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A B S T R A C T

Single cell sequencing has recently been applied to many immunological studies. Flow cytometric index sorting
isolates cells for single cell sequencing with protein level data linked to sequences. However, successful se-
quencing of index sorted samples requires careful optimization of several sort parameters, including nozzle size,
flow rate, threshold rate, and yield calculations. In this study, considerations and optimization data for each of
these variables are presented. Our analysis focused on index sorting, but the findings can be applied to any plate
sorting protocol. Minimization of flow rates and use of the 70 μm nozzle improved cell yields. Improvements in
total read counts after sequencing were obtained by decreasing the threshold rate, or the number of cells pro-
cessed per second. In addition, this technique provided linked protein and gene expression analysis of the cy-
tokine interferon (IFN)γ, demonstrating that on a single cell basis IFNγ+ cells tend to express IFNG mRNA, and
IFNγ– cells do not. Through rigorous optimization and quality control, we have identified parameters important
to plate sorting and recommend the use of the 70 μm nozzle and low flow and threshold rates for analysis of rare
populations of human lymphocytes.

1. Introduction

Index sorting is a powerful tool that links protein expression with
single cell gene expression and sequencing analysis. Individual cells are
sorted into 96- or 384-well plates with location and fluorescence in-
tensity data saved for each cell (Osborne, 2011). This technique allows
cell surface protein expression to be integrated with downstream ana-
lyses of single cells, such as T cell receptor (TCR) or B cell receptor
(BCR) repertoire sequencing, and RNA sequencing, as well as additional
applications (Hayashi et al., 2010). When appropriately optimized,
index sorts have error rates< 1% (Penter et al., 2018). A successful
index or other plate sort requires consideration of factors that distin-
guish it from bulk sorting protocols. These include the dependence on
nozzle size for accuracy, greater dependence on flow rate, and higher
complexity of yield calculations.

Nozzle size is a key variable in both bulk and plate sorting. Nozzle
sizes available on many sorters include 70, 85, 100, and 130 μm, but we
focus on 70 and 100 μm nozzles because they are the most commonly
used. Primary considerations for nozzle selection are cell size, rarity of

the population to be sorted, and requirements for viability after sorting.
The nozzle size is more crucial for index sorts with respect to cell yield.
Stream stability, droplet accuracy and pressure vary with nozzle size.
Specifically, the 70 μm nozzle has a more stable stream and a small drop
size, which both improve accuracy of cell deposition onto the plate, as
well as rapid flow (Osborne, 2011). However, the high accuracy and
flow rate can limit the number of cells sorted, due to loss of cells as the
plate moves. Rapid flow rates can damage cells. Each nozzle can only be
used with cells 5–6 times smaller than the nozzle, so use of the 70 μm
nozzle is limited to cells of size< 14 μm (Cossarizza et al., 2017). The
100 μm nozzle has a larger drop and lower sample pressure that can
improve yields of delicate cells (BDBiosciences, 2012). Thus the selec-
tion of nozzle size will depend on the relative importance of these
factors to the sort. The 70 μm nozzle is typically recommended for plate
sorts of lymphocytes (Cossarizza et al., 2017) because the higher pre-
cision in droplet deposition and stream stability improves the likelihood
that a given well in the plate contains a cell and thus nucleic acid that
can be used for downstream sequencing applications.

Plate sorting has physical limitations constraining the range of
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possible flow rates. Accurate sorting requires each cell to be centered in
the droplet, and each target cell to be in a droplet at a precise distance
from non-target droplets. While bulk sorts are rate-limited by the
stream and drop formation, plate sorts are further limited by the ne-
cessity to localize and center the drop over each well of a 96- or 384-
well plate. This introduces additional risk of loss of cells when the drop
is not centered or when cells are available to sort at a more rapid rate
than the plate is able to center each well. Thus, there are more steps at
which cells can be lost in plate sorts than in bulk sorts. The increased
number of steps adds to the difficulty of preventing cell loss even with
thorough optimization, with the result that plate sorts have sub-
stantially reduced yields in comparison to bulk sorts.

