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 In biological tissues, diversity of function arises from diver-
sity of form–in part via the complexity of cell-specific gene 
expression, which defines the unique three-dimensional mo-
lecular anatomy and cellular properties of each tissue. In situ 
transcriptomic tools for the spatial mapping of gene expres-
sion with subcellular resolution have emerged that may be 
applicable to probing these tissue structure-function relation-
ships, including both multiplexed in situ RNA hybridization 
and in situ RNA sequencing (1–10). Current in situ sequenc-
ing approaches face the challenge of implementing enzymatic 
reactions in the dense, complex tissue environment and cur-
rently suffer from low efficiency (2), but the potential value 
of such intact-tissue sequencing could be enormous; in com-
parison to hybridization-based multiplexing/readout which 
utilizes multiple polynucleotide probes to encode gene iden-
tity (3–5), sequencing operates with single-nucleotide resolu-
tion, and thus inherently provides greater information. In 
addition, in situ sequencing methods typically utilize signal 
amplification, important for detection of short transcripts 
(e.g., neuropeptides) and for high-quality imaging in thick tis-
sue blocks. However, current sequencing methods have not 
yet been successfully applicable to 3D volumes of intact tis-
sue, due to fundamental limitations in requisite sensitivity, 
fidelity, and scalability for throughput in tissues such as the 
mammalian brain. 

Hydrogels have been widely used for extracellular 3D scaf-
folding in applications across biology and medicine (11–13). 

Recently-developed hydrogel-tissue chemistry (HTC) meth-
odologies (14), beginning with CLARITY (15), physically link 
in situ-synthesized polymers with selected intracellular bio-
molecules. This process transforms the tissue, from within its 
constituent cells, into a new state suitable for high-resolution 
volumetric imaging and analysis compatible with many kinds 
of molecular phenotyping for proteins, nucleic acids, and 
other targets (15). HTC-based hydrogel-embedding strategies 
have been extended to nucleic acid analyses in the form of in 
situ hybridization for RNA (16–19), but these have not yet 
been extended to in situ RNA sequencing–which would have 
the potential to reveal the full molecular complexity of the 
transcriptome. In non-tissue environments, however, purely 
synthetic hydrogels have been used to accommodate enzy-
matic reactions that include DNA sequencing (20), and if bi-
ological tissue could be converted into a hydrogel-embedded 
form compatible with creation, retention, and functional 
presentation of RNA-derived or hybridized complementary 
DNA (cDNA), it might be possible to perform 3D in situ se-
quencing within such a tissue-hydrogel formulation–leverag-
ing the crucial attendant properties of optical transparency, 
reduced background, elevated diffusion rate, and greater me-
chanical stability. Here we achieve this goal with the devel-
opment and application of a sequencing-based method 
(Spatially-resolved Transcript Amplicon Readout Mapping, 
or STARmap) for targeted 3D in situ transcriptomics in intact 
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tissue (Fig. 1A); using STARmap we were able to identify or-
ganizational principles of a full spectrum of cell types, which 
would not have been otherwise accessible for identification, 
in the adult mammalian brain. 

 
Results 
Design and validation of STARmap principles 
One component is an efficient approach for in situ-ampli-

fication of a library of cDNA probes hybridized with cellular 
RNAs (this approach is termed SNAIL, for Specific Amplifi-
cation of Nucleic Acids via Intramolecular Ligation). Reverse 
transcription may be the major efficiency-limiting step for in 
situ sequencing (7, 21), and SNAIL bypasses this step with a 
pair of primer and padlock probes (fig. S1A) designed such 
that only when both probes hybridize to the same RNA mol-
ecule, the padlock probe can be circularized and rolling-cir-
cle-amplified to generate a DNA nanoball (amplicon) 
containing multiple copies of the cDNA probes (Fig. 1, A to 
D). This mechanism ensures target-specific signal amplifica-
tion and excludes noise that invariably otherwise arises from 
non-specific hybridization of single probes. Indeed, the out-
come includes much higher absolute intensity and signal-to-
noise ratio (SNR) compared to commercial single-molecule 
fluorescent in situ hybridization (smFISH) probes (fig. S1, B 
to F), and substantial improvement of detection efficiency 
(comparable to single-cell RNA sequencing) with simplified 
experimental procedures compared to previous in situ RNA 
sequencing methods (fig. S1, G to I). 

To enable cDNA amplicon embedding in the tissue-hydro-
gel setting, amine-modified nucleotides were spiked into the 
rolling circle amplification reaction, functionalized with an 
acrylamide moiety using acrylic acid N-hydroxysuccinimide 
esters, and copolymerized with acrylamide monomers to 
form a distinct kind of hydrogel-DNA amplicon network (Fig. 
1A and fig. S2A). The resulting tissue-hydrogel was then sub-
jected to protein digestion and lipid removal to enhance 
transparency (fig. S2, B to E). This design chemistry dictates 
that amplicons are covalently linked with the hydrogel net-
work, and such crosslinking is essential to maintain the posi-
tion and integrity of the amplicons through many cycles of 
detection (fig. S2, F to H). 

A 5-base barcode (library size of 1,024) was designed and 
built into each padlock probe as a gene-unique identifier to 
be sequenced, thus enabling multiplexed gene detection (Fig. 
1A). Sequencing-by-synthesis paradigms were avoided as 
these require elevated reaction temperatures, which in turn 
are problematic for high-resolution imaging and sample sta-
bility (16) in comparison to sequencing-by-ligation methods 
that can be implemented at room temperature. However, 
none of the reported or commercially available sequencing-
by-ligation methods approach exhibit the necessary SNR or 
accuracy for this challenging intact-tissue application: SOLiD 

sequencing causes strong background fluorescence in biolog-
ical samples (10) while cPAL sequencing (22) lacks an error-
rejection mechanism (fig. S3). For this reason, an approach 
we term Sequencing with Error-reduction by Dynamic An-
nealing and Ligation (SEDAL) was devised specifically for 
STARmap (fig. S3). 

SEDAL employs two kinds of short, degenerate probes: 
reading-probes to decode bases, and fluorescence-probes to 
transduce decoded sequence information into fluorescence 
signals. The two short probes only transiently bind to the tar-
get DNA and ligate to form a stable product for imaging only 
when a perfect match occurs; after each cycle corresponding 
to a base readout, the fluorescent products are stripped by 
formamide, which eliminates error accumulation as sequenc-
ing proceeds (Fig. 1E and fig. S3B). In contrast to SOLiD, 
SEDAL exhibits minimal background (fig. S3, C to F). A 2-
base encoding scheme was designed and implemented to mit-
igate any residual errors related to imaging high densities of 
spots (fig. S3, G and H). Based upon a panel of four very-
highly expressed test genes in mouse brain (to mimic am-
plicon crowdedness as would be encountered in highly-mul-
tiplexed gene-detection), we found that the error rate of 
STARmap was more than an order of magnitude lower than 
prior cPAL methods (~1.8% versus 29.4%) (fig. S3, I to L) (17). 

 
Spatial cell typing in primary visual cortex with 

160-gene STARmapping 
To test if STARmap could deliver on the initial goal of 

high-content 3D intact-tissue sequencing of single-cell tran-
scriptional states with the necessary sensitivity and accuracy, 
we applied STARmap to a pressing current challenge in neu-
roscience: detecting and classifying cell types and corre-
sponding tissue-organization principles in neocortex of the 
adult mouse brain. The anatomy and function of mouse pri-
mary visual neocortex have been extensively studied (23), a 
setting which here allows validation of our results by com-
parison with prior findings that span multiple papers, meth-
odologies, and data sources (but the full diversity of deeply 
molecularly-defined cell types within visual cortex has not yet 
been spatially resolved in a single experiment, precluding 
identification of potentially fundamental joint statistics and 
organizational principles across 3D volumes). Among many 
examples of the experimental leverage such information 
could provide, joint 3D cell-typology mapping might be em-
ployed to help decode the spatiotemporal logic of neural-ac-
tivity-triggered gene expression as a function of cell type and 
spatial location. 

We therefore used 5-base barcoded SNAIL probes over six 
rounds of in situ SEDAL sequencing in coronal mouse brain 
slices (Figs. 1A and 2, A and B) to survey a large but focused 
and curated gene set (160 genes including 112 putative cell-
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type markers collated from mouse cortical single-cell RNA se-
quencing (24, 25) and 48 activity-regulated genes (ARGs) (26, 
27). In one arm of the experiment, visually-evoked neural ac-
tivity was provided to a cohort of mice via 1 hour light-expo-
sure after four days of housing in the dark; other mice were 
kept continuously in the dark (27, 28). 8 μm-thick volumes 
containing up to 1,000 cells covering all cortical layers were 
imaged. After six rounds of sequencing, fluorescent Nissl 
staining was used to segment cell bodies, allowing attribution 
of amplicons to individual cells (fig. S4, A  and B). The values 
corresponding to amplicons-per-cell and genes-per-cell var-
ied substantially (Fig. 2C), while the 160-gene expression pat-
tern was consistent between biological replicates (R = 0.94-
0.95) (Fig. 2D), revealing reliable detection of transcript di-
versity at the single-cell level. Because only 160 genes were 
encoded out of the 1024 possible barcodes from five bases, we 
were able to quantify sequencing errors that resulted in se-
quences being corrupted from the 160 true barcodes to the 
864 invalid barcodes, which was remarkably low at 1-4%. We 
found that this 160-gene pilot faithfully reproduced the spa-
tial distribution of known cortical layer markers and inter-
neurons, illustrated here via comparison of in situ images 
from paired public atlases (29) and STARmap results (Fig. 
2E). 

