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SUMMARY

Single-cell transcriptomics has been widely applied to classify neurons in the mammalian brain, while sys-
tems neuroscience has historically analyzed the encoding properties of cortical neurons without considering
cell types. Here we examine how specific transcriptomic types of mouse prefrontal cortex (PFC) projection
neurons relate to axonal projections and encoding properties across multiple cognitive tasks. We found
that most types projected to multiple targets, and most targets received projections from multiple types,
except PFC/PAG (periaqueductal gray). By comparing Ca2+ activity of the molecularly homogeneous
PFC/PAG type against two heterogeneous classes in several two-alternative choice tasks in freely moving
mice, we found that all task-related signals assayed were qualitatively present in all examined classes. How-
ever, PAG-projecting neurons most potently encoded choice in cued tasks, whereas contralateral PFC-pro-
jecting neurons most potently encoded reward context in an uncued task. Thus, task signals are organized
redundantly, but with clear quantitative biases across cells of specific molecular-anatomical characteristics.

INTRODUCTION

Achieving a ‘‘ground truth’’ understanding of neuronal types is

important for dissecting the function of complex neuronal

circuits (Jorgenson et al., 2015; Luo et al., 2018). Molecular

neuroscience has seen a recent explosion in neuronal cell type

classification using single-cell RNA sequencing (scRNAseq)

technologies (Zeng and Sanes, 2017). Because transcriptomic

data reflects cellular function, is high dimensional, and can be

quantitatively compared across brain regions (Tasic et al.,

2018) and species (Tosches et al., 2018; Hodge et al., 2019; Keb-

schull et al., 2020), it is often considered as a foundation to all

other properties. However, it is challenging to reconcile cell

type definitions from transcriptomic data with those determined

by other properties such as developmental history, connectivity

patterns, electrophysiological properties, and the encoding of

signals related to behavior. Most transcriptomic studies have

not investigated the encoding of behaviorally relevant signals

in discovered neuronal cell types in vivo. Furthermore, what con-

stitutes a neuronal type in many regions of the mammalian brain

is a topic of intense debate (Yuste et al., 2020). Explicitly testing

whether a given transcriptomic classification possesses any

characteristic anatomical and physiological properties can help

determine whether the classification is functionally relevant.

This issue is beginning to be addressed in a variety of neural sys-

tems. Applying scRNAseq to systems with a pre-existing ground

truth of cell types and function (e.g., mouse retina: Shekhar et al.,

2016; fly olfactory system: Li et al., 2017) has resulted in relatively

faithful mapping between molecular and functional types. Interro-

gationof twosubcorticallyprojecting transcriptomic types inmouse

anterolateral motor cortex (ALM) during a motor planning task re-

vealeddifferences in theencodingofpreparatoryactivity (Economo

et al., 2018). Profiling of neuronal diversity in the mouse hypothala-

mus revealedhigh levels of transcriptomicdiversity but little one-to-

one matching between transcriptomic types, behavior-specific

activation, and connectivity (Moffitt et al., 2018; Kim et al., 2019).

Analysis of the mouse striatum revealed that continuous gene

expression variation is overlaid on discrete cell types over space,

with both continuous and discrete variation contributing to circuit

function (Gokce et al., 2016; Stanley et al., 2020). Thus, the level

of correspondence between molecular and functional properties

can differ substantially across neuron types and brain regions.

Neurons of the mammalian PFC serve at a critical transition

between sensation and action, bias diverse sensory signals
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toward appropriate downstream targets, and underlie cognitive

processes such as reward-guided decision-making and behav-

ioral flexibility (Fuster, 2008; Miller and Cohen, 2001; Rushworth

et al., 2011; Euston et al., 2012; Zingg et al., 2014). While tradi-

tional systems neuroscience techniques have shown how com-

plex task-related signals can be encoded at the single-neuron

and population levels (e.g., Asaad et al., 1998; Mante et al.,

2013), these studies are typically blind to cell type and projection

patterns. Furthermore, cognitive functions operate among a

wide range of task demands, and the measured complexity of

how PFC encodes task signals depends heavily on the behav-

ioral assays used. It is therefore important to achieve an inte-

grated picture of how specific transcriptomic types relate to their

projection patterns, and together underlie a well-defined reper-

toire of task signals.

To this end, recent studies inmice have suggested that nucleus

accumbens-projecting medial PFC (mPFC/NAc) neurons have

different roles in the conjunctive encoding of social and spatial tar-

gets (Murugan et al., 2017), the restraint of reward seeking (Kim

et al., 2017), and the representation of reward predicting cues

(Otis et al., 2017). mPFC/PAG neurons were reported to be a

key node that dopamine acts on to modulate the encoding of

aversive stimuli (Vander Weele et al., 2018), and exhibited activity

signatures underlying compulsive alcohol drinking (Siciliano et al.,

2019). In a sensory discrimination task, dorsomedial PFC excit-

atory neurons had diverse task encoding that correlated with

different layers containing heterogeneous populations (Pinto and

Dan, 2015). As the molecular heterogeneity of these populations

is unknown and the behavioral task repertoire is diverse,matching

cell type and function is a continuing challenge.

Here, we use the mouse PFC as a case study to address the

extent that the encoding of cognitive task-related signals is pre-

dicted by transcriptomic and projection properties, starting from

the foundation of a transcriptomic analysis. scRNAseq of neurons

labeled by Rbp4Cre [most Layer (L) 5 excitatory projection neu-

rons;Gerfen et al., 2013] identified 7 transcriptomic types, but pro-

jection mapping revealed that most types projected to multiple

targets andmost targets received projections frommultiple types.

We leveraged a unique property that projection-defined mPFC/

PAGneurons all derived froma single transcriptomic type, and as-

sessed the diversity of task-related signals present in these neu-

rons by performing Ca2+ imaging in freely moving mice during

several two-alternative choice tasks. We contrasted mPFC/

PAG neurons to two other classes of PFC neurons: those that

project to contralateral PFC (comprising 3 transcriptomic types),

and those labeled by Rbp4Cre (comprising all 7 transcriptomic

types). The use of scRNAseq data to drive analysis of encoding

properties in cognitive tasks bridges an important gap between

molecular and systems neuroscience, furthers our understanding

of PFC function, and extrapolates principles of how task informa-

tion is organized in a cell-type framework.

RESULTS

Single-cell transcriptomes of Rbp4Cre-labeled PFC
projection neurons
Rodent PFC lacks L4 and contains a thick L5 that targets diverse

subcortical and intracortical regions (Gabbott et al., 2005). We

thus used the Rbp4Cre line as a foundation for our dataset. To

define transcriptomic types and uncover potential differences

in gene expression across PFC regions, we broadly profiled dor-

somedial (dmPFC), ventromedial (vmPFC), and orbitofrontal

(OFC) regions (STAR Methods).

We crossed Rbp4Cre with a reporter mouse expressing tdTo-

mato in Cre+ cells (Ai14; Madisen et al., 2010), dissected and

dissociated tissue from postnatal day 34 to 40 (P34–P40) double

transgenic progeny, and performed fluorescence-activated cell

sorting (FACS) and plate-based scRNAseq on tdTomato+ cells

using SMART-Seq2 (Picelli et al., 2014) (Figure 1A). We analyzed

3139 high-quality cells (Figure S1A) pooled from all three regions

(dmPFC: 910 cells, n = 3 mice; vmPFC: 1234 cells, n = 4 mice;

OFC: 995 cells, n = 4mice) and performed Seurat unbiased clus-

tering and batch normalization (Butler et al., 2018; Stuart et al.,

2019; STAR Methods) at multiple resolutions (Figure 1E). Classi-

fication at relatively low clustering resolution gave 7 clusters,

each of which was defined based on co-expression of multiple

genes. For simplicity, we highlight only one exemplar marker

gene from each cluster: Cd44, Figf, Otof, Pld5, Cxcr7, Npr3,

and Tshz2, respectively (Figures 1B, 1D, Table S1 Tab 1), but

emphasize that these definitions rely on multi-dimensional data.