Sorting software typically provides details of relative fluorescence
intensity of every parameter as well as numbers and rates of cells run
through the sorter. The rate of sorting has no effect on fluorescence data
but is a factor in determining the sort efficiency (percentage of cells in
the sort gate that are successfully sorted) and the number of cells pro-
cessed (BDBiosciences, 2012). The slow rates of plate sorts result in
frequent inaccuracies of the numbers generated by the software. Con-
sequently, optimization of yields requires manual calculations.

Each of these parameters is essential for the successful execution of
a plate sort. Recognizing that resources including time, quantity of
cells, and reagents are limited, substantial optimization on the part of
any researcher conducting plate sorts is required. We have compiled
data that we hope will direct others in the optimization and analysis of
plate sorting, with a specific focus on index sorting.

2. Materials and methods

2.1. Preparation of single cell suspension

De-identified peripheral blood mononuclear cells (PBMC) were
collected from the Stanford Blood Center. PBMC were isolated, frozen,
and thawed as described (Higdon et al., 2016). Thawed cells were
rested overnight and stimulated with a library of 15 amino acid pep-
tides with 11 amino acid overlap for the cytomegalovirus (CMV) gene
immediate early-1 (GenScript, Piscataway, NJ, USA) for 5 h. Secretion
of interferon (IFN)γ was measured using the Miltenyi IFNγ Secretion
Assay kit according to the manufacturer's protocol (Miltenyi Biotech,
Bergisch Gladbach, Germany). Unstimulated cells were used as a con-
trol.

Cells were stained for 20min at room temperature with fluores-
cently labeled antibodies for CD4 (RPA-T4), CD8 (SK1), CD3 (OKT3),
CD14 (61D3), CD16 (3G8), CD19 (HIB19) from BioLegend (San Diego,
CA, USA) and Abcam (Cambridge, UK), and with Zombie Aqua from
BioLegend. Cells were resuspended in PBS with 0.5% bovine serum
albumin and 2mM EDTA. Cells were filtered through 35 μm nylon mesh
into 5mL round bottom tubes (Corning, Corning, NY, USA) im-
mediately prior to sorting. Single color compensation controls were
prepared using UltraComp eBeads from eBioScience (Santa Clara, CA,
USA) and the above antibodies, or aliquots of cells stained with Zombie
Aqua.

2.2. Set up of sorter

Experiments were carried out on a BD FACSAria III instrument
equipped with BD FACSDiva V8.0 software (BD Biosciences, Franklin
Lakes, NJ, USA). The instrument was equipped with Blue (488 nm), Red
(633 nm), and Violet (405 nm) lasers, and a BD Automated Cell
Deposition Unit (ACDU) for plate sorting. The instrument was main-
tained using laser calibration with Cytometer, Setup & Tracking (CS&T)
beads and drop calibration with AccuDrop beads (BD Biosciences). CS&
T was run daily for both 70 and 100 μm nozzles. Frequency was set to a
constant value to minimize yield variation. This value was 88.0 for the
70 μm nozzle and 30.0 for the 100 μm nozzle. Amplitude was adjusted
as needed to set up the droplet stream and optimize droplet break off.

AccuDrop was run immediately prior to each sort to calculate the drop
delay. A recirculating chiller device (Thermo Scientific, Waltham, MA,
USA) was set to 5 °C to maintain temperature of plates for maximal cell
viability during sorting. The BD FACSAria System Family Aerosol
Management Option was used to prevent formation of aerosols.

Flow rate was set to 1.0 except in experiments specifically com-
paring different flow rates where it was set to either 1.0 or 3.0, as
specified. Cell concentration varied between 0.5 and 5×106 per mL
based on desired threshold rate (range 50–800 events/s). Threshold
rate is specified for each experiment.

2.3. Index sort

Cells were sorted into 96-well Hard-Shell plates (BioRad, Hercules,
CA, USA) containing 12 μL of 1× One-Step RT-PCR buffer (Qiagen,
Hilden, Germany) per well. ACDU positioning was calibrated using
AccuDrop beads, followed by control cells of the same type as the sort
population (PBMC). 200 cells were sorted per well onto aluminum
sealing foil on top of 20–30 wells across the plate to test drop placement
and centering. Using this method, 3 plates were tested prior to sorting
to set the alignment. To check for drift in alignment, a test plate was run
after every 3 plates throughout the sort, with a final test at the end.
Positioning was adjusted for the plate relative to the drop using the
Home Device menu and for the side stream using the side stream
window. Deflection plate voltage was set at 5500 V and 3000 V for
70 μm and 100 μm nozzles respectively. Droplet frequencies for each
nozzle were constant at 88,000 and 30,000 droplets per second. For
single cell sorts the masks were set as follows: yield mask 0, purity mask
32, and phase mask 16.

