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SUMMARY

Single-cell RNA sequencing offers a promising op-
portunity for probing cell types mediating specific
behavioral functions and the underlying molecular
programs. However, this has been hampered by a
long-standing issue in transcriptional profiling of
dissociated cells, specifically the transcriptional per-
turbations that are artificially induced during conven-
tional whole-cell dissociation procedures. Here, we
develop Act-seq, whichminimizes artificially induced
transcriptional perturbations and allows for faithful
detection of both baseline transcriptional profiles
and acute transcriptional changes elicited by
behavior/experience-driven activity. Using Act-seq,
we provide the first detailed molecular taxonomy of
distinct cell types in the amygdala. We further show
that Act-seq robustly detects seizure-induced acute
gene expression changes in multiple cell types,
revealing cell-type-specific activation profiles.
Furthermore, we find that acute stress preferentially
activates neuronal subpopulations that express the
neuropeptide gene Cck. Act-seq opens the way for
linking physiological stimuli with acute transcrip-
tional dynamics in specific cell types in diverse com-
plex tissues.

INTRODUCTION

The mammalian central nervous system supports a multitude of

cognitive and behavioral functions through coordinated action of

different neural circuits that are composed of diverse sets

of differentiated cell types. Essential to the functional dissection

of neural circuits is the precise identification and manipulation of

neuronal subsets that are activated during a specific behavior or

experience. The expression of immediate-early genes (IEGs),

which is rapidly and transiently induced by various cellular stimuli

including synaptic activity, has been widely used to map

neuronal activation patterns and to functionally label ensembles

of activated neurons (Kawashima et al., 2014; Tonegawa et al.,
2015). These approaches have been instrumental for under-

standing the functions of different brain regions and neuronal

populations. However, they are mostly limited to the detection

of one or a few IEGs, such as Fos, Egr1, and Arc, and the identity

of the activated cells are often unclear. Since the activation level

and dynamics of different IEGs can vary substantially between

brain areas and cell types (Kawashima et al., 2014), pre-selecting

one or a few IEGs without a systematic survey may limit the

detection of activated cell populations. On the other hand,

several techniques for bulk transcriptomic profiling of discrete

cell populations based on various molecular tags, such as trans-

lating ribosome affinity purification (TRAP) (Heiman et al., 2008),

RiboTag (Sanz et al., 2009), and phosphorylated ribosome cap-

ture (Knight et al., 2012), allow comprehensive interrogation of

the molecular features of different cell populations, including

activated neurons. Nonetheless, they do not preserve single-

cell identity, and rely on pre-selected ‘‘cell-type-specific’’

markers, which in many cases are not restricted to a single func-

tionally or molecularly distinct cell type. This can confound the

interpretation of results from these approaches. For example, it

may not be possible to definitively distinguish between activation

of neurons and that of non-neuronal cells, or between strong

activation of a small fraction of the cells and weak activation of

a large fraction of the cells.

Recent advances in single-cell RNA sequencing (scRNA-seq)

have offered unprecedented power to reveal fine-scale molecu-

lar differences that may underlie functional heterogeneity across

cell types (reviewed in Poulin et al., 2016). scRNA-seq can poten-

tially survey transcriptome-wide IEG activation and other tran-

scriptional changes in an unbiased manner, and therefore holds

the promise of providing a high-throughput, high-resolution tool

for revealing the cell-type identity and molecular features of

behaviorally relevant cell populations. Furthermore, single-cell

profiling of acute transcriptomic changes will be of broad value

to the study of diverse biological questions, such as studies on

molecular and cellular responses to tissue injuries and immuno-

logical stimuli.

A major, long-standing issue in transcriptional profiling of

dissociated cells, including scRNA-seq, has been artificially

evoked transcriptional perturbations that occur during conven-

tional whole-cell dissociation procedures. This dissociation pro-

cess has been shown to cause cell injury, cellular stress, and

excitotoxicity, all of which can cause gene expression changes
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(Kolodziejczyk et al., 2015; Lacar et al., 2016; Poulin et al., 2016).

This can not only mask endogenous acute gene expression

changes that are truly elicited by physiological stimuli, but may

also confound characterization of baseline transcriptional pro-

files. By dissociating single nuclei instead of whole cells, a recent

study showed the feasibility of isolating and profiling nuclei of

activated neurons using single-nuclei RNA-seq (snRNA-seq)

(Lacar et al., 2016). However, this method relies upon flow sort-

ing of nuclei after immunostaining for one particular IEG (FOS),

introducing bias in cell sampling (Lacar et al., 2016). Moreover,

compared to sequencing of whole cells, snRNA-seq detects

appreciably less mRNAs per cell and biases toward nascent, un-

processed RNA species (Habib et al., 2017; Lake et al., 2017).

snRNA-seq therefore may not be suitable when studying cell

types with low RNA content and/or when capture of processed,

more mature RNA species in the cytoplasm is of importance.

A method that enables faithful detection of both baseline

and physiologically induced transcriptional features through

scRNA-seq of whole cells is much needed.

Here,wedevelopedAct-seq,whichcombines scRNA-seqwith

a new single-cell preparation method that eliminates tran-

scriptional perturbations artificially induced by conventional cell

preparation procedures. Act-seq enables detailed cell-type clas-

sification and faithful detection of both baseline transcriptional

profiles and acute gene expression changes in response to phys-

iological stimuli. We applied Act-seq to the medial amygdala

(MeA), a brain region important for the modulation of emotional

processing and social behavior (Swanson, 2000). Using Act-seq,

we generated the first detailedmolecular taxonomy ofMeA cells,

including 16 transcriptionally distinct neuronal subtypes as well

as several non-neuronal cell types. We further demonstrated

the ability of Act-seq to robustly capture acute gene expression

changes in both neurons and non-neuronal cells and found that

IEGs were differentially induced in different cell types. Lastly,

we applied Act-seq to detecting neuronal activation following

acute stress, revealing preferential activation of neuronal sub-

populations that expressed the neuropeptide gene Cck.

RESULTS

Unbiased scRNA-Seq Identifies Distinct MeA Cell Types
Previous studies have indicated heterogeneity in gene expres-

sion, electrophysiological property, morphology, connectivity,

and function among MeA neurons (Bergan et al., 2014; Bian

et al., 2008; Choi et al., 2005; Hong et al., 2014; Keshavarzi
Figure 1. Classification of MeA Major Cell Types Using Drop-Seq

(A and B) Schematic showing representative sections containing the dissected M

(C and D) Separation by principle components (PC) 1 and 2 (C) and two-dimens

single cells, colored according to major cell types. Olig., oligodendrocytes; Endo

(E) Heatmap showing expression level of select top cell-type marker genes (fold

(F) Boxplots showing the distribution of expression level of representative major

(G) Immunohistochemistry (NeuN) or FISH (Gja1, C1qc, Pdgfra, Opalin, Cldn5, a

the MeA.

(H) Quantification of the percentage of different major cell types revealed by stain

(I) Dendrogram showing gene coexpressionmodules defined usingWGCNA. Colo

major cell type for each gene. N, neurons; AS, astrocytes; MG, microglia; OL, ol

(J) Heatmap showing Pearson correlation between module eigengenes and eac

shown where FDR < 0.05. See also Figures S1, S2, and S3 and Tables S1 and S
et al., 2014; Unger et al., 2015; Xu et al., 2012; Zirlinger et al.,

2001), but the cell type composition within the MeA remains

poorly characterized. To dissect cell types in the MeA, we per-

formed high-throughput single-cell transcriptional profiling using

Drop-seq (Macosko et al., 2015), wherein single cells are encap-

sulated into droplets containing single microparticle beads

coated with oligonucleotides that carry unique barcodes for

identifying individual cells and transcripts (Figures 1A and 1B).

We acquired 20,679 single-cell transcriptomes containing a total

of 16,233 genes from acutely microdissected and dissociated

MeA cells of adult mice (Figures 1A and 1B). Using principle

component analysis (PCA), dimensionality reduction by t-distrib-

uted stochastic neighbor embedding (tSNE), and clustering with

the Louvain-Jaccard algorithm (Blondel et al., 2008; Shekhar

et al., 2016), we unbiasedly grouped all the cells into multiple

distinct clusters (Figures 1C and 1D, Figure S1). Based on

expression of previously known common cell-type markers, we

identified seven main cell types in the MeA: neurons, astrocytes,

microglia, oligodendrocyte precursor cells (OPCs), oligodendro-

cytes, vascular endothelial cells, and mural cells (pericytes and

vascular smooth muscle cells) (Figures 1C–1F). Differential

gene expression analysis revealed numerous genes specifically

enriched in each class (Figures 1E and 1F; Table S1, Table S2),

many of which have been previously reported as cell-type

markers in other brain regions. We further confirmed the expres-

sion of markers of each major cell type in the MeA using fluor-

escent in situ hybridization (FISH) or immunohistochemistry

(Figure 1G) and observed that the cell-type composition in our

Drop-seq data largely corresponded with the proportion of

different cell types revealed by staining (Figures 1E and 1H).

In addition to known common cell-type markers, comparison

with cell-type specific RNA-seq data in the cortex (Tasic et al.,

2016; Zeisel et al., 2015; Zhang et al., 2014) identified several

genes that appeared to show cell-type enrichment patterns

unique to the MeA. For example, Gng13 (a G protein subunit)

and Vps8 (an endosomal trafficking protein) were enriched in

neurons in theMeA (fold change = 5.7 and 3.5, respectively, false

discovery rate [FDR] < 1.0 3 10�6) but not in neurons from the

previously examined cortical regions (Tasic et al., 2016; Zeisel

et al., 2015; Zhang et al., 2014). Similarly, Kcnt1 (a potassium

channel subunit) and Lgi1 (a leucine-rich repeat protein) showed

enrichment in astrocytes only in the MeA (fold change = 7.4

and 6.3, respectively, FDR < 1.0 3 10�6), but not in astrocytes

in the previously examined cortical regions (Tasic et al., 2016;

Zeisel et al., 2015; Zhang et al., 2014). The amygdala importantly
eA region (A) and single-cell isolation and sequencing using Drop-seq (B).

ional tSNE visualization (D) of 20,679 MeA cells. Individual dots correspond to

th., endothelial cells.

change > 3, FDR < 0.05) across individual cells.

cell-type markers across different cell types.

nd Vtn) for main cell-type markers (green) and fluorescent DAPI stain (blue) in

ing in all DAPI-stained cells in the MeA. Mean ± SD, n = 3 mice for all cell types.

r bars below indicate themodule assignment and Pearson correlation with each

igodendrocytes; EN, endothelial cells.

h major cell type. Correlation coefficients (R) and FDR-adjusted p values are

2.
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regulates sex-specific behaviors (Swanson, 2000). Several

genes, including Ecel1, Greb1, Esr1, and Rps6ka6, have been

reported to display sexually dimorphic expression in the MeA

(Xu et al., 2012). By examining the expression of these genes

in different cell types, we found that Ecel1, Greb1, and Esr1

were enriched in neurons, whereas Rps6ka6 appeared to be

more highly expressed in OPCs (Figure S2A), suggesting that

sexually dimorphic gene expression in the MeA may arise from

both neuronal and non-neuronal cell types.