All clusters expressed Slc17a7, which encodes the vesicular

glutamate transporter Vglut1, confirming their excitatory neuron

identity. These cells could also be divided coarsely into deeply

versus superficially located based on expression of marker

genes Fezf2 and Cux1 (Greig et al., 2013; Lein et al., 2007),

respectively (Figure 1C). Putative Ctip2+ subcortically projecting

neurons were further divided into 2 discrete clusters expressing

Npr3 or Tshz2. By contrast, gene expression in the remaining 5

clusters had more continuous variation (Figures 1B and 1D).

We refer to these 7 clusters as transcriptomic types hereafter.

Testing the robustness of this classification using a different

method (Tasic et al., 2018) revealed a similar structure (Figures

S1B and S1C), with the Figf andCxcr7 clusters more subdivided.

Themajority of thePFCclusters hadmixed contributions fromall

three regions (Figure S1B). This was in contrast to a comparison of

ALM versus primary visual (VISp) cortex transcriptomic types,

where glutamatergic types were highly region-specific (Tasic

et al., 2018). These observations could be explained trivially by

continuous spatial differences in gene expression across cortex,

which would differentially affect regions that are close together

versus far apart. To examine this, we compared Rbp4Cre>tdTo-

mato+ cells among PFC and ALM/VISp (Tasic et al., 2018), and

determined the cluster from the Allen Institute annotation that

was the nearest neighbor to each PFC cell (Stuart et al., 2019).

We found that transcriptomically, PFC neurons were not always

nearestneighborswith themorephysicallyproximalALMcells (Fig-

ure1F,ALMmapping:62.5%,VISpmapping: 37.5%;Allenclusters

pooled based on Figure S1D), indicating that gene expression fea-

turesdefiningcortical neuronclustersarenot explainedbyphysical

distance alone. However, our data do emphasize that the assayed

PFC subregions are relatively similar, and the most obvious differ-

ences were in subregion contributions to each cluster.

Anatomical locations of transcriptomic types
We next examined the spatial location and co-localization of

marker expression among the PFC transcriptomic types using
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hybridization chain reaction-based fluorescence in situ hybrid-

ization (HCR-FISH; Choi et al., 2018). Focusing on mPFC, we

quantified marker expression within Vglut1-labeled cell soma

(Figures 2A, 2B, and S2A). Otof labeling was specific to L2/3

[and negative for Rbp4 in the sequencing data despite being

Rbp4Cre>tdTomato+ (Figures 1C and 1D), possibly because

Rbp4Cre is transiently expressed in Otof+ cells during devel-

opment] (Figures 2A, 2B, and S2A). Npr3+ and Tshz2+ cells

Figure 1. Transcriptomic map of Rbp4Cre-labeled PFC projection neurons

(A) Cell isolation from three PFC subregions in Rbp4Cre;Ai14mice for scRNAseq. Tissue was dissociated, FAC-sorted into plates, and processed with SMART-

Seq2. Scale, 1 mm.

(B) Unbiased clustering of 3139 high-quality projection neurons (median ~7000 genes/cell, ~1–2 million reads/cell) based on transcriptomic data, shown in t-

distributed stochastic neighbor embedding (tSNE) space, using Seurat with batch correction. The 7 labels are based onmarker genes from differential expression

analysis across clusters.

(C) Feature plots (top) and violin plots (bottom) showing single-cell gene expression of known markers for excitatory pyramidal neurons (Vglut1+), upper (Cux1)

versus deeper (Fezf2) layers, and subcortically projecting neurons (Ctip2). Color scale of feature plots and y axis of violin plots in this and other panels are in the

unit of ln[1+ (reads per 10000)]. Dot in each violin plot is the median.

(D) Feature and violin plots similar to (C) for cluster-specific marker genes that best distinguish clusters (see Table S1 Tab 1). Dots in violin plots represent cells.

(E) ‘‘Clustree’’ flowchart (Zappia and Oshlack, 2018) of how cell classifications change across different Seurat clustering resolutions. Arrow intensity indicates the

population size moving between levels. The relatively low resolution of 0.3 was chosen because clusters could be distinguished by 1–2 marker genes. Note the

relative stability of the Otof, Pld5, Cxcr7, and in particular the Npr3 and Tshz2 clusters.

(F) Determination of Seurat nearest neighbor mapping (Stuart et al., 2019) between Rbp4Cre-labeled types in PFC (defined here) and in ALM or VISp (Tasic et al.,

2018). An alluvial diagram (right) shows themapping of 7 PFC clusters to the 4 ALMand VISp groups (from a full list of 20 types in Figure S1D), with normalization to

the same population size for each PFC cluster. IT: intratelencephalic, PT: pyramidal tract (subcortical).

See also Figure S1.
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were located deeper in L5 with similar spatial distributions, but

co-localization analysis validated that they were distinct (Fig-

ure 2C). Co-labeling of Otof/Figf/Cxcr7 and Otof/Cd44/Cxcr7

demonstrated a variety of single, double, and triple labeled

cells distributed throughout L2/3 and 5, consistent with the

continuous variation in the sequencing data (Figures 2D and

S2B). Cd44/Cxcr7/Tshz2 triple labeling validated the distinct-

ness of Tshz2 with the other markers (Figure S2C). Overall,

transcriptomic and spatial organization was similar between

dmPFC and vmPFC; the major difference distinguishing OFC

was enrichment of Pld5 and Cxcr7(5-2) (Figures S1B and

S2D) cluster cells. Because vmPFC is narrower than dmPFC,

our data indicate that neuronal heterogeneity in mPFC is best

summarized as a complex mixture of laminar expression that

is increasingly compressed and intermixed from dorsal to

ventral, causing extensive overlap of transcriptomic types

in L5.

In the remainder of this study we focused only on vmPFC

(centered on the infralimbic region) because: 1) it fulfills the tradi-

tional definition of PFC in rodents based on dense innervation

from mediodorsal thalamus, which is less clearly the case for

dmPFC (Rose and Woolsey, 1948; Preuss, 1995; Uylings et al.,

2003; Oh et al., 2014); and 2) the full diversity of cell types is

more compactly represented in a small space, making tracing

and imaging studies more specific.

Complex correspondence between projection targets
and transcriptomic types
To examine the relationship between transcriptomic types and

specific targets of vmPFC projection neurons, we injected retro-

grade traveling Cre-expressing virus (CAV-Cre or AAVretro-Cre,

with the caveat of potential differences in viral tropism, see Limita-

tionsofStudysection inDiscussion),which transducesaxon termi-

nals and is transported back to cell bodies, into Ai14 mice at 6

known target sites: ipsilateral dorsal striatum(DS), nucleusaccum-

bens (NAc), hypothalamus (Hypo), periaqueductal gray (PAG),

amygdala (Amyg), and contralateral PFC (cPFC) (Figure 3A, see

STAR Methods). We dissected vmPFC containing retrogradely

labeled tdTomato+ cells (Figure S2E) and performed scRNAseq

as before. Appending retrogradely labeled cells to the dataset

from Figure 1 roughly recapitulated the previous clustering, with

theexceptionofanewSyt6+clusterderivedmostly fromhypothal-

amus-projectingcells andadditionalFigf+cells (FigureS3A).Other

than the Syt6+ (L6marker, Gerfen et al., 2013) cluster, the remain-

ing retrograde cells were classified based on similarity to the 7

reference transcriptomic types of Figure 1 (Stuart et al., 2019).

