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ABSTRACT
Transcriptional profiling of thousands of single cells
in parallel by RNA-seq is now routine. However, due
to reliance on pooled library preparation, targeting
analysis to particular cells of interest is difficult.
Here, we present a multiplexed PCR method for targeted sequencing of select cells from pooled singlecell sequence libraries. We demonstrated this molecular enrichment method on multiple cell types within
pooled single-cell RNA-seq libraries produced from
primary human blood cells. We show how molecular
enrichment can be combined with FACS to efficiently
target ultra-rare cell types, such as the recently identified AXL+ SIGLEC6+ dendritic cell (AS DC) subset, in
order to reduce the required sequencing effort to profile single cells by 100-fold. Our results demonstrate
that DNA barcodes identifying cells within pooled sequencing libraries can be used as targets to enrich
for specific molecules of interest, for example reads
from a set of target cells.
INTRODUCTION
Intensive interest exists in applying single-cell genomic analyses including gene expression, chromatin accessibility, and
DNA copy number variation to resolve differences between
cells in a population. Pooled analysis of thousands of single
cells is now routinely practiced by introducing cell-specific
DNA barcodes early in cell processing protocols to produce a pooled library that is sequenced as a single sample
and deconvoluted in silico. While such pooled experimental
workflows are now a mainstream approach in life science research including cell atlasing efforts (1–8), these workflows
do not currently enable cell targeting, even in cases when
only a few rare cells are of interest (9–11).
As cell type and cell state discovery moves towards rare
target populations (12–14), the challenge of identifying and
accessing rare cells in pooled sequence libraries becomes increasingly important. In instances where rare cells are of in* To

terest, investigators must cope with applying extremely high
sequencing effort or the sample loss and perturbation associated with enrichment by fluorescence-activated cell sorting (FACS), which ultimately limits the types of samples
that can be processed (15). Here, we introduce a PCR-based
approach to enrich pooled single-cell sequence library for
reads from individual cells of interest. This approach enables investigators to selectively access relevant information
out of such libraries with reduced sequencing effort. For example, cells that initially lack sequence coverage can be targeted for deeper follow-up sequencing and rare cell populations too small in quantity or too sensitive to perturbation for pre-selection by FACS can be enriched from the
original pooled sequence library. Alternatively, the PCR enrichment approach can be combined with complementary
enrichment approaches like FACS to target ultra-rare cell
types.
Here, we apply PCR enrichment to populations of primary human B-cells, monocytes and dendritic cells from
blood, which represent 15–35%, 10–15% and 1–2% of total peripheral blood mononuclear cells (PBMCs), respectively. We pre-enriched these populations by FACS using
the following cell surface markers: B cells, CD19+ subset,
from here on referred to as CD19+ cells; monocytes and
dendritic cells, Lineage– (Lin– ) HLA-DR+ cell subset, from
here on referred to as HLA-DR+ cells. We demonstrate below how FACS pre-enrichment can be combined with PCR
enrichment from large pooled sequence libraries to focus sequencing effort on an ultra-rare cell type of interest such as
the AS DCs within the HLA-DR+ subset, which represents
only 1–3% of human blood DCs and 0.01–0.06% of total
PBMCs.
MATERIALS AND METHODS
Sample sourcing and FACS
This study was performed in accordance with protocols
approved by the institutional review board at Partners
(Brigham and Women’s Hospital) and the Broad Institute. Healthy donors were recruited from the Boston-based
PhenoGenetic project, a resource of healthy subjects that
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Correlation analysis and Bootstrapping
Gene expression profiles of a given cell were compared before and after enrichment by computing Pearson correlation coefficients. Correlation coefficients were calculated using the expression profiles of targeted single cells in the enriched libraries and the corresponding expression profiles
within the original library. One thousand Bootstrap read
samples were then generated from each dataset to enable
comparing pre-enriched single-cell datasets against themselves. Bootstrap samples of both pre- and post-enrichment
data matched the read depth present in the pre-enrichment
library for each cell. To determine the highest expected
correlation coefficient values given the statistical noise
from read and UMI counting, correlations were computed
among Bootstrap replicates from the pre-enrichment data
derived from the same cells.
Principal components analysis (PCA) and clustering