We next performed cell classification using expression 
data of the 112 cell-type markers. First, >3,000 cells pooled 
from four biological replicates were clustered into three ma-
jor cell types (excitatory neurons, inhibitory neurons and 
non-neuronal cells) using graph-based clustering following 
principal-component decomposition (30), and then further 
sub-clustered under each category (Fig. 2, F to H, and fig. 
S4C). Intriguingly, the richly-defined excitatory neurons seg-
regated into four major types, here denoted (eL2/3, eL4, eL5 
and eL6) (Fig. 2, I to K, and fig. S5, A and B) by spatial corre-
spondence with anatomic cortical layers and expression pro-
files of known layer-specific gene markers. Although spatial 
organization of the four excitatory types exhibited a layered 
pattern, there was extensive intermixing among different cell 
types within each layer. Inhibitory neurons were also clus-
tered into four major types, here denoted by the dominant 
interneuron marker of each subtype [VIP, SST, NPY and PV 
(Pvalb)] (Fig. 2, L to N, and fig. S5, C and D); the VIP and NPY 
type were observed to distribute more to the upper layers (L1-
3) while SST and PV types were found more commonly in the 
lower layers (L4-6). We also detected non-neuronal cell types, 
including astrocytes, oligodendrocytes, endothelial cells, and 
smooth muscle cells (fig. S6). The number of major cell-types 
illustrated here (12 in total) can be further broken down (sin-
gle-cell RNA sequencing can lead to classification into 40 or 
more subtypes, consistent with the readily-apparent hetero-
geneity of gene expression within each type) (figs. S5 and S6). 
Notably, with our targeted 112-gene set and at the size of 600-

800 cells per sample, all 12 major cell types could be reliably 
detected without batch effects with highly similar spatial pat-
terning among four biological replicates (defined as samples 
prepared from different animals) (fig. S7), and matched with 
published single-cell RNA sequencing results (fig. S8) 

We next sought to take advantage of STARmap’s quanti-
tative capabilities at the single-cell level, to test differential 
gene expression analyses across experimental conditions, in 
molecularly-defined cell types. To this end, we assessed vis-
ual-stimulus-dependent gene expression patterns (via 48 de-
fined ARGs with single-cell resolution in situ). Further 
developing the single-cell RNA sequencing procedure, mouse 
brains here were flash-frozen with minimal handling time af-
ter sacrifice (<5 min), for maximal preservation of native 
transcriptional signatures. Consistent with prior reports (26–
28), we observed global induction of known immediate-early 
genes (Fos, Egr1, and Egr2) (Fig. 3A) in primary visual cortex 
upon 1 hour of light exposure. At single-cell resolution, the 
quantitative extent (fold change in expression) of ARG 
changes exhibited striking diversity across neuronal cell 
types (Fig. 3, B and C, and fig. S9) (28). In general, ARG ex-
pression programs in excitatory neurons across different lay-
ers were highly similar, whereas ARG expression programs in 
inhibitory cells exhibited much more distinct cell-type spe-
cific characteristics (fig. S9C); for example, Egr2 exhibited 
light-induction across excitatory neurons (Fig. 3D) but not in 
inhibitory neurons, while in contrast, Prok2 was upregulated 
in Vip inhibitory neurons (Fig. 3C) (22). Finally, since neural 
activity can trigger co-transcription of noncoding RNAs from 
within enhancers of ARGs (26, 31), we also studied exemplars 
of these enhancer RNAs (here, eRNAs 1-5 of the Fos gene); 
these transcripts, not polyadenylated, would be very difficult 
to measure with current single-cell RNA sequencing. Intri-
guingly, eRNA3 was identified as the most significant and 
consistent ARG marker (fig. S9B). 

 
Comparing spatial cell-type distributions in frontal 

and sensory cortices 
We then investigated to what extent the cell types of 

higher cognitive cortex resemble those of sensory cortex, as 
exemplified by primary visual cortex. We applied the same 
160-gene set to STARmapping the cell populations of medial 
prefrontal cortex (mPFC) (Fig. 4A) which is involved in high-
level cognitive functions such as attention and memory, and 
is thought to be dysregulated in major psychiatric disorders 
(32). We identified 15 distinct molecular cell types including 
six excitatory neuron subtypes (eL2/3, eL5-1, eL5-2, eL5-3, 
eL6-1 and eL6-2, annotated by anatomic cortical layers), five 
inhibitory neuron subtypes (VIP, Reln, SST, Lhx6 and NPY, 
annotated by dominant gene markers) and four non-neu-
ronal types (astrocytes, oligodendrocytes, endothelial cells 
and smooth-muscle cells) (Fig. 4B and fig. S10). 
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The spatial organization of broad cell types in mPFC re-
sembled that of V1 with intermixed excitatory neuronal layers 
and sparsely distributed inhibitory neurons (Fig. 4C), how-
ever, the nature and composition of neuronal subtypes in 
mPFC and V1 strikingly differed (Fig. 4, D and E). For excita-
tory subtypes, mPFC lacks eL4 (consistent with previous re-
ports) (33), and exhibits reduced eL2/3 and vast expansion of 
eL5 and eL6 compared to V1 (Fig. 4E). Many new types of cell 
were discovered, including three eL5 subtypes and two eL6 
subtypes, as characterized by gene markers Sema3e, Plcxd2, 
Tpbg, Syt6, and Ctgf, respectively (Fig. 4D). 

Substantially different tissue organization by cell type was 
also observed for inhibitory subclusters. Sst-, Vip- and Npy-
positive subtypes in mPFC were represented similarly among 
all inhibitory neurons compared with those in V1, while 
Pvalb-positive cells were comparatively much sparser. In V1 
Reln-positive neurons coexist with Sst and Npy, while in 
mPFC these segregate as a single cluster with ~50% co-
marked by Ndnf; we also discovered a new inhibitory subtype 
labeled by Lhx6 which in fact constitutes the most abundant 
inhibitory subtype in mPFC (Fig. 4E). While the 5-HT(3A) re-
ceptor (Htr3a) expression has been reported in cortical inhib-
itory neurons (34), Htr3a has not been ranked as a critical 
genetic marker of inhibitory subtypes in V1. In mPFC, how-
ever, we find that Htr3a distinguishably marks a large frac-
tion of Vip+ neurons and a subset of Reln+ neurons (fig. S10D). 

Superficial layers (L1-3) were found to contain Vip, Reln 
and Npy subtypes while deeper layers (L5-6) were found to 
contain all of the inhibitory subtypes. Indeed, all of the 15 cell 
types with tissue-level spatial organization could be reliably 
detected by STARmap across four biological replicates (fig. 
S11). The capability of STARmap for multidimensional cell 
typing in mPFC was further demonstrated in the setting of 
activity-dependence, supporting the possibility of defining 
cell types in part by communication properties including ac-
tivity during behavior (35, 36). 1 hour after cocaine injection 
(37), a specific subpopulation of deep-layer excitatory neu-
rons (e.g., Tpbg labeled eL5-2) in mPFC was activated com-
pared to saline-injected control mice (Fig. 4F), revealing 
STARmap capability for identifying functional segregation of 
neuronal subtypes in mPFC. 

 
Scaling STARmap to >1,000 genes 
To further test the scalability of STARmap, we extended 

our gene list from 160 to 1,020 genes, leveraging previously 
published single-cell RNA sequencing data (24). The 1,020-
gene set was first validated in mouse hippocampal neuron 
culture, with successful resolution of neuronal and glial cells 
(fig. S12). We then probed mouse V1 neocortex with the 1,020-
gene set to evaluate performance in spatial cell typing in com-
parison with the 160-gene set. Amplicons obtained in 1,020-
gene experiment were much denser in cells compared to 

those in 160-gene experiments but were optically-resolvable 
in 3D with high-resolution imaging and post-imaging decon-
volution (Fig. 5A). 

We observed that a higher percentage (40%) of amplicons 
were filtered out in the 1020-gene experiments by our error-
rejection mechanism (fig. S3H) in comparison to the 4-gene 
experiments (20%) (fig. S3L), indicating a more frequent ini-
tial color-misassignment potentially resulted from amplicon 
merging or optical resolution, and further demonstrating the 
importance of our designed error-rejection mechanism. Cru-
cially though despite the read loss, we successfully clustered 
single cells of the imaging area into 16 annotated cell types 
using 1,020 genes and the same data analysis pipeline from 
the focused 160 gene probe set (Fig. 5, B and C, and fig. S13). 
Three new cell types were identified in addition to the 13 cell 
types detected by 160 genes (Fig. 5B): eL6 was resolved into 
two subtypes (eL6-1 and eL6-2); a novel hippocampal excita-
tory subtype (HPC) was identified; and microglial cells were 
cleanly identified with an expansion of non-neuronal cell 
type markers in the 1,020-gene set. 

Beyond those advances, the 1,020-gene findings also suc-
cessfully reproduced the cell types (and their spatial pattern-
ing) from the 160-gene findings, and further allowed 
discovery of multiple new gene markers for each cell type 
(e.g., 3110035E14Rik for deep layers, Cnot6l for Sst neurons, 
and Cplx1 for Pvalb neurons) (Fig. 5D and fig. S13). These 
molecularly-defined cell types were highly reproducible be-
tween biological replicates for 1,020-gene detection and were 
concordant with published single-cell RNA sequencing re-
sults (fig. S14). We further assessed the possibility of scaling 
up STARmap to accommodate higher gene numbers; while 
the STARmap scheme can encode and decode more than one 
million codes and the physical volume of mammalian cells is 
not limiting for amplification of more than 1,000 genes (fig. 
S15), the 1,020-gene experiments approached the upper limit 
of the optical volume of cells (fig. S15E); for those cases where 
more genes are needed, STARmap may cover the whole tran-
scriptome with optical resolution enhanced by super-resolu-
tion microscopy (38, 39) or the physical swelling typical of 
the hydrogel-tissue chemistries (14, 19). 

 
Adapting STARmap to thick tissue blocks for 3D 

analyses 
In neuroscience, addressing the 3D complexity of both 

neurons and neural circuits has generally required develop-
ment and use of thick tissue blocks or fully-intact brains for 
functional and structural readouts, including electrophysiol-
ogy, imaging of activity, and analysis of morphology and con-
nectivity. Therefore, for linking these readout measures from 
intact or semi-intact tissue preparations with cellular-resolu-
tion gene expression readouts from the very same prepara-
tions, methods of 3D spatial transcriptomic analysis in thick 
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tissues have been long-sought, to achieve datastream regis-
tration as well as preserve 3D morphology and to obtain 
readouts from very much larger cell numbers (2). The initial 
experiments were carried out in brain slices no more than 1 
cell body thick; we therefore next developed and tested STAR-
map to overcome limitations in diffusional access and imag-
ing throughput for large tissue volumes, with a modified 
strategy for linearly reading out gene expression at cellular 
resolution to enable high-throughput molecular analysis in 
tissue volumes (Fig. 6A and fig. S16). Specificity and penetra-
tion depth of large-volume STARmap were tested initially us-
ing Thy1::YFP mouse brains, wherein STARmap successfully 
detected YFP mRNA across 150 μm of tissue thickness, and 
specifically co-localized YFP protein and mRNA at single-cell 
resolution (Fig. 6B) without labeling the tens of thousands of 
interspersed neighboring cells. 