To analyze how projection-defined cells were distributed

among the transcriptomic types, we visualized the mapping be-

tween these two categorical variables. Most projection-defined

populations consisted of multiple transcriptomic types (Fig-

ure 3B, right). Conversely, each transcriptomic type collectively

Figure 2. Anatomical locations of PFC transcriptomic types

(A) HCR-FISH of cluster-specific marker genes in vmPFC (A–P ~1.95 mm, D–V ~–2.35 mm). Dashed lines are approximate cortical layer boundaries (Allen Atlas;

beginning of L2/3, 120 mm; L5a, 230 mm; L5b, 410 mm; L6: 600 mm from midline). Scale, 50 mm.

(B) Laminar distribution of cells expressing cluster-specific markers across vmPFC. Vglut1 was used to segment cell soma to quantify expression of markers.

Averaged across n = 4 mice, with 1–2 images per mouse. Layer boundaries are the same as (A) but begin at L2/3.

(C) Double HCR-FISH for Npr3 and Tshz2 in vmPFC. Quantified for both dmPFC and vmPFC and averaged across 4 mice (252 dmPFC, 322 vmPFC cells).

Scale, 50 mm.

(D) Triple HCR-FISH for Otof, Cxcr7, and Figf in vmPFC. Quantification similar to (C) (4 mice; 540 dmPFC, 591 vmPFC cells). Scale, 50 mm.

In this and all subsequent figures, stereotactic coordinates are in millimeters (mm) with respect to bregma, and error bars are SEM unless otherwise stated.

See also Figures S2A–S2D.

ll

4 Cell 184, 1–18, January 21, 2021

Please cite this article in press as: Lui et al., Differential encoding in prefrontal cortex projection neuron classes across cognitive tasks, Cell
(2021), https://doi.org/10.1016/j.cell.2020.11.046

Article



projects to multiple targets (Figure 3B, left, colored by transcrip-

tomic type). Re-mapping retrogradely labeled cells to a higher

resolution version of the clusters reached similar conclusions

(Figure S3B). Despite the divergence and convergence of projec-

tions, the targets of any given transcriptomic type exhibited spe-

cific biases. Importantly, our data revealed a special case: >97%

of vmPFC/PAG neurons mapped to the Npr3 cluster (15-fold

enrichment over random). While we refer to these neurons as

‘‘PAG projecting,’’ it is important to note that PAG is not the

only target. Instead, vmPFC/PAG neurons extend collateral

branches to multiple subcortical targets, including the hypothal-

amus as predicted in Figure 3B (Vander Weele et al., 2018; our

unpublished data).

We next validated some of these observations by staining sec-

tions with PAG- or cPFC-projecting tdTomato+ cells using

markers predicted to either co-label or not. cPFC-projecting

Figure 3. Relationship between projection patterns and transcriptomic types in vmPFC

(A) Retrograde labeling from vmPFC targets (red circles indicate injection sites) for scRNAseq. tdTomato+ cells were collected from vmPFC one week after

injection. Numbers are distance in mm from bregma (A–P axis). Scale, 500 mm.

(B) Nearest neighbor mapping of retrograde cells collected from vmPFC (n = 440 cPFC, 129 DS, 93 NAc, 290 Amyg, 94 PAG, and 109 Hypo cells) to the 7

transcriptomic types from Figure 1 and Syt6+ L6 cells (Figure S3A), with normalization to the same population size for each target. Mapping to reference datasets

with higher clustering resolution (Figure S3B), of only Rbp4+ cells, or of only vmPFC cells gave similar results (data not shown). PL, prelimbic; IL, infralimbic; MO,

medial orbital cortex.

(C) Images of retrograde tracing from PAG (red) and HCR-FISH showing that PAG-projecting cells (tdTomato) expressNpr3 but not Figf (cyan). HCR-FISH signal

was converted to binary puncta and overlaid with tdTomato cell outlines for quantification. Inset is magnification of the boxed region. Scale, 25 mm.

(D) Quantification of retrograde cells (cPFC- or PAG-projecting) that co-localized with markers for different transcriptomic types (Cd44, Figf, Cxcr7, Npr3, n = 3

mice for each).

(E) PAG- (tdTomato) and cPFC-projecting (CTB-488) cells in vmPFC in the same section. Scale, 100 mm.

See also Figures S2E, S2F, and S3.
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Figure 4. vmPFC is engaged by a two-alternative forced choice task

(A) Self-paced 2AFC task for freely movingmice. Mice were trained to nose poke in a center port (1), discriminate between two odor cues (presented for up to 1 s),

and move to the correct reward port to obtain a 4 mL water reward (2). Incorrect cue-outcome associations resulted in a brief air puff punishment.

(B) Bilateral optogenetic fibers implanted into PL (A–P: +1.95, M–L: ± 0.35, D–V: –2.3) of mice expressing ChR2(H134R) in all inhibitory neurons (Gad2Cre;Ai32).

Scale, 500 mm.

(C, D) Behavioral effects of vmPFC optogenetic inhibition. Photostimulation lasted 3 s (C) or 1 s (D) starting at nose poke, randomly interleaved on 25% of trials.

Response time was calculated on all completed trials, and lick duration was calculated only for correct trials. Paired t test was used.

(E) Trial structure and definition of 4 task epochs for imaging.

(F) Performancemetrics of mice during imaging for left and right trial types (Rbp4Cre: n = 8, PAG-projecting: n = 8, and cPFC-projecting: n = 7mice; paired t test).

Left: L, Right: R.

(G) Example fields of view for the 3 cell classes, from 2-odor task imaging. Cre-dependent GCaMP6f expression (Ai148) was from CAV-Cre injections at target

sites or from crossing to Rbp4Cre. Images are maximum intensity projections from a typical FOV. Rings are example regions-of-interest (ROIs) from CNMF-E.

Scale, ~25 mm.

(H) Ca2+ signals (CNMF-E denoised) for 6 highlighted cells (G, right). 3 are time-locked (blue) and 3 are not time-locked (black). Vertical green lines denote odor

onset following each voluntary nose poke/trial.

(legend continued on next page)

ll

6 Cell 184, 1–18, January 21, 2021

Please cite this article in press as: Lui et al., Differential encoding in prefrontal cortex projection neuron classes across cognitive tasks, Cell
(2021), https://doi.org/10.1016/j.cell.2020.11.046

Article



cells co-labeled with the markers Cd44, Cxcr7, and Figf (Fig-

ure S3C) at proportions similar to what was observed in the

sequencing data, but not with Npr3 (Figure S3D). Conversely,

PAG-projecting cells co-labeled with Npr3 with high frequency,

but not with Figf (Figures 3C and 3D) and were distributed

throughout mPFC but not OFC (Figure S2F). Finally, double la-

beling of PAG- and cPFC-projecting cells confirmed that they

did not overlap (Figure 3E).

Thus far,our studyhasparsedoutdifferentneuronalpopulations

by their transcriptomic and projection signatures. However, the

observation that vmPFC/PAG neurons are highly transcriptomi-

cally homogeneous gave a unique opportunity to examine the

signal encoding properties of a neuronal population with highmo-

lecular homogeneity. As comparisons to the vmPFC/PAG neu-

rons (hereafter the vmPFC/PAG class), we also examined the

functional properties of the non-overlapping vmPFC/cPFC

class, consisting mainly of 3 transcriptomic types (Figure 3B), as

well as all Rbp4Cre-labeled neurons as a third class—thereby

applying transcriptomic insights to the study of signal encoding.

Silencing vmPFC interferes with a two-alternative
forced choice task
We sought to explore how different vmPFC cell classes contrib-

uted to the core function of decision-making by imaging single-

cell level neural activity. We adapted a two-alternative forced

choice (2AFC) task in freely moving mice (Figure 4A; Uchida

andMainen, 2003; Feierstein et al., 2006), which could reveal dif-

ferences in how cells represent diverse sensory, motor, and

cognitive signals. We trained water-restricted mice to nose

poke into a center port, which triggered the immediate release

of one of two odor cues. Each odor was associated with a 4 mL

water reward delivered from a port either to the left or right

side, which the mouse would receive only upon licking the cor-

rect port (Figure 4A). The task was self-paced, and mice freely

initiated trials and reported decisions. Over a 2–3 week period,

mice learned to perform the task (valeric acid or VA / left; 1-

hexanol or 1H / right) at high accuracy (> 90%) over hundreds

of trials (268 ± 10 trials in a single session, mean ± SEM).