Single-cell library preparation and target cell enrichment
Single-cell RNA-seq library preparation was performed
with the Chromium Single Cell 3 method (10X Genomics)
according to the manufacturer’s protocol. Pooled single-cell
RNA-seq libraries were diluted and combined in equal volume with KAPA 2× high fidelity hot start PCR master mix.
The final DNA template and total primer concentrations
were 0.1 nM and 0.1 uM, respectively. For multiplex (10 –
15-plex) barcode amplification, forward primers consisted
of sequencing adapters (62 bp) and cell barcode specific sequence (16 base pairs) whereas reverse primers were complimentary to the fixed truseq adaptor sequence. Hemi-specific
PCR was performed with an initial hot start at 95◦ C for 5
min, followed by 25 cycles of (95◦ C – 0.5 min, 68◦ C – 1 min,
72◦ C – 1 min), and ended with a final 4 min extension at
72◦ C. The reaction products were confirmed on an agarose
gel. As few as 15 cycles of PCR and lower annealing temperatures were also tested and produced good results, although
care should be taken when reducing cycle number to ensure
that sufficient product quantity is obtained to enable purification and any desired quality control steps prior to sequencing. Each PCR was performed in triplicate to assess
replicability. The PCR products were then purified by SPRI
(Agentcourt, 1:1 sample:reagent ratio) and quantified with
the Qubit fluorescence assay (Qubit dsDNA HS Assay Kit,
ThermoFisher Scientific).
Sequencing and primary data processing
Target-enriched single-cell RNA-seq libraries were loaded
at 1.8 pM on a DNA sequencer (Illumina Miniseq) where
read 1 (26 bp) sequenced bases in the cell barcode and
UMI and read 2 (124 bp) sequenced bases in the transcript. Primary processing of the raw data was conducted
using the CellRanger pipeline (10× Genomics). Secondary
analyses were carried out using custom Python scripts. The
custom scripts used for secondary analysis can be found
at (https://github.com/nranu/SC enrichment). Replicate sequence reads were aggregated by unique molecular identifier (UMI) with secondary analysis operating on UMI
counts. Any UMI that received two or fewer reads was removed prior to secondary analysis.