To confirm the precision of our MeA dissection, we examined

the expression of two genes, Cyp26b1 and Bmp3, which were

selectively enriched in the neighboring basolateral (BLA) and

central (CeA) amygdalar nuclei, but not MeA (Figures S3E

and S3F). We confirmed that there was little expression of

these genes in our scRNA-seq data generated from the MeA

(Figures S3A and S3B). This lack of expression was not due

to an inability to detect these genes by Drop-seq, as they

were readily detectable by Drop-seq in cells dissociated from

a broader amygdalar region that included the BLA and CeA

(Figures S3C and S3D).

To further understand gene coexpression relationships across

cells at a systems level, we performed weighted gene coex-

pression network analysis (WGCNA), which defines distinct

coexpression modules of correlated genes independent of our

cell-type classification (Langfelder and Horvath, 2008). Notably,

this unsupervised analysis identified gene coexpression mod-

ules that showed specific, strong upregulation in the individual

cell types that we have independently defined, supporting our

clustering results (Figures 1I and 1J). In addition, gene ontology

analysis confirmed that these modules were enriched for genes

involved in functional processes closely related to the particular

cell types in which they were highly expressed (Figure S2B).

Neuronal and Astrocyte Heterogeneity in the MeA
To further explore neuronal diversity in the MeA, we performed

classification for 2,444 neurons with the highest transcript num-

ber in our dataset using the BackSpin algorithm (Zeisel et al.,

2015) (STAR Methods). We partitioned the neurons into 16 clus-

ters that could be distinguished by unique sets of markers,

including genes encoding neurotransmitter metabolism en-

zymes and transporters, neuropeptides, receptors, ion chan-

nels, and transcription factors (Figures 2A and 2B; Figures S4A

and S4B; Table S2). Clusters 1–8 expressed higher levels of

GABAergic markers (Gad1, Gad2, and Slc32a1), clusters 9–12

expressed higher levels of glutamatergic markers (Slc17a6 or

Slc17a7), and cluster 13 was enriched for Nos1 (nitric oxide syn-

thase 1) (Figure S4B; Figure 2B). Several neuropeptides,

including NPY (neuropeptide Y), CCK (cholecystokinin), sub-

stance P, CART peptides, and SST (somatostatin), have been

implicated in the regulation of emotional processes by the amyg-

dala (Ebner and Singewald, 2006; Griebel and Holsboer, 2012;

Lin and Sibille, 2015; Pérez de la Mora et al., 2007; Reichmann

and Holzer, 2016; Rogge et al., 2008; Rotzinger and Vaccarino,

2003). Nonetheless, the distribution of various neuropeptides in

different MeA neuronal populations is poorly documented.

We found that many neuropeptides exhibited distinct expression

profiles across MeA neuronal clusters. To highlight a few, Tac1

(encoding substance P) was enriched in cluster 1, and Cartpt
316 Neuron 96, 313–329, October 11, 2017
(encoding CART peptides) was enriched in clusters 1 and 2 (Fig-

ure 2B); Sst was predominantly expressed in clusters 4 and 5,

and was largely non-overlapping with Tac1 orCartpt (Figure 2B).

Cck overlapped with Tac1 and Cartpt in cluster 1 and was also

expressed in clusters 3, 10, and 11 (Figure 2B). In addition, we

found several transcription factors with cluster restricted expres-

sion patterns. For example, cluster 9 specifically expressed

Lhx1, Lhx5, and Nhlh2, whereas clusters 10 and 11 expressed

Mef2c and Bcl11b (data not shown).

To further validate the observations from Drop-seq, we per-

formed dual-color FISH. Costaining for Cartpt or Sst and Gad2

revealed expression of Cartpt and Sst largely in subsets of

Gad2+ neurons (Figures 2C, 2D, and 2I). On the other hand, cos-

taining for Cck and Gad2 or Slc17a7 confirmed that Cck was ex-

pressed in subsets of bothGad2+ and Slc17a7+ neurons (Figures

2E, 2F, and 2I). In addition, Sst and Cartpt were largely mutually

exclusive, whereas Cck and Cartpt signals showed partial over-

lap (Figures 2G, 2H, and 2J). These results agreed well with our

Drop-seq data. We further assessed the spatial distribution of

different neuronal subpopulations across different anatomical

subdivisions of the MeA using in situ hybridization data from

the Allen Mouse Brain Atlas (Lein et al., 2007) and observed

some degree of spatial separation between several subpopula-

tions. In particular, we found that Cartpt+ cells were enriched in

the posterodorsal MeA (MeApd) (Figures S4C–S4F), whereas

Sst+ cells showed a reduced density in the MeApd but were

broadly distributed in all other MeA subdivisions (Figures

S4O–S4R). Cck+ cells were mostly localized in the anteroventral

MeA (MeAav) and the MeApd (Figures S4G–S4J), and Nos1+

cells were enriched in the MeAav and the MeApv (Figures

S4K–S4N). Taken together, our analysis provides the first sys-

tematic transcriptional survey ofMeA neurons, revealing aspects

of molecular heterogeneity among these neurons that were

largely unappreciated before.

Astrocytes play important roles in the regulation of neuronal

development and function as well as immune response in the

central nervous system (Clarke and Barres, 2013; Sofroniew,

2015). In our dataset, astrocytes comprised the second largest

cell population (Figures 1E and 1H). Using Louvain-Jaccard clus-

tering, we further divided the MeA astrocytes into three distinct

subclasses (Figure 3A), which we refer to as AS1, AS2, and

AS3 hereinafter. While all three clusters shared a number of com-

mon astrocyte markers, such as Gja1, Lfng, and Agt, many

genes showed higher expression in one population relative to

the others (Figures 3B and 3C). For example, Nkx6-2, Sfrp5,

and Luzp2 were selectively enriched in AS1, while Myoc, Cidea,

and Gfap were selectively enriched in AS3 (Figure 3C). AS2

expressed marker genes that partially overlapped with AS1

and AS3 but clearly showed a distinct transcriptional profile

from AS1 and AS3. Relative to AS3, AS2 showed the expression

of a subset of AS1-expressed genes, such as Slc7a10, Mfge8,

andGria2, but not others, such asNkx6-2, Sfrp5, and Luzp2 (Fig-

ures 3B and 3C). AS2 also highly expressed a subset of AS3-ex-

pressed genes, such as Id3, Lcat, and Id1, but not others, such

as Myoc and Cidea (Figures 3B and 3C). Consistently, WGCNA

performed on astrocytes identified one gene coexpression mod-

ule (M1) significantly upregulated in AS1 and one module (M2)

strongly upregulated in AS3 (Figure 3D). Top enriched gene
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Figure 2. Neuronal Subtypes in the MeA

(A) Heatmap showing expression level of select top genes enriched (fold change > 1.5, FDR < 0.05) in each neuronal subcluster. Expression level is averaged

within each subcluster.

(B) Boxplots showing the distribution of expression level of representative subtype markers across 16 neuronal subclusters.

(C–H) Dual-color FISH (dFISH) for select neuropeptide (Cck, Cartpt, and Sst) and neurotransmitter (Gad2 and Vglut1) markers differentially expressed between

neuronal subclusters. Yellow, green, and red arrowheads indicate examples of cells positive for both probes, only the green probe, and only the red probe,

respectively. Scale bars, 50 mm. (C) Cartpt and Gad2; (D) Sst and Gad2; (E) Cck and Gad2; (F) Cck and Vglut1; (G) Cartpt and Sst; (H) Cartpt and Cck.

(I–J) Quantification of percentage overlap between cells labeled by different markers in dFISH. (I) Overlap between neurotransmitter and neuropeptide markers;

(J) overlap between different neuropeptide markers. Mean ± SD, n R 3 mice. See also Figure S4 and Table S2.
ontology terms for M1 included cell adhesion, RNA processing,

nervous system development, and sodium transport, whereas

M2was enriched for genes implicated in regulation of apoptosis,

cell proliferation, and cellular responses to stimuli (Figure 3E),
suggesting possible functional differences between the astro-

cyte subpopulations.

We further performed dual-color FISH for the subtype-specific

markers Slc7a10, Lcat, or Myoc and the common astrocyte
Neuron 96, 313–329, October 11, 2017 317
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Figure 3. Astrocyte Heterogeneity in the MeA

(A) Two-dimensional tSNE visualization of three astrocyte subclusters (AS1, AS2, and AS3) in the MeA. Individual dots correspond to single cells, colored by

astrocyte subtypes.

(B) Heatmap showing expression level of select top marker genes (fold change > 2, FDR < 0.05) of three astrocyte subclusters.

(C) Boxplots showing the distribution of expression level of representative common or subtype markers for astrocytes.

(D) Heatmap showing Pearson correlation between astrocyte subtypes and the eigengenes of gene coexpression modules defined by WGCNA in all astrocytes.

(legend continued on next page)
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marker Gja1. Consistent with the Drop-seq data, Gja1 was

expressed in almost all cells in the Slc7a10+, Myoc+, and Lcat+

populations (Figures 3F–3H and 3J). The proportion of Gja1+

cells marked by each of the subtype markers overall matched

the proportion in the Drop-seq data (Figures 3B and 3K). We

also confirmed that Slc7a10 (marking AS1 and AS2) and Myoc

(marking AS3) were largely mutually exclusive (Figures 3I and

3K). Moreover, the subtypemarkers also showed spatial separa-

tions; the AS3 astrocytes (Myoc+) were restricted to a superficial

layer that possibly represents cells that form the glia limitans

(Figures 3G and 3I), whereas AS1 and AS2 (Slc7a10+) were local-

ized in the parenchyma (Figures 3F and 3I). AS2 astrocytes,

which were also Lcat+, appeared to be sparsely distributed in

the parenchyma (Figure 3H). Together, these observations sug-

gest astrocyte heterogeneity in the MeA.