We first tested whether neural activity in vmPFC of trained

mice was important for task performance. Optogenetic activa-

tion of cortical inhibitory neurons is an effective strategy to

silence specific cortical areas (Pfeffer et al., 2013; Guo et al.,

2014b). We implanted bilateral fiber optic cannulae above

vmPFC (Figures 4B andS4A) ofGad2Cre;Ai32 double transgenic

mice (Taniguchi et al., 2011; Madisen et al., 2012), which ex-

presses channnelrhodopsin (ChR2) in all cortical GABAergic

inhibitory neurons. Photostimulation for 3 seconds (s) beginning

at odor onset decreased task performance (Figure 4C). Photosti-

mulation trials had a significantly reduced completion rate: mice

often failed to report a choice within the allotted time (4 s) despite

receiving an odor cue. Among completed trials, the error rate and

response time were increased. The duration of licking for reward

on correct trials was not affected, however, arguing against a

general motor defect. Photostimulation for 1 s did not affect

the proportion of completed trials, but the error rate and

response time were similarly increased (Figure 4D), suggesting

impaired decision-making. Together, these data suggested

that vmPFC is required for proper execution of the 2AFC task

(see Limitations of study section and STAR Methods) and

prompted us to characterize task-related signals encoded by

different vmPFC projection neuron classes.

Imaging task-relevant Ca2+ dynamics in vmPFC classes
We modified the task design for imaging by adding a delay

period to de-correlate licking and reward consumption.Mice first

approached the center port (Approach epoch, ~1 s), discrimi-

nated 2 odors to choose between left and right (Decision epoch,

~1 s), reported their choice by licking (Lick epoch, 0.75 s), and

received a water reward 0.75 s after the first lick (Reward epoch,

~2 s) (Figure 4E). To isolate cell activity correlated with reward,

we also randomly omitted reward in 25% of the trials (omission

trials) and collectively refer to this design as the ‘‘2-odor’’ task.

Mice on average did not exhibit significant biases in performance

that correlated with the side (Figure 4F).

We utilized a Cre-dependent GCaMP6f mouse (Ai148; Daigle

et al., 2018) to label each of the three classes in separate cohorts:

PAG-CAV-Cre (1 transcriptomic type), cPFC-CAV-Cre (3 tran-

scriptomic types that exclude the PAG-CAV-Cre type), and

Rbp4Cre (7 transcriptomic types including the above two clas-

ses). Mice were implanted with a gradient-index lens (GRIN:

500 mmwide) above vmPFC (Figure S4B), through which we per-

formed Ca2+ imaging at cellular resolution using the Inscopix

mini-endoscopic system (Ghosh et al., 2011; Stamatakis et al.,

2018). Figures 4G and S4C show fields of view (FOV) for all

imaged mice. Figure 4H shows example fluorescence traces of

6 cells (FOV in Figure 4G, right panel) whose Ca2+ transients

did (blue) or did not correlate (black) with odor onset.

To determine task-relevant activity, we defined a set of behav-

ioral regressors representing the four task epochs for left and

right trial types separately (Figure 4I, left) and performed linear

regression with the cell activity. Cells were considered task-

modulated if at least one regression coefficient was significant

when compared to shuffled data that randomized the

regressor–activity relationship. Quantifying task-modulated cells

as a proportion of all imaged cells per mouse revealed that

across all 3 cell classes, 60%–80% of cells were modulated in

at least one epoch. However, cPFC-projecting cells were less

likely to be modulated compared to the other classes (Figure 4I).

Cell classes are differentially recruited by task epoch
Do different classes have enriched activity in different epochs?

We first analyzed the Ca2+ signal of single cells in individual trials

(I) Determination and quantification of cells with task-modulated activity. Four behavioral regressors were used for linear regression, separately for left and right

trial types (left). Average fraction of imaged cells that were significantly modulated (middle: positively and negatively; right: only positively) for each cell class

(circles represent individual mice, one-way ANOVA, post hoc Tukey’s HSD test).

In this and subsequent figures, mean ± SEM is displayed. n.s.: not significant, p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. Ca2+ data is represented

as the Z score (SD) of the fluorescence intensity signal of single cells.

See also Figure S4.
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Figure 5. Differential enrichment of activity across epochs between cell classes

(A) Example single-trial (top) and corresponding trial-averaged activity (bottom) of significantly modulated PAG-projecting cells during the 4 task epochs defined

in Figure 4E. Traces include all correct trials. Vertical dashed line in Approach/Decision epochs denotes odor onset. Vertical dashed lines in Lick/Reward epochs

denote first lick (left) and reward delivery (right).

(B) Trial-averaged activity of all positively modulated cells sorted by time of maximal activity and grouped by cell class. Panels are aligned to odor onset (left) and

first lick (right) (n = 90 PAG-projecting, 95 cPFC-projecting, 339 Rbp4Cre-labeled cells).

(C) Cells positivelymodulated in each of the four task epochs as a fraction of all imaged cells, on a per-mouse basis (one-way ANOVA, post hoc Tukey’s HSD test).

(D) Average activity trace of task-modulated cells aligned to odor onset and first lick, for each cell class (n = 168 PAG-projecting, 205 cPFC-projecting, 518

Rbp4Cre-labeled cells).

(legend continued on next page)
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and calculated trial-averaged traces aligned to odor onset or first

lick. We found cells with activity significantly elevated during

each of the four epochs in all three classes (Figures 5A and

S5A). Next, we identified positively modulated cells across all

mice of each class, and sorted cells by the time of their maximum

trial-averaged activity aligned to odor onset and first lick (Fig-

ure 5B). In all three cases, peak response times tiled the entire

task. This pattern was not an artifact of sorting, as cross valida-

tion of averaged data from only even trials but subsequently

aligned to odd trials produced nearly identical results (Fig-

ure S5B). Thus, there is no absolute relationship between neuron

class and the time within the task that it is active; even a molec-

ularly homogeneous class of neurons (PAG projecting) encodes

diverse signals.

We then classified positively modulated cells based on the

epoch wherein statistical significance was first reached. On a

per-mouse basis, the PAG-projecting and Rbp4Cre-labeled clas-

ses had a greater proportion of Decision epoch-modulated cells

compared to the cPFC-projecting class. Conversely, the PAG-

and cPFC-projecting classes had a lower proportion of Reward

epoch-modulated cells compared to Rbp4Cre (Figure 5C). Thus,

although activity of cells in each class tiled the entire trial, the

amount of modulation varies in each epoch. To test whether cell

classes exhibit quantitative activity differences at the population

level, we computed average signals for all task-modulated cells

(Figure 5D). The Rbp4Cre trace exhibited two periods of elevated

signal: following odor and reward onset. By contrast, the PAG-

projecting trace had elevated signal after odor onset, whereas

the predominant effect in the cPFC-projecting trace was negative

modulation. Furthermore, the magnitude of the PAG-projecting

trace was significantly greater than the other two traces during

the Decision and Lick epochs, whereas the Rbp4Cre trace was

greater during the Reward epoch. Finally, comparing rewarded

and reward omission trials (Figures S5C–S5E) revealed that

reward omission was represented in each class by a net loss of

activity, with the largest change in Rbp4Cre-labeled cells. These

results demonstrate that despite heterogeneity at the single cell

level, each class has distinct population level signatures.

vmPFC/PAG neurons contain the most information
about choice direction
Choice-specific information has been observed across multiple

regions of cortex (Feierstein et al., 2006; Harvey et al., 2012;