Feature selection was performed by excluding genes detected in fewer than three cells and removing genes that had
low coefficients of variation with a nonparametric Loess regression using a window of 33%. This selection identified
∼1000 highly variable genes that were well-represented in
the dataset. Next, the UMI counts per cell were normalized
by the median of UMI counts across all cells and log2 transformed with a pseudocount of 1 and finally, Z-transformed.
PCA was performed with the original deeply sequenced library as a training set with the enriched data subsequently
projected onto the components defined in analysis of the
original library.
Targeting putative AXL+ SIGLEC6+ DC (AS DC) cells
To identify AS DC ‘purity scores’, we used a previously described signature scoring system (11). Briefly, we assigned
a quantitative score to each cell based on the overall expression of a pre-defined signature gene set after correcting
for ‘drop-out’ effects that commonly characterize single cell
data (10). The reported AS DC population purity score was
based on the top 10 most discriminative genes previously
reported: AXL, PPP1R14A, SIGLEC6, CD22, DAB2,
S100A10, FAM105A, MED12L, ALDH2 and LTK. This
‘purity score’ was used to identify the most likely AS DC
candidate cells in the HLA-DR+ 10X library. Note that not
all of the 10 classifier-genes were expressed across the putative AS DC candidates in the 10X library, which could be
explained by different dropout rates characterizing the 10X
library and Smart-Seq2 libraries, the latter having been used
in the original AS DC discovery and characterization study
(11).
RESULTS
Target cell enrichment by multiplexed hemi-specific PCR enables a 100-fold decrease in sequencing effort
To preferentially amplify molecules representing target cells
in the pooled sequence library, we carried out multiplexed
hemi-specific PCR with forward PCR primers cognate to
the barcodes of target cells (up to 15-plex tested; Figure
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are re-contactable by genotype (16). The donors had no
family history of cancer, allergies, inflammatory disease, autoimmune disease, chronic metabolic disorders, or infectious disorders. Each donor provided written informed consent for the genetic research studies and molecular testing.
For profiling HLA-DR+ and the CD19+ cells, PBMCs
were first isolated from fresh blood within 2 h of collection
using Ficoll-Paque density gradient centrifugation as described previously (17). PBMC suspensions were immunostained with an antibody panel according to the manufacturer’s protocol (Suppliers listed in Supplementary Table
S3) designed to target live HLA-DR+ cells and deplete other
blood lineages (CD235a, CD3, CD4, CD8, CD19, CD56)
or to target live CD19+ cells and deplete other blood lineages (CD235a, CD3, CD4, CD8, HLA-DR, CD56) (Supplementary Table S3). Cells were sorted in a solution of 1×
PBS and 0.04% of BSA and resuspended at a concentration
of 1000 cells/l.
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Figure 1. Targeted enrichment of single cells within a pooled RNA sequence library. (A) Workflow showing enrichment based on single cell barcodes
on the 5 end of sequence library molecules. Target cells (barcodes) of interest are identified based on shallow sequencing of the original pooled library.
PCR with barcode-specific primers is used to create a new sequence library enriched for reads from the target cells. (B) Example enrichment plot for a
single target cell from a multiplex-enrichment reaction. The original library was deeply sequenced as a control to identify gene expression profiles in the
target cell. Enrichment fold is the fold-difference in overall sequencing effort to detect 50% of the maximum detectable number of genes. (C) Distribution
of enrichment-fold values for 65 targeted cells amplified in multiplex PCR enrichments. (D) the pairwise correlation of gene expression profiles before and
after PCR enrichment for CD19+ cells (top) and HLA-DR+ cells (bottom) libraries. The upper dashed line and shaded region in each plot represent the
mean ± two standard deviations of Bootstrap replicates of the original gene expression profiles against themselves (which represents the best correlation
achievable given the read sampling, UMI sampling, and distribution of expression levels across genes in these specific cells). Red points show the correlation
for targeted cells (post-enrichment profiles versus pre-enrichment profiles for the same cell). Gray box plots show distribution of correlation coefficients for
control (non-target) cells existing in the library (post-enrichment profiles of the subject control cell versus pre-enrichment profiles of all cells). The dotted
line shows the mean correlation for the cell barcodes that had at least 6 mismatches at the 3 end. Control comparisons are shown as a function of the
number of mismatches (Hamming distance) between the six most 3 base pairs of the 16-base pair subject control cell barcode and the six most 3 base
pairs of the 16-base pair barcode of compared targeted cells.

1A, Supplementary Tables S1,S2) and a common reverse
P7 primer. To test the method, we targeted 19 cells in a
sequence library representing 1760 CD19+ cells, and 46
cells within a sequence library representing 2397 HLA-DR+
cells. The forward PCR primers were designed to target the
16 base pair (bp) cell barcode appended to each cDNA
3 tag sequence in the pooled RNA-seq libraries (Supplementary Figure S1). Target barcodes were selected to represent cells with higher (∼25 000) and lower (∼1000) counts
of unique transcript molecules (Supplementary Figure S2,
Supplementary Tables S1 and S2). We define target cell enrichment as the ratio in sequencing effort needed to access a specific level of information from a particular cell,
here quantified as the number of detected genes. The libraries produced by our PCR protocol were enriched approximately 100-fold for the group of targeted cells (Figure 1B, C and Supplementary Figure S2). This enriched

