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Image-based approaches to single-cell transcriptomics, in which RNA
species are identified and counted in situ via imaging, have emerged
as a powerful complement to single-cell methods based on RNA
sequencing of dissociated cells. These image-based approaches natu-
rally preserve the native spatial context of RNAs within a cell and the
organization of cells within tissue, which are important for addressing
many biological questions. However, the throughput of these image-
based approaches is relatively low. Here we report advances that lead
to a drastic increase in the measurement throughput of multiplexed
error-robust fluorescence in situ hybridization (MERFISH), an image-
based approach to single-cell transcriptomics. In MERFISH, RNAs are
identified via a combinatorial labeling approach that encodes RNA
species with error-robust barcodes followed by sequential rounds of
single-molecule fluorescence in situ hybridization (smFISH) to read out
these barcodes. Here we increase the throughput of MERFISH by two
orders of magnitude through a combination of improvements, in-
cluding using chemical cleavage instead of photobleaching to remove
fluorescent signals between consecutive rounds of smFISH imaging,
increasing the imaging field of view, and using multicolor imaging.
With these improvements, we performed RNA profiling in more than
100,000 human cells, with as many as 40,000 cells measured in a single
18-h measurement. This throughput should substantially extend the
range of biological questions that can be addressed by MERFISH.
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Single-cell transcriptomics, powered by next-generation RNA
sequencing (RNA-seq), has transformed many aspects of

cellular and tissue-scale biology (1–3). This capability has
allowed researchers to address exciting questions ranging from
the response of single immune cells to antigen (4–6) to the num-
ber of transcriptionally distinct cell types and the cellular het-
erogeneity within complex tissues (7–13). Recent advances in the
automated handling of individual cells and the sequencing library
preparation for these cells have substantially increased the
number of cells that can be routinely characterized with these
approaches; notably, state-of-the-art droplet-based RNA-seq
approaches provide the ability to quantify the transcriptome of
tens of thousands or more cells (14, 15). This throughput allows
rare populations of cells to be characterized and transcriptionally
distinct cell types within sizable tissue blocks to be mapped.
However, in most approaches to single-cell transcriptomics, cells

are dissociated from tissues, and RNAs are extracted from cells; as
a result, the native spatial context of these RNAs is lost. However,
this spatial information is important for a complete understanding
of many biological behaviors (16). For example, the spatial orga-
nization of individual cell types within most tissues is crucial to how
tissue function or dysfunction arises from the behavior of individual
cells. Likewise, the intracellular spatial organization of RNAs is a
powerful form of posttranscriptional regulation; thus, it is often
important to know not only how many RNA copies are present
within a cell but also where they are located within that cell (17).

Addressing questions such as these requires spatially resolved ap-
proaches to single-cell transcriptomics (16).
Recently we introduced an image-based approach to spatially

resolved, single-cell transcriptomics, multiplexed error-robust
fluorescence in situ hybridization (MERFISH) (18). In this ap-
proach, RNAs are identified via single-molecule FISH (smFISH)
(19, 20), as opposed to alternative in situ methods using sequenc-
ing (21, 22). MERFISH uses error-robust barcoding schemes
to encode RNA species and reads out these barcodes with
sequential rounds of smFISH measurements (Fig. 1A). In our
previous implementation of MERFISH (18), RNAs were encoded
with binary barcodes and hybridized with complex sets of oli-
gonucleotide probes termed “encoding probes” (Fig. S1). Each
encoding probe contains a targeting sequence that binds a given
cellular RNA and multiple readout sequences. The collection of
readout sequences associated with a cellular RNA corresponds to
the barcode of that RNA species. These barcodes then are read
out through a series of smFISH measurements; in each round, the
sample is stained with a readout probe complementary to one of
the readout sequences, the sample is imaged, and the fluorescence
signal is extinguished via photobleaching. This process then is
repeated with a different readout probe, and the specific on/off
pattern of fluorescence observed across multiple smFISH rounds
defines the binary barcode (“1”: readout probe bound, “0” readout
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probe not bound) used to identify each RNA. We use error-robust
barcodes that allow measurement errors to be identified and, in
some cases, corrected to ensure high-accuracy MERFISH mea-
surements (18). Using this approach we have previously demon-
strated the ability to image 140 RNA species with an 80% detection
efficiency using 16 rounds of smFISH imaging with an encoding
scheme capable of detecting and correcting errors and to image
1,000 RNA species with a 30% detection efficiency with an encoding
scheme capable of detecting but not correcting errors (18). In both
cases, we were able to quantify the copy number and spatial distri-
bution of these RNAs within ∼100 human fibroblast cells in a single
∼18-h measurement. However, for many biological questions, such
as the study of rare populations of cells or the survey of sizeable
volumes of tissues, it is highly desirable to increase the throughput of
MERFISH so that many more cells can be measured.
Here we present an improved MERFISH method that drasti-