Guo et al., 2014b; Li et al., 2015; Driscoll et al., 2017; Wagner

et al., 2019). Similarly, many vmPFC cells exhibited activity se-

lective not only for the task epoch, but also for left or right choice

directions (Figures 6A and S6A). To explore this important task

signal, we first analyzed data at the population level by pooling

cells from all imaged mice. To visualize choice direction-selec-

tive activity over time within a typical trial, we computed trial-

averaged activity traces for each cell separately on left and right

correct trials, and grouped all cells into a time-varying high-

dimensional neural activity trajectory, where each axis repre-

sents the activity of a single neuron (Churchland et al., 2006;

Shenoy et al., 2013). We used principal component analysis

(PCA) and plotted neural activity trajectories using the first 3

PCs, which accounted for ~70% of the variance in the data (Fig-

ures 6B and S6B). Prior to odor onset, trajectories of left and right

trials were very similar. Upon odor onset, the trajectories rapidly

diverged, which persisted through the Reward epoch. Similar re-

sults were obtained with each cell class separately visualized in

the same PC space (Figure 6C). However, the magnitude of tra-

jectory divergence between left and right trials differed: PAG-

projecting cells diverged the most after odor onset, followed

by Rbp4Cre-labeled cells, and then cPFC-projecting cells. This

suggested that the PAG-projecting class contains the most

choice direction-specific information.

We next sought to confirm these observations across individ-

ual mice where cells were simultaneously imaged. For each

mouse, we performed logistic regression to compute a time-

varying prediction of choice direction in each epoch (Kiani

et al., 2014). Data from PAG-projecting and Rbp4Cre-labeled

example mice showed that predictions were at chance levels

before odor onset, which increased in accuracy after odor onset

and lasted through the Reward epoch. cPFC-projecting cells

showed a similar pattern, but prediction accuracy improved

later, suggesting less choice direction-specific information in

the Decision epoch (Figure 6D). To quantify this and compare

cell classes, we randomly subsampled the number of cells

used in the regression model to 25 per mouse and calculated

the average prediction accuracy for choice direction over time

(Figure 6E). This confirmed that the PAG-projecting class con-

tained more information than the cPFC-projecting class, partic-

ularly in the Decision epoch, with the Rbp4Cre-labeled class fall-

ing in between. Finally, we asked how this information

accumulated over increasing numbers of cells. Fewer cells in

the PAG-projecting class were needed to reach a given predic-

tion accuracy compared with the cPFC-projecting class, indi-

cating a greater amount of information regardless of population

size (Figure 6F). Thus, PAG-projecting cells more potently

encode choice direction than cPFC-projecting cells.

Dissecting behavioral variables with two
additional tasks
Many of the critical moments of the 2-odor task occur in the De-

cision epoch, when the mice must interpret the odor identity,

make a left versus right choice, and implement their decision by

moving to the correct port. However, because the mice are freely

moving, we could not dissociate these events. Thus, we devised

two additional tasks. First, to determine the extent that different

odor cues leading to the same choice are generalized, we

designed a 4-odor task: mice were trained to associate one addi-

tional odor cuewith each side (Left 2: (S)-carvone; Right 2: (R)-car-

vone; a pair of enantiomers). Second, to determine whether

activity observed during the Decision epoch was specific to this

task, or if similar activity was evoked whenever a general

For this and subsequent figures, orange, green, or magenta dots represent PAG-projecting, cPFC-projecting, orRbp4Cre traces being significantly different than

the other two, respectively. Black dots represent where PAG-projecting and cPFC-projecting is significantly different. p < 0.05, one-way ANOVA, post hoc

Tukey’s HSD test.

See also Figure S5.
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Figure 6. Choice direction-specific information differs quantitatively between cell classes

(A) Example single-trial (upper) and corresponding trial-averaged activity (lower) of two choice direction-selective cells.

(B) Population neural activity trajectories of trial-averaged correct left and right trials represented using the first three PCs in activity state space. Arrows denote

the direction of time. Green, red, and blue dots represent onset of odor, lick, and reward delivery, respectively. All imaged cells are included (n = 1214). Dotted

lines connect data between the two alignment points.

(C) Similar to (B), but neural activity trajectories are subdivided by cell class and randomly subsampled to 200 cells per class.

(D) Choice direction prediction accuracy using a logistic regression model, shown over time across the four epochs, with one example mouse for each cell class.

Values toward 1 or 0 indicate accurate left or right choice direction prediction, respectively.

(E) Average choice direction prediction accuracy across mice (n = 5 PAG-projecting, 5 cPFC-projecting, and 8 Rbp4Cre-labeled mice), from data randomly

subsampled to 25 cells per mouse (one-way ANOVA, post hoc Tukey’s HSD test).

(F) Average choice direction prediction accuracy during the Decision epoch as a function of the number of cells included in the logistic regression analysis.

See also Figures S6A and S6B.
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reward-seeking action toward the left or right ports is made, we

designed an uncued task: mice perform similar movements, but

do not need to discriminate odors. In this task, nose poke at the

center port triggered an immediate reward at the left port for a

block of trials, followed by a similar block of trials at the right port.

Mice that contributed to the 2-odor dataset were trained for an

additional 2–3 weeks on the 4-odor task (but not the uncued

task), and re-imaged while performing the 4-odor task at expert

levels. This was immediately followed by the uncued task within

the same imaging session (Figures 7A and S6C). Mice transi-

tioned quickly from the 4-odor task to the uncued task and at-

tained high performance (> 80%) within 10–20 trials (Figure S7A),

and performed hundreds of trials within one session (165 ± 4 4-

odor trials, 50 ± 3 left block trials, 53 ± 3 right block trials, mean ±

SEM). The 4-odor task generally recapitulated our previous find-

ings. Sorted, trial-averaged activity in the 4-odor task revealed a

similar tiling pattern (Figure 7B) and distribution of task-modu-

lated cells across epochs (Figure S7B) to the 2-odor task (Fig-

ures 5B and 5C). Prediction of left versus right choice directions

was also similar, with PAG-projecting cells containing more in-

formation than cPFC-projecting cells (Figures S7C and S7D).

However, many cells with task-modulated activity in the 4-

odor task exhibited either little task-modulated activity or task-

modulated activity with different temporal profiles in the uncued

task, supporting the task specificity of the observed neural activ-

ity (Figure 7B). Importantly, this difference was not explained by

the passage of time, as a comparison of the 4-odor data broken

down into first and second halves did not reveal a difference

compared with the uncued segment (Figure S7E). Furthermore,

inclusion of the uncued data increased the number of PCs

required to explain the variance in the dataset, indicating that

the uncued task generates activity patterns distinct from the

cued task (Figure S7F).

Differential encoding of odor, choice, and side revealed
from the 4-odor and uncued tasks
Neural activity enriched in the Decision epoch could be associ-

atedwith a specific odor (hereafter Odor), both odors for a partic-

ular choice direction (hereafter Choice), or movement to one

particular side (hereafter Side). The data from the 4-odor and

uncued tasks provide us with six contrasting trial types to disso-

ciate these variables. Indeed, we found cells with activity selec-

tive for a specific odor, for two odors that predict reward on a

specific side, and for movements toward a specific side, corre-

sponding to the Odor, Choice, and Side definitions above

(Figure 7C).