Compensation was completed using single color controls and the
FACSDiva compensation setup and calculation. Gates were set to
identify the population of interest. The sort set up was completed for a
96-well plate, set to single cell purity (masks as described above), set to
1 cell per well of the population of interest for 88 of 96 wells. The
remaining wells were used as negative controls for sequencing. Plates
were prepared prior to sorting with lysis buffer in all wells as described
above.

After sorting into each plate was completed, the plate was im-
mediately covered in aluminum sealing foil (Corning) and centrifuged
in an Allegra X-15R table top centrifuge (Beckman Coulter, Brea, CA,
USA) at 300×g for 2min to ensure that cells were in lysis buffer rather
than on the side of the well. Plates were stored at −80 °C immediately
following centrifugation. For multi-plate experiments, sorting was
paused while the plate was centrifuged and then resumed with a new
plate following storage of the previous plate.

2.4. Nested PCR and sequencing of sorted single cells

Nested PCR amplification and barcoding of single cell RNA was
completed as described (Han et al., 2014). Barcoded PCR products were
pooled into libraries, gel extracted using the QIAquick Gel Extraction
Kit (Qiagen), and analyzed for DNA quality by Agilent Bioanalyzer
(Santa Clara, CA, USA). Sequencing was completed on an Illumina
MiSeq (San Diego, CA, USA) in the Stanford Functional Genomics Fa-
cility. Read counts were calculated as total count per well (IFNG) or as
wells with read counts greater than bottom 10% threshold (TCR). Data
processing was completed as described (Han et al., 2014).

3. Quantitative (q)PCR of bulk sorted populations

RNA was isolated using the RNeasy Micro Kit and protocol (Qiagen),
and cDNA produced using the SuperScript IV Reverse Transcriptase kit
and protocol (Invitrogen, Carlsbad, CA, USA). IFNγ mRNA levels were
quantitated relative to 18S ribosome and unstimulated cells (2-ΔΔCT

method) using TaqMan probes (Hs00989291_m1 and Hs99999901_s1)
and TaqMan Universal Master Mix on a StepOne Plus Real-Time PCR
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System (Applied Biosystems, Foster City, CA, USA).

3.1. Analysis and statistics

Gating and quantification of fluorescence intensities were com-
pleted in FlowJo 10.5.0 (Tree Star, Ashland, OR, USA). Cell positions
and fluorescence intensities were exported from index sort data using
the FlowJo Index Sort Script (http://exchange.flowjo.com). Yield cal-
culations and analysis of qPCR and read counts were computed in
Microsoft Excel for Mac 2011 (Redmond, WA, USA). Graphs were
prepared using GraphPad Prism 5 (La Jolla, CA, USA), with the ex-
ception of the read count graph in Fig. 3C, which was created using R
version 3.5.1 and the R package ggplot2 (R Foundation).

All statistics were computed using GraphPad Prism 5. A paired two-
tailed Student's t-test was used to compare yields between samples
sorted from the same individual under different conditions. Regressions
were used to measure correlations between combinations of parameters
including yield versus threshold rate, read count versus threshold rate,
and protein quantification versus mRNA quantification. Linear or
logarithmic regressions were selected as appropriate to the data scale. A
one-tailed Mann-Whitney U test was used to compare read counts be-
tween IFNγ+ and IFNγ- index sorted cells.

4. Results

4.1. Calculation of yield

One of the most distinctive features of plate sorting relative to bulk
sorting is the method to calculate yield. Yields are important for de-
termining the number of cells needed in a sort and for optimizing flow
rates and dilutions. Diva software calculates efficiency rates and counts
of processed cells based on the number of cells sorted per second and
the per second rates of error including conflict counts and electronic
aborts (BDBiosciences, 2012). These numbers can be used to measure
cell loss within the sorter and real time changes in yield. However, the
calculations were designed for bulk sorts and efficiency rates per second
are substantially less useful for plate sorts. In the studies presented here,
we have therefore relied upon calculations of yield and efficiency based
on starting and final numbers of cells, as described below. Similar ap-
proaches have been used to calculate yields in bulk sorts; for plate sorts,
this method is also a far more reliable measure of efficiency than the
software-calculated rates.