cally increases the throughput of this technique, simplifies several
aspects of this protocol, and increases the measurement accuracy.
With these improvements, we demonstrated the ability to perform
spatially resolved gene expression profiling of ∼40,000 cultured
human osteosarcoma (U-2 OS) cells in a single 18-h experiment.
As a simple illustration of the benefits of this increased through-
put, we characterized 130 genes in ∼100,000 cells, identified a
subpopulation of cells undergoing DNA replication or cell di-
vision, and characterized both the expression profile and the
spatial distribution of the cells that comprised this subpopulation.

Results
Increasing the Throughput of MERFISH Measurements. The total
time required for a MERFISH measurement can be divided into
an area-dependent time that scales with the total imaged area
and an area-independent time that does not. The area-dependent
time includes the time required to position, focus, and image each
field of view (FOV). In addition, because of the high illumination
intensity required to photobleach the fluorescence signals between
consecutive rounds of smFISH, each FOVmust be photobleached
individually; thus, this time is also a part of this area-dependent
time. The area-independent time includes buffer-exchange times
and incubation times required for sample staining and thus scales
with the number of rounds of smFISH that must be performed.

Fig. 1B illustrates the scaling of the duration of a MERFISH
measurement with the imaged area (red line). For 16 rounds of
hybridization and imaging, the total area-independent time
amounts to several hours; however, this area-independent time
is exceeded by the area-dependent time when the imaged sample
area is larger than ∼1 mm2.
To improve the throughput of MERFISH, we first sought to

decrease the area-dependent time. In our previously published
MERFISH protocols (18, 23), imaging an FOV of ∼40 × 40 μm
required only 0.1 s, but photobleaching of this same FOV re-
quired a significantly longer exposure, ∼3 s. Thus, we devised a
scheme in which the smFISH signal from the entire sample could
be extinguished simultaneously by chemical reaction instead of
photobleaching. Specifically, we reasoned that fluorescent dyes
conjugated to readout probes via a disulfide linkage could be
cleaved from these probes rapidly with a mild reducing agent
such as Tris(2-carboxyethyl)phosphine (TCEP) (Fig. 2A).
To test this approach, we hybridized encoding probes contain-