To quantify this, for each cell with positive modulation during

the Decision epoch, we performed linear regression analysis

with six behavioral regressors, each representing one of the six

trial types (L-1, L-2, R-1, R-2, L-uncued, R-uncued). We deter-

mined which regression coefficient (or group of coefficients)

was significant by comparing the true coefficient with those

generated from random shuffles of the activity–regressor rela-

tionship (STAR Methods). From this, we classified cells into:

Odor (modulated by L-1 or L-2 or R-1 or R-2 regressors), Choice

(modulated by L-1 and L-2; or R-1 and R-2 regressors), or Side

(modulated by L-1 and L-2 and L-uncued; or R-1 and R-2 and

R-uncued regressors) categories (Figure 7D). Side-selective

cells were in similar proportion across all three classes. Odor-

and Choice-selective cells, however, were represented in

PAG-projecting and Rbp4Cre-labeled cells at a significantly

higher proportion compared to the cPFC-projecting class. These

results highlight the complexity of task encoding and validate

choice as a more abundantly represented signal in the PAG-

compared to cPFC-projecting class.

vmPFC/cPFC neurons preferentially represent reward
context in the uncued task
In contrast to the 2- and 4-odor tasks, where the mouse is un-

committed to a choice before odor presentation, choice-specific

information is potentially represented even before nose poke in

the uncued task. Indeed, we observed cells that exhibited activ-

ity only during the uncued trials and specific to one of the two

block-types (Figure 7E). In contrast to the transient activity char-

acteristic of the cued trials, some of these cells exhibited height-

ened activity throughout each trial, including the period prior to

nose poke (Figure 7E). Representing the aggregate data during

left versus right uncued trials as trajectories in activity state

space (Figure 7F), we observed that the trajectories never

came close to each other. In addition, comparing trajectories

in the Approach epoch leading up to nose poke/odor onset

demonstrated clear overlap between the cued trial types, and

segregation between the uncued trial types (Figure 7G).

Together, these data demonstrate differences in activity state

between the cued and uncued tasks, and provide evidence

that information about block-type, or the reward context, is pre-

sent in vmPFC persistently through each trial.

To address how reward context is represented across cell

classes in uncued trials, we performed a regression analysis

similar to Figures 6D–6F. Left versus right reward context could

be predicted from all three classes, but this information was

most potent in cPFC-projecting cells (Figures 7H and 7I). The

prediction accuracy of reward context by cPFC-projecting cells

was consistently higher than that of PAG-projecting cells

throughout most of the trial, with Rbp4Cre-labeled cells falling

in between (Figure 7H). This was also the case across regression

models that included varying numbers of cells (Figure 7I). Thus,

despite weak recruitment with no consistent signatures of

behavioral encoding in the cued tasks, cPFC-projecting cells

are particularly important in signaling the reward context that

the mouse is in during the uncued task. Overall, these results

emphasize how all three of the cell classes that we studied

here have both common information, as well as individual biases

in representing specific task signals (Figure 7J).

DISCUSSION

Molecular neuroscience has invested substantial effort to survey

transcriptomic heterogeneity of neurons in a variety of brain

regions. In contrast, systems neuroscience widely ignores cell-

type information when positing and testing mechanisms of infor-

mation encoding, a practice implicitly justified by the redundant

neural activity and recurrent connectivity in higher brain regions

(Harris and Mrsic-Flogel, 2013; Shenoy et al., 2013). How do we

reconcile these views? Our PFC dataset uncovered transcrip-

tomic types consistent with those from studies that profiled the

ll

Cell 184, 1–18, January 21, 2021 11

Please cite this article in press as: Lui et al., Differential encoding in prefrontal cortex projection neuron classes across cognitive tasks, Cell
(2021), https://doi.org/10.1016/j.cell.2020.11.046

Article



Figure 7. Two additional cognitive tasks reveal how cell classes differentially encode task signals

(A) Task design. Mice first discriminated four possible odors to receive a 4 mL reward per successful trial. They then immediately switched to an uncued task of

repeated left (L-uncued) or right (R-uncued) trials in blocks, resulting in six trial types in the same imaging session.

(legend continued on next page)
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mouse brain exhaustively (Saunders et al., 2018; Zeisel et al.,

2018), other parts of the cortex (Tasic et al., 2018), or PFC more

specifically (Bhattacherjee et al., 2019), but we focused on using

L5 pyramidal neurons and their projection mapping as a case

study to interrogate task encoding properties with a cell-type

framework. Using PAG-projecting neurons as an example of mo-

lecular homogeneity due to its invariant clustering across multiple

resolutions and methods (Figures 1E and S1B), we found that

even a homogeneous transcriptomic type encodes diverse infor-

mation. However, different cell classes preferentially contributed

to different aspects of task encoding, suggesting that each tran-

scriptomic type makes quantitatively different contributions to

behavior. Given that thismapping is possible evenwhen intention-

ally focusing on a cortical region known for its complexity, molec-

ular atlas-building efforts will undoubtedly continue to provide a

useful framework for analyzing cell function.

Relationship between axon projection patterns and
transcriptomic types
Mesoscale axon collateralization patterns of neuron populations

(Oh et al., 2014; Zingg et al., 2014; Harris et al., 2019) present

reproducible, highly complex innervation patterns to many re-

gions. However, as these populations are subdivided, the extent

that projection patterns are subdivided into individual ‘‘chan-

nels’’ of output to specific targets or retain an overlapping

‘‘broadcast’’ pattern to multiple targets varies substantially

across systems. Projection-defined locus coeruleus norepi-

nephrine neurons have overlapping patterns of output collateral-

ization (Schwarz et al., 2015; Kebschull et al., 2016), whereas

ventral tegmental area projection-defined dopamine neurons

(Beier et al., 2015) or arcuate AGRP neurons (Betley et al.,

2013) have substantially less axon overlap.

A current assumption is that dividing neuron populations

based on transcriptomic criteria will be helpful in deciphering

the correspondence between transcriptomic versus projection

types. Our data indicate that this is not necessarily the case, at

least in PFC (Figures 3 and S3). Our finding of a one-to-many

and many-to-one mapping between transcriptomic and

projection types undoubtedly underlies the complexity of PFC in-

formation flow. Evidence from single neuron axon arborization

patterns (Lin et al., 2018; Gong et al., 2016; Winnubst et al.,

2019; Ren et al., 2019) or MAPseq (Kebschull et al., 2016; Han

et al., 2018; Chen et al., 2019) indicate how morphologies of in-

dividual neurons can be highly heterogeneous within genetically

defined populations. For example, median preoptic nucleus

excitatory neurons that signal thirst appear transcriptomically

homogeneous, but also target axons to multiple sites with little

collateralization (Allen et al., 2017a). One possible explanation

could be that transcriptomic heterogeneity in development that

is essential for establishing wiring specificity diminishes in adults

(Li et al., 2017). Together, these observations suggest a limited

extent to which projection patterns can be predicted by tran-

scriptomic data in adult neurons.

Distribution of task information across cell types
Neural responses of individual cells in PFC tend to be highly het-

erogeneous and represent combinations of experimental and

behavioral variables. This feature, referred to as mixed

selectivity, has gained prominence as a mechanism for how

PFC neurons represent task-related signals in a computationally

efficient manner (Fusi et al., 2016; Rigotti et al., 2013). Indeed, all

3 of our examined vmPFC cell classes contained but had rela-

tively small proportions of mixed selective cells based on their

representation of choice direction and/or reward context (Fig-

ure S7G). Further, task-related signals in goal-directed, cognitive

tasks are more generally distributed across the brain than previ-

ously thought (Hernández et al., 2010; Allen et al., 2017b and

2019; Steinmetz et al., 2019). Our study extends these perspec-

tives by showing that even within a specific brain region, within a

cortical layer, and within a transcriptomic type, a diversity of in-

formation is still present in the population and in individual cells,

including cells that fulfill criteria of mixed selectivity.

A key feature of our study is our survey of behavioral encoding

across multiple tasks. Performance of the uncued task directly

after the 4-odor cued task highlights the flexibility of PFC: choice

is potently represented by PAG-projecting cells in the cued task,

but upon switching to the uncued task, mice adapt within tens of

seconds, and reward context is potently represented by cPFC-

projecting cells. This is an explicit example of how different cell

types come into action in different tasks and underscores the

importance of having a diverse behavioral repertoire when

testing for cell-type specific encoding. This ‘‘division of labor’’

(B) Trial-averaged activity of all positively modulated cells during the cued task (left) sorted by the time of maximal activity and grouped by cell class (n = 110 PAG-

projecting, 89 cPFC-projecting, 348 Rbp4Cre-labeled cells) followed by trial-averaged activity of the same cells during the uncued task (right).