Act-Seq Minimizes Artificially Induced Spurious Gene
Expression during Single-Cell Preparation
Identifying specific neuronal populations activated by a certain

behavior/experience is a key step in the functional dissection

of neural circuits. We attempted to adapt scRNA-seq for profiling

acute transcriptional changes (including induction of IEGs)

following behaviors/experiences or other physiological stimuli,

in order to provide an unbiased, high-throughput tool for the

identification of activated cells with single-cell resolution. How-

ever, the conventional whole-cell dissociation method with

protease treatment has been shown to cause strong IEG upregu-

lation, even to a level comparable to seizure-induced, large-

scale neuronal activation (Kolodziejczyk et al., 2015; Lacar

et al., 2016; Poulin et al., 2016). This not only precludes detection

of physiological stimuli-induced IEG expression, but also could

confound analysis of baseline transcriptional profiles.

To develop a dissociationmethod suitable for detecting acute,

endogenous transcriptional alterations, we applied a well-estab-

lished, general transcription inhibitor, actinomycin D (ActD), dur-

ing dissociation. ActD inhibits transcription mediated by all three

eukaryotic RNA polymerases and provides wide-spectrum, fast

transcriptional inhibition with little and slow reversibility (Ben-

saude, 2011). We performed single-cell dissociation from the

amygdala using the conventional or our modified procedure

and evaluated the effects of the modified procedure on curbing

dissociation-induced IEG upregulation by characterizing single-

cell transcriptomes for all major cell types using Drop-seq and

unbiased cell clustering. We then compared the expression

of a curated collection of 139 previously identified IEGs

(Table S3) under different experimental conditions. Consistent

with a previous report (Lacar et al., 2016), following conventional

dissociation procedures with digestion at 34�C, we detected

substantial upregulation of many IEGs, such as Fos, Egr1,

Fosb, Nr4a1, and Dusp1, among all cells in comparison to our
(E) Top gene ontology terms (FDR < 0.15) enriched in each gene coexpression m

(F–I) dFISH for a common astrocyte marker (Gja1) and three astrocyte subtype m

(enriched in AS2 and AS3). (F) Slc7a10 and Gja1; (G) Myoc and Gja1; (H) Lcat

examples of cells positive for both probes, only the green probe, and only the re

(J and K) Quantification of percentage overlap between cells labeled by different as

and Lcat+ cells; (K) the percentage of Slc7a10+,Myoc+, and Lcat+ cells in Gja1+ c

Lcat/Gja1 dFISH, n = 3 mice for all other groups. See also Table S2.
modified methods (Figures 4A–4E and 4J). In addition, we

observed a marked increase in the proportion of IEG-positive

cells in all major cell types, most prominently microglia, endothe-

lial cells, and mural cells (Figure 4F; Table S4). In contrast, with

ActD application, many IEGs showed significantly reduced in-

duction among all cells (Figures 4A–4E and 4J). Moreover, the

percentage of IEG-positive cells in all major cell types also signif-

icantly decreased (Figures 4F and 4G; Table S4). Nonetheless,

an appreciable proportion of IEG-positive endothelial and mural

cells still persisted (Figure 4G; Table S4).

We further examined the effect of lowering protease digestion

temperatures on the expression of IEGs. Decreasing the diges-

tion temperature from 34�C to 22�C or 11�C in the presence of

ActD further helped suppress IEG induction in endothelial and

mural cells, leading to minimal IEG induction in all cell types (Fig-

ures 4A–4E, 4H, 4I, 4L, and 4N; Table S4). Taken together, these

results indicate that the transcription inhibitor ActD alone is

effective in inhibiting dissociation-induced IEG expression in all

cell types except for endothelial and mural cells and that

combining it with lower digestion temperature can block artificial

IEG induction in all cell types.

To examine whether our modified dissociation methods

affected the detection of genes other than IEGs, we assessed

the expression of the top 20 markers for each major cell

type. Compared to the conventional method at 34�C, the modi-

fied methods did not lead to significant change in any of these

markers at 34�C, 22�C, or 11�C, except for a moderate in-

crease in one neuronal marker at 11�C (Figures 4K, 4M, and

4O). Further analysis of all the other �15,000 genes in our data-

set similarly showed minimal changes (Table S4). These results

suggested that ActD application and lower digestion tempera-

ture caused limited changes in the detection of genes other

than the IEGs compared with the conventional dissociation

method.

To further evaluate the potential confounding effects of artifi-

cial IEG induction on cell clustering, we examined microglia,

which showed the strongest IEG upregulation among all cell

types when dissociated using the conventional method at

34�C. We first performed PCA and tSNE analysis using all genes

in the dataset, including the IEGs, and found that microglia

dissociated using the conventional protocol separated into two

distinct clusters (Figure 5A), with one showing notably higher

IEG level than the other (Figure 5D). In contrast, microglia iso-

lated with our modified methods, which showed low IEG expres-

sion, intermingled in a single cluster (Figures 5B and 5C). This

suggested that the split of microglia into two clusters was

caused by the artificial induction of IEGs. Consistent with this

notion, excluding IEGs from the clustering analysis removed

this effect, leading all microglia tomerge into a single cluster (Fig-

ures 5E–5G). As the effects of the conventional dissociation
odule in astrocytes.

arkers, Slc7a10 (enriched in AS1 and AS2), Myoc (enriched in AS3), and Lcat

and Gja1; (I) Myoc and Slc7a10. Yellow, green, and red arrowheads indicate

d probe, respectively. Scale bars, 50 mm.

trocytemarkers in dFISH. (J) The percentage ofGja1+ cells inSlc7a10+,Myoc+,

ells and the overlap betweenMyoc+ and Lcat+ cells. Mean ± SD, n = 2 mice for
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Figure 4. Act-Seq Suppresses Artificially Induced Gene Expression during Single-Cell Dissociation

(A–E) Violin plots showing the distribution of the expression level of representative IEGs, including Fos (A), Egr1 (B), Fosb (C), Nr4a1 (D), and Dusp1 (E), under

conventional or modified dissociation conditions. Dots show expression value in individual cells. 400 cells were randomly sampled for each condition to show the

same total number of cells across conditions. ‘‘+ inhibitor’’ indicates application of the transcription inhibitor ActD. ***p < 10�10, one-sided Fisher’s exact test

comparing conventional dissociation method with modified methods.

(F–I) Bar plots showing the percentage of IEG-positive cells (STAR Methods) in each major cell type with different single-cell preparation procedures. (F) Con-

ventional dissociation method with 34�C digestion; (G–I) dissociation in the presence of ActD with 34�C (G), 22�C (H), or 11�C (I) digestion.

(J–O) Scatterplots showing fold change in the percentage of cells expressing different IEGs (J, L, and N) or 20 top markers (K, M, and O) for each major cell type

along with FDR-adjusted p values obtained from Fisher’s exact test. Comparisons are made between modified and conventional dissociation conditions. Black

dots, genes with fold change >2 and FDR < 0.05. In (J), (L), and (N), fold changes <2�5 are shown as 2�5. See also Tables S3 and S4.
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E F G

Figure 5. Confounding Effects of Artificially Induced Gene Expression on Baseline Cell Clustering

(A–D) Two-dimensional tSNE visualization of microglia. Clustering analysis was performed using all genes in the dataset, including IEGs. Microglia dissociated

using the conventional dissociation method split into two distinct clusters (A; red dots), with one showing substantially higher IEG level than the other

(D). In contrast, microglia isolated in the presence of ActD either at 34�C or 11�C intermingle in a single cluster (B and C; green and blue dots, respectively) that

shows low IEG expression (D).

(E–G) Clustering analysis was performed after excluding IEGs from the dataset. Microglia dissociated using the conventional dissociation method (E) or in the

presence of ActD either at 34�C (F) or 11�C (G) merge into a single cluster in the tSNE map.
protocol on cells can be variable and hard to gauge between

experiments, it is conceivable that the resultant variability in

transcriptional perturbations could create misleading effects

similar to what we observed here, which may confound the defi-

nition of cell types. Therefore suppressing artificially induced

gene expression can also be important for accurately quantifying

the baseline transcriptional profile and assigning cell types.

Together, these results demonstrate that our new single-cell

preparation method effectively suppresses artificially induced

IEG expression during whole-cell isolation. Combining this

method with scRNA-seq, which we named Act-seq (activated

cell population sequencing), allowed us to perform classification

of cell types in the MeA (Figures 1, 2, and 3) and to further

evaluate behavior and/or experience-associated acute IEG

induction in distinct cell types.

Act-Seq Robustly Detects Seizure-Induced IEG
Expression in the MeA
To further test whether Act-seq improves on the conventional

dissociation method in detecting stimulus-induced IEG expres-

sion in vivo, we compared the ability to detect IEG expression

in response to extensive neuronal activation elicited by seizure

between these methods. We induced seizure by injecting the

convulsant pentylenetetrazole (PTZ), a GABA(A) receptor antag-

onist (Lacar et al., 2016; Yount et al., 1994). Mice displayed

convulsions and freezing �5 min following the injection. In situ

hybridization confirmed robust elevation of Fos mRNA in the
MeA following seizure compared with control mice (Figures

S5A–S5D). We dissociated and sequenced single cells from

the MeA using Act-seq or the conventional method and compre-

hensively surveyed the curated list of 139 previously identified

IEGs (Table S3). Since our data indicated that the expression

of IEGs may confound cell-type classification (Figure 5), we

excluded IEGs from our clustering analysis, which enabled the

classification of all major cell types and subtypes independent

of activity induced IEG expression. Following clustering, we

further analyzed the expression of IEGs after seizure in different

cell types.

In agreement with previous findings, the conventional method

elicited strong induction of many IEGs among all cells in control

animals (Lacar et al., 2016). Under this condition, the control an-

imals showed a comparable level of IEG induction to the seizure-

affected animals, thus precluding the detection of IEG changes

induced by seizure (Figures 6A). Analysis of expression of all

IEGs in individual major cell types identified no or very few

IEGs significantly upregulated in each cell type when comparing

seizure to control group (Figure 6B). In contrast, IEG expression

among all cells in control animals was drastically lower with Act-

seq than with the conventional method, thus enabling robust

detection of IEG upregulation following seizure (Figures 6A).