ing readout sequences to the filamin A (FLNA) mRNA in human
lung fibroblast (IMR-90) cells and then stained this sample with a
readout probe that was conjugated to a Cy5 dye via a disulfide
bond. As expected, the sample exhibited bright fluorescent spots
representing individual molecules of the FLNA mRNA, and
these fluorescent spots reduced in brightness and eventually dis-
appeared upon treatment with 50 mM TCEP (Fig. 2B). When
averaged across thousands of RNAs, the brightness of these spots
decayed exponentially (Fig. 2C) with a half-life of 1.17 ± 0.07 min
(95% confidence interval). This half-life did not depend on the
sequence of the readout probe or the dye to which it was conju-
gated (Fig. 2D). After ∼15 min of TCEP treatment, the average
brightness of each RNA spot and the number of detected RNA
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Fig. 1. Approaches to improve the measurement throughput of MERFISH.
(A) Simplified schematic of a MERFISH readout protocol. Target RNAs are
stained with encoding probes that contain a barcode comprising a combi-
nation of readout sequences unique to each RNA species. The barcode then
is identified through successive rounds of smFISH, each with a readout probe
complementary to one readout sequence. A registered stack of smFISH im-
ages for each sample produces an ensemble of fluorescence spots with on/
off patterns that define binary barcodes (“1” represents fluorescent signal
on, and “0” represents fluorescent signal off) which allow individual RNA
species to be identified. A more detailed hybridization and imaging pro-
cedure is shown in Fig. S1. (B) The time required to perform a MERFISH ex-
periment for a given sample area for the published protocol (18, 23) that
uses photobleaching to remove smFISH signal (red line), a modified protocol
without photobleaching (purple line), a modified protocol without photo-
bleaching and a larger FOV (green line), and a modified protocol without
photobleaching, a large FOV, and two-color imaging (blue line).
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Fig. 2. Reductive cleavage of disulfide-linked fluorophores removes the
fluorescent signal efficiently. (A) Schematic diagram of the use of TCEP to
extinguish the fluorescence signal via cleavage of a disulfide bond linking a
fluorescent dye to a readout probe. (B) Images of a region of a human fi-
broblast (IMR-90) stained with an encoding probe for the FLNA RNA and a
readout probe linked to Cy5 via a disulfide bond as a function of time ex-
posed to 50 mM TCEP. Each panel represents the same portion of an FOV.
(Scale bars: 2 μm.) Except for the upper left panel, the contrast has been
increased fivefold to illustrate better the fluorescent signal remaining in the
sample after TCEP treatment. (C) The average brightness of readout probe
1 bound to encoding probes targeting FLNA (normalized to the brightness
before TCEP exposure) as a function of the total time of exposure to 50 mM
TCEP. Error bars represent SEM (n provided in Fig. S2B), and the blue region
represents the 95% confidence interval for a fit to an exponential decay.
(D) The measured half-life for the average brightness when exposed to
50 mM TCEP for four readout probes (1–4), each with a different sequence
and linked to either Cy5 (green) or Alexa750 (red). Error bars represent the
95% confidence interval for the fit to an exponential decay shown in C for
readout probe 1 and in Fig. S2A for readout probes 2–4.
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spots were reduced by 105-fold and 104-fold, respectively (Fig. 2C
and Fig. S2 A and B). Furthermore, the TCEP treatment did not
inhibit the ability of the next round of readout probes to bind to
the sample (Fig. S2C). Our calculation shows that the use of this
chemical approach to remove fluorescence signals between suc-
cessive rounds of smFISH should reduce measurement time and
increase throughput substantially (Fig. 1B, purple line).
Next, we reasoned that, without the requirement for high illu-

mination intensities needed for efficient photobleaching, it should
be possible to decrease the area-dependent time further by ex-
panding the size of the imaging FOV. To explore this idea, we
designed and constructed a microscope that uses a 2,048 × 2,048
pixel, scientific complementary metal-oxide semiconductor (sCMOS)
camera in combination with a high numerical aperture (NA = 1.3)
and a high-magnification (60×) silicone oil objective (SI Materials
and Methods). We used a silicone oil objective because we found that
it had less field curvature than comparable oil immersion 60× ob-
jectives. With this optical configuration, we could image an FOV of
223 × 223 μm, an area∼25-fold larger than our previously reported
FOV, with an exposure time of 0.5 s. This increase in the size of the
FOV should further increase imaging speed, and hence measure-
ment throughput, substantially (Fig. 1B, green line).
As a third step to reduce measurement time, we used multicolor

imaging. Specifically, we stained the sample simultaneously with two
readout probes per hybridization round, each probe conjugated to
one of two spectrally distinct dyes, and used two-color imaging to
reduce the number of imaging rounds by half, thereby cutting the
area-independent time required to stain, wash, and extinguish signals
(Fig. 1B, blue line). We used Cy5 and Alexa750 dyes because of the
low cellular autofluorescence observed in the red and near-infrared
spectral ranges. In total, the use of reductive cleavage to extinguish
fluorescence signal between successive imaging rounds in combina-
tion with the increase in the FOV area and the use of two-color
imaging should dramatically reduce the time required to perform
MERFISH for a given area and increase the sample area that can be
measured in a given time (Fig. 1B, blue line vs. red line).