(C) Example Odor- (L-2 only), Choice- (L-1 + L-2), and Side-selective (R-1 + R-2 + R-uncued) cells with single-trial (top) and trial-averaged activity (bottom).

Vertical dashed line denotes nose poke/odor onset.

(D) Proportions of cells positively modulated in the Decision epoch, grouped by cell class, and categorized as Odor-, Choice-, or Side-selective using linear

regression. Comparison across classes was performed using a permutation test.

(E) Example cells with preferential activity during L-uncued trials (left) or R-uncued trials (right). Vertical dashed line denotes nose poke/odor onset.

(F) Population neural activity trajectories summarizing trial-averaged traces of left versus right uncued trials using the first three PCs in activity state space. All

imaged cells were included (n = 1248).

(G) Same as (F) except that all six trial types are plotted, and only the Approach epoch leading up to the nose poke/odor onset is analyzed.

(H) Average reward context prediction accuracy (left versus right block-type) over the course of the uncued task, across mice (n = 4 PAG-projecting, 5 cPFC-

projecting, and 8 Rbp4Cre-labeled mice), from data randomly subsampled to 25 cells per mouse (one-way ANOVA, post hoc Tukey’s HSD test).

(I) Average reward context prediction accuracy during the Approach epoch as a function of the number of cells included in the logistic regression analysis.

(J) Schematic summary. Rbp4Cre-labeled cells in vmPFC are divided into cell classes defined by differential gene expression (Npr3+; Figf+/Cxcr7+/Cd44+,

simplified as Figf+), which predominantly route different information (cued choice or uncued reward context) to different targets (PAG or cPFC). Note that PAG

and cPFC are not the only sites these neurons project to. Our data also suggest thatRbp4Cre-labeled cells contain a subclass that preferentially encodes reward,

distinct from PAG- or cPFC-projecting cells.

See also Figures S6C and S7.
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of cell types is echoed in a study showing that the number of

required cortical areas and their dynamics varied across the dif-

ficulty of tasks (Pinto et al., 2019).

Neurons within frontal cortices exhibit persistent activity

involved in short-term memory (Fuster and Alexander, 1971;

Miller et al., 1996). Our finding that reward context is represented

preferentially in intracortically projecting neurons suggests that

cortico-cortical networks are likely a key player for this activity.

While not explicitly tested, our observations may provide a tran-

scriptomic and projection-based cellular context to the literature

that has linked PFC to working memory (Spellman et al., 2015;

Kamigaki and Dan, 2017; Bolkan et al., 2017; Schmitt et al.,

2017) and the representation of decision variables such as value

(Bari et al., 2019; Hirokawa et al., 2019), both of which could be in

play during our uncued task. In summary, our study has exempli-

fied that integration of transcriptome and axon projection ana-

lyses with signal encoding in a dynamic behavioral context

bridges molecular and systems neuroscience approaches to

studying cognitive functions.

Limitations of study
In this section we acknowledge and discuss several limitations of

our study. The extent of spatial spread of retrograde viruses is

not possible to quantify precisely, which is a known issue in

the field. Because CAV and AAVretro transduce axon terminals

as well as axons-in-passage (Schwarz et al., 2015; Tervo et al.,

2016), both cell bodies and axons projecting to the injection

site from long and short ranges are labeled. Therefore, close to

the injection site, it is not possible to determine whether labeling

is contributed from local circuitry or from the injection itself. We

also acknowledge that both CAV and AAVretro have tropisms in

different neuronal classes from different brain regions (Schwarz

et al., 2015; Tervo et al., 2016), likely due to the differential

expression levels of receptors for these viruses (Li et al., 2018).

In general, this problem is likely less severe in our study because

it compares the same general class of neurons from the same re-

gion (mostly L5 excitatory projection neurons in PFC). However,

we cannot rule out that these factors play a role in our data.

Regarding the illumination zone and the extent of the optoge-

netics effect, we acknowledge that long-range projecting

GABAergic cells are expected to exist in PFC, which could exert

an inhibitory effect to projection targets outside of PFC (He et al.,

2016). However, in our own sequencing data of retrogradely

labeled cells, we found that out of 1160 labeled cells from 6 re-

gions, only 5 were GABAergic (~0.4% expressed Gad2). This

included 2 cells projecting to contralateral PFC, 2 cells projecting

to hypothalamus, and 1 cell projecting to amygdala. This very

low percentage in PFC is also consistent with studies from the

Allen Institute that quantify other cortical areas (Tasic et al.,

2018, also less than 1%). Furthermore, transcriptomic character-

ization of long-projecting GABA neurons suggest that they are

likely very different from canonical inhibitory neurons, using

slower neuroendocrine signaling in the place of fast neurotrans-

mission (Paul et al., 2017). Taken together, while we acknowl-

edge that the precise functional contribution of long-range

GABAergic neurons in our assay is difficult to estimate, we

believe it is unlikely to have exerted a major inhibitory effect

brain-wide on the timescale of our assay.

Finally, optogenetic inhibition of projection-defined cells

could test for causality in our choice behaviors. We did not

pursue this avenue because: (1) Technically, the success of

this experiment relies on our ability to label a large fraction

of projection-defined cells with retrograde viruses for express-

ing inhibitory opsins, which may not be easily achievable

(based on the relative abundance of PAG-CAV-Cre>tdTomato

labeling compared with Npr3 labeling, we estimate that our

current strategy labels less than 50%); (2) Conceptually, we

already demonstrated a high degree of redundancy in the en-

coding of task signals across cell types, and under those cir-

cumstances, it is not clear what the interpretation of such

functional experiments would be. Nevertheless, we acknowl-

edge that these experiments could be a valuable future

direction.
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STAR+METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

anti-GFP chicken polyclonal antibody Aves Labs Cat# GFP-1020; RRID: AB_10000240

Slc17a7 (Vglut1) probe Molecular Instruments NM_182993.2

Cd44 probe Molecular Instruments NM_009851.2

Vegfd (Figf) probe Molecular Instruments NM_010216.2

Otof probe Molecular Instruments NM_031875.2

Pld5 probe Molecular Instruments NM_176916.4

Ackr3 (Cxcr7) probe Molecular Instruments NM_007722.4

Npr3 probe Molecular Instruments NM_008728.2

Tshz2 probe Molecular Instruments NM_080455.2

Bacterial and Virus Strains

CAV-Cre Soudais et al., 2001 N/A

AAVretro-CMV-Cre-2A-eGFP Stanford Vector Core N/A

Chemicals, Peptides, and Recombinant Proteins

Isoflurane Henry Schein CAS# 26675-46-7; CHEBI: 6015

Avertin (2,2,2-Tribromoethanol) Sigma SKU# T48402

Tissue-Plus O.C.T. Compound Thermo Cat# 23-730-571

Cholera Toxin B-Alexa488 Molecular Probes C-34775

Hoechst Life Technologies H3570

DAPI Thermo D1306

Mineral oil Fisher Scientific O122-4

Valeric Acid Sigma-Aldrich 240370

1-hexanol Sigma-Aldrich H13303

R-carvone Sigma-Aldrich 124931

S-carvone Sigma-Aldrich 435759

Papain Dissociation System Worthington LK003150

SMARTScribe Reverse Transcriptase Takara 639538

KAPA HiFi HotStart ReadyMix Roche KK2602

AMPure Beads Fisher A63881

Critical Commercial Assays

Quant-iT� PicoGreen� dsDNA Assay Kit Thermo P11496

Nextera XT Library Sample Preparation kit Illumina FC-131-1096

Deposited Data

RNA-sequencing data This paper GSE161936: https://www.ncbi.nlm.nih.gov/geo/

query/acc.cgi?acc=GSE161936

Experimental Models: Organisms/Strains

Mouse: Rbp4-KL100-Cre GENSAT KL100

Mouse: Ai14 (Rosa-CAG-LSL-tdTomato-WPRE) JAX 7914

Mouse: Gad2-IRES-Cre JAX 10802

Mouse: Ai32 (Rosa-CAG-LSL-ChR2(H134R)-

EYFP-WPRE)

JAX 24109

Mouse Ai148 (TIT2L-GC6f-ICL-tTA2)-D JAX 30328

Mouse: C57/Bl6 JAX 664

Mouse: CD1 Charles River N/A

(Continued on next page)
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RESOURCE AVAILABILITY

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

(lluo@stanford.edu).