We then extended the spatial cell-typing of mouse pri-
mary visual cortex to more than 30,000 cells across volumes 
spanning all six layers and the corpus callosum. Using a cu-
rated gene set including 23 cell type markers and 5 ARGs read 
out over 7 cycles of linear SEDAL sequencing (Fig. 6, C and 
D, and fig. S17), we applied K-means clustering of marker 
genes (Methods) for each cell-type (recovering 11 cell types 
corresponding to the majority of those extracted by the 160-
gene experiment). We found that 3D patterning of the 11 cell 
types (Fig. 6, E and F) was consistent with the 160-gene thin-
section tissue findings, but provided a novel accurate and 
quantitative profiling of cellular distribution across space, 
with much larger cell numbers. As reflected by both spatial-
histogram (Fig. 6E) and correlational analyses (fig. S17B), ex-
citatory subtypes exhibited an unanticipated layered gradient 
distribution, with the spatial density of each subtype decay-
ing across space into adjacent layers. In contrast, inhibitory 
subtypes were dispersed, albeit with layer preferences exhib-
ited by the Vip subtype (largely located in layer 2/3), and the 
Sst and Pvalb subtypes (in layers 4 and 5). Non-neuronal cells 
were largely seen in layer 1 and white matter. 

To discover yet-finer volumetric patterns, we further ana-
lyzed the distribution of distances from each individual cell 
from each sequencing-defined subtype to its nearest-neigh-
bors, finding unexpectedly that the nearest neighbor of any 
inhibitory neuron tended to be its own subtype, rather than 
excitatory neurons or others inhibitory subtypes (Fig. 6G). If 
inhibitory neurons were randomly dispersed among the more 
abundant excitatory neurons in a purely salt-and-pepper dis-
tribution, the distance between inhibitory neurons would be 
larger than that from inhibitory to excitatory neurons (Fig. 
6H). Remarkably instead, the actual intra-subtype distance of 
inhibitory neurons was much shorter (~15 μm, equivalent to 
the size of a single neuron, indicating direct somatic juxtapo-
sition) (Fig. 6I), revealing a short-range self-clustering organ-
ization of inhibitory subtypes across volumes that could only 

be accurately measured in 3D, but not in 2D (fig. S18A). When 
guided by this initial STARmap observation, evidence for 
such patterning could be also obtained in transgenic mouse 
lines (fig. S18, B and C). This discovery bears considerable rel-
evance to previous functional work; for example, electrophys-
iological studies have suggested that inhibitory neurons in 
spatial proximity tend to be connected by electric (gap) junc-
tions important for setting up synchronized firing patterns 
(40, 41), and in vivo imaging has suggested that inhibitory-
neuron groupings in visual cortex could sharpen visual re-
sponses (42). 

 
Discussion 
STARmap defines a platform for 3D in situ transcriptom-

ics, enabled by state-of-the-art DNA library preparation/se-
quencing and novel hydrogel-tissue chemistry. Here, 
STARmap was shown to be applicable to the study of molec-
ularly-defined cell types and activity-regulated gene expres-
sion in mouse cortex, and to be scalable to larger 3D tissue 
blocks to visualize short- and long- range spatial organization 
of cortical neurons on a volumetric scale not previously ac-
cessible. In future work, STARmap may also be adapted to 
longer sequencing lengths or higher gene numbers; there is 
no intrinsic limit to the number of genes or RNA species that 
can be simultaneously and quantitatively accessed by STAR-
map (fig. S15); STARmap may also be capable of integrating 
cell type information with single-neuron morphology and 
projection anatomy (e.g., via Brainbow and MAPseq) (43, 44) 
as well as with in vivo neural activity imaging and electro-
physiology. This platform can also be generalized to study 
other heterogeneous cell populations in diverse tissues across 
the body, though the brain poses special challenges well 
suited to STARmap analysis. For example, the polymorphic 
ARG expression observed across different cell types is likely 
to depend on both intrinsic cell-biological properties (such as 
signal transduction pathway-component expression), and on 
extrinsic properties such as neural circuit anatomy that 
routes external sensory information to different cells (here in 
visual cortex). In general, it may not be possible to fully define 
brain cell typology independent of such 3D anatomy as well 
as activity patterns exhibited and experienced by cells during 
behavior; the nature of input and output communication 
pathways for the cells in question in fact can form the foun-
dation for defining cell types (35, 36). Toward this end, in situ 
transcriptomics exemplified by STARmap can effectively link 
this imaging-based molecular information with complemen-
tary cellular-resolution datastreams describing anatomy, nat-
ural activity, and causal significance, thus promising to 
fundamentally deepen our understanding of brain function 
and dysfunction (2). 
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Methods summary 
All animal procedures followed animal care guidelines ap-

proved by Stanford University’s Administrative Panel on La-
boratory Animal Care (APLAC) and guidelines of the National 
Institutes of Health. For thin sections, animals were anesthe-
tized and rapidly decapitated; the brain tissues were sliced 
using a cryostat. For thick sections, animals were anesthe-
tized and transcardially perfused with PFA; the brain tissues 
were sliced using a vibratome. In STARmap experiments, tis-
sues were hybridized with SNAIL probes, enzymatically am-
plified, hydrogel embedded, and sequentially imaged using 
SEDAL process and a confocal microscope. The resulting im-
age datasets were registered across multiple cycles using the 
positions of all amplicons in each cycle and decoded. For cell-
typing and single-cell gene expression analyses, the ampli-
cons were attributed to individual cells based on segmenta-
tion images of fluorescent Nissl staining. All the detailed 
procedures for the experiments and data analyses are de-
scribed in the supplementary materials. 
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Fig. 1. STARmap principles: in situ RNA sequencing for spatial transcriptomics within the 3D tissue 
environment. (A) STARmap overview schematic. After brain tissue is prepared (see Methods for mouse brain 
protocols), the custom SNAIL probes that encounter and hybridize to intracellular mRNAs (dashed lines) within the 
intact tissue are enzymatically replicated as cDNA amplicons. The amplicons are constructed in situ with an acrylic 
acid N-hydroxysuccinimide moiety modification (blue) and then copolymerized with acrylamide to embed within a 
hydrogel network (blue wavy lines), following by clearance of unbound lipids and proteins (fig. S2). Each SNAIL probe 
contains a gene-unique identifier segment (red) which is read-out through in situ sequencing with 2-base encoding 
for error correction (SEDAL) (fig. S3). Finally, highly multiplexed RNA quantification in 3D reveals gene expression 
and cell types in space. (B) SNAIL logic: a pair of primer and padlock probes amplifies target-specific signals and 
excludes noise known to commonly arise from non-specific hybridization of a single probe. (C and D) Only adjacent 
binding of primer and padlock probes leads to signal amplification. mRNA A represents Gapdh and mRNA B 
represents Actb. Both fluorescent images showing Gapdh (gray) mRNA and cell nuclei (blue) labeling in mouse brain 
slice; note the absence of labeling with mismatched primer and padlock (right). Scale bar, 10 μm. (E) In situ 
sequencing of DNA amplicons in the tissue-hydrogel complex via SEDAL, the novel sequencing-by-ligation method 
devised for STARmap: for each cycle, the reading probes (gray line without star-symbol label) contain an 
incrementally increasing-length run of degenerate bases (N representing an equal mixture of A, T, C and G) with 
phosphate at the 5′ end (5′P) to set the reading position; the decoding probes (gray line with star-symbol label) are 
labeled by fluorophores with color coding for the dinucleotide at the 3′ end. Only if both probes are perfectly 
complementary to the DNA template (black lower sequence), the two kinds of probes can then be ligated) to form a 
stable product with high melting-temperature, allowing later imaging after unligated probes are washed away. After 
each imaging cycle, probes are stripped away from the robust tissue-hydrogel using 60% formamide so that the 
next cycle can begin. X: unknown base to be read; red underline: decoded sequence; Ch1-4: fluorescence channels. 
Scale bar, 2 μm. 
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Fig. 2. STARmapping cell types in primary visual cortex. (A) Experimental design; mice were dark housed, prior 
to sacrifice, for 4 days and then either kept in the dark or exposed to light for 1 hour. Primary visual cortex (V1) was 
coronally sectioned and RNAs of 112 cell type markers and 48 activity-regulated genes were quantified by STARmap. 
(B) Raw fluorescence images of in-process STARmap with the full view of Cycle 1 (top) and zoomed views across all 
six cycles (bottom). Full field: 1.4 mm × 0.3 mm, scale bar, 100 μm; zoomed region: 11.78 μm × 11.78 μm, scale bar, 
2 μm; Channel: color code for the four fluorescence channels; L1-6: the six neocortical layers; cc: corpus callosum; 
HPC: hippocampus. (C) Histograms: detected reads (DNA amplicons) per cell (left), and genes per cell (right). (D) 
Quantitative reproducibility of biological replicates, whether in the light or dark condition: log2(amplicon quantity) for 
160 genes across the whole imaging region plotted. Rep1: expression value in first replicate, rep2: expression value 
in second replicate. (E) Validation of STARmap: left column, in situ images from Allen Institute of Brain Science 
(AIBS); right column, RNA pattern of individual genes extracted from 160-gene STARmap, which reliably reproduced 
the spatial gene expression pattern from AIBS. (F) Uniform Manifold Approximation (UMAP) plot, a non-linear 
dimensionality reduction technique used to visualize the similarity of cell transcriptomes in two dimensions, showing 
consistent clustering of major cell types across 3,142 cells pooled from four biological replicates: 2,199 excitatory 
neurons, 324 inhibitory neurons and 619 non-neuronal cells. (G) Gene expression heatmap for 112 cell-type markers 
aligned with each cell cluster, showing clustering by inhibitory, excitatory, or non-neuronal cell types. Expression for 
each gene is z-scored across all genes in each cell. (H) Representative cell-resolved spatial map in neocortex and 
beyond: cell-types color-coded as in panel (F). (I to N) Clustering of excitatory and inhibitory subtypes: UMAP plots 
[(I) and (L)], bar plots of representative genes [(J) and (M)] (mean ± 95% confidence interval expression across all 
cells in that cluster, with each bar scaled to the maximum mean expression across all clusters), and in situ spatial 
distribution [(K) and (N)] of excitatory [(I) to (K)] and inhibitory [(L) to (N)] neurons. The number of cells in each 
cluster was as follows: eL2/3: 589; eL4: 649; eL5: 393; eL6: 368; PV neurons: 111; VIP neurons: 46; SST neurons: 46; 
NPY neurons: 56. Inclusion of cells in clusters was guided entirely by amplicon representation in each cell without 
using spatial information; excitatory cell clusters were then named according to the spatial layering observed for that 
cluster, while inhibitory cell clusters were named according to the dominant cell-type amplicon based on the strong 
segregation of amplicon markers.  
 