pooled library can be further sequenced to achieve deep
coverage of high-quality target cells at far lower overall sequencing effort than would have been required in sequencing the original library. We found that the majority of reads
in the enriched libraries corresponded to the targeted cells
(Supplementary Figure S3, medians across replicates were
70–90%).
Gene expression profiles of target cells are faithfully recapitulated after PCR enrichment
To evaluate the reliability of our method, we compared
the expression profiles of cells targeted in the enriched libraries to each cell in the original library. RNA abundances in the enriched libraries quantitatively recapitulated RNA abundances from the original libraries, which
were deeply sequenced and computationally resampled to
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Principal components analysis results in congruent cluster assignments
Next, we sought to quantify differences in gene expression
profiles before and after enrichment with principal components analysis (PCA). Post-enrichment expression profiles
localized cells to similar locations as found in the original
libraries in principal components space when we projected
post-enrichment data onto the principal components defined using the original dataset (Figure 2A, B and Supplementary Figure S8). We used Euclidean distance as a metric
to quantify how much the position of cells shifted relative
to the underlying distribution of cell locations (Supplementary Figure S9). Data clustering by k-means resulted in the
same cluster assignments for most cells before and after enrichment (16/19 for CD19+ , adjusted mutual information
score (AMI) = 0.81; and 43/46 for HLA-DR+ , AMI = 0.75,

where AMI = 0 indicates the expected score for random reclustering, and AMI = 1 indicates identical re-clustering).
Marker gene expression profiles for AS DCs are reproduced
with good fidelity
We then applied this framework to target putative AS DCs
by combining enrichment of HLA-DR+ cells by FACS
with PCR-based multiplexed molecular enrichment from a
pooled RNA-seq sequence library to target the extremely
rare AS DCs. In the enriched library, only 1 million reads
were needed to reliably identify key discriminating genes
(11) expressed in the nine putative AS DCs captured in
the enriched HLA-DR+ library (Figure 2C). Expression
of these AS DC-discriminating genes were either not detectable or showed in extremely low counts at the same level
of sequencing effort in the original library, which was enriched only by FACS (Supplementary Figure S10). While
the biological role of AS DCs remains to be fully elucidated,
the discovery study (11) reported several properties relevant
to the design of new therapeutic and vaccination modalities,
highlighting the need to develop new strategies to enrich
and profile rare cell populations like the AS DCs from many
different samples to further decipher their unique properties.
DISCUSSION
Our results demonstrate that individual cells can be enriched at the molecular level from complex pooled singlecell libraries and that the enriched libraries faithfully represent the targeted cells’ original expression profiles. Our
PCR approach for targeted enrichment requires a singlecell sequencing library where cell origin is identified by a
short barcode sequence, a list of barcode sequences that
corresponds to cells of interest, and a set of PCR primers
that complement the listed barcodes. Currently, investigators can select cells to target based on initial analysis of a
shallow sequence dataset. For many cases, as few as 1000–
5000 RNA-seq reads per cell are sufficient to identify cell
types of interest (18–21). In other cases, where target cells
can only be identified by signatures reliant on detecting
the expression of low-abundance transcripts, desirable target cells can be enriched by depleting cells identifiable as
other, non-target cell types and low-quality cells (e.g. those
with fewer detected UMIs). Approaches that target signature genes specifically would be highly efficient for the positive identification of target cells defined by the expression
of low-abundance transcripts, (22–24).
Although the noise sources in aggregate do not have a significant effect on the precision of the expression profiles obtained from the enriched libraries (Figure 1D, Supplementary Figure S4), modifications to the barcode and UMI sequences would enable these noise sources to be further suppressed. In our work, the cell barcode targeting primer had