First, we determined an accurate count of live cells by hemocyt-
ometer prior to stimulation and staining. Immediately prior to sorting,
we added cells and buffer to a 5mL tube to achieve the desired con-
centration. This count is sufficient for yield calculations when the entire
volume of cells in the tube will be used in the sort. An alternative for
partially used samples is to weigh the tube containing the cells before
and after sorting and calculate the difference to determine the percent

of weight lost. Thus, the number of cells detected by the sorter as events
can be calculated as % weight lost x total number of starting cells
(Fig. 1A).

To record data on the pre-sort population of cells used in an index
sort we either record a separate tube of data, or start to record the data
before beginning the index sort. Both methods work on BD sorters
running FACSDiva software, but may not apply to all systems. With
either method, two FCS files will be produced: the index data associated
with the sort itself, and recorded data of all cells run through the sorter.
We then use the % in the recorded tube belonging to the index sorted
population and the total number of cells recorded to calculate theore-
tical maximum yield. The number of cells sorted can be divided by this
value to determine the % yield (Fig. 1B). Recording data of the total
(pre-sort) population concurrent with sorting provides an alternative
method of efficiency calculation. Dividing the number of cells sorted
into the plate by the number of cells recorded in that gate identifies the
efficiency of the sort. In our experiments, this efficiency rate is ~12.1%
+/− standard error of 1.9% at a flow rate of 1.0.

4.2. Low flow rates and 70 μm nozzle size maximize yield

It is critical to optimize for yield when plate sorting because yields
are substantially lower for plate sorts than for bulk sorts (< 5% versus
~50%), starting material may be limiting, and sorting time may be
extensive. Two factors that may affect overall yield are flow rate and
nozzle size.

To determine optimal flow rates for our index sorts we sorted cells
from identical samples at flow rate settings of 1.0 or 3.0 (Aria III sorters
have a range of flow rates from 1 to 11). We compared sort yields that
were calculated as described in Fig. 1. There was a trend towards im-
proved yield when a flow rate of 1.0 was employed (Fig. 2A). We also
observed improved sort efficiency, calculated as described above.
Specifically, sort efficiency is 4.1 fold higher at a flow rate of 1.0 than
3.0 (3 technical replicates, n=2).

Nozzle size may also affect yield. The 70 μm nozzle produces a finer,
more directed stream relative to the 100 μm nozzle. Thus, the 100 μm
nozzle is conducive to lower flow rates and in some cases improved cell
survival (Osborne, 2011), but less accurate plate sorting. Direct com-
parison of identical samples sorted with equivalent flow rates with each
nozzle demonstrates a trend towards higher index sort yield of our
lymphocyte population with the 70 μm nozzle. (Fig. 2B).