Improving the Performance of MERFISH Measurements. We also
made a series of protocol changes aimed at simplifying measure-
ment procedures and improving the robustness of the measure-
ment. First, we found that readout probes can bind to encoding
probes at room temperature with rates similar to those observed
at 37 °C (Fig. S3A). Room-temperature hybridization avoids any
variation in measurement results associated with nonuniform
sample heating. Second, we shortened readout probes from 30 to
20 nt, allowing us to include more readout sequences on each
encoding probe without increasing the total length of the probe.
This modification allows us either to increase the brightness of
signals from single mRNA molecules by preserving the number of
encoding probes per RNA or to achieve the same signal brightness
with fewer encoding probes per RNA, allowing shorter RNAs to
be targeted. Third, we created readout probes that bind to readout
sequences with rates comparable to those of our previous probes
but at 10-fold lower concentrations. Specifically, we exploited the
published observation (24) that oligonucleotide sequences that
contain only three of the four nucleotides have significantly less
secondary structure than sequences that use all four nucleotides
and thus have faster hybridization rates (Fig. S3B). Fourth, we
replaced the toxic RNA denaturing agent formamide used in the
readout hybridization and wash buffers with nontoxic ethylene
carbonate (25); we found that this substitution also moderately
increased the rate of readout hybridization (Fig. S3C).
We also found that these modified readout probes and readout

hybridization protocols improved MERFISH performance by re-
ducing the variance in staining quality among different rounds of
readout hybridization as compared with our previous protocols (Fig.
S3D). Of the multiple changes made above, the modified readout
sequences likely account for the majority of this improvement,

because we previously have observed that some of the variability
across different readout staining rounds (Fig. S3D) can be attributed
to sequence variations, presumably resulting from unanticipated
secondary structures. By design, such secondary structures should be
far less likely with the modified readout sequences that use only
three of the four nucleotides (24). We anticipate these improve-
ments will increase the accuracy of our MERFISH measurements
because lower-quality (or varying-quality) readout hybridizations can
result in dim fluorescence signals in some imaging rounds and in-
crease the rate at which readout errors are made.

An Image Analysis Algorithm to Handle High-Throughput MERFISH Data.
In parallel, we anticipated that our previous computational meth-
ods for MERFISH data analysis (18, 23), which typically required
several hours to a day to analyze a single MERFISH dataset, would
not be adequate for analyzing the two orders of magnitude higher
data volume generated per experiment. Thus, we developed an
analysis pipeline capable of handling this drastic increase in im-
aging throughput (SI Materials and Methods). The major advance in
this pipeline is the adoption of a pixel-based decoding approach, as
opposed to a spot-finding approach, to reduce computation time.
Briefly, images of the same FOV from different imaging rounds are
registered using images of fiducial beads collected in each round.
These images are high-pass filtered to remove background and are
deconvolved to sharpen and better resolve closely positioned spots.
Previously we observed that signals from the same RNA often
varied in position from round to round by ∼100 nm (18). Thus, to
connect signals from one round to another more accurately, we
applied a low-pass filter with a kernel size of 100-nm radius. The
intensities of each pixel across all 16 rounds of images then were
used to form a 16-dimensional vector, which we normalized to unit
amplitude. This vector then was compared with the set of unit
vectors defined by all valid barcodes. The pixel was assigned to a
given barcode if the Euclidean distance between its normalized
intensity vector and the closest barcode vector was less than the
distance defined by a single-bit error. Contiguous sets of pixels that
matched to the same barcode were combined to form a single
detected RNA. Background pixels mistakenly matched to a bar-
code were identified and removed based on their low brightness
and small number of contiguous pixels matched to the same bar-
code (Fig. S4). With this pipeline, analysis of large MERFISH
datasets (∼40 mm2 with ∼40,000 human cells) can be completed in
2–3 d using multiple cores on a computer cluster.