on June 21, 2018
 

http://science.sciencem
ag.org/

D
ow

nloaded from
 

http://www.sciencemag.org/
http://science.sciencemag.org/


First release: 21 June 2018  www.sciencemag.org  (Page numbers not final at time of first release) 13 
 

 
 
  

Fig. 3. STARmapping behavioral 
experience: detecting and 
quantifying cell type-specific-
regulation of activity-regulated 
genes (ARGs). (A) Validation: spatial 
expression pattern in visual cortex of 
prototypical ARGs known as 
immediate early genes (IEGs): 
sacrifice was in darkness or after 1 
hour light exposure. (B and C) 
Volcano plots of log fold-change in 
gene expression between light and 
dark conditions in inhibitory and 
excitatory cell types. Genes with 
significantly increased or decreased 
expression (false discovery rate 
adjusted P value < 0.05, Wilcoxon 
rank-sum test) are labeled in green 
and the most significantly changed 
genes (P value <0.05 and fold change 
> 2) are labeled in red. Many ARGs 
showed cell-type specificity pointing 
to discovery of unanticipated cell 
type-specific logic of excitation-
transcription coupling. (D) Violin plot 
of Egr2 expression by cell type. ****P 
< 0.0001, n.s. not significant, 
Wilcoxon rank-sum test; red-labeled 
cell types, fold change >2. 
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Fig. 4. STARmapping cell types and 
neural activity in medial prefrontal 
cortex. (A) Diagram of targeted 
region (red box) containing prelimbic 
cortex (PrL) within medial prefrontal 
cortex (mPFC). (B) UMAP 
visualization of all inhibitory (VIP, 
Reln, SST, Lhx6, NPY), excitatory 
(eL2/3, eL5-1, eL5-2, eL5-3, eL6-1, 
eL6-2), and non-neuronal (Astro, 
Oligo, Smc, Endo) cell types. (C) 
Spatial visualization of cell type layout 
in mPFC, using the same color 
scheme as in (B). (D) Barplot of 
representative genes per cluster 
(mean ± 95% confidence interval), 
with each bar scaled to the maximum 
mean expression for that gene across 
clusters. (E) Piecharts showing the 
relative proportion of each major and 
minor cell type in both mPFC and 
visual cortex. (F) Violin plots of Fos 
gene induction in different excitatory 
cell types in mPFC in response to 
cocaine. The mice were sacrificed 
after one hour of cocaine or saline 
injection. Expr = normalized 
expression. n.s. not significant, *P < 
0.05, ***P < 0.001, ****P < 0.0001, 
likelihood ratio test. Astro, 
astrocytes; Oligo, oligodendrocytes; 
Smc, smooth muscle cells; Endo, 
endothelial cells. 
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Fig. 5. Simultaneous mapping of 
1,020 genes in primary visual cortex 
by STARmap. (A) Input fluorescence 
data. Left: maximum-intensity 
projection of the first sequencing 
round for 1020 gene experiment, 
showing all four channels 
simultaneously; yellow square, zoom 
region; scale bar, 100 μm. Right: zoom 
into a single cell showing spatial 
arrangement of amplicons in 3D 
across six sequencing rounds. (B) 
Joint UMAP plot showing all excitatory 
(HPC, eL2/3, eL4, eL5, eL6-1, eL6-2), 
non-neuronal (Smc, Other, Olig, Micro, 
Endo, Astro), and inhibitory (PVALB, 
SST, VIP, NPY) cell types. (C) Plot of all 
differentially expressed genes across 
every cluster, with P < 10−12 and log fold 
change > 1.5. (D) Spatial map of all 
excitatory, non-neuronal, and 
inhibitory cell types in visual cortex 
using the same color code of (B). HPC, 
hippocampus; Smc: smooth muscle 
cells; Other, other unclassified cells; 
Oligo, oligodendrocytes; Micro, 
microglia; Endo, endothelia cells; 
Astro, astrocytes. 
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Fig. 6. Three-dimensional architecture of cell types in visual cortex volumes. (A) Volumetric STARmapping via 
sequential SEDAL gene readout. Using a modified STARmap procedure (fig. S16) and cyclic gene readout (4 genes 
in each cycle), large tissue volumes can be rapidly mapped at single-cell resolution without oversampling each 
amplicon. (B) Validation showing specific STARMAP labeling of YFP-expressing neurons (from transgenic Thy1::YFP 
mouse line) in 3D cortical volume. Scale bar, 0.5 mm. (C) Representative labeling of major cell types (left), layer-
specific markers (left center), inhibitory markers (right center), and activity-regulated genes (right) acquired over 
multiple rounds in visual cortex STARmap volumes. (D) Per-cell expression matrix of 28 genes from 32,845 single 
cells from one volume clustered into multiple excitatory, inhibitory, and non-neuronal cell types, z-scored across 
genes for each cell in order to normalize for mean differences in total signal between cells. Columns are sorted by 
order of sequencing rounds as conducted, in groups of 4. (E) Top: Spatial histograms of excitatory, inhibitory, and 
non-neuronal cell types using same color labels as (D). Cells were counted in 5 μm bins in a 2D max-projection, and 
plotted in cell count/μm units as a function of distance from the corpus callosum (cc) to pia, averaged across the 
bins perpendicular to the cortical layers. Bottom: plot of max-projected cell locations color coded by cluster as in 
(D). (F) Spatial distribution of each cell type (excitatory, inhibitory, non-neuronal) and subtypes in three dimensions. 
Each dot represents a single cell; spatial dimensions are in μm. (H) Average nearest-neighbor distances computed 
in 3D between all excitatory cells (Excite) and each inhibitory cell type. For self-comparisons, the nearest neighbor 
was defined as the closest non-identical cell; note the persistent self-correlation revealing self-clustering of inhibitory 
subtypes. (I) Same distances as (H) but using shuffled (randomized) cell type labels. (J) Nearest-neighbor distances 
computed in 3D between each inhibitory cell of a certain type and any member of the same type (Inhib  →  Inhib, eg 
VIP → VIP) or any excitatory neuron (Inhib  →  Excite). **** P < 0.0001, Wilcoxon rank-sum test. 
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Materials and Methods 
Mice 
All animal procedures followed animal care guidelines approved by Stanford University’s Administrative 
Panel on Laboratory Animal Care (APLAC) and guidelines of the National Institutes of Health. Male 
C57/BL6 mice (6-10 weeks) were used for experiments. For dark/light experiments, mice were housed on 
a standard light cycle followed by placement in constant darkness for 5 days. After dark housing, mice 
were either sacrificed or light-exposed for 1 hour before sacrifice. For cocaine experiments, mice were 
injected with either saline or 15 mg/kg cocaine 1 hour before sacrifice. For thin sections, animals were 
anesthetized with isofluorane and rapidly decapitated. Brain tissue was removed, placed in O.C.T, frozen 
in liquid nitrogen, and sliced using a cryostat (Leica CM1900; detailed information below in the thin-
tissue slice section).  For large volume samples, animals were anesthetized with Buprenex (100 mg/ml, 
i.p.), transcardially perfused with cold PBS, then perfused with 4% PFA (detailed information below in 
the large-volume sample section).  Thy1-YFP mice were B6.Cg-Tg(Thy1-YFP)HJrs/J. Transgenic 
parvalbumin mice were generated by crossing Parv-IRES-Cre (JAX#8069) and Ai14 (JAX # 7908) mice. 
 
Chemicals and enzymes 
Chemicals and enzymes listed as name (supplier, catalog number): Gel Slick Solution (Lonza, 50640). 
PlusOne Bind-Silane (GE Healthcare, 17-1330-01). Poly-L-lysine solution, 0.1% w/v (Sigma, P8920). 
Ultrapure distilled water (Invitrogen, 10977-015). Glass bottom 12-well and 24-well plates (MatTek, 
P12G-1.5-14-F and P24G-1.5-13-F). #2 Micro coverglass, 12 mm diameter (Electron Microscope 
Sciences, 72226-01). O.C.T. Compound (Fisher, 23-730-571). 16% PFA, EM grade (Electron Microscope 
Sciences, 15710-S). Methanol for HPLC (Sigma-Aldrich, 34860-1L-R). PBS, 7.4 (Gibco, 10010-023 for 
1× and 70011-044 for 10×). Tween-20, 10% solution (Calbiochem, 655206). Triton-X-100, 10% solution 
(Sigma-Aldrich, 93443). OminiPur Formamide (Calbiochem, 75-12-7). 20×SSC buffer (Sigma-Aldrich, 
S6639). Ribonucleoside vanadyl complex (New England Biolabs, S1402S). Sheared salmon sperm DNA 
(Invitrogen, AM9680). SUPERase·In (Invitrogen, AM2696). T4 DNA ligase, 5 Weiss U/µL (Thermo 
Scientific, EL0011). Phi29 DNA polymerase (Thermo Scientific, EP0094). 10 mM dNTP mix (Invitrogen, 
100004893). BSA, molecular biology grade (New England Biolabs, B9000S). 5-(3-aminoallyl)-dUTP 
(Invitrogen, AM8439). BSPEG9 (Thermo Scientific, 21582). Acrylic acid NHS ester, 90% (Sigma-
Aldrich, A8060). Methacrylic acid NHS ester, 98% (Sigma-Aldrich, 730300). DMSO, anhydrous 
(Molecular Probes, D12345). Acrylamide solution, 40% (Bio-Rad, 161-0140). Bis Solution, 2% (Bio-
Rad, 161-0142). Ammonium persulfate (Sigma-Aldrich, A3678). N,N,N′,N′-Tetramethylethylenediamine 
(Sigma-Aldrich, T9281). OminiPur SDS, 20% (Calbiochem, 7991). Protease K, RNA grade (Invitrogen, 
25530049). Shrimp Alkaline Phosphatase (New England Biolabs, M0371L). DAPI (Molecular Probes, 
D1306). NeuroTrace Fluorescent Nissl Stains, yellow (Molecular Probes, N-21480). PMSF (Sigma, 
93482). Papain (Worthington, LS003127). Matrigel (Corning Life Sciences, 356234). Neurobasal-A 
medium (Invitrogen, 21103-049). FBS (HyClone, SH3007103). B-27 supplement (Gibco, 17504044). 2 
mM Glutamax (Gibco, 35050-061). Fluorodeoxyuridine (Sigma, F-0503). Anti-NeuN antibody (Abcam, 
190565). 
 