Furthermore, we found that many IEGs were significantly

increased following seizure in multiple major cell types, including

neurons, astrocytes, microglia, OPCs, endothelial cells, and

mural cells (Figures 6C; Table S5). These results clearly show
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the capability of Act-seq to detect stimulus-induced IEG expres-

sion, which was impossible with the conventional method.

Interestingly,different cell typesappeared todisplaydistinct IEG

activation profiles following seizure, with different IEGs showing

varying magnitude of changes across cell types (Table S5). For

example, Dusp1, Nr4a1, and Fos showed the largest fold change

among all IEGs in microglia, endothelial cells, and mural cells,

respectively (Figures 6C; Table S5).Cyr61was among the top up-

regulated IEGs in mural cells but did not show any increase in mi-

croglia orOPCs (Figures 6C;TableS5). These results demonstrate

the utility of our method in systematically screening for the most

robust IEG(s) in different cell types.

We next used the most highly induced IEGs in each cell type

as activation indicators to assess the level of activation in

different cell types. We found that significantly higher pro-

portions of neurons, astrocytes, microglia, OPC, endothelial,

and mural cells were IEG positive in seizure-affected mice

compared to controls (Figures 6E). In addition to being

expressed in larger proportions of cells, these IEGs also

showed significantly elevated expression levels after seizure

within single cells across different cell types (Figures 6F).

Changes in the morphology, proliferation, and/or gene expres-

sion of glial cells and endothelial cells following seizure have

been implicated in the pathophysiology of epilepsy (Fabene

et al., 2008; Luo et al., 2015; Rakhade and Jensen, 2009). How-

ever, the acute induction of IEGs in these cells shortly after

seizure has not been well characterized. Our results revealed

the acute IEG changes that might be important in vivo indica-

tors and/or mediators of downstream cellular responses in glial

cells and endothelial cells.

We further examined potential expression changes in genes

other than IEGs following seizure. Analysis for the top 50markers

for each major cell type revealed no genes significantly differen-

tially expressed, consistent with the absence of overall cell-type

alterations following acute seizure (Figures 6D). Furthermore,

analysis of all the other �15,000 genes in the dataset identified

only a few genes showing significant differential expression in

each major cell type (Figures S6G–S6L). GO analysis did not

reveal any functional enrichment among these genes. These

results suggested that the most prominent gene expression

changes acutely following seizure were mostly in IEGs.
Figure 6. Act-Seq Detects Seizure-Induced IEG Upregulation

(A1–A6) Comparison of the performance of the conventional dissociation method a

distribution of the expression level of representative IEGs in cells dissociated

procedures or Act-seq. Dots show expression value in individual cells. 200 cells w

number of cells across groups. ***p < 10�10, n.s., non-significant, one-sided Fish

(B1–C6) Scatterplots showing fold change in the percentage of cells expressing

controls and FDR-adjusted p value from one-sided Fisher’s exact test. Individua

expressing the corresponding gene in each cell type in seizure-affected anim

changes >25 are shown as 25, and top upregulated IEGs are circled and labeled.

((C1)–(C6)) cells were isolated using Act-seq.

(D1–D6) Scatterplots showing fold change in the percentage of cells expressing

controls and FDR-adjusted p value from two-sided Fisher’s exact test. No marke

(E1–E6) Increase in the percentage of cells (percentage in seizure group minus p

x axis. ‘‘All,’’ positive cells defined as expressing any of the individual top upregu

(F1–F6) Distribution of the expression level of top regulated IEGs in control (gray do

indicated in (E1–E6). ***p < 10�10, likelihood-ratio test (STARMethods). The plots sh

seizure groups in each cell type in order to show the same total number of cells i
We next examined the activation of different neuronal sub-

types. Although different sets of IEGs were induced in different

major cell types, we found that a combination of four IEGs,

Fos, Fosb, Egr4, and Nr4a3, was consistently among the most

strongly elevated IEGs across all MeA neuronal subclusters

(Table S6) and thus provided a common metric that allowed us

to gauge and compare activation across different subclusters.

In agreement with large-scale neuronal activation associated

with seizure, we observed a significant increase in the proportion

of IEG-positive cells and IEG expression levels in the majority of

neuronal subtypes (Figure 7A). Consistent with the notion that

acute cell activation did not drive cell-type assignment, none

of the neuronal subtype markers (Figure 2B) or neuronally

enriched genes used for neuronal subclustering were signifi-

cantly changed following seizure (Figure 7E, Figures S6M and

S6N). We also assessed the activation of astrocyte subtypes

using the three top IEGs upregulated among all astrocytes

following seizure (Fos, Egr1, and Nr4a1; Figure 6C2). We found

that in all three astrocyte subpopulations, the proportion of cells

expressing IEGs and the expression level of IEGs also showed

notable increases (Figures 7I and 7K–7M; Table S6). In particular,

AS3 displayed a higher percentage of IEG-positive cells and

higher IEG expression levels compared to AS1 and AS2 (Figures

7I and 7K–7M). In contrast, key marker genes for the three astro-

cyte subpopulations (Figures 3B and 3C) exhibited no significant

difference between seizure and control groups (Figure 7J).

Collectively, these results demonstrate the ability of Act-seq to

robustly detect endogenous IEG induction in response to the

activation of various brain cell types.

Act-Seq Identifies Neuronal Subpopulations
Preferentially Activated by Acute Stress
We next applied Act-seq to evaluating IEG expression changes

induced by more moderate neuronal activity in response to

a more behaviorally relevant stimulus. A number of previous

studies have implicated the MeA in the regulation of stress

response and have shown elevated IEG expression in the MeA

following acute stressors such as restraint (Crane et al., 2005;

Ons et al., 2010; Solomon et al., 2010). However, the identity

of the activated cells remains largely unknown. To shed

light on this question, we sought to identify MeA neuronal
nd Act-seq in detecting seizure-induced IEG expression. Violin plots show the

from seizure-affected or control animals using the conventional dissociation

ere randomly sampled from all cell types for each group to show the same total

er’s exact test.

different IEGs in different major cell types in seizure-affected animals versus

l dots represent single IEGs. Dot size is proportional to the percentage of cells

als. Red dots, IEGs with fold change >2 and FDR < 0.05. In (C1)–(C6), fold

In (B1)–(B6), cells were isolated using the conventional dissociation method. In

the top 50 markers for each major cell type in seizure-affected animals versus

r was significantly differentially expressed with fold change >2 and FDR < 0.05.

ercentage in control group) expressing top upregulated IEGs indicated on the

lated IEGs. ***p < 10�4, one-sided Fisher’s exact test.

ts) and seizure-affected animals (red dots). ‘‘All,’’ the sum of the individual IEGs

ow 300 (E1–E5) or 100 (E6) cells randomly sampled from each of the control and

n each control/seizure comparison. See also Figures S5 and S6 and Table S5.
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subpopulation(s) activated by acute stress using Act-seq.

Consistent with previous reports, in situ hybridization confirmed

an increase in Fos mRNA level in the MeA following 45 min of

immobilization stress, albeit to a much lesser extent compared

with PTZ treatment (Figures S5E–S5H), as expected. We then

performed single-cell isolation and sequencing using Act-seq

and observed significant elevation of IEG levels in the whole

population ofMeA neurons (‘‘All’’ in Figure 7B; Table S7), demon-

strating the sensitivity of Act-seq. On the other hand, no signifi-

cant alterations were observed for top major cell type markers

following acute stress (Figures S7A–S7F). We next compared

IEG expression between stressed and control groups for indi-

vidual neuronal subclusters and found that clusters 3 and 10

showed the most prominent IEG upregulation. Both clusters ex-

hibited significantly increased proportions of neurons expressing

IEGs along with elevated IEG expression level within single cells

(Figures 7B and 7C), suggesting that these two subpopulations

were preferentially activated.

To independently verify the preferential activation of specific

neuronal populations, we also examined the enrichment of

different genes in all IEG-positive neurons regardless of cell-

type classification. This analysis identified the genes Cck,

Cx3cl1 (encoding a neuronal transmembrane protein involved

in neuron-glia interaction), and Scn2b (encoding a neuronal

voltage-gated sodium channel subunit) among the most highly

enriched non-IEG genes in IEG-positive neurons (Figure 7D).

Cck, Cx3cl1, and Scn2b appeared to be the top genes preferen-

tially expressed in clusters 10 (Cck and Cx3cl1) and 3 (Cck and

Scn2b) (Figure 2B). Since this gene enrichment analysis was

independent of any prior classification of neuronal subtypes,

identification of Cck and two other key marker genes further

demonstrated that the corresponding neuronal subtypes were

indeed preferentially activated. Of note, expression of neuronal

subtype markers (Figure 2B) and neuronally enriched genes

used for neuronal subclustering exhibited no significant change

in response to immobilization stress, in contrast to the IEGs (Fig-
Figure 7. Activation of Neuronal and Astrocyte Subtypes by Physiolog

(A–H) Activation of MeA neuronal subtypes by seizure and acute immobilization s

(‘‘All’’) or individual neuronal subtypes in seizure- (A) or acute stress-affected (B)

Red dots with circles, neuronal populations with significant increase in both the p

exact test and p < 0.05, likelihood-ratio test). (C) Distribution of IEG expression le

respectively) and stressed animals (red dots; n = 35 and 49 cells, respectively). T

acute stress groups in clusters 3 and 10, respectively, in order to show the sam

*p < 0.05, likelihood-ratio test. (D) Overlap between IEG-positive neurons (express

neuronally enriched genes used for neuronal subclustering in stressed animals. O

shown as 4 and p values < 10�9 are shown as 10�9. Red dots, IEGs. Blue dots wit

neurons expressing IEGs or neuronally enriched genes used for neuronal sub

changes >25 are shown as 25. In (D) and (E), dot size is proportional to the perce

dFISH for Fos (green) and Cck or Cartpt (red) in control or stressed animals. (G a

Cartpt+ (H) cells in control or stressed animals. Mean ± SD. n R 4 mice for all gr

(I–M) Activation of MeA astrocyte subtypes by seizure. (I) Increase in the percenta

affected animals versus controls. ***p < 10�5, **p < 0.005, one-sided Fisher’s ex

genes in seizure-affected animals versus controls and FDR-adjusted p value fro

expressing the corresponding gene in seizure-affected animals. Red dots, IEGs s

are shown as 25. Gray dots, astrocyte subtypemarkers shown in Figure 3B. Gray d

Figure 3C. No astrocyte common or subtype marker was significantly differentia

expression level in AS1, AS2, and AS3 astrocytes in control (gray dots) and seizur

each group in order to show the same total number of cells across groups. ***p <

Table S7.
ure 7E; Figures S7G and S7H), suggesting that the classification

of neuronal subtypes was unlikely driven by the experimental

treatments.