High-Throughput MERFISH Measurements of Tens of Thousands
of Cells. To demonstrate the substantial increase in imaging
throughput made possible by the above advances, we measured
130 RNAs in cultured U-2 OS cells with a previously published
16-bit, modified Hamming distance-4 (MHD4) encoding scheme
(18). In this encoding scheme, all barcodes used are separated by
a Hamming distance of at least 4, and hence at least four bits
must be read incorrectly to change one valid barcode to another.
Therefore, every single-bit error produces a barcode uniquely
close to a single valid barcode, allowing such errors to be de-
tected and corrected. Two-bit errors also can be detected but are
not correctable because the resulting barcode is no longer
uniquely close to a single valid barcode. To account further for
the fact that it is more likely to miss a hybridization event (1-to-0
error) than to misidentify a background spot as an RNA (0-to-1
error) in smFISH measurements, our MHD4 code contains a
constant and relatively low number (four) of “1” bits. This 16-bit
MHD4 encoding scheme includes 140 distinct barcodes in total
(18). We assigned 130 of these barcodes to different RNA spe-
cies, leaving 10 barcodes unused to serve as blanks (not corre-
sponding to any RNA) for misidentification controls.
Fig. 3A illustrates one such measurement over an area of 3.2 ×

6.2 mm. The cells were fixed, permeabilized, and labeled with
encoding probes to 130 RNA species. We then performed eight
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rounds of hybridization, imaging, and TCEP cleavage with 16
different readout probes; each round of imaging used two
readout probes conjugated to Cy5 and Alexa750, respectively.
Single-molecule spots were clearly observed across the entire
imaged area in both Cy5 and Alexa750 channels in each round of
smFISH staining and imaging (Fig. 3 B and C). The identities of
individual RNA molecules then were decoded via the algorithm
described above (Fig. 3D). To assign RNAs to individual cells,
we used DAPI to identify cell nuclei and the local density of
RNAs to define cellular boundaries (SI Materials and Methods).
In total, Fig. 3 contains 15,181 cells. Among these, 12,607 seg-
mented cells satisfied our conservative criteria for cell mor-
phology designed to eliminate segmentation errors (SI Materials
and Methods), and these properly segmented cells contained 9.7
million identified RNA molecules.
To determine the RNA decoding quality, we considered two

types of errors for each RNA species. First, some RNAs can be
misidentified as the wrong species, leading to a nonzero mis-
identification rate. Second, some RNAs can be missed, leading to a
non-100% calling rate. To assess these errors, we first examined
the fraction of decoded RNAs that required error correction (Fig.
S5A). In our previous published MERFISH experiments using the
same 16-bit MHD4 code, we observed that ∼60% of all decoded
RNAs required error correction (18). By contrast, with the pro-
tocols described here, only ∼20% of RNAs required correction.
Lower levels of error correction would suggest a lower level of
misidentification and a higher calling rate. To test the level of
misidentification, we examined the number of times that the blank
barcodes were counted. Indeed, these barcodes were counted rel-
atively infrequently: 120 of the 130 (92%) RNA species were
counted more frequently than the most abundant blank barcode
(Fig. 4A). In addition, we used an alternative metric, the confi-
dence ratio, to assess the misidentification rate further. As pre-
viously defined (18), the confidence ratio for each measured
barcode was determined as the number of RNA molecules exactly