Primary mouse cortical neuron culture 
Neoortices or hippocampi from mouse pups were removed at postnatal day 0 (P0), digested with 0.4 
mg/mL papain and plated onto 24-well glass-bottomed plates pre-coated with 1:30 Matrigel at a density 
of 65,000 cells per well. Cultured neurons were maintained in Neurobasal-A medium containing 1.25% 
FBS, 4% B-27 supplement, 2 mM Glutamax and 2 mg/ml fluorodeoxyuridine, and kept in a humid culture 
incubator with 5% CO2 at 37°C. 
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smFISH 
Stellaris ShipReady smFISH probes of mouse Gapdh with Quasar 570 were purchased from LGC 
Bioresearch Technologies (SMF-3002-1). smFISH experiments were performed according to the 
manufacturer’s protocols for adhesive cell and frozen mouse brain tissue.  
 
STARmap probe design 
SNAIL probes were designed as follows: (1) For genes with multiple transcript isoforms, only the shortest 
isoforms were considered and the coding regions were used except for non-coding RNAs; (2) Picky 2.2 
was used to design the hybridization sequence of each probe pair with length restriction of 40-46 
nucleotide; 4 sequences for each gene were designed; (3) the resulting complementary DNA (cDNA) 
sequences (40-46 nt) were split into halves of 20-25 nt, with an 0-2 nt gap in between, and with the best 
match of melting temperature (Tm) between the two halves. All the probes were under 60 nt and 
manufactured as by Integrated DNA Technologies (IDT). For the 160- and 1020-transcript experiments, 
the homemade sequencing reagents included six reading probes (R1 to R6) and sixteen 2-base encoding 
fluorescent probes (2base_F1 to 2base_F16) labeled with Alexa 488, 546, 594 and 647. YFP probes were 
ordered with Acrydite modification, the SNAIL primer probes for the 28-transcript large-volume 
experiment were ordered with 5’amino modification and further modified by AA-NHS; and the 
sequencing was carried out using 11-nt orthogonal reading probes (OR1 to OR7) and four 1-base 
fluorescent probes (1base_F1 to 1base_F4). All sequences were included in Table S1 (SNAIL probes) and 
Table S2 (SEDAL probes). 
 
STARmap procedure for cell culture and thin tissue sections  
 
Sample preparation: Glass-bottom 12- or 24-well plates were treated by 
methacryloxypropyltrimethoxysilane (Bind-Silane). For brain-tissue slices, 12-well plates were further 
treated with poly-L-lysine solution. #2 Micro coverglasses (12 mm) were pretreated with Gel Slick for 
later polymerization following manufacturer’s instructions. Primary neuron cell cultures were fixed with 
1.6% PFA in PBS for 10 min then transferred to pre-chilled (-20oC) methanol and kept at -80oC for at 
least 15 min (and up to 1 wk). For brain-tissues, freshly harvested mouse brains were immediately 
embedded in O.C.T. and snap-frozen. Tissues were either stored at -80oC or transferred to the cryostat and 
cut as 16-µm slices. Slices containing primary visual cortex were mounted in the pretreated glass-bottom 
plates. Brain slices were fixed with 4% PFA in PBS at r.t. for 10 min, permeabilized with -20oC methanol 
and then placed at -80oC for 15 min before hybridization.  
 
Library construction: SNAIL probes were dissolved at 100 or 200 µM in ultrapure RNase-free water and 
pooled. The probe mixture was heated at 90oC for 2 to 5 min and then cooled down at r.t. The samples 
were taken from -80oC and equilibrated to r.t. for 5 min, washed by PBSTR (0.1% Tween-20, 0.1 U/µL 
SUPERase·In in PBS) for 2-5 min and incubated in 1× hybridization buffer (2X SSC, 10% formamide, 
1% Tween-20, 20 mM RVC, 0.1 mg/ml salmon sperm DNA and pooled SNAIL probes at 100 nM per 
oligo) in 40oC humidified oven with gentle shaking overnight. The samples were then washed for 20 min, 
twice, with PBSTR, followed by one 20 min wash in 4X SSC dissolved in PBSTR at 37oC. Finally, the 
sample was briefly rinsed with PBSTR once at r.t. The samples were then incubated for two hours with 
T4 DNA ligation mixture (1: 50 dilution of T4 DNA ligase supplemented with 1X BSA and 0.2 U/µL of 
SUPERase-In) at room temperature with gentle agitation. Then samples were washed twice with PBSTR, 
incubated with RCA mixture (1: 50 dilution of Phi29 DNA polymerase, 250 µM dNTP, 1X BSA and 0.2 
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U/µL of SUPERase-In and 20 µM 5-(3-aminoallyl)-dUTP) at 30 °C for two hours under agitation. The 
samples were next washed twice in PBST (PBSTR omitting SUPERase·In) and treated with 20 mM 
Acrylic acid NHS ester in PBST for two hours at r.t. The samples were briefly washed with PBST once, 
then incubated with monomer buffer (4% acrylamide, 0.2% bis-acrylamide, 2X SSC) for 30 min at RT. 
The buffer was aspirated and 10 µL of polymerization mixture (0.2% ammonium persulfate, 0.2% 
tetramethylethylenediamine dissolved in monomer buffer) was added to the center of the sample, which 
were immediately covered by Gel Slick coated coverslip and incubated for 1 hour at r.t., then washed by 
PBST twice for 5 min each. The tissue-gel hybrids were digested with Proteinase K (0.2 mg/ml) at 37oC 
for one hour, then washed with PBST three times (5 min each).  
 
Imaging and sequencing: For single-gene detection, the 19-nt fluorescent oligo complementary to DNA 
amplicon was diluted at 500 nM in 1X SSC dissolved in PBST and samples incubated at r.t. for 30 min, 
then washed by PBST three times for 5 min each before imaging. For sequencing, each sequencing cycle 
began with treating the sample with stripping buffer (60% formamide,0.1% Triton-X-100) at r.t. for 10 
min twice, followed by three PBST washes, 5 min each. The sample was incubated with the sequencing 
mixture (1XT4 DNA ligase buffer, 1: 25 dilution of T4 DNA ligase, 1XBSA, 10 µM reading probe and 5 
µM fluorescent oligos) at r.t. for 3 hours. Then the sample was rinsed with washing and imaging buffer 
(2XSSC and 10% formamide) for three times (10 min) each before proceeding to imaging. DAPI staining 
was performed following manufacturer’s instruction before Cycle 1 and after Cycle 6 for the purpose of 
registering sequencing images with Nissl staining. Nissl staining was performed after Cycle 6 following 
manufacturer’s instruction for the purpose of cell segmentation. Images were acquired using Leica TCS 
SP8 confocal microscopy with a 405 diode, white light laser, 40´ oil-immersed objective (NA 1.3), with 
voxel size of 78 nm ´ 78 nm ´ 315 nm.  
 
Thin-section STARmap Data Processing 
All image processing steps were implemented using MATLAB R2017A. For the full list of software 
packages used, see “Software References Note” below. The STARmap pipeline and analysis tools can 
be found at: https://github.com/weallen/STARmap  
 
Image Registration: Image registration was accomplished using a three-dimensional fast Fourier 
transform (FFT) to compute the cross-correlation between two image volumes at all translational offsets.  
The position of the maximal correlation coefficient was identified and used to translate image volumes 
to compensate for the offset. All images were registered to the first round of sequencing, first through a 
global transform across the entire field of view, and then separately for each tile (corresponding to the 
individual tiled fields of view used by the microscope during image acquisition).  
 
Spot Calling: After registration, individual dots were identified separately in each color channel on the 
first round of sequencing. For the 160 gene experiment, dots of approximately 7 pixels in diameter were 
identified by first filtering the volume with a three-dimensional Laplacian of Gaussian filter, and then 
finding local maxima in 3D. For the 1020 gene experiment, dots were found using a similar approach 
but in which the Laplacian of Gaussian was computed at multiple scales and the maxima was found 
across these scales.  After identifying each dot, the dominant color for that dot across all four channels 
was determined on each round in a 3x3x1 voxel volume surrounding the dot location.  
 
Barcode Filtering: Dots were first filtered based on quality score. The quality score quantified the extent 
to which each dot on each sequencing round came from one color rather than a mixture of color. The 
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barcode codebook was converted into colorspace, based on the expected color sequence following 2-
base encoding of the barcode DNA sequence. Dot color sequences that passed the quality threshold and 
matched sequences in the codebook were kept and identified with the specific gene that that barcode 
represented; all other dots were rejected. The high-quality dots and associated gene identities in the 
codebook were then saved out for downstream analysis.  
 