We further sought to validate the preferential activation of

a Cck+ subpopulation by performing dual-color FISH for Cck

and Fos following immobilization stress. We observed a marked

increase in the overlap between Cck and Fos in response

to stress; �40% of Fos-positive cells were Cck positive, a

ratio that was significantly higher than by chance (Figures 7F

and 7G; odds ratio = 1.96, p = 1.9E-07, two-sided Fisher’s exact

test). These results were consistent with the activation of cluster

3 neurons, which expressed elevated level of Fos following acute

stress based on scRNA-seq (Table S7). To test whether the over-

lap between Fos and Cck was specific, we also assessed the

overlap between Fos and Cartpt, which showed partial overlap

with Cck but was enriched in two neuronal subclusters not acti-

vated by acute stress according to our scRNA-seq data (Figures

2B and 7B). We found that only �3% Fos-positive cells were

Cartpt positive, a ratio that was even lower than by chance

(odds ratio = 0.70, p = 0.049, two-sided Fisher’s exact test).

These results further supported our finding from scRNA-seq

that Cck-positive neuronal subpopulations were preferentially

activated following acute stress. The observation of preferential

activation of Cck+ neurons by acute stress is particularly inter-

esting given the previously reported role of CCK in the modula-

tion of anxiety-related behaviors (Griebel and Holsboer, 2012;

Pérez de la Mora et al., 2007; Rotzinger and Vaccarino, 2003).

Taken together, these results demonstrate the power of Act-

seq to associate acute expression changes in specific cell types

with a behavior and/or experience.

DISCUSSION

In this study, we have developed Act-seq, which eliminates arti-

ficially evoked transcriptional perturbations and enables faithful

detection of both baseline transcriptional profiles and acute
ical Stimuli

tress. (A and B) Increase in the percentage of IEG-positive cells in all neurons

animals versus controls along with p value from one-sided Fisher’s exact test.

ercentage of IEG-positive cells and expression level of IEGs (p < 0.05, Fisher’s

vel in cluster 3 and cluster 10 neurons in control (gray dots; n = 46 and 38 cells,

he plot shows 35 and 49 cells randomly sampled from each of the control and

e total number of cells in each control/acute stress comparison. **p < 0.005,

ing any of Fos, Fosb, Egr4, orNr4a3) and neurons expressing individual IEGs or

dds ratio and p value from Fisher’s exact test are shown. Odds ratios > 4 are

h circles, top overlapping non-IEG genes. (E) Fold change in the percentage of

clustering in seizure- or acute stress-affected animals versus controls. Fold

ntage of neurons expressing the corresponding gene in stressed animals. (F)

nd H) Quantification of percentage overlap between Fos+ cells and Cck+ (G) or

oups.

ge of AS1, AS2, and AS3 astrocytes expressing the indicated IEGs in seizure-

act test. (J) Fold change in the percentage of astrocytes expressing different

m Fisher’s exact test. Dot size is proportional to the percentage of astrocytes

ignificantly upregulated with fold change >2 and FDR < 0.05. Fold changes >25

ots with blue circles, common and key subtypemarkers for astrocytes shown in

lly expressed with fold change >2 and FDR < 0.05. (K–M) Distribution of IEG

e-affected animals (red dots). The plots show 100 cells randomly sampled from

10�5, **p < 0.005, likelihood-ratio test. See also Figures S5–S7, Table S6, and
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gene expression changes, such as induction of IEGs. Act-seq

enables systematic, high-resolution identification of activated

cell populations and the associated transcriptional responses.

Using Act-seq we provide the first detailed molecular taxonomy

for the MeA and examine the transcriptional responses of MeA

neurons and non-neuronal cells to physiological stimuli,

revealing cell-type-specific induction of distinct IEGs following

seizure and preferential activation of specific neuronal subtypes

in response to acute stress.

Molecular Taxonomy of the Amygdala
The amygdala is a complex structure anatomically comprised of

multiple interconnected nuclei and plays a pivotal role in regu-

lating a variety of cognitive and behavioral functions (Janak

and Tye, 2015; Swanson and Petrovich, 1998). Although the

medial amygdala has been implicated in innate emotional

responses and social behaviors (Swanson, 2000), the molecular

identity of MeA cells is still poorly characterized, and a compre-

hensive transcriptional analysis of different neuronal subtypes is

still lacking. Here we generated the first detailed molecular tax-

onomy for different neuronal and non-neuronal cell types in the

MeA and provided a rich list of genetic markers for each major

cell type. We identified a number of neuronal subtypes differen-

tially expressing genes closely related to neuronal function. In

particular, we found that multiple neuropeptides, important

modulators or mediators of neurotransmission, displayed

distinct distribution among different neuronal subtypes. We

also observed differential distribution of several neuronal sub-

type markers across different anatomical subdivisions of the

MeA, suggesting that transcriptional segregation may partially

correlate with spatial separation for some neuronal subpopula-

tions. In addition, we uncovered three astrocyte populations

with distinct transcriptional profiles and anatomical localization,

providing the first evidence for astrocyte cell-type diversity in the

amygdala. Our dataset and findings greatly enrich our knowl-

edge on the cell-type composition of MeA and provide an infor-

mative starting point for a comprehensive characterization of

molecular diversity amongMeA cells. As scRNA-seq technology

keeps improving to achieve better detection and higher

throughput, the clustering and definition of the MeA cell types

and neuronal subtypes will likely continue to be further refined.

Additional morphological, connectional, and electrophysiolog-

ical studies could potentially be coupled with scRNA-seq

to further characterize neuronal subtypes and to better under-

stand the relationship between transcriptional heterogeneity

and diversity in other cellular properties in the MeA (Zeng and

Sanes, 2017).

Faithful Detection of Acute Transcriptional Changes
A major obstacle in detecting acute changes in transcriptional

profile using scRNA-seq has been artificially evoked transcrip-

tional perturbations during conventional whole-cell dissociation

procedures using protease treatment (Kolodziejczyk et al.,

2015; Lacar et al., 2016; Poulin et al., 2016). This can not only

mask endogenous acute gene expression changes that are truly

elicitedbyphysiological stimuli, butmayalsoconfoundcharacter-

ization of baseline transcriptional profiles. As our data suggested,

artificially evoked transcriptional alterations could lead to genera-
326 Neuron 96, 313–329, October 11, 2017
tion of misleading cell clusters (Figure 5), thus confounding cell-

type classification based on baseline transcriptional profile.

Act-seq effectively minimizes artificially induced transcrip-

tional perturbations during single-cell preparation. This method

features the application of the general transcription inhibitor

ActD, which, compared to the conventional dissociation

method, greatly reduces artificial IEG induction in all cell types

(except for endothelial cells) that occurs during cell preparation.

The differential responses of different cell types to ActD (endo-

thelial cells compared to other cell types) might be due to cell-

type differences in cell permeability to ActD and/or sensitivity

of transcription to ActD (Bensaude, 2011; Bosmann, 1971). Per-

forming protease digestion at lower temperatures further

blocked spurious IEG expression in endothelial cells, thus mini-

mizing dissociation-induced transcriptional alterations in all cell

types. Comparison with the conventional method using

seizure-stimulated tissues demonstrated the strength of Act-

seq in detecting stimulus-induced transcriptional changes,

whichwas impossible with the conventional protocol. The obser-

vation that ActD application alone was able to effectively sup-

press artificially induced transcriptional changes in most cell

types (particularly neurons and glial cells) makes the method

straightforward and highly versatile, facilitating its ready incorpo-

ration into any dissociation protocols.

In our analysis, computationally excluding the IEGs appeared

to suppress the confounding effects of the conventional dissoci-

ation method on baseline cell clustering (Figure 5), suggesting

that the most prominent transcriptional changes caused by

dissociation in these particular experiments were largely limited

to IEGs. However, in other scenarios, artificially induced tran-

scriptional changes may not always be restricted to IEGs (for

example, when the experiment requires longer dissociation pro-

cedures), and determining which genes to exclude from the clus-

tering analysis could be difficult or impractical. In these cases,

experimental suppression of dissociation-induced gene expres-

sion using Act-seq would be important for minimizing the poten-

tial confounding effects. More importantly, experimental removal

of artificially caused transcriptional alterations would be neces-

sary for studies that intend to examine any biologically relevant

acute gene expression changes.

Together, our improvements can greatly facilitate reliable

detection of both baseline transcriptional profiles and acute

gene expression changes and can be valuable for various tran-

scriptional profiling techniques requiring dissociation of cells.

Although this study has focused on acute transcriptional

changes, we envision that the strength of this method in prevent-

ing transcriptional artifacts would also greatly facilitate analysis

of transcriptional dynamics at different time points following a

stimulus, which could help understand downstream effects of

IEG expression and gene regulatory relationships.

Systematic Detection of IEGs in Molecularly Defined
Cell Types
Examination of IEGs has been widely used for linking the activity

of specific neuronal populations with behavior and/or experi-

ence (Kawashima et al., 2014; Knight et al., 2012; Tonegawa

et al., 2015). Act-seq enables a systematic, unbiased survey of

a large number of IEGs in individual cells and simultaneous



classification of cell types based on transcriptional profiles.

These features address two important limitations of conven-

tional methods for IEG detection, such as immunohistochem-

istry or in situ hybridization.

First, with conventional detection methods, usually only one or

a small set of pre-selected IEGs are analyzed. However, accu-

mulating evidence suggests that activity-dependent genes are

differentially regulated in different brain regions (Kawashima

et al., 2014). For example, in the primary somatosensory cortex,

both Fos and Arc were induced by sensory input (Guenthner

et al., 2013), whereas in the vomeronasal organ, Egr1, but not

Arc, Fos, FosB, Jun, or Nr4a1, showed robust elevation after

exposure to chemosignals (Isogai et al., 2011). Given the great

number of IEGs, the capability of Act-seq to systematically sur-

vey different IEGs will be advantageous for sensitive and unbi-

ased identification of activated cell populations.