matching this barcode over the total number of exact matches and
matches with single-bit errors for this barcode. We have previously
shown that blank barcodes tend to have lower confidence ratio
values than RNA-encoding barcodes (18). Indeed, here we found
that 95% of the 130 RNA species had a confidence ratio higher
than the maximum confidence ratio observed for the blank barcodes
(Fig. S5B). Next, to examine the calling rate of these measurements,
we first used the frequency with which errors were corrected at
each bit to determine the average per-bit error rate, as described
previously (18). Previously we observed an average 1-to-0 error
rate of ∼10% and an average 0-to-1 error rate of ∼4% (18). By
contrast, the MERFISH protocol described here produced sub-
stantially lower per-bit error rates, namely, a 1-to-0 error rate
of ∼1% and a 0-to-1 error rate of ∼0.5% (Fig. S5C). With these
per-bit error rates we would predict a very high calling rate
of ∼99%. To assess the calling rate experimentally, we determined
the copy numbers of 10 different RNAs using conventional
smFISH and compared them with our MERFISH results. We
found that the average copy number per cell for these 10 RNAs
determined with MERFISH correlated strongly with the values
determined via smFISH (Fig. 4B). Moreover, the average ratio of
copy numbers between the MERFISH and smFISH measure-
ments was 0.94 ± 0.06 (SEM; n = 10), consistent with the high
calling rate estimated from our observed per-bit error rates. To-
gether, these metrics indicate a moderately lower misidentification
error rate and higher calling rate than obtained with our previous
lower-throughput MERFISH measurements (18).
We further compared the average copy number per cell de-

termined by MERFISH with that determined from published bulk
RNA-seq for U-2 OS cells (26). The values determined by
MERFISH correlated with those determined from RNA-seq with
a high Pearson correlation coefficient for the logarithmic abun-
dances (ρ10 = 0.86) (Fig. 4C).
Finally, to demonstrate the reproducibility of these high-

throughput measurements, we performedMERFISHmeasurements
for a range of confluencies of cells and for two different sample
areas, ∼20 mm2 and ∼40 mm2. Fig. S6 shows that the average RNA
copy number determined by each of these measurements correlated
strongly with those determined by the measurement presented in
Fig. 3 (ρ10 ≥ 0.95). Across all seven measurements we observed an
average calling rate of 90% ± 10% (SEM across seven replicate
measurements) by comparison with smFISH results. In total, we
measured 105,966 cells with 87,632 cells segmented. The largest of
these datasets contained 39,523 cells (35,873 segmented) in an area

A

1 mm

D

B 1 2

3 4

5 6

7 8

500 nm

20 μm

C

Fig. 3. AMERFISH measurement of an ∼20 mm2 sample area (∼15,000 cells).
(A) Mosaic image of a 3.2 × 6.2 mm region of cultured U-2 OS cells stained
with DAPI (purple), encoding probes for 130 RNAs and a Cy5-labeled readout
probe (green). (Scale bar: 1 mm.) (B) Image of the Cy5 channel in the first
round of readout hybridization for the small portion of the field in
Amarked by the gray square. (Scale bar: 20 μm.) (C) Two-color images of the
smFISH stains for all eight rounds of hybridization and imaging for the small
portion of the field in Bmarked by the gray square after the application of a
high-pass filter to remove background, deconvolution to tighten spots, and
a low-pass filter to connect spots in different images more accurately
(SI Materials and Methods). Green, red, and orange represent the Cy5
channel, the Alexa750 channel, and the overlay between the two, re-
spectively. (Scale bars: 500 nm.) (D) The decoded barcodes for the region
shown in B. Spots represent individual molecules color-coded based on their
RNA species identities (barcodes). Both the nuclear boundaries and the
boundaries used to assign RNAs to individual cells are depicted (gray). (Scale
bar: 20 μm.) (Inset) An image of the barcode assignment (indicated by color)
for each pixel in the images shown in C. (Scale bar: 500 nm.)
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Fig. 4. Performance of the high-throughput MERFISH measurements. (A) The
average RNA copy numbers per cell measured in Fig. 3 sorted from largest to
smallest abundance. Barcodes assigned to real RNAs are marked in blue, and
those not assigned to RNAs, i.e., blank controls, are marked in red. (B) The av-
erage RNA copy numbers per cell determined via MERFISH vs. that determined
via conventional smFISH for 10 of the 130 RNAs. The dashed line represents
equality. The average ratio of counts determined by MERFISH to that de-
termined by smFISH indicates a calling rate (mean ± SEM) of 94 ± 6% (n = 10).
Plotted error bars represent the SEM across the number of measured cells (>300
cells) for each gene measured via smFISH. (C) The average RNA copy number per
cell determined by MERFISH vs. the abundance as determined by bulk se-
quencing. The Pearson correlation coefficient between the log10 values (ρ10) is
0.86 with a P value of 6 × 10−39. FPKM, fragments per kilobase per million reads.
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of 40 mm2 measured in less than 18 h. This throughput represents
a 250-fold increase in the sample area imaged in a single 18-h
measurement relative to previously published throughputs (18)
and, because the U-2 OS cells used here are smaller than the
IMR-90 cells used previously, a nearly 400-fold increase in the
number of measured cells.