complementarity to the full 16 base pair sequence allowing for the greatest target cell specificity. Lengthening the
barcode sequence to add downstream bases that extend beyond the 3 terminus of the enrichment primer (or alternatively, shortening the enrichment primer) would allow the
extension reaction to pick up a portion of the target cell
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provide matched control datasets for statistical comparison. We hypothesized that the base sequence at the 3 end
of the barcode PCR primer would be critical for maintaining specificity during amplification. Although 0.1% of
cell barcodes share the same six base sequence at the 3
end and are at risk for mis-priming events, we find that
data from cells enriched in the CD19+ and HLA-DR+ libraries show expression profiles that are well-correlated
with the corresponding pre-enrichment profiles (mean correlation of ∼0.82; as good as resampled replicates of the
pre-enrichment profiles compared with themselves) (Figure
1D, Supplementary Figure S4). Further, the pairwise comparison of correlations across all targeted barcodes show
the highest correlation for the intended target cell (Supplementary Figure S5). We observed a slight increase (statistically significant for the CD19 and HLA-DR subset) in
the correlation to non-targeted cells when the 3 end of the
barcode has perfect complementary (hamming distance of
0). This effect is presumably caused by cross-priming, but
does not significantly affect our final results as our filtering procedure (Materials and Methods) is designed to remove spurious UMI counts. In addition to barcode mispriming, PCR chimeras have the potential to add noise
to the measured gene expression profiles (BioRxiv: https:
//http://doi.org/10.1101/093237). We estimated that PCRdriven chimeras increase the UMI+gene collision rate by
only a few percent above the statistically expected collision
rate (Supplementary Figure S6). An additional source of
noise can arise due to polymerase error during PCR amplification of UMI sequences, which might lead to inflated
UMI counts. Although we did observe an increase in the
number of UMIs at small Hamming distances (dh = 1 - 2)
that could be explained by polymerase errors, more than
99.9% of inter-UMI distance counts were at Hamming distances of 3 or more (Supplementary Figure S7), indicating
that UMI inflation has only a minor potential effect on the
data and that our filtering procedures likely exclude an effect. We note here that noise from all four sources: shared
3 barcode sequence, statistical UMI+gene collisions, PCRdriven chimerism, and UMI sequence errors can likely be
reduced by increasing the barcode/UMI complexity and redesigning the primers used for enrichment.
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barcode from the library molecule independent of primer
hybridization. Extending the length of the UMI sequence,
hence its complexity, would increase the average distances
between UMI sequences in the final read set and enable
more stringent sequence filtering procedures to exclude erroneous reads. Primer modifications, such as 3 phosphorothioate linkages, could help maintain barcode fidelity and
be combined with other design changes. Lastly, while we
recommend 25 cycles of PCR in the enrichment PCR, optimization to fewer PCR cycles could potentially improve
the quality of enriched sequence libraries when the input library is of high quality and contains a sufficient fraction of
on-target content.
Target enrichment is most advantageous when targeting
rare populations and the potential enrichment-fold achievable by targeting is large. In this work, we utilized individual oligonucleotide primers to enrich the target cells, which
is convenient for targeting small numbers of cells as would
be needed for rare population studies. To explore the tradeoff in sequencing effort and the need for primer synthesis,
we plotted results from a simple model representing a typical contemporary use case as a function of the abundance
of the target cell population (SI and Supplementary Figure
S11). Within the assumptions of our model, targeting is favorable for target cell abundances as high as 5%. Emerging