Second, conventional IEG visualization approaches provide

scarce information on the molecular identity of the labeled cells.

Costaining with candidate markers is demanding to conduct on

large scales and relies on prior knowledge of cell types, which in

many cases can be limited or inaccurate. Bulk transcriptomic

profiling of discrete cell populations (e.g., phosphorylated

ribosome capture, TRAP, and RiboTag) does not preserve sin-

gle-cell information and heavily depends on single pre-selected

markers (Heimanetal., 2008;Knightet al., 2012;Sanzet al., 2009).

By addressing these limitations, Act-seq allows us to reveal

distinct IEG activation profiles in different cell types, and to iden-

tify neuronal subpopulations activated by a specific behavior

and/or experience (discussed below), linking molecularly

defined cell types to brain function.

Induction of Distinct Sets of IEGs in Neuronal versus
Non-neuronal Cells in the MeA
Previous studies have examined brain gene expression changes

in response to seizure but did not differentiate between different

cell types (Lacar et al., 2016; Sandberg et al., 2000). We found

that seizure induced robust IEG activation not only in neurons

but also in glial cells, endothelial cells, andmural cells. While pre-

vious studies reported changes in cell morphology, proliferation,

and gene expression in non-neuronal cell types hours or days

following seizure (Fabene et al., 2008; Luo et al., 2015; Rakhade

and Jensen, 2009), our data suggest that early IEG induction

events, which may potentially result from seizure-induced neural

activity and/or excitotoxicity, could possibly be an acute indica-

tor of cellular responses in non-neuronal cells. Importantly, we

observed that different sets of IEG were induced in a cell-type-

specific manner within the same brain area. This substantial dif-

ference in IEG induction between neuronal and non-neuronal

cells and its underlying mechanisms are not well understood

and may stem from differences in sensitivity to stimuli, signal

transduction mechanism, transcriptional regulatory machinery,

chromatin structure, and/or factors regulating RNA processing

and stability (Fowler et al., 2011). How non-neuronal cells

respond in physiological settings and what downstream cellular

processes these different IEG activations may lead to would be

of interest for future investigation.

Act-seq also allowed us to pinpoint specific MeA neuronal

subpopulations that were preferentially activated by a behavior-
ally relevant stimulus, acute stress. Although the MeA has long

been implicated in regulating stress response (Crane et al.,

2005; Ons et al., 2010; Solomon et al., 2010), the molecular

identity of the MeA neurons mediating this function has been a

mystery. Following acute stress, we observed preferential IEG

elevation in two specific neuronal subpopulations that ex-

pressed Cck. While other non-Cck+ neurons might not neces-

sarily be inactive, the Cck+ neurons were preferentially activated

relative to other subpopulations. Interestingly, the CCK neuro-

peptide has been suggested to modulate stress-related behav-

iors in a wide variety of paradigms (Griebel and Holsboer,

2012; Pérez de la Mora et al., 2007; Rotzinger and Vaccarino,

2003). The identification of the Cck+ populations preferentially

activated by acute stress now opens a door for future in-depth

investigation of these neurons, such as imaging and manipula-

tion of neuronal activity. The application of Act-seq to linking a

specific behavior/experience to molecularly defined neuronal

populations generates interesting and testable hypotheses

on their functional roles and provides molecular handles for sys-

tematic morphological, electrophysiological, and functional

interrogations.
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Zeisel, A., Muñoz-Manchado, A.B., Codeluppi, S., Lönnerberg, P., La Manno,
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Sheep anti-fluorescein-POD Sigma-Aldrich Cat# 11426346910, RRID: AB_840257

Sheep anti-DIG-AP Sigma-Aldrich Cat# 11093274910, RRID: AB_514497

Rabbit anti-DNP-Alexa488 Molecular Probes Cat# A-11097, RRID: AB_2314332

Mouse anti-NeuN Thermo Fisher Scientific Cat# MAB377MI

Donkey anti-Mouse IgG (H+L)-Alexa488 Thermo Fisher Scientific Cat# A-21202, RRID: AB_141607

Chemicals, Peptides, and Recombinant Proteins

Pentylenetetrazole Sigma-Aldrich Cat# P6500

Pronase Sigma-Aldrich Cat# P6911

Fetal bovine serum Thermo Fisher Scientific Cat# 10437028

BSA Sigma-Aldrich Cat# A8806

N-methyl-D-glucamine Sigma-Aldrich M2004

Actinomycin D Sigma-Aldrich Cat# A1410

Critical Commercial Assays

Nextera XT DNA Library Prep Kit Illumina Cat# FC-131-1024

DIG RNA Labeling Mix Sigma-Aldrich Cat# 11277073910

Fluorescein RNA Labeling Mix Sigma-Aldrich Cat# 11685619910

TSA Plus DNP (HRP) System PerkinElmer Cat# NEL747A001KT

HNPP Fluorescent Detection Set Sigma-Aldrich Cat# 11758888001

Deposited Data

Raw and processed scRNA-seq data Gene Expression Omnibus GEO: GSE103976

Experimental Models: Organisms/Strains

Mouse: C57BL/6J The Jackson Laboratory Cat# 000664, RRID: IMSR_JAX:000664

Software and Algorithms

Drop-seq_tools (v1.12) Macosko et al., 2015 http://mccarrolllab.com/dropseq/

STAR (v2.5.0a) Dobin et al., 2013 https://github.com/alexdobin/STAR

Clustering and differential expression between cell types Shekhar et al., 2016 https://github.com/broadinstitute/BipolarCell2016

t-distributed stochastic neighbor embedding van der Maaten and Hinton,

2008

https://lvdmaaten.github.io/tsne/

Weighted gene coexpression network analysis Langfelder and Horvath, 2008 R package WGCNA

BackSPIN Zeisel et al., 2015 https://github.com/linnarsson-lab/BackSPIN

Database for Annotation, Visualization and Integrated

Discovery (DAVID)

Huang et al., 2009 https://david.ncifcrf.gov

Likelihood-ratio test McDavid et al., 2013 http://satijalab.org/seurat/; RRID: SCR_007322

ImageJ NIH https://imagej.nih.gov/ij/index.html; RRID:

SCR_003070

Other

Drop-seq beads ChemGenes Cat# MACOSKO-2011-10

Drop-seq reagents Macosko et al., 2015 http://mccarrolllab.com/dropseq/
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact,

Dr. Weizhe Hong (whong@ucla.edu).
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EXPERIMENTAL MODELS AND SUBJECT DETAILS

Mice
All animal care and experimental procedures followed National Institutes of Health guidelines, and were approved by the UCLA Insti-

tutional Animal Care and Use Committee. Mice were housed with a reverse light cycle (12 hr light/12 hr dark) and ad libitum access to

food and water. Single-cell RNA-seq, in situ hybridization, and immunohistochemistry experiments were conducted using adult

(8-10 weeks) male C57BL/6J mice purchased from Jackson Laboratories. Mice were single housed for 2 days before experiments

to minimize background IEG expression in the amygdala due to interactions with other mice. For pentylenetetrazole (PTZ) treatment,

mice were injected intraperitoneally with PTZ at 50 mg/kg body weight and sacrificed 1 hr after injection. Themice displayed seizure-

like behaviors �5 min following PTZ administration. For saline injection, mice were injected intraperitoneally with 250 mL 0.9% (w/v)

NaCl solution and sacrificed 1 hr after injection. Acute immobilization was performed by taping the four limbs of the mice to a plastic

board. The mice were restrained for 45 min, returned to their home cages, and sacrificed 15 min later (1 hr following the start of the

treatment).

METHODS DETAILS

Generation of Single-Cell Suspensions
Comparison of different single-cell dissociation procedures (Figures 4 and 5)

Individual mice were anesthetized in an isoflurane chamber and decapitated, and the brain was immediately extracted and placed in

fresh ice-cold artificial cerebrospinal fluid (ACSF) containing 124 mM NaCl, 2.5 mM KCl, 1.2 mM NaH2PO4, 24 mM NaHCO3,

5 mM HEPES, 13 mM glucose, 2 mM MgSO4, and 2 mM CaCl2, bubbled with a carbogen gas (95% O2 and 5% CO2) and with a

pH of 7.3 - 7.4. The brain was sectioned in ice-cold ACSF on a vibratome (Leica VT1200) into 300 mm slices.

For the ‘‘conventional’’ dissociation method, the slices of interest were immediately transferred to a Petri dish containing ice-cold,

carbogen-bubbled ACSF. An amygdala region (containing part of the basal lateral, basal medial, central, medial, and cortical

amygdala nuclei) was microdissected under a dissecting microscope from three consecutive 300 mm sections

(�Bregma �1.06 mm - Bregma �1.94 mm) according to Paxinos and Franklin’s the Mouse Brain in Stereotaxic Coordinates. The

dissected tissue was cut into small pieces < 1 mm in each dimension and transferred to a Petri dish containing 1 mg/mL pronase

(Sigma-Aldrich, Cat# P6911) in carbogen-bubbled ACSF. Pronase digestion was performed at 34�C for 20 min in a chamber contin-

uously aerated with carbogen. Following digestion, the pronase solution was exchanged with ice-cold, carbogen-bubbled ACSF

containing 1% fetal bovine serum. The tissue pieces were then dissociated in a microcentrifuge tube by gentle trituration through

Pasteur pipettes with polished tip openings of 600 mm, 300 mm, and 150 mm diameter. Following trituration, the cells were filtered

through a 20 mm filter to eliminate cell clumps, pelleted, washed with and resuspended in ice-cold, carbogen-bubbled

ACSF + 0.01% BSA.

For the Act-seq method, the brain was sectioned as described above, and the slices of interest were immediately transferred to a

Petri dish with an ice-cold, carbogen-bubbled recovery solution containing 93 mM N-methyl-D-glucamine, 2.5 mM KCl, 1.2 mM

NaH2PO4, 30mMNaHCO3, 20mMHEPES, 25mM glucose, 10mMMgSO4, 0.5 mMCaCl2, 5 mM sodium ascorbate, 2 mM thiourea,

and 3 mM sodium pyruvate with a pH of 7.3 - 7.4, and incubated for 15 min on ice in a chamber continuously aerated with carbogen.