Characterization of a Subpopulation of Cells. One advantage of the
significantly enhanced throughput is the ability to image potentially
rare or transient subpopulations of cells with sufficient statistics to
characterize the properties of such subpopulations. As a simple
illustration of this ability, we identified a subpopulation of cells
undergoing DNA replication or cell division in the three datasets
collected at the highest confluency (total 78,815 cells). To identify
this subpopulation, we determined the distribution of DAPI signal
intensity observed in individual cells (Fig. 5A). A local minimum in
this distribution divided the cells into two groups: group 1 cells
contained lower DAPI levels, and group 2 cells contained roughly
twice the DAPI signal of group 1 cells, suggesting that group 2
contained cells undergoing DNA replication or cell division.
Group 2 represented a relatively small population of ∼20% of the
measured cells; nonetheless, because of the large number of cells
measured, this population contained 16,036 cells. To identify how
the transcriptional profile of these 130 genes differed between
group 2 and group 1, we determined for each gene a fractional
expression level defined as the copy number of this RNA divided
by the total copy number of all 130 RNAs detected in the cell. Fig.
5B displays the ratio of this fractional expression level in group 1
vs. group 2 cells for each gene, showing that some genes were up-
regulated and some were down-regulated in group 2 cells. The
large number of cells measured here allowed us to distinguish even
small changes in expression levels with confidence. Fig. 5C plots
the observed distribution of expression levels for both groups for
the 10 most up-regulated (Fig. 5C, Upper) and 10 most down-
regulated (Fig. 5C, Lower) genes. The most up-regulated genes
included the centromere-binding protein CENPF, the spindle-
binding protein CKAP5, the DNA polymerase POLQ, and the
mitotic checkpoint protein BUB2, supporting the association of
group 2 with cells undergoing DNA replication or cell division.

Interestingly, the expression of these genes, in particular CKAP5
and CENPF, also could be used to identify this subpopulation of
cells without the DAPI signal information. The set of the most
down-regulated genes included thrombosin (THBS1), fibrillin
(FBN2), and tetraspanin (TSPAN3) as well as other genes in-
volved in cell–cell interactions and adhesion. We speculate that
the differential regulation of these proteins might facilitate the
disruption and reformation of cell–cell interactions that must oc-
cur during cell division.
Finally, to illustrate the power of a spatially resolved measure-

ment, we investigated the spatial distribution of the group 2 cells. To
probe this organization, we examined the copy numbers of CKAP5
and CENPF, the two RNAs most up-regulated in group 2 cells (Fig.
5D). As expected, we found that the expression levels of these
RNAs were highly correlated and varied significantly among cells.
Moreover, Fig. 5 D and E reveals that neighboring cells tended to
express a similar level of these RNAs. Such spatial correlations
could have been caused by a variety of potential mechanisms, e.g.,
neighboring cells likely share a common progenitor, resulting in
an apparent synchronization of their cell cycles, or there may
have been local cues that promoted or repressed cell division.
The ability to reveal these cellular-scale spatial organizations
directly is one of the benefits of an image-based approach to
single-cell transcriptomics.