advances including those in small custom oligonucleotide
primer pool production are likely to accelerate PCR enrichment workflows and make PCR enrichment practical
for target populations at abundances >5% by reducing the
cost per custom primer (25). In addition, technologies and
approaches for pooled single cell library construction are
improving rapidly (26) which promise to make sequencing,
rather than pooled sample preparation, the overall workflow bottleneck, and bring attention to the need for cell targeting approaches. Our enrichment protocol depends primarily on the presence of cell-specific barcodes and is readily extensible to a wide variety of pooled single-cell applications beyond expression profiling that are read out using
DNA sequencing and encode cell of origin using a compact sequence barcode (27–29). Compatible scRNA-seq approaches include 10X Genomics (used here), Drop-seq, and
Seq-well. Further development of the protocol described
here or alternative approaches would be required for applications that distribute the cell identity information more
sparsely across the library molecules, for example those that
use dual end barcoding or long barcodes.
Importantly, target cell enrichment may have future
biomedical applications. For example, our enrichment
method may allow comparison of rare cell types across cellular mixtures from many subjects, such as tracking rare
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Figure 2. Single-cell expression profile before and after enrichment. Reduced dimensionality representations of 19 cells from CD19+ cells (A) and 46
cells from HLA-DR+ cells (B) showing the position of targeted cells based on the expression profiles from the original deep sequenced library (closed
circles) and the enriched library (open circles), where each color represents one cell/barcode. The gray data points show all cells within the two original
deeply sequenced libraries and make visible the major clusters of cells with related expression profiles. Principal components analysis (PCA) and t-SNE, a
nonlinear dimensionality reduction approach, are used to represent the high-dimensional datasets with corresponding color schemes. (C) AS dendritic cell
signature analysis. Bar plots at top show the fraction of cells with at least one UMI count for the corresponding gene (number of cells above the dashed
gray line in bottom panel, with black for all non-target cells, and red for target cells in the original library, middle bar, and red for target cells in the enriched
library, right bar). Bottom panel: the expression of the classifier genes for all non-target cells in the original library (black points, left group for each gene),
target cells in the original library (colored points, middle group), and enriched target cells (colored points, right). The same color is used for each targeted
cell across the different classifier genes to facilitate comparison. The total number of cells in the HLA-DR+ cells library was 2397 cells and nine putative
AS DC cells were targeted for enrichment.
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DATA AVAILABILITY
The custom scripts used for secondary analysis can be found
at (https://github.com/nranu/SC enrichment).
Processed scRNA-seq data are available through the
Gene Expression Omnibus, (GSE116683).
Raw RNA sequencing data are available through
Database of Genotypes and Phenotypes (dbGaP), accession number phs to be assigned.
SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
ACKNOWLEDGEMENTS
We thank A. Dixit for helpful discussions and anonymous
referees for constructive comments.
FUNDING
National Institute of Allergy and Infectious Disease
[U24AI11866803]; National Human Genome Research Institute [RM1HG00619307]; Broad Institute; Career Award
at the Scientific Interface from the Burroughs Wellcome Fund (to P.C.B.); NSF Graduate Research Fellowships Program award (to N.R.). Funding for open access charge: Centers of Excellence in Genomic Science
[RM1HG00619307] and the Massachusetts Institute of
Technology.
Conflict of interest statement. One of us (P.C.B.) is a consultant to and equity holder in a company, 10X Genomics,
whose products were used in this study. The Broad Institute
may elect to seek patents and commercialize aspects of the
work presented here.
REFERENCES
1. Enge,M., Arda,H.E., Mignardi,M., Beausang,J., Bottino,R.,
Kim,S.K. and Quake,S.R. (2017) Single-cell analysis of human
pancreas reveals transcriptional signatures of aging and somatic
mutation patterns. Cell, 171, 321–330.
2. Gierahn,T.M., Wadsworth,M.H., Hughes,T.K., Bryson,B.D.,
Butler,A., Satija,R., Fortune,S., Love,J.C. and Shalek,A.K. (2017)
Seq-well: portable, low-cost RNA sequencing of single cells at high
throughput. Nat. Methods, 14, 395–398.
3. Han,X., Wang,R., Zhou,Y., Fei,L., Sun,H., Lai,S., Saadatpour,A.,
Zhou,Z., Chen,H., Ye,F. et al. (2018) Mapping the mouse cell atlas by
Microwell-seq. Cell, 172, 1091–1107.