4.3. Bulk and individually sorted IFNγ+ cells have higher levels of IFNG
mRNA than IFNγ- cells

A variety of protocols can be employed for sequencing of single
index sorted T cells, with key principles being selection of T cell iso-
lation method, sort parameters as described, nested PCR and barcoding,
and selection of sequencing platform (Fig. 3A).
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Fig. 1. Example yield calculation. A) Calculation of lymphocytes run through sorter in one healthy volunteer sample based on weight change. B) Gates and
calculations of yield.
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Fig. 2. Sort yield depends on flow rate and nozzle size. A)
Lymphocytes from healthy volunteers (n=3) were sorted into
96-well plates at A) flow rate settings of 1 and 3 and B) at
flow rate setting of 3 with indicated nozzles. Threshold rate
was similar (~300 events/second) for both nozzles, but the
samples were 1.5X more dilute with the 100 μm nozzle. For
both A and B, yield was calculated as described above. Both
trends not significant by paired Student’s t test: (A) p=0.2 (B)
p=0.07.
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Fig. 3. IFNγ protein expression predicts mRNA expression. A)
Example pipeline for use of index sorts in acquisition of se-
quencing data. X represents wells with lysis buffer and no
cells. B) CD8 T cells were stained as indicated including
capture of secreted IFNγ and sorted for the indicated levels of
IFNγ. qPCR was conducted on IFNG mRNA levels in each
population. IFNγ median fluorescence intensity of each po-
pulation was computed. Data representative of two experi-
ments. Correlation calculated for log-log fit on both sets of
data, for R2 = 0.71. C) For plates sorted as IFNγ+ and IFNγ-
as in part A (n=2 sequencing runs, 1222 cells IFNγ- and 2043
cells IFNγ+ total), the percentage of wells with ≥1 reads of
IFNG or ≥5 reads of IFNG was determined (left) and read
counts were quantified (right). Read counts are displayed on
a log 10 scale (0 values represented as 0.1) with jitter of
height 0.05 used to spread points at same value. Read counts
in IFNγ+ and IFNγ- cells significantly different by one-tailed
Mann-Whitney test (p< 0.0001).
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An advantage of index sorting is the ability to compare expression at
the transcriptional versus translational level. We have used this method
to correlate expression of mRNA and secreted protein for the cytokine
IFNγ (gene name: IFNG). First, to measure correlation between tran-
script and protein products of this gene, a bulk sort was used to isolate
sextiles of CD8 T cell populations based on relative amounts of secreted
IFNγ protein generated in response to stimulation with CMV peptides
(Fig. 3B, left). IFNG mRNA levels in each population were then mea-
sured by qPCR. Analysis of cells sorted from two individuals found a
statistically significant correlation (R2=0.71) between mRNA and
protein levels (Fig. 3B, right). Next, cells were isolated by index sorting
based on level of secreted IFNγ. Cells lacking detectable IFNγ protein
also lacked IFNG mRNA based on amplification followed by next-gen-
eration sequencing (Fig. 3C). Conversely, approximately 40% of those
cells expressing IFNγ protein also had detectable IFNG mRNA (Fig. 3C).
The difference in IFNG reads between the two sorted populations was
statistically significant (p < .0001).

4.4. Threshold rate inversely correlates with read count

We next performed experiments to optimize threshold and flow
rates. Threshold rate is the rate of cells processed by the sorter per
second; flow rate is a measure of the velocity of liquid passing through
the sorter (BDBiosciences, 2012). Higher flow rates are associated with
increased pressure and thus decreased cell viability (Osborne, 2011).
Adjustment of flow rate affects the threshold rate, and diluting cells to a
lower concentration allows for finer control of threshold rate. We re-
corded threshold rates (cells/s) for cells sorted at flow rate of 1.0 and
correlated to cell yield, calculated on the basis of loss of volume. In-
terestingly, there was no correlation between threshold rate and yield
(R2=0.11, Fig. 4A). However, we also compared threshold rate to read
counts obtained after nested PCR and sequencing. This comparison
demonstrates that read count is inversely correlated with flow rate
(R2=0.69, Fig. 4B). In these sequencing experiments, cell deposition
efficiency, or the percentage of wells containing reads, was> 99% in
90% of plates.

5. Discussion

Index sorting is a powerful method that provides data which can be
coupled to downstream analyses. Optimization of several parameters is
critical for efficient sorting, especially when limiting proportions of
samples are involved. We have determined that the 70 μm nozzle, flow
rate of 1.0, and threshold rate under 200 events/s are optimal for
sorting rare populations of human lymphocytes. In addition, we de-
monstrated that for the gene IFNG, protein and mRNA are co-expressed
in index sorted and sequenced T cells. Most crucially, we found that
measurement of read counts provides distinct information from yield
calculations, and thus sequencing data are strongly recommended to
interpret the success of sort optimization. We present methodology for
TCR sequencing here – similar approaches can be used for BCR se-
quencing and other single cell protocols including RNA sequencing.

A key parameter to keep in mind regardless of experimental pipeline

is that read counts are a better measure of success than yield calcula-
tions. Due to the limited accuracy of software-generated efficiency rates
and processed counts in the context of index sorting, yield calculations
must be made on the basis of changes in weight or volume of the cell
suspension being sorted. As we have shown, these calculations are
poorly correlated to threshold rate of events/s. This may be due in part
to the fact that we used a limited range of low threshold rates. In ad-
dition, because of the profound difference we found in yields between
threshold rates in early experiments, we switched to lower threshold
rates in subsequent experiments, as reflected by fewer data points at
higher threshold rates. However, the most important numbers are the
read counts at the end of the sequencing process, which correlate in-
versely with threshold rates within the range measured (Fig. 4B). Thus,
while yield calculations are useful for experimental planning, the only
way to truly determine the success of an index sort is by completing the
sequencing pipeline and measuring the final result. Our results also
demonstrate that yields may be< 1% of the number of cells present
prior to stimulation and staining; this should be taken into considera-
tion when planning experiments.