2D Cell Segmentation: Nuclei were manually identified from a maximum intensity projection of the 
DAPI channel following the final round of sequencing. Cell bodies were first identified using a Random 
Forests classifier implemented in Ilastik, based on Nissl staining. The classifier was trained on a 
randomly selected subset of cropped regions from all samples, and then applied to the full image. The 
thresholded probability map was then pixel-dilated to fill in remaining holes. Finally, a marker-based 
watershed transform was then applied to segment the thresholded cell bodies based on the combined 
thresholded cell body map and identified locations of nuclei. A convex hull was computed around each 
cell body. Points overlapping each convex hull in 2D were then assigned to that cell, to compute a per-
cell gene expression matrix.  
 
Single-cell data preprocessing: All single-cell analyses were implemented using a custom software 
package in Python for the analysis of STARmap experiments. The per-cell expression matrix was first 
normalized for the expression value Eij across all genes j for each cell i with the formula: 
 

Nij = ln(1+median(Ei:)*(Eij/Σ Ei:)) 
 
For clustering, effects relating to the number of transcripts per cell, the identity of the sample, and the 
experimental condition (light vs dark) were regressed out using the linear model: 
 

Eij = nSpotsi+exptIDi+exptCondi 
 
with the assumption that Eij is Poisson distributed.  
 
Top-level single-cell clustering: After normalization and scaling, principal-components analysis was 
applied to reduce dimensionality of the cellular expression matrix. Based on the explained variance ratio, 
the top PCs were then used for top-level clustering, based on manual analysis of the explained variance 
ratio per PC. The top PCs were then clustered using the shared nearest neighbor (SNN) algorithm with 
Louvain distances (23). Clusters enriched for the excitatory neuron marker Slc17a7 (vesicular glutatamate 
transporter), inhibitory neuron marker Gad1, and non-neuronal marker Mqp were manually merged to 
form three major clusters representing these cell types. The cells were displayed using the Uniform 
Manifold Approximation and Projection (UMAP) (https://github.com/lmcinnes/umap). The cells for each 
cluster were then subclustered using PCA decomposition followed by Louvain SNN (25) clustering to 
determine specific cell types.  
 
Single-cell subclustering: The inhibitory, excitatory, and non-neuronal clusters were then subclustered 
using the same approach as applied to the major clusters.  
 
Differential expression analysis: Genes specifically variable in this subcluster were selected by computing 
the P value of differential expression of each gene between each cluster and all other clusters, using a 
bimod test (likelihood-ratio test, 45). The P values were FDR corrected based on the number of clusters.   
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STARmap procedure for thick tissue sections 
 
Sample preparation: Glass-bottom 12- well plates and micro coverglass (12 mm) were pretreated the same 
as for thin tissue sections. The mice were perfused with PFA, post-fixed on ice for 2-3 hours, transferred 
to PBS on ice for 30 min, and cut as 150-µm slices. The slices containing primary visual cortex were 
transferred into the pretreated glass-bottom plates and washed once with ice-cold PBS. 
 
Library construction: The samples were precleared with -20oC-chilled methanol at 4oC for 1 hour, then 
incubated in 1× permeabilization and hybridization buffer (2X SSC, 10% formamide, 1% Triton-X-100, 
20 mM RVC, 0.1 mg/ml salmon sperm DNA and pooled SNAIL probes at 100 nM per oligo, and 0.2% 
SDS) in 40oC humidified oven with gentle shaking for two days. The methanol treatment protects samples 
from expansion and deformation; for co-detection of protein and RNA (Thy1-YFP), methanol 
preclearance was skipped. The samples were then washed with PBSTV (0.1% Triton and 2 mM RVC) at 
37oC twice for 1 hour each, then PBS once for another hour. The samples were next incubated with 
polymerization mixture I (4% Acrylamide, 0.2% bis-acrylamide, 2X SSC, 0.1% VA-044) for 1 hour at 
4oC. The buffer was aspirated and 40 µL of polymerization mixture II (0.1% ammonium persulfate, 0.1 
% tetramethylethylenediamine dissolved in polymerization mixture I) was added to the center of the 
samples, which were immediately covered by Gel Slick coated coverslip and incubated for 1 hour at 40oC. 
The samples were then washed by PBSTV twice for 20 min each. The tissue-gel hybrids were digested 
with Proteinase K (0.2 mg/ml in 2XSSC, 1% SDS) at 37oC overnight, then washed with PBSF (2 mM 
PMSF in PBS) and PBSTR twice times (30 min each). The samples were next incubated for 12 hours with 
T4 DNA ligation mixture (1: 50 dilution of T4 DNA ligase supplemented with 1X BSA and 0.2 U/µL of 
SUPERase-In) at room temperature with gentle agitation. Then the samples were washed twice with 
PBSTR (1 hour each), then incubated with RCA mixture (1: 50 dilution of Phi29 DNA polymerase, 250 
µM dNTP, 1X BSA and 0.2 U/µL of SUPERase-In and 20 µM 5-(3-aminoallyl)-dUTP) at 30 °C for 12 to 
24 hours. Finally, the samples were crosslinked by BSPEG9 (16). 
 
Imaging and sequencing: The samples were first stained with DAPI overnight then rinsed by PBS for 1 
hour. Each cycle began with treating the sample with stripping buffer (60% formamide,0.1% Triton-X-
100) at r.t. for 20 min twice, followed by three PBST washes, 20 min each. The sample was incubated 
with large volume sequencing mixture (1XT4 DNA ligase buffer, 1: 50 dilution of T4 DNA ligase, 1XBSA, 
5 µM orthogonal reading probe and 400 nM 1-base fluorescent oligos) at r.t. for 4 hours. Then the sample 
was rinsed with PBS twice (20 min each) before proceeding to imaging. Images were acquired using Leica 
TCS SP8 confocal microscopy with a 405 nm diode, white light laser, and 25´ water-immersion objective 
(NA 0.95), with voxel size of 0.9 µm ´ 0.9 µm ´ 1 µm.  
 
Large-volume STARmap Data Processing 
Image Registration 3D FFT registration was again applied, except using the DAPI channel for 
registration. Specifically, the DAPI channel on each round was registered to the first round globally, and 
then piece-wise in a 4x5 grid corresponding to the field-of-view tiles used to acquire the image.  
 
Cell Finding and Quantification: After registration, cells were identified using minima of a Laplacian-
of-Gaussian filter applied to the DAPI channel. To quantify the expression of each gene, the average 
intensity in each color channel was averaged in a 10´10´3 voxel volume around each nucleus.  
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3D Cellular Analysis: Cells were first clustered into inhibitory, excitatory, and non-neuronal using Gad1, 
Slc17a7, and several non-neuronal genes using K-means clustering. Each cluster was then subclustered 
using K-means clustering. The initial values of the K-means clustering were set to the average expression 
of each marker genes. To compute distances between cell types, the nearest-neighbor distance was 
computed between cells in all excitatory neurons and each inhibitory neuron subtype, using a kD-tree (46) 
for fast nearest neighbor computations with Euclidean distance.  
 
Actb spike-in to evaluate the physical limits of STARmap 
The 100 and 1000 genes all shared a common 18 nt sequence (sequence A) in the padlock which would 
be amplified in the final nanoballs. We then designed another set of SNAIL probes for Actb with a different 
18 nt sequence (sequence B). The SNAIL probes of Actb and those of 0, 100, or 1000 genes were mixed 
together and used in the hybridization. Both the Actb spike-in and 100 & 1,000 genes had gone through 
the same ligation and amplification step to ensure equal efficiency. For readout, two fluorescent detection 
oligos (Alexa488-probes complementary to sequence B and Alexa 647-probes targeting sequence A) were 
added to the samples; the amplicons of Actb and amplicons of the rest of the genes were be imaged in two 
separate channels. We then tested if the number of amplicons of Actb RNA would be diluted by increased 
numbers of other genes, as an indication of molecular crowding (fig. S15). 
 
Immunostaining of CLARITY tissue 
PFA fixed tissue was processed as described previously (15). Briefly, 200 µm thick PFA fixed brain 
sections were placed in a 1% acrylamide embedding solution at 4oC for 23 hours, embedded at 37oC for 
4 hours, and then passively cleared for 5 days. Cleared sections were washed in PBST for 2 days, stained 
with anti-NeuN (1:100) for 24 hours at RT, and then washed for 24 hours in PBST. Sectioned were imaged 
using confocal microscopy. 
 
Open-source Software References Note 
The following open-source software was used in the STARmap image processing and analysis pipeline: 

• SciPy: Jones E., Oliphant E., Peterson P., et al. SciPy: Open Source Scientific Tools for Python, 
(2001-). http://www.scipy.org  

• Numpy: Oliphant E. A., Guide to NumPy, Trelgol Publishing (2006). http://www.numpy.org  

• Matplotlib: Hunter J. D. Matplotlib: A 2D graphics environment, Computing In Science & 
Engineering (2007). http://www.matplotlib.org  

• Scikit-learn: Pedregosa et al., Scikit-learn: Machine learning in Python, Journal of Machine 
Learning Research 12, 2825-2830 (2011). http://scikit-learn.org/stable/index.html  

• Ilastik: Sommer C., Strähle  C., Köthe U., Hamprecht F. A. ilastik: Interactive Learning and 
Segmentation Toolkit, Eighth IEEE International Symposium on Biomedical Imaging 
(ISBI) Proceedings (2011). http://www.ilastik.org  

• UMAP: McInnes L. and Healy J.. UMAP:  Uniform Manifold Approximation and Projection for 
Dimension Reduction https://arxiv.org/abs/1802.03426 (2018). 
https://github.com/lmcinnes/umap  
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• Pandas: McKinney W. Data Structures for Statistical Computing in Python. Proceedings of the 
9th Python in Science Conference, 51-56 (2010). https://pandas.pydata.org/  

• Scikit-image: van der Walt S. et al., scikit-image: Image processing in Python. PeerJ 2:e453 
(2014). http://scikit-image.org/  

• IPython: Perez F., Granger B.E. IPython: A System for Interactive Scientific Computing. 
Computing in Science & Engineering, 9, 21-29 (2007). https://ipython.org/  

• Seaborn: http://seaborn.pydata.org    

• Statsmodels: Skipper S., and  Perktold J. Statsmodels: Econometric and statistical modeling with 
Python. Proceedings of the 9th Python in Science Conference (2010). 
https://www.statsmodels.org/stable/index.html  

• OpenCV: Bradski G., The OpenCV Library. Dr. Dobb's Journal of Software Tools (2000). 
https://opencv.org/  