Discussion
Image-based approaches to single-cell RNA profiling, which
identify RNAs via multiplexed smFISH (18, 27–31) or in situ
sequencing (21, 22), can directly provide the native spatial con-
text of individual RNAs both within cells and within the context
of the culture or tissue. Recently we introduced MERFISH,
which uses massively multiplexed smFISH to perform spatially
resolved RNA profiling of single cells at the transcriptomic scale
(18). However, the measurement throughput of these image-
based approaches (i.e., the number of measured cells) has been
relatively limited. Here we describe several advances in the
MERFISH method that increase the throughput of this ap-
proach by two orders of magnitude: We profiled 130 RNAs
across 40 mm2 of sample containing as many as 39,000 human cells
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copy number of all 130 RNAs detected in the cell. The mean and SEM are computed across three biologic replicates. Green and red markers indicate genes
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in only 18 h. In total, we performed such measurements in
∼100,000 cells, generating a dataset comparable in size to those
published using droplet-based single-cell sequencing approaches
(14, 15). Previously, using a very similar experimental procedure
but different encoding schemes, we have shown that MERFISH
can be used to measure ∼1,000 RNA species in individual
cells (18). Thus we anticipate that this increase in throughput
could be applied to the measurement of thousands of RNAs
with MERFISH.
This substantial increase in throughput should extend the

range of questions that can be addressed via MERFISH. For
example, we demonstrate here the ability to identify a sub-
population of cells and to use the sizeable number of cells within
this subpopulation to quantify the potentially small differences in
their gene-expression profiles with statistical significance. We
also envision that the increase in imaging throughput reported
here will be instrumental in applying MERFISH to the de novo
identification of cell types in sizable volumes of tissues. Finally,
we anticipate that with further optimization of the hybridization
protocol, utilization of faster fluorescence signal removal pro-
tocols, incorporation of more colors per imaging round, and
additional improvements in camera, optics, and light sources to
increase the FOV area and reduce the imaging time further, it
will be possible to increase the throughput of MERFISH further
and to characterize millions of individual cells in their native
culture and tissue contexts. Given that the MERFISH experi-
mental setup is, at its core, a simple fluorescence microscope
with a sensitive camera in combination with an automated fluid
handling system composed of commercially available compo-
nents and controlled by open-source software (18, 23), we an-
ticipate that this technique can be readily adopted by many
laboratories.

Materials and Methods
Detailed protocols for all methods used in this work can be found in SI
Materials and Methods. All software is available upon request.

Human U-S OS cells (American Type Culture Collection, ATCC) or human
fibroblasts (IMR-90; ATCC) were fixed, permeabilized, stained with encoding
probes, and coated with fiducial beads as described previously (18, 23).
MERFISH imaging was done on a custom, high-throughput imaging platform
built around an Olympus IX71 body, a 60× silicone oil 1.3 NA Plan Apo-
chromat objective (UPLSAPO 60XS2; Olympus), and an sCMOS camera (Zyla
4.2; Andor). Automated fluid handling and sequential staining with readout
probes were performed as described previously (18, 23) with the notable
exception that the readout hybridization and wash buffers contained eth-
ylene carbonate (E26258; Sigma-Aldrich) instead of formamide.

We created thehigh-diversity encodingprobes by adopting andmodifying the
Oligopaint approach (32) with a high-yield enzymatic amplification protocol (18,
23) and a high-speed probe-design algorithm. The targeting regions of encoding
probes were designed using the human transcriptome (hg38) sequences down-
loaded from Ensembl, published RNA abundances (26), and a custom probe-
design algorithm and computational pipeline that selects target regions based
on a narrow range of melting temperature (66–76 °C), GC content (43–63%), and
a series of penalties associated with the presence of short homology regions
within alternative isoforms of the same gene, all other genes, and abundant
noncoding RNAs. A library of template oligonucleotides for making encoding
probes was ordered from CustomArray (Dataset S1). Encoding probes were
amplified from this library via a high-yield protocol as described previously
(18, 23) with minor adjustments to nucleotide concentrations.

We generated the sequences of readout probes randomly, with an A/T
probability of 25% and a C probability of 50%, and probes with significant
homology to the human transcriptome, as determined via BLAST (33), were
removed. Readout probes (Table S1) were purchased from Bio-Synthesis, Inc.
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