As our results demonstrate, yields and sort efficiency can be quite
different, but both values are useful. Specifically, we typically found
2–5% yield, but 10–14% efficiency, indicating that cells are lost both
during the stimulation and sample preparation (50–80%), and during
the sort itself (80–90%). Thus, yields are informative for identifying
how many cells are needed in the starting sample in order to have a
successful sort. However, this number has limited utility for under-
standing at which stage cell loss occurred. For that question, adding in a
measure of sort efficiency as described provides crucial details.
Counting cells immediately prior to sorting, is an alternative strategy to
ascertain cell loss during sorting.

In addition to the above-described parameters, plate alignment is a
crucial consideration in sort optimization. Our protocol includes the
best practices critical to this process, which include the following.
Alignment of the droplet should be tested to deposit cells appropriately
into wells across the entire plate, rather than solely into well A1. Test
sorts should include the use of plates sealed with aluminum foil rather
than plastic, to avoid static interference with drop deposition. In ad-
dition to using the “test sort” function, alignment must be tested using
actual cells, as droplets containing cells have higher mass than empty
droplets, which can impact deposition. Finally, alignment can drift over
time, so it is crucial to periodically test it throughout the sort.

Several PCR protocols have been published for sequencing of TCR
genes from single cells (Han et al., 2014; Picelli et al., 2014). The details
vary, but certain principles are common to all. First, immediate lysis
and preservation of lysate as described in the methods is crucial to
maintain RNA integrity. Second, the amount of RNA present will be
small enough that amplification will be required, either of a broad array
of RNAs or targeted to specific genes. Thus, expression levels are semi-
quantitative at best. Third, the amount of RNA in a single cell is small
enough that contamination is a major concern. Recommended pre-
cautions include designating single use reagent aliquots and treating
pipetmen with UV light or 10% bleach prior to completing this PCR.
Fourth, barcoding will be needed at some point in the amplification or
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library preparation. Each of these factors requires consideration re-
gardless of desired downstream application.

When planning a single cell TCR sequencing experiment, the first
step is to identify the T cell population of interest and how best to
isolate it. Single cell sequencing typically has the greatest power for
analysis of antigen specific populations. Approaches include peptide-
major histocompatibility complex tetramer staining (Altman et al.,
1996), stimulation followed by cytokine capture (Manz et al., 1995;
Brosterhus et al., 1999), and staining for markers of antigen-specific
activation such as CD137 and CD154 (Bacher and Scheffold, 2013).
Stimulation-based approaches are most useful if the research question
relates to cellular function. Cytokine capture isolates live cells and thus
protects RNA integrity. Sorting protocols isolating intact RNA from
fixed cells have also been published (Thomsen et al., 2016), so adap-
tation of intracellular staining protocols may be possible, but our stu-
dies did not directly address this approach. Similar approaches can be
used for a variety of sequencing approaches. In particular, methods for
BCR sequencing are quite similar, though they do require careful at-
tention to B cell biology. For instance, antibody-secreting plasma cells
have higher expression of BCR than memory or naive B cells (reviewed
in Nutt et al., 2015), so feasibility of sequencing will depend on the
source population.

Droplet-based technologies that allow for single cell barcoding and
PCR on bulk sorted populations have recently been developed (Macosko
et al., 2015; Zilionis et al., 2017; Rodda et al., 2018). These are a
powerful tool for single cell protocols that can utilize much higher cell
numbers than index sorting. However, the inclusion of surface expres-
sion data with these methods is currently limited to oligonucleotide-
conjugated antibodies available for some 3’ RNA sequencing applica-
tions (Shahi et al., 2017). Therefore, index sorting is still generally
preferable when surface expression is required. This can be crucial to
analyses of differentially glycosylated proteins, post-translational
modifications, and for direct comparison of transcript and protein le-
vels.