This ‘‘protective recovery’’ step has been shown to substantially enhance neuronal survival during acute brain slice preparation from

adult mice by reducing cellular stress, metabolic demand, and excitotoxicity (Covey and Carter, 2015; Ting et al., 2014). We found

that in addition to improving cell survival, this procedure alone also led to amodest decrease in dissociation-induced IEG expression,

but had minimal effects on further suppressing IEG induction in the presence of ActD (data not shown). Therefore, this step is bene-

ficial for the processing of adult brain tissues, but is not required for the suppression of IEG induction during dissociation in the pres-

ence of ActD. The slices were then transferred to a Petri dish containing ice-cold, carbogen-bubbled ACSF and the amygdala was

dissected as described above. Pronase digestion was performed at 34�C for 20 min or at 22�C or 11�C for 30 min in a chamber

continuously aerated with carbogen. The subsequent dissociation steps were performed as described above in the conventional

method. Actinomycin D (Sigma-Aldrich, Cat# A1410) was added at three steps during the dissociation process: to the ‘‘protective

recovery’’ solution at 45 mM (for 34�C digestion) or 30 mM (for 22�C or 11�C digestion), to the pronase solution at 45 mM

(for 34�C digestion) or 15 mM (for 22�C or 11�C digestion), and during tritruration at 3 mM.

Our results indicated that at 34�C, ActD alonewas effective in inhibiting dissociation-induced IEG expression in all cell types except

for endothelial and mural cells (Figure 4G). This allows for its ready incorporation into established single-cell dissociation protocols

using different proteases at room temperature or higher temperature. In addition, we observed that pronase, which is isolated from

Streptomyces griseus (a bacterial species that normally lives in a wide range of temperature in the soil), exhibits partial protease

activity at low temperature. Combining ActD application with lower digestion temperature could block artificial IEG induction in all

major cell types (Figures 4H and 4I). We note that caution needs to be exercised tomake sure that the tissue is effectively dissociated

at lower temperature, as protease activity decreases with temperature; a reduced amount of tissue, smaller sizes of tissue chunks,

longer dissociation time, and/or extra trituration may be needed to ensure thorough cell dissociation.
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The Act-seq protocol takes�2 hr from animal anesthesia to droplet generation, including�2 min for animal anesthesia,�3min for

brain extraction,�10min for vibratome sectioning,�15min for protective recovery,�15min for amygdala dissection,�20-30min for

protease digestion, �10 min for cell trituration, �20 min for cell washing and centrifugation, and �25 min for droplet generation.

Single-cell dissociation from the MeA for cell type classification and IEG analysis (Figures 1, 2, 3, 6, and 7)

The MeA was dissected from three consecutive 300 mm sections (�Bregma�1.06 mm - Bregma�1.94 mm) encompassing most of

the rostro-caudal extension of the MeA, including MeAad, MeAav, MeApd, and MeApv, according to Paxinos and Franklin’s the

Mouse Brain in Stereotaxic Coordinates using the optic tract as the primary landmark. Single cells were dissociated using Act-seq

as described above with pronase digestion at 11�C for 30 min.

Drop-Seq Procedure
Drop-seq was performed largely as described previously (Macosko et al., 2015). Cells were processed for Drop-seq within �15 min

after collection. Briefly, cells were diluted to a final droplet occupancy of �5%, and barcoded beads were diluted to a final droplet

occupancy of�10%. Flow rates of 3mL/hr were used for each aqueous suspension and 15mL/hr for the droplet generation oil. Drop-

lets generated from�2 mL of aqueous volume (1 mL cells and 1mL beads) were broken, beads were harvested, and hybridized RNA

was reverse transcribed. Populations of �3000 beads (�150 STAMPs [single-cell transcriptomes attached to microparticles]) were

separately amplifiedwith 14 PCR cycles. Single-cell sequencing libraries were generated by tagmentation using Nextera XT (Illumina,

Cat# FC-131-1024) and sequenced on the Illumina NextSeq500 sequencer with 20 bp for read 1 and 60-63 bp for read 2.

Drop-Seq Read Alignment and Generation of Digital Expression Data
Paired-end sequence readswere processed as described before (Macosko et al., 2015; Shekhar et al., 2016). Briefly, bases 1-12 and

13-20 in read 1 were used to infer the cell of origin (cell barcode) and molecule of origin (unique molecular identifier or UMI), respec-

tively. Read pairs were filtered to remove those with a cell barcode or UMI base quality of less than 10. Read 2 was trimmed at the

50 end to remove any portion of the SMART adaptor sequence and at the 30 end to remove polyA tails of 6 bases or longer, and then

aligned to themouse genome (mm10) using STAR v2.5.0a (Dobin et al., 2013) with default settings. Reads uniquelymapped to exonic

regions of genes were recorded and grouped by cell barcode. Correction for barcode synthesis errors was performed as previously

described (Shekhar et al., 2016). A digital expression matrix containing the number of UMIs in each gene within each cell was then

assembled, with UMIs within an edit distance of 1 collapsed.

Dimensionality Reduction, Clustering, and Classification for Major Cell Types
MeA cells with > 450 genes and > 700 transcripts were used for the analysis of major cell types, resulting in a dataset of 20,679 cells.

Mitochondrial RNAs, tRNAs, and rRNAs were excluded. Transcript counts were normalized to library size as described before (Shek-

har et al., 2016). Raw transcript count of each gene in each cell was divided by the total transcript number in that cell and then timed

by the median of total transcript numbers in all cells in the dataset. Dimensionality reduction and clustering analysis were then per-

formed using log-transformed expression data (ln(normalized counts + 1)).

Principal component analysis (PCA) was performed on the whole expression data matrix (excluding immediate early genes [IEGs;

Table S3]) using the fast.prcomp function in the gmodels R package. PCs 1-50 (Figure S1) were then used as input for t-distributed

stochastic neighbor embedding (tSNE) to generate a two-dimensional non-linear embedding of the cells, with 2000 iterations and the

perplexity parameter set to 30 as previously described (Shekhar et al., 2014; van der Maaten and Hinton, 2008). To group cells into

transcriptionally similar clusters, we implemented a Louvain-Jaccard graph clustering algorithm (Blondel et al., 2008; Shekhar et al.,

2016), using the scores of the cells along PCs 1-50 and with the number of nearest neighbors set to 30. This resulted in 29 clusters in

our data.

To assign each cluster to a major cell type, we identified top genes differentially upregulated in each cluster. We performed com-

parison between every single cluster and all the other clusters using a previously described non-parametric binomial test (Shekhar

et al., 2016), which evaluates whether a gene g is upregulated in population A with reference to population B by computing the prob-

ability of detecting g in A with the observed frequency or higher, given the detection frequency of g in B. p values were FDR adjusted

using Benjamini-Hochberg correction. Differentially expressed genes that were detected in at least 10%of the cells in the first cluster

and have a fold change of at least 2 and an FDR < 0.05 were then ranked by ln(fold change) 3 proportion of positive cells within the

first cluster to identify top genes enriched in each cluster. We then assigned each cluster to a major cell type (neurons, astrocytes,

microglia, oligodendrocyte precursor cells, oligodendrocytes, endothelial cells, and mural cells) based on the presence/absence of

known cell type markers within its top upregulated genes. We next compared each major cell type to the other cell types using the

binomial test (Shekhar et al., 2016) to identify cell-type-specific genes, and ranked the genes as described above. The top 50markers

for each major cell type were listed in Table S1.

For the clustering of MeA major cell types and further clustering of MeA neurons and astrocytes (Figures 1, 2, and 3), we pooled

cells frommice in the control, seizure, and acute stress groups aswell as additional male C57BL/6Jmice (8-10 weeks) to increase the

number of cells used in the analysis. Cells from the additional mice were only used in cell type clustering analysis (Figures 1, 2, and 3),

and were not used for any IEG differential expression analysis (Figures 6 and 7). Of note, different experimental conditions did not

cause significant changes in the expression of major cell-type markers, neuronal/astrocyte subtype markers, or genes used for

neuronal clustering (Figures 6D, 7E, 7J, Figures S6M, S6N, and S7).
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For the classification of amygdala cells sequenced for the comparison of different single-cell dissociation methods (Figures 4

and 5), cells with > 500 genes (4556 cells) were used for the analysis. PCA, tSNE, Louvain-Jaccard clustering and cell type assign-

ment were performed as described above.

Characterization of Neuronal and Astrocyte Subtypes
To identify neuronal subtypes, cells that were classified as neurons in the major cell-type analysis were used for further clustering.

Similar to previous studies (Romanov et al., 2017; Zeisel et al., 2015), we first selected genes that were enriched in neurons (excluding

IEGs [Table S3]), in order to reduce noise. We used the binomial test (Shekhar et al., 2016) to compare neurons to all the other cell

types combined and selected 3237 genes with fold change R 1.3, FDR < 0.05, and expressed in R 0.3% neurons. To cluster the

neurons in a way that is more functionally relevant, we selected genes that were directly related to neuronal function, including genes

encoding neurotransmitter metabolism enzymes and transporters, neuropeptides, neurotransmitter and neuropeptide receptors,

other endogenous ligands and receptors, and ion channels/solute carriers (263 genes; Table S2). We then used these genes and

neurons with > 600 transcripts of the 3237 neuronally enriched genes (2444 neurons) for further clustering analysis, employing a bi-

clustering algorithm, BackSPIN (Zeisel et al., 2015), which simultaneously partitions genes and cells. In the original BackSPIN algo-

rithm, the cells are split into two groups in each round, and each gene is assigned to one group of the cells and not taken into account

when splitting the other group of the cells in the subsequent rounds. Considering that one genemight contribute to the differentiation

between cell subgroups at multiple division points, we implemented the BackSPIN algorithm in a way that took every gene into ac-

count at every split. This was done by running the BackSPIN algorithm with only one split and with all the genes as input, dividing the

cells into two groups, and then applying the one-split BackSPIN algorithm recursively to each group of cells, using all genes as input

in each round. We also added the sum ofGad1,Gad2, and Slc32a1 as a feature during clustering to increase the robustness of clus-

tering of GABAergic neurons. Other parameters of BackSPIN were set to default values. This resulted in 16 neuronal subclusters.