• ImageJ: Ruden C.T., et al. ImageJ2: ImageJ for the next generation of scientific image data. 
BMC Bioinformatics 18:529 (2017). https://imagej.nih.gov/ij/  
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Fig. S1. SNAIL probes for high-quality RNA imaging: mouse brain instantiation. (A) Design of 
SNAIL probes (one component of STARmap): each primer or padlock probe has 19-25 nt (labeled by 
blue double-headed arrows) to hybridize with target RNA with a designed Tm of 60oC, while the 
complementary sequence between the primer and padlock is only 6 nt on each arm (labeled by red double-
headed arrow) with Tm below room temperature, so that primer-padlock DNA-DNA hybridization is 
negligible during DNA-RNA hybridization at 40oC, but allows DNA ligation by T4 DNA ligase in the 
following step. Tm, melting temperature of nucleic acids. (B) Comparison of signal-to-noise ratios (SNR; 
mean intensity of signal spots/mean intensity of background) of commercial smFISH probes and SNAIL 
probes targeting Gapdh mRNAs in mouse cortical cell cultures and mouse visual cortex sections. Error 
bars: standard deviation (s.d.) of spot intensity. Error bars are s.d. of 39,398 pixels; 30,297 pixels; 97,555 
pixels; and 19,392 pixels corresponding to RNA signals out of 640,000 pixels in acquired images; *** 
P<0.0001, Student’s t-test. (C-F) Fluorescence images of Gapdh smFISH (C and E) and SNAIL probes 
(D and F) in cortical cell cultures (C and D) and visual cortex sections (E and F); scale bars, 10 µm. (G) 
Comparison of multiplexed RNA imaging methods using rolling circle amplification (RCA): in 
comparison with FISSEQ and padlock probes, SNAIL probes have overcome the efficiency-limiting step 
of reverse transcription and greatly simplified the experimental procedure; while PLAYR requires four 
probes, one additional step and two ligation sites, SNAIL only requires a pair of probes and one ligation 
site. (H) Boxplots of RNAs per cell of 151 cell type gene markers measured by single-cell RNA 
sequencing (scRNA-seq; 25) and STARmap (extracting from 160-gene mapping of visual cortex). Box: 
the first and third quartiles; middle line: median; whisker: 5% and 95% data points. P value, rank-sum 
test. (I) Summary of single-cell RNA sequencing and RCA-based multiplexed RNA detection methods, 
numbers were extracted from references (2, 6, 21, 47). 
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Fig. S2. Distinct hydrogel-tissue chemistry (HTC) for background reduction and amplicon 
immobilization in STARmap. (A) Schematic of hydrogel-tissue chemistry for STARmap in thin tissue 
slices. DNA amplicons are synthesized in the presence of minor levels of 5-(3-aminoallyl)-dUTP, which 
replaces T at a low rate and allows further functionalization with the polymerizable acrylamide moiety 
using acrylic acid N-hydroxysuccinimide ester (AA-NHS), so that the DNA amplicons are covalently 
anchored within the polyacrylamide network at multiple sites. (B-D) Fluorescence images (summed 
intensity from all four fluorescent channels) showing 160-gene detection in mouse visual cortex (B and 
C) and 16-gene detection in mouse medial habenula (D and E). Compared to untreated samples (B and 
D), samples treated with 5-(3-aminoallyl)-dUTP HTC and clearing of lipids and proteins (C and E) 
showed reduced opacity and autofluorescence. Scale bars: 50 µm. (F-G) DNA-gel crosslinking is 
indispensable to maintain DNA amplicons in the gel. 160-gene samples were prepared with or without 
AA-NHS and imaged within medial prefrontal cortex. Fresh samples prepared without AA-NHS had 36% 
signal loss compared to AA-NHS treated samples and had suffered from further 40% signal loss after 
stored at room temperature for 24 hours, while AA-NHS treated sample only had 9 % signal change (F). 
(F) Fluorescence intensities are the mean of four technical replicates with the imaging dimension of 120 
µm ´120 µm ´ 3µm. Error bar, mean ± s.d.; *** p < 0.001, two-sided t-test. (G) Fluorescence images. 
Scale bars, 3.5 µm. (H) Zoomed-in fluorescence images of one neuron in visual cortex detecting Gapdh 
RNA by STARmap for Cycle 1, stripping, Cycle 2 and merged images of Cycle 1 and Cycle 2, 
demonstrating stable spatial position of DNA amplicons over sequencing cycles. Scale bars, 2 µm. 
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Fig. S3. The low-background error-correcting in situ sequencing component of STARmap: 
sequencing by dynamic annealing and ligation (SEDAL). (A) Schematic of SEDAL. SEDAL involves 
a T4 DNA ligase with activity strongly hindered by base mismatches, and two kinds of sequencing probes: 
reading probes that set the base position to be interrogated, and fluorescent decoding probes that transduce 
base information into colors for imaging. Unlike other sequencing-by-ligation methods which use pre-
annealed reading probes (or equivalent), the reading probe in SEDAL is short (11 nt, with Tm near room 
temperature), partially degenerate (as shown here, for cycle 4, the first two base at 5’ end are N, equal 
amount mixture of A, T, C and G), and mixed with decoding probes and T4 DNA ligase for a one-step 
reaction. At room temperature, the reading probe remains in a dynamic state of annealing with and 
detaching from the DNA template. Only when the reading probe perfectly matches the DNA template, T4 
DNA ligase (blue) ligates it to the fluorescent 8-nt decoding probe. The short reading and decoding probes 
are then washed away, leaving fluorescent 19-nt products stably hybridized to the DNA amplicon for 
imaging. For the next cycle, previous fluorescent products are stripped and the reading probe includes one 
more degenerate base to shift the reading frame by one base (Fig. 1E). 5’P: 5’ phosphate. 3’InvT: 3’ 
inverted dT base that prevents self-ligation of the reading probe. 3’OH: 3’ hydroxyl group. (B) 
Comparison of key properties of all sequencing-by-ligation methods. (C-F). Background problem 
associated with the commercial SOLiD sequencing kit when applied to mouse brain tissue (C and D) 
while custom SEDAL reagents exhibit minimal background (E and F). Signal images (C and E) represent 
the first cycle of sequencing for the Malat1, Actb, Calm1 and Snap25 genes. Background images (D and 
F) were acquired after cleavage/stripping of the first cycle. Scale bars, 50 µm. (G and H) Schematic of 
the 1-base and 2-base encoding paradigms, along with example results with or without a single sequencing 
error (wrong color) during cycle 3. For 1-base encoding, a single sequencing error leads to one base 
mutation and thus the wrong 5-base code (G). For 2-base encoding, the six-cycle paradigm plays an error-
reduction role: since a single error during any sequencing cycle will propagate and cause the flanking 
known base G to mutate into other bases; thus erroneous reads can be rejected (H). (I-L) Actual data from 
cPAL (representing a 1-base encoding scheme) and SEDAL (representing a 2-base encoding scheme) 
applied to 4-gene detection in mouse visual cortex. The SNAIL probes for Malat1, Actb, Calm1 and 
Snap25 were identical for the two conditions and the Hamming distance for each pair of the four 5-base 
codes was 5 (i.e. complete non-homology); with such sparse coding, the sequencing error rate was 
estimated by the percentage of wrong spots (not the four 5-base codes used) out of all detected spots. (I-
J) Spatial map of the four genes detected by cPAL (I) and SEDAL (J). (K-L) The error rate of cPAL in 
the 4-gene experiment was 29.4% (K) while the error rate of SEDAL was 1.8% after the built-in error 
reduction (L), related to I and J, respectively.  
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Fig. S4. Data processing pipeline for STARmap. (A) Diagram showing processing pipeline to extract 
decoded reads from raw imaging data (see also Methods for detail corresponding to each step). (1) 
Samples are imaged over multiple rounds. (2) Samples are registered across rounds, showing two rounds 
(green and purple) with a misalignment that must be corrected by registration. (3) Spots are automatically 
identified in each color channel (independently in the first round) as putative amplicons that will be 
decoded based on the color values at the point in each round. (4) Reads are called based on comparing the 
maximum intensity of each spot in each round across channels with the predicted color sequences for each 
barcoded DNA sequence (colorspace-encoded barcodes). (5) Cells are detected using machine learning-
based segmentation that takes into account various intensity and texture features in order to segment Nissl 
containing cells from background (described in (B)). (6) Reads are assigned to cells by computing the 
overlap between each valid read’s position and a convex hull of the segmented area for each cell. The 
gene encoded by a read that overlap with a cell’s convex hull are assigned to that cell. (B) Method for 
determining cell extents. (1) A random forest classifier (a non-parametric machine learning algorithm for 
label prediction) is trained on a subsampled set of Nissl-stained data to discriminate cell-containing areas 
vs. background. (2) Cell locations are manually selected using the DAPI (cell nucleus) channel. (3) The 
classifier is applied to the whole image to predict the location of cells. (4) Cells are segmented from this 
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prediction using marker-based watershed, which segments the cell-labeled areas of the image into discrete 
cell bodies based on the known locations of nuclei. (C) Method for clustering and subclustering per-cell 
expression data. (1) Data are represented in a matrix of cells-by-genes, as z-scored log-transformed counts. 
(2) Principal components analysis (PCA) is applied to the matrix to reduce to a cells-by-factors matrix. 
(3) The location of cells is plotted using uniform manifold approximation for visualization (UMAP) (a 
nonlinear dimensionality reduction technique for the 2D visualization of high-dimensional data). (4) Cells 
are clustered by PCA values using shared-nearest-neighbor-based graph clustering. (5) The expression 
values of cells corresponding to individual clusters are then taken and used again for sub-clustering.  
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Fig. S5. Additional gene expression information for STARmapping of inhibitory and excitatory 
subclusters. (A) Z-scored expression matrix of excitatory cell types, showing clustering of multiple 
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differentially-expressed genes per cell type. Genes shown are selected based on a false discovery rate 
(FDR)-adjusted P value threshold of 10-10 and a minimum log10 fold change of 0.1, using a likelihood-
ratio test, for genes that are expressed in cells within each cluster versus cells in any other cluster. (B) 
UMAP visualization of relative expression (normalized to min and max across all excitatory cells) of 
multiple known layer-specific genes enriched in each cluster across cells, showing that most are enriched 
in a specific excitatory subtype. (C) Expression matrix of inhibitory cell types, selected as in (A).  (D) 