The optimization described was used to sort limiting cell popula-
tions. However, other considerations may be more important in sorting
non-limiting (> 5% of total) samples. For example, sorting cells with
the 70 μm nozzle and at 500 evt/s would ensure purity and reduce time
between sorting and spinning down the plate, which may improve RNA
integrity with a trade-off of reduced yield. Regardless of sample size,
cell size remains an important concern – while the 70 μm nozzle is
optimal in the absence of size concerns, additional optimization will
need to be completed with the 100 μm nozzle for larger cells, or cells
isolated through tissue digestion.

Another consideration when sorting limiting populations is selec-
tion of the appropriate sort purity. There are two purity options in
FACSDiva compatible with plate sorts: single cell and 4-way purity.
Single cell purity requires centering of the cell in the droplet, whereas
4-way purity, another mode in FACSDiva, is compatible with single cell
sorting but does not require centering. Thus, changing to a less stringent
purity setting can improve sort efficiency and yields, but with likely
cost in purity.

It is important to note that all of our experiments were completed on
BD instruments running FACSDiva software. BD makes index sorting
instruments with different software and fluidics (BDBiosciences, 2014).
Single cell sorting can also be carried out with 70 and 100 μm nozzles
on instruments manufactured by other companies (BeckmanCoulter,
2012; Sony, 2016). The MoFlo Astrios has 7 lasers that can detect up to
51 parameters (BeckmanCoulter, 2012). While BD sorters and the
MoFlo Astrios have a spatially-separated laser path (BDBiosciences,
2012; BeckmanCoulter, 2012), some Sony sorters have one path for all
lasers (Sony, 2016). The single path limits the resolution of spectral
overlap between fluorophores with similar emissions and therefore the
complexity of the populations that can be sorted.

The difference in IFNG reads relative to IFNγ protein in index sorted
data (Fig. 3C) was unexpected, and may be explained by either

technical or biological factors. The primary technical factor is that the
measurements were completed with two very different methods: cap-
ture of secreted protein and nested PCR amplification, both providing
semi-quantitative data. In our studies, mRNA levels are dependent on
multiple rounds of amplification followed by relatively shallow next
generation sequencing with positive calls based on reads above a
threshold of detection. It is possible that mRNA for IFNG was expressed
but was below the threshold and thus undetectable with the assay used.

The primary biological factor in comparison of transcript and pro-
tein levels is the kinetics of RNA and protein synthesis and degradation.
The protocol used for IFNγ capture was designed for maximal IFNγ
protein, which is present after 5–6 h of stimulation. In contrast, IFNG
mRNA is maximal approximately 2 h after stimulation (Nicolet et al.,
2017). Thus, not all IFNγ+ cells will contain detectable IFNG mRNA. In
combination with the technical variables discussed above, this could
explain the discrepancy observed between mRNA and protein. Gene
regulation should be considered for any comparison of transcript to
protein. In addition to temporal differences, some genes may have low
mRNA levels and long-lived protein, or high mRNA levels and rapidly
degraded protein. Thus, knowledge of gene regulation at both the
mRNA and protein levels can be incorporated into analyses of index sort
and sequencing data order to accurately interpret the results.

In the context of sorting limited human lymphocytes into 96 well
plates for PCR amplification, we recommend the 70 μm nozzle, a flow
rate setting of 1.0, and dilution of cells to allow a threshold rate of 200
cells/s. Each of these features independently improved yields, as de-
monstrated in Fig. 2A (flow rate), Fig. 2B (nozzle size) and Fig. 4
(threshold rate). Specifically, the combination improved yields
from<1 to approximately 5% of the original population. However,
alternative cell populations will require separate optimization strategies
for each parameter.

6. Conclusions

Overall, we have identified nozzle size, yield calculations, threshold
rate, and flow rate as key factors affecting plate sort yields, efficiency
and accuracy. The use of the 70 μm nozzle is strongly recommended for
plate sorts of human peripheral blood lymphocytes. The yields are
higher with this smaller nozzle, which also promotes more stable sorts.
When further optimization is needed, we recommend optimizing the
full protocol and using sequencing reads to determine the optimal sort
conditions, given the ultimate importance of this readout. Researchers
can use this guide to optimize core T and B cell sequencing and even
extend to other cell types by testing combinations of nozzle size, flow
rate and threshold rate.
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