68k PBMCs. (a) Distribution of 843	  
number of genes (left) and UMI counts (right) detected per 68k PBMCs. (b) tSNE projection of 844	  
68k PBMCs, where each cell is grouped into one of the 10 clusters (distinguished by their 845	  
colors) Cluster number is indicated, with the percentage of cells in each cluster noted in 846	  

parentheses. (c) Normalized expression (centered) of the top variable genes (rows) from each 847	  
of 10 clusters (columns) is shown in a heatmap. Numbers at the top indicate cluster number in 848	  

b, with connecting lines indicating the hierarchical relationship between clusters. Representative 849	  
markers from each cluster are shown on the right, and an inferred cluster assignment is shown 850	  

on the left. (d-i) tSNE projection of 68k PBMCs, with each cell colored based on their 851	  

normalized expression of CD3D, CD8A, NKG7, FCER1A, CD16 and S100A8. UMI 852	  
normalization was performed by first dividing UMI counts by the total UMI counts in each cell, 853	  

followed by multiplication with the median of the total UMI counts across cells. Then we took the 854	  

natural log of the UMI counts. Finally, each gene was normalized such that the mean signal for 855	  
each gene is 0, and standard deviation is 1. (j) tSNE projection of 68k PBMCs, with each cell 856	  

colored based on their correlation-based assignment to a purified sub-population of PBMCs. 857	  
Sub-clusters within T cells are marked by dashed polygons.  858	  

 859	  
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 860	  
 861	  
Figure 4. Genotype analysis of in silico and in vitro mixing of PBMCs. (a) Sensitivity vs. % 862	  

minor population, where sensitivity is evaluated against the true labeling of in silico mixed 863	  

PBMCs from Donors B and C. Red line indicates that the major population comes from Donor B 864	  

PBMCs. Blue line indicates that the major population comes from Donor C PBMCs. (b) PPV vs. 865	  
% minor population, where PPV is evaluated against the true labeling of in silico mixed PBMCs 866	  
from Donors B and C. Red line indicates that the major population comes from Donor B cells. 867	  
Blue line indicates that the major population comes from Donor C cells. (c) Called mix fraction 868	  

vs. actual mix fraction in in silico mixing of PBMCs from Donors B and C. 50% actual mix 869	  
fraction is correctly called, but omitted from the plot so that the rest of the ratios can be clearly 870	  

displayed. (d) Genotype comparison of predicted genotype groups to purified populations.  871	  
  872	  
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 873	  
Figure 5. Genotype and single cell expression analysis of transplant BMMCs. (a) 874	  
Predicted genotype groups and their genotype overlap with pre-transplant samples. (b) tSNE 875	  

projection of scRNA-seq data from a healthy control, AML027 pre- and post-transplant samples 876	  

(post-transplant sample is separated into host and donor), and AML035 pre- and post-transplant 877	  
samples. tSNE projection was also performed on a 2nd healthy control, but the plot is not 878	  

included here as it is very similar to that of the first healthy control. Each cell is colored by their 879	  
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classification, which is labeled next to the cell clusters. (c) Proportion of sub-populations in each 880	  

sample. 881	  
  882	  
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Supplementary Figure 4
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Supplementary Figure 5
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Supplementary Figure 6
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Supplementary Figure 7
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Supplementary Figure 8
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Supplementary Figure 9
a. b.

200

400

0

N
um

be
r o

f C
el

ls

10 1000
Number of SNVs

200

400

0

600

10 100
Number of SNVs

Donor B SNVs Donor C SNVs

Major: B
Minor: C

Major: C
Minor: B

0.0

2.5

5.0

7.5

10.0

0.05 0.1 0.5 1 2
Base Error Rate %

D
et

ec
ta

bl
e 

M
in

or
 P

op
ul

at
io

n 
%

(P
P

V
 >

 0
.9

5 
&

 S
en

si
tiv

ity
 >

 0
.9

5)

c.

B_1 C_1 B_2 C_2 B_3 C_3 B_4 C_4 B_5 C_5

B_1

C_1

B_2

C_2

B_3

C_3

B_4

C_4

B_5

C_5

0

1

r

tS
N

E
2

tSNE1 tSNE1

PBMC B (50%) PBMC C (50%)

d. e.
B_6 C_6

B_6

C_6

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted July 26, 2016. ; https://doi.org/10.1101/065912doi: bioRxiv preprint 

https://doi.org/10.1101/065912


Supplementary Figure 10
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