4. Klein,A.M., Mazutis,L., Akartuna,I., Tallapragada,N., Veres,A.,
Li,V., Peshkin,L., Weitz,D.A. and Kirschner,M.W. (2015) Droplet
barcoding for single-cell transcriptomics applied to embryonic stem
cells. Cell, 161, 1187–1201.
5. Macosko,E.Z., Basu,A., Satija,R., Nemesh,J., Shekhar,K.,
Goldman,M., Tirosh,I., Bialas,A.R., Kamitaki,N., Martersteck,E.M.
et al. (2015) Highly parallel genome-wide expression profiling of
individual cells using nanoliter droplets. Cell, 161, 1202–1211.
6. Manno,G.L., Gyllborg,D., Codeluppi,S., Nishimura,K., Salto,C.,
Zeisel,A., Borm,L.E., Stott,S.R.W., Toledo,E.M., Villaescusa,J.C.
et al. (2016) Molecular diversity of midbrain development in mouse,
human, and stem cells. Cell, 167, 566–580.
7. Ooi,C.C., Mantalas,G.L., Koh,W., Neff,N.F., Fuchigami,T.,
Wong,D.J., Wilson,R.J., Park,S., Gambhir,S.S., Quake,S.R. et al.
(2017) High-throughput full-length single-cell mRNAseq of rare cells.
PLoS One, 12, e0188510.
8. Stubbington,M.J.T., Mahata,B., Svensson,V., Deonarine,A.,
Nissen,J.K., Betz,A.G. and Teichmann,S.A. (2015) An atlas of mouse
CD4+ T cell transcriptomes. Biol. Direct., 10, 14.
9. Bendall,S.C. and Nolan,G.P. (2012) From single cells to deep
phenotypes in cancer. Nat. Biotech., 30, 639–647.
10. Shalek,A.K., Satija,R., Shuga,J., Trombetta,J.J., Gennert,D., Lu,D.,
Chen,P., Gertner,R.S., Gaublomme,J.T., Yosef,N. et al. (2014)
Single-cell RNA-seq reveals dynamic paracrine control of cellular
variation. Nature, 510, 363–369.
11. Villani,A.C., Satija,R., Reynolds,G., Sarkizova,S., Shekhar,K.,
Fletcher,J., Griesbeck,M., Butler,A., Zheng,S., Lazo,S. et al. (2017)
Single-cell RNA-seq reveals new types of human blood dendritic
cells, monocytes, and progenitors. Science, 356, eaah4573.
12. Benz,C., Copley,M.R., Kent,D.G., Wohrer,S., Cortes,A.,
Aghaeepour,N., Ma,E., Mader,H., Rowe,K., Day,C. et al. (2012)
Hematopoietic stem cell subtypes expand differentially during
development and display distinct lymphopoietic programs. Cell Stem
Cell, 10, 273–283.
13. Grun,D., Lyubimova,A., Kester,L., Wiebrands,K., Basak,O.,
Sasaki,N., Clevers,H. and Oudenaarden,A.V. (2015) Single-cell
messenger RNA sequencing reveals rare intestinal cell types. Nature,
525, 251–255.
14. Mahata,B., Zhang,X., Kolodziejczyk,A.A., Proserpio,V.,
Haim-Vilmovsky,L., Taylor,A.E., Hebenstreit,D., Dingler,F.A.,
Moignard,V., Gottgens,B. et al. (2014) Single-cell RNA sequencing
reveals T helper cells synthesizing steroids de novo to contribute to
immune homeostasis. Cell Rep., 7, 1130–1142.
15. Saliba,A.E., Westermann,A.J., Gorski,S.A. and Vogel,J. (2014)
Single-cell RNA-seq: advances and future challenges. Nucleic Acids
Res., 42, 8845–8860.
16. Xia,Z., Liu,Q., Berger,C.T., Keenan,B.T., Kaliszewska,A.,
Cheney,P.C., Srivastava,G.P., Castillo,I.W., De Jager,P.L. and
Alter,G. (2012) A 17q12 allele is associated with altered NK cell
subsets and function. J. Immunol., 188, 3315–3322.
17. Lee,M.N., Ye,C., Villani,A.C., Raj,T., Li,W., Eisenhaure,T.M.,
Imboywa,S.H., Chipendo,P.I., Ran,F.A., Slowikowski,K. et al. (2014)
Common genetic variants modulate pathogen-sensing responses in
human dendritic cells. Science, 343, 1246980.
18. Heimberg,G., Bhatnagar,R., El-Samad,H. and Thomson,M. (2016)
Low dimensionality in gene expression data enables the accurate
extraction of transcriptional programs from shallow sequencing. Cell
Syst., 2, 239–250.
19. Jaitin,D.A., Kenigsberg,E., Keren-Shaul,H., Elefant,N., Paul,F.,
Zaretsky,I., Mildner,A., Cohen,N., Jung,S., Tanay,A. et al. (2014)
Massively parallel single cell RNA-seq for marker-free decomposition
of tissues into cell types. Science, 343, 776–779.
20. Kliebenstein,D.J. (2012) Exploring the shallow end; estimating
information content in transcriptomics studies. Front. Plant Sci., 3,
213.
21. Pollen,A.A., Nowakowski,T.J., Shuga,J., Wang,X., Leyrat,A.A.,
Lui,J.S.H., Li,N., Szpankowski,L., Fowler,B., Chen,N. et al. (2014)
Low-coverage single-cell mRNA sequencing reveals cellular
heterogeneity and activated signaling pathways in developing cerebral
cortex. Nat. Biotech., 32, 239–250.
22. Woodruff,L.B.A., Gorochowski,T.E., Roehner,N., Mikkelsen,T.S.,
Densmore,D., Gordon,D.B., Nicol,R. and Voigt,C.A. (2017) Registry
in a tube: multiplexed pools of retrievable parts for genetic design
space exploration. Nucleic Acids Res., 45, 1553–1565.