UMAP visualization showing relative expression of known interneuron marker genes, showing each is 
enriched specifically in an inhibitory neuronal subtype.   
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Fig. S6. Subclustering of non-neuronal cell types. (A) UMAP visualization of 4 non-neuronal cell types. 
(B) Z-scored expression matrix of non-neuronal cell types. Genes shown are selected based on a false 
discovery rate (FDR)-adjusted P value threshold of 10-10 and a minimum log10 fold change of 0.1, using 
a likelihood-ratio test, for genes that are expressed in cells within each cluster versus cells in any other 
cluster. (C) UMAP visualization of per-cell expression of marker genes (top differentially expressed genes 
per cluster) for non-neuronal cell types, showing specificity for that cluster. Color indicates relative 
expression (normalized to min and max) of each gene across all non-neuronal cells.    
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Fig. S7. Lack of batch effects with reproducibility of cell clustering in STARmap. (A-C) UMAP 
visualization of cells color coded by sample replicates, and then grouped by major clusters (A), excitatory 
subclusters (B), and inhibitory subclusters (C) (D-G) Spatial maps of light and dark replicate pairs (top 
and bottom) of all cell types (D), excitatory cell types (E), inhibitory cell types (F), and non-neuronal cell 
types (G). 
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Fig. S8. Correlation of neuron types identified in STARmap 160-gene experiments and published 
single-cell RNA sequencing results. Pearson correlation of average gene expression across all genes 
within identified STARmap excitatory and inhibitory clusters, and corresponding clusters identified by 
single-cell RNA-seq from the Allen Brain Institute (24). For the single-cell RNA-seq data, the expression 
was averaged across all subtypes within a major type (e.g. L2/3), and only genes that were common 
between the single-cell RNA-seq and the 160-gene V1 experiment were used to compute the correlation. 
Scale, 0-0.6, Pearson correlation coefficients. 
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Fig. S9. Additional STARmap expression information of dark/light samples and activity-regulated 
genes. (A) Correlation of 160 genes of dark/light biological replicates showing that samples of the same 
condition are highly correlated than samples under different conditions; scale, Spearman R-value. (B) 
Log-scaled expression data (counts per cell) of ARGs in inhibitory and excitatory neuron subtypes. Genes 
with significantly increased expression in any cell type are highlighted in red. (C) Heatmap of the 
correlation of neuronal subtypes based on the correlation of mean expression of all ARGs in that cluster 
in response to light, showing that cells from inhibitory cell types are more correlated with other inhibitory 
cell types than with excitatory cell types, and vice versa. Note that scale ranges from R=0.8 to R=1. 
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Fig. S10. Additional gene expression information for STARmapping of cell-type subclusters of 
medial prefrontal cortex (mPFC). (A) UMAP visualization of excitatory subclusters. (B) Differentially 
expressed genes per excitatory subcluster. (C) UMAP visualization of inhibitory subclusters. (D) 
Differentially expressed genes per inhibitory subcluster. (E) UMAP visualization of non-neuronal 
subclusters. (F) Differentially expressed genes per non-neuronal subcluster. 
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Fig. S11. Reproducibility of cell clusters and spatial organization of mPFC by STARmap. (A-C) 
Spatial maps across four biological replicates of excitatory subclusters (A), inhibitory subclusters (B), and 
non-neuronal subclusters (C). 
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Fig. S12. STARmapping 1,020 genes in mouse hippocampal cell culture in 6-round sequencing. (A) 
Raw fluorescence image merging four fluorescent channels of the first round. (B) Examples of cell type 
markers. Neuronal gene marker (Scna) is well separated from non-neuronal gene marker (Mt1) and the 
distribution of neuronal subtype markers (Reln, Sst) are distinct. (C) Statistics of amplicons and genes per 
cell. Imaging area: 270 ´ 270 µm. 
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Fig. S13. Additional gene expression information for STARmapping of 1020 genes in mouse 
primary visual cortex. (A) Left: UMAP visualization of excitatory subclusters. Right: Differentially 
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expressed genes per excitatory subcluster. (B) Left: UMAP visualization of inhibitory subclusters. 
Right: Differentially expressed genes per inhibitory subcluster. (C) Left: UMAP visualization of non-
neuronal subclusters. Right: Differentially expressed genes per non-neuronal subcluster. 
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Fig. S14. Reproducibility and cross-method comparison of 1,020 genes measurements in mouse 
primary visual cortex by STARmap. (A) Correlation of reads per gene between two 1,020 gene 
replicates in visual cortex. (B) Histogram of detected reads per cell (left) and detected genes per cell 
(right). (C) Spatial map of cell types in other replicate of 1,020 gene visual cortex experiment. (D) 
Pearson correlation of average gene expression across all genes within identified STARmap 1,020 gene 
clusters, and corresponding clusters identified by single-cell RNA-seq from Allen Brain Institute (24).  
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Fig. S15. Scalability of STARmap. (A-C) Detection of Actb mRNA when increasing amounts of other 
RNAs are co-detected, to test for potential dilution effect of probe mixing along with the physical capacity 
of cells for SNAIL DNA amplicons. The SNAIL probe of Actb was designed with an orthogonal DNA 
sequence for detection and was spiked into the mix with probes of 0 (A), 100 (B) or 1,000 (C) other genes. 
If the SNAIL probe were less efficient when working in a mixture than working as a single probe, or if 
there were not enough space for rolling circle amplification, the Actb spike-in would have resulted in 
fewer amplicons, and/or the intensity of each amplicon would be reduced. Fluorescence images were 
acquired in mouse visual cortex; green: Alexa546 channel of Actb amplicons; red: Alexa 647 channel of 
all other genes; blue: DAPI staining of cell nuclei. (D) Quantification of panel A-C. Box plots show that 
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any effects of dilution and cell space limitation is insignificant at least up to the scale of 1,000 genes. Box: 
first and third quartiles; middle line: median; whisker: 5% and 95% data points; n: number of Actb 
amplicons across the 228✕228✕2 µm imaging volume; y axis: absolute fluorescence intensity. (E) 
Experimental and theoretical estimation of STARmap scalability. Coding: The 5-nt code can encode 1,024 
genes; the SNAIL probe has 35-nt coding space in addition to the RNA-complementary sequence; SEDAL 
requires 17-nt as a sequencing unit (11-nt docking region for reading probe plus 5-nt code and 1-nt 
flanking base) and thus the SNAIL probe can hold two such units and allow 410 (106) codes; with other 
sequencing methods for longer reads (e.g. SOLiD, 18-nt for primer binding and 17-nt for coding), the 
upper limit will approach 1011. Physical capacity has been verified here in mammalian neurons for up to 
1,000 genes; since the physical size of the DNA amplicon is around 100-200 nm as determined by AFM 
and TEM (7), given that the diameter of a cell is around 15 µm and using a close-packed model (space 
efficiency 74%), estimated maximum capacity is 106 amplicons per cell. Optical volume has been 
validated with the 1,020-gene experiments in mouse hippocampal cell culture and visual cortex 
experiments; amplicons/cell refers to those that had been successfully registered through all 6 sequencing 
rounds. As imaged by confocal microscopy, the mean diameter of the DNA amplicons is 400-600 nm; 
applying the same model as used in physical limits, the maximum capacity is 2✕104 amplicons per cell.  
The experimental data for 1,020 genes approaches this bound. Any numerical differences between cell 
culture and tissue slices may be attributed to the following considerations: (1) whole cells were imaged in 
cell culture while cell fractions were imaged in tissue slices (8 µm, < 1 cell thickness); (2) the hippocampal 
cell culture was less-differentiated compared to adult mouse brain, thus exhibiting a larger diversity of 
RNAs (more genes) per cell; (3) in contrast to the dense 3D packing of cells in brain tissue, cells cultured 
in vitro spread out considerably in the xy plane and become thinner in the z direction, while images in the 
xy plane exhibit higher optical resolution compared with in the z direction (voxel size 78´78´250 µm). 
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Fig. S16. Experimental flowcharts and cost estimates of STARmap for thin and thick tissue sections. 
(A) Experimental flowcharts of STARmap for thin and thick tissues. (B) Preparation of modified primer 
probes for large volume experiments: DNA probes were ordered with 5’amine modification, pooled, and 
converted to a polymerizable moiety by AA-NHS. (C) Experimental duration of different experimental 
design with various numbers of genes. (D) Comparison of RNA species, spatial resolution and throughput 
of STARmap with other single-cell approaches (48). Single-cell RNA sequencing may be combined with 
recently developed spatial transcriptomics methods to gain regional spatial resolution (100 µm; 49).  
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Fig. S17. Expression of multiple marker genes: sequential SEDAL readout. (A) Expression of each 
gene in 3D max projected in XY plane, showing spatial distributions of per-cell extracted gene expression 
values used for later clustering. Each gene z-scored per cell across all genes. (B) Voxel-wise correlation 
coefficient between distributions of each cell type, binned on 25 µm grid. 
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Fig. S18. 2D nearest neighbor analysis of short-range inhibitory clusters in mouse primary visual 
cortex and cross-method validation. (A) Average nearest neighbor distances between excitatory and 
different inhibitory cell types computed in the 2D projection of 8 µm (thinner than one cell) slices along 
z direction taken within the same 3D volume shown in Fig 6. The 2D nearest-neighbor distances cannot 
accurately estimate (overestimate) the 3D distances for the same cell types shown in Fig. 6G. (B) 
Examples of 3D short-range clusters of inhibitory neurons, zoomed view from Fig. 6C. (C) Short-range 
inhibitory neuron clusters were observed in the primary visual cortex of transgenic mice (generated by 
crossing Parv-IRES-Cre and Ai14): Pvalb-positive cells was by labeled tdtomato (green) and all neuronal 
nuclei were immunostained with Alexa 647-conjugated anti-NeuN (red). 
 
 
 


	science.aat5691.full_pdfa.pdf
	aat5691_SupplementalMaterial_Final_typoscorrected_pdfa.pdf