Subclusters 1-8 and 13-16 largely corresponded with the N1 neuronal cluster in the tSNEmap for all MeA cell types, and subclusters

9-12 mainly corresponded with N2-N5 (Figure S4A). Despite this overall correspondence, the division between neuronal subclusters

identified from BackSPIN clustering did not exactly follow the boundaries in the all-cell tSNE map. The two-dimensional tSNE map

was primarily used as a visualization tool that displayed the distribution of single-cell transcriptomes only in the first two dimensions

of the tSNE space, whereas additional dimensions were not easily visualizable. The BackSPIN clustering of neurons using neuronally

enriched genes has higher sensitivity, but boundaries between neuronal subclusters defined this waymay not be clearly visible in the

first two dimensions of the tSNE space of all cell types. We further used the binomial test (Shekhar et al., 2016) to identify subtype-

enriched genes (fold change R 1.5, FDR < 0.05, detected in R 10% of neurons in a subtype) among the 3237 neuronally enriched

genes by comparing each neuronal subtype with all the other subtypes and ranking the genes by ln(fold change)3 proportion of pos-

itive cells in that subtype.

For the subclustering of astrocytes, cells that were classified as astrocytes in themajor cell type analysis were used (5932 cells). We

first selected astrocyte enriched genes (excluding IEGs [Table S3]) using the binomial test (Shekhar et al., 2016). Astrocytes were

compared to all the other cell types combined and 3576 genes with fold change R 1.3, FDR < 0.05, and expressed in R 0.3% as-

trocytes were selected. These genes were then used for PCA analysis, and tSNE was performed using PCs 1-20 as input, with 2000

iterations and the perplexity parameter set to 30. The three astrocyte subclusters were identified through the Louvain-Jaccard clus-

tering algorithm (Blondel et al., 2008; Shekhar et al., 2016), using the scores of the cells along PCs 1-20 and with the number of near-

est neighbors set to 20. To identify genes specifically enriched in each subtype, we used the binomial test (Shekhar et al., 2016) to

compare each subtype with the other two combined and ranked the genes as described above.

It should be noted that our subclustering analysis of MeA neurons represents one computational approach, among many others

(reviewed in Poulin et al., 2016), for classifying neuronal subtypes. Also, tissue dissociation, microfluidic cell sorting, and RNA capture

and amplification may lead to different efficiency in detecting different cell types. The molecular map of the MeA could be further

refined as scRNA-seq techniques continue to improve and by combining scRNA-seq with additional morphological, connectional,

and electrophysiological studies.

Weighted Gene Coexpression Network Analysis
The Weighted Gene Coexpression Network Analysis (WGCNA) R package (Langfelder and Horvath, 2008) was used for building

signed coexpression networks for the major cell types. Cells with R 1200 genes and 1500 transcripts (4446 cells in total)

were used in the analysis. Mural cells were excluded due to small cell number. We selected 5000 most variable genes using the

feature_selection function in the BackSPIN algorithm (Zeisel et al., 2015) for network construction. Biweight midcorrelation was first

used to calculate pairwise correlations between genes. Next, pairwise topological overlap was calculated with a power of 9 based on

a fit to scale-free topology. Coexpression modules comprised of positively correlated genes with high topological overlap were then

identified using the cutreeDynamic function in the dynamicTreeCut R package (Langfelder et al., 2008), with the following parame-

ters: method = ‘‘hybrid,’’ deepSplit = 2, pamStage = F, minClusterSize = 30. The expression of each module was summarized by the

module eigengene (ME, defined as the first principle component of all genes in a module). Modules whose eigengenes were highly

correlated were further merged using the mergeCloseModules function in the WGCNA R package. Pearson correlations between

MEs and different major cell types (treated as binary numeric variables) were calculated. p values were FDR adjusted using

Benjamini-Hochberg correction.
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Gene Ontology Analysis
Gene ontology (GO) analysis for gene coexpression modules was performed using the Database for Annotation, Visualization and

Integrated Discovery (DAVID) (Huang et al., 2009). All genes used for theWGCNA analysis were used as background. Representative

top enriched GO terms (of the biological process category) with FDR < 0.15 were shown.

Comparison of IEG Expression
To compare the expression of individual IEGs between different single-cell dissociation methods (Figures 4A–4E, 4J, 4L, 4N), we per-

formed one-sided Fisher’s exact test to evaluate whether the IEGs were expressed in higher proportions of cells in the conventional

dissociation method compared to the modified methods. We also performed a likelihood-ratio test designed for single-cell data

(Macosko et al., 2015; McDavid et al., 2013), which simultaneously tests for changes in mean expression and in the percentage

of expressed cells. The statistical significance of the results was largely identical to that derived from Fisher’s exact test (data

not shown).

To compare the proportion of IEG expressing cells in different cell types under different dissociation conditions (Figures 4F–4I;

Table S4), we first selected IEGs showing themost prominent upregulation in each cell type when comparing the conventional disso-

ciation procedure and Act-seq with 11�C digestion. We defined IEG-positive cells as those expressing any of the selected IEGs (neu-

rons, Fos, Fosb, and Junb; astrocytes, Fosb, Egr1, Junb, and Nr4a1; microglia, Dusp1, Egr1, and Fos; OPCs, Fos, Fosb, and Junb;

oligodendrocytes, Fos, Fosb, and Egr1; endothelial cells and mural cells, Fos and Fosb). We then examined whether the proportions

of IEG-positive cells were higher in the conventional dissociation method compared to the modified methods using one-sided

Fisher’s exact test.

For the evaluation of seizure-induced IEG upregulation using either the conventional method or Act-seq (Figures 6A1–6B6), we

used cells dissociated from PTZ-injected animals to compare with cells dissociated from saline-injected control animals. 8071 cells

with > 550 genes and > 700 transcripts were used for this analysis. We have performed control experiments in both saline-injected

animals and naive animals. In Act-seq, we found no IEG significantly differentially expressed (fold change > 2, FDR < 0.05, two-sided

Fisher’s exact test) between these two groups (Figures S6A–S6F). In further in-depth analysis of IEG upregulation in major cell types

using Act-seq (Figures 6C1–6F6), we combined both saline-injected and naive animals as one control group to increase statistical

power. 9822 cells with > 550 genes and > 700 transcripts were used for this analysis. For the analysis of gene expression changes

following acute stress (Figures 7B–7E), naive animals were used as control.

For the evaluation of IEG upregulation in neuronal subtypes in response to seizure and acute stress (Figures 7A–7E), we used the

combination of four top upregulated IEGs identified in seizure (Fos, Fosb, Egr4, and Nr4a3; Figures 6C1, 6E1, 6F1; Table S6) as an

indicator of activation, and defined cells expressing any of these genes as IEG-positive cells. We then used the Fisher’s exact

test and the likelihood ratio test (Macosko et al., 2015; McDavid et al., 2013) to compare the proportion of IEG-positive cells and

the summed expression level of the selected IEGswithin single cells (Figures 7A–7C). For the analysis of IEG upregulation in astrocyte

subtypes following seizure (Figures 7I–7M), astrocytes with > 600 genes and > 700 transcripts were used (4694 cells; Table S6).

For the comparison of cell type markers and other non-IEG genes between different experimental conditions, two-sided Fisher’s

exact test was used.

Dual-Color Fluorescent In Situ Hybridization and Immunohistochemistry
Dual-color fluorescent in situ hybridization (FISH) experiments were performed largely as described (Li et al., 2016) with some mod-

ifications. Briefly, antisense probes were generated using cDNA templates derived from brain slices containing the MeA. The

sequences of the probes were the same as those used by the Allen Brain Atlas (http://www.alleninstitute.org). Probes were labeled

with digoxigenin (Sigma-Aldrich Cat# 11277073910) or fluorescein (Sigma-Aldrich Cat# 11685619910). Brains were fixed with 4%

paraformaldehyde and dehydrated in 15% sucrose and 30% sucrose at 4�C overnight consecutively. 20 mm sections were hybrid-

ized with both probes for 16 hr at 65�C. After washing and blocking, the sections were incubated with anti-fluorescein-POD (Sigma-

Aldrich Cat# 11426346910, 1:5000) at 4�Covernight. The sectionswere then sequentially incubatedwith TSAPlus (DNP, PerkinElmer

Cat# NEL747A001KT, 1:1000) for 13 min, anti-DNP-POD (PerkinElmer Cat# NEL747A001KT, 1:300) for 45min, and TSA Plus (DNP,

PerkinElmer Cat# NEL747A001KT, 1:1000) for 13 min. Subsequently, the sections were incubated with anti-DIG-AP (Sigma-Aldrich

Cat# 11093274910, 1:1000) and anti-DNP Alexa488 (Molecular Probe Cat# A-11097, 1:500) at 4�C overnight. Detection of the digox-

igenin-labeled probe was performedwith HNPP/FR (Sigma-Aldrich Cat# 11758888001, both at 1:100). For NeuN immunohistochem-

istry, brain sections were fixed with 4% PFA for 20 min. After washing and blocking, the sections were incubated with anti-NeuN

(Thermo Fisher Scientific, Cat# MAB377MI, 1:500) overnight at 4�C, followed by secondary antibody (anti-mouse IgG-Alexa488,

Thermo Fisher Scientific, Cat# A-21202, 1:500) at room temperature for 2 hr. Images were acquired using Zeiss LSM 880 and

quantified using ImageJ.

QUANTIFICATION AND STATISTICAL ANALYSIS

Specifics on the statistical methodologies and software used for various analyses are described in the corresponding sections in

RESULTS, figure legends, METHODS DETAILS, and supplemental tables. Comparison of gene expression between cell types or

experimental conditions was performed using the Fisher’s exact test, binomial test (Shekhar et al., 2016), and/or likelihood-ratio
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test (Macosko et al., 2015; McDavid et al., 2013) as indicated. Overlap between different cell populations (Figures 7D, 7F–7H) was

assessed using the Fisher’s exact test. p values were adjusted using Benjamini-Hochberg correction or Bonferroni correction as indi-

cated. Bar plots with error bars showmean ± SD. Boxplots show the first and third quartiles and themedian.Whiskers in the boxplots

encompass data points within 1.5-fold interquartile range of the lower and upper quartiles.

DATA AND SOFTWARE AVAILABILITY

Gene expression data are available in the Gene Expression Omnibus, GEO: GSE103976. The data and code that support the findings

of this study are available upon request from the corresponding author.
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