Downloaded from https://academic.oup.com/nar/article-abstract/47/1/e4/5106997 by guest on 21 January 2020

malignant cell states, non-malignant cell states in tumor
samples, and circulating tumor cells (CTCs) in blood. Indepth analyses of particular cells of interest may enable access to more precise single-cell expression profiles and enable diagnostic, prognostic, or theranostic tests informed
by quantitative (rather than binary) gene expression states
that are invisible to current analytics like flow cytometry
or imaging. Targeted molecular enrichment of target cells
from large pooled single-cell sequence libraries promises to
reduce the sequencing effort required to profile rare cells
by one to two orders of magnitude while simultaneously
enabling selective deep sequencing of high-informationcontent cells.

PAGE 6 OF 7

PAGE 7 OF 7

27. Zheng,G.X.Y., Lau,B.T., Schnall-Levin,M., Jarosz,M., Bell,J.M.,
Hindson,C.M., Kyriazopoulou-Panagiotopoulou,S.,
Masquelier,D.A., Merrill,L., Terry,J.M. et al. (2016) Haplotyping
germline and cancer genomes with high-throughput linked-read
sequencing. Nat. Biotech., 34, 303–311.
28. Vitak,S.A., Torkenczy,K.A., Rosenkrantz,J.L., Fields,A.J.,
Christiansen,L., Wong,M.H., Carbone,L., Steemers,F.J. and Adey,A.
(2017) Sequencing thousands of single-cell genomes with
combinatorial indexing. Nat. Meth., 14, 302–308.
29. Cusanovich,D.A., Daza,R., Adey,A., Pliner,H.A., Christiansen,L.,
Gunderson,K.L., Steemers,F.J., Trapnell,C. and Shendure,J. (2015)
Multiplex single-cell profiling of chromatin accessibility by
combinatorial cellular indexing. Science, 348, 910–914.

Downloaded from https://academic.oup.com/nar/article-abstract/47/1/e4/5106997 by guest on 21 January 2020

23. Spencer,S.J., Tamminen,M.V., Preheim,S.P., Guo,M.T., Briggs,A.W.,
Brito,I.L., Weitz,D.A., Pitkänen,L.K., Vigneault,F., Virta,M.P. et al.
(2016) Massively parallel sequencing of single cells by epicPCR links
functional genes with phylogenetic markers. ISME, 10, 427–436.
24. Howie,B., Sherwood,A.M., Berkebile,A.D., Berka,J., Emerson,R.O.,
Williamson,D.W., Kirsch,I., Vignali,M., Rieder,M.J., Carlson,C.S.
et al. (2015) High-throughput pairing of T cell receptor ␣ and ␤
sequences. Science, 7, 301ra131.
25. Palluk,S., Arlow,D.H., de Rond,T., Barthel,S., Kang,J.S., Bector,R.,
Baghdassarian,H.M., Truong,A.N., Kim,P.W., Singh,A.K. et al.
(2018) De novo DNA synthesis using polymerase- nucleotide
conjugates. Nat. Biotech., 36, 645–650.
26. Kang,H.M., Subramaniam,M., Targ,S., Nguyen,M., Maliskova,L.,
McCarthy,E., Wan,E., Wong,S., Byrnes,L., Lanata,C.M. et al. (2018)
Multiplexed droplet single-cell RNA sequencing using natural genetic
variation. Nat. Biotech., 36, 89–94.

Nucleic Acids Research, 2019, Vol. 47, No. 1 e4