Materials Availability
This study did not generate new unique reagents.

Data and Code Availability
Sequencing data is deposited at NCBI’s Gene Expression Omnibus, and is publicly available through GEO Series accession number

GSE161936. The Ca2+ imaging data and analysis code has not been deposited in a public repository because it is in a non-standard

format, but are available from the lead contact upon request.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and Algorithms

MATLAB Mathworks https://www.mathworks.com

Imaris Oxford Instruments https://imaris.oxinst.com/

Inscopix Data Collection Software Inscopix https://www.inscopix.com

Inscopix Data Processing Software Inscopix https://www.inscopix.com

Python Python https://www.python.org/

ImageJ (Fiji) NIH https://fiji.sc/

Seurat New York University https://github.com/satijalab/seurat

scrattch.hicat Allen Brain Institute https://github.com/AllenInstitute/scrattch.hicat

Bpod CSHL/Sanworks https://github.com/KepecsLab/Bpod_r0_5

Arduino Arduino https://www.arduino.cc

SOLIDWORKS Dassault Systèmes https://www.solidworks.com

Prism Graphpad https://www.graphpad.com/

scientific-software/prism/

CNMF-E Zhou et al., 2018 https://github.com/zhoupc/CNMF_E

U-Net UNI Freiburg https://lmb.informatik.uni-freiburg.de/people/

ronneber/u-net/

Ca2+ imaging data and analysis code This paper Upon request

Other

White acrylic Plastic-Craft Products AC1382

Infrared sensor Adafruit 2167

Valves NResearch 161T011, 161T031

Flowmeter Cole-Parmer EW-03227-18

Arduino Due Arduino A000062

Arduino TinkerKit Arduino K000001

GRIN lens Inscopix 1050-002211

Baseplate Inscopix 1050-004201

Baseplate cover Inscopix 1050-002193

Dummy microscope Inscopix 1050-002196

Kwik-Sil WPI N/A

Kwik-Kast WPI N/A

Gel Control Superglue Loctite 45198

Jet Liquid Lang Dental N/A

Gel foam Pfizer N/A

Dual-core implantable Fiber Optic cannulae ThorLabs CFM32L10
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Mice
All procedures, husbandry conditions, and housing conditions followed standard animal care and biosafety guidelines approved by

Stanford University’s Administrative Panel on Laboratory Animal Care and Administrative Panel on Biosafety in accordance with NIH

guidelines. To express tdTomato in Layer 5 projection neurons for sequencing, we crossed Rbp4Cre (Gerfen et al., 2013, mixed

background) mice to Ai14 (Rosa-CAG-LSL-tdTomato-WPRE, C57BL/6J background; Madisen et al., 2010) mice. Mice were sacri-

ficed at P34–P40 for single cell isolation and sequencing. A total of 11 mice were used for this purpose.

To express tdTomato in projection-defined neurons for sequencing, we also used Ai14mice (mixed CD1, C57BL/6J background),

injected CAV-Cre (Soudais et al., 2001) at target sites (ipsilateral dorsal striatum, nucleus accumbens, periaqueductal gray, and hy-

pothalamus, as well as contralateral PFC) at P24–P35, and then sacrificed 7 days later at P31–P42, or injected AAVretro-Cre (Tervo

et al., 2016) (amygdala) at P34, and then sacrificed at P49, for single cell isolation and sequencing. Each experiment pooled tissue

from 2–4 mice, and each site other than dorsal striatum and nucleus accumbens had two separate batches. A total of 29 mice were

used for this purpose. Only female mice were used in sequencing experiments.

To express ChR2 in inhibitory neurons for optogenetic silencing experiments, we crossed Gad2Cre (C57BL/6J background; Ta-

niguchi et al., 2011) to Ai32 (Rosa-CAG-LSL-ChR2(H134R)-EYFP-WPRE, C57BL/6J background; Madisen et al., 2012) mice.

Following this, we performed cannulae implantation, behavioral training, and optogenetics behavioral experiments. A total of 8

mice (3 males, 5 females) were used for this purpose.

To express the Ca2+ indicator GCaMP6f (Chen et al., 2013) in neocortical Layer 5 pyramidal cells for imaging, we crossed Rbp4Cre

(mixed background) to the Cre-dependent GCaMP6f transgenic mouse line Ai148 (TIT2L-GC6f-ICL-tTA2, mixed background; Daigle

et al., 2018). A total of 8 mice (6 males, 2 females) were used for this purpose. To express GCaMP6f in projection defined neurons for

behavioral training and Ca2+ imaging, we used Ai148 mice, injected CAV-Cre at target sites at P28–P35, and then performed lens

implantation surgeries 1 week later. A total of 15mice (11males, 4 females) were used for this purpose. The imbalance inmale/female

ratio was related to surgery survival rates, and was not intentional. For HCR-FISH validation of sequencing data, adult male and fe-

male mice aged P35–P60 on a CD1 and C57BL/6J mixed background were used. Prior to their training on the tasks used to generate

the datasets in this study, mice were naive to the behavioral task, and gained their task expertise as described in the ‘Behavioral

Training’ section below.

All mice used were adults and the reason for different ages was technical. We performed all the sequencing in younger adults so

that we did not have to wait for mice longer than absolutely necessary, and also because cell dissociation is relatively easier in

younger mice. For the dataset in Figure 1 that we used as a reference, all mice used were very close in age. For the optogenetics

and imaging mice, we needed to wait until adulthood to perform surgeries, and they were older by the time their extensive behavioral

training, and optogenetics/imaging was completed. We cannot rule out the effect of age in our experiments, but consider it very un-

likely to have played a major role.

METHOD DETAILS

Single-Cell Sequencing
The procedure for isolating tdTomato+ cells for single-cell sequencing was identical between those labeled by Rbp4Cre (Figures 1

and S1) or CAV-Cre / AAVretro-Cre (Figures 3 and S3). Mice were briefly anesthetized with isoflurane and decapitated, and the brain

was isolated in ice-cold ACSF (2.5 mM KCl, 7 mM MgCl2, 0.5 mM CaCl2, 1.3 mM NaH2PO4, 110 mM choline chloride, 25 mM

NaHCO3, 1.3 mM sodium ascorbate, 20 mM glucose, 0.6 mM sodium pyruvate, bubbled in 95% O2 / 5% CO2). Brains were

embedded in 3% low-melting point agarose (Fisher BP165-25) in ACSF at 37�C, cooled to 4�C, and then cut on a vibratome (Leica

VT1200S) in either the coronal (mPFC dissections) or horizontal (OFC dissections) planes into 350-mm floating sections. To micro-

dissect dmPFC, vmPFC, or OFC, we first identified the two adjacent tissue slices (total 700 mm) that most accurately spanned the

following anatomical ranges: A–P: ~bregma 1.6 to 2.3 mm (for dmPFC and vmPFC), or D–V: ~bregma –1.5 to –2.2 mm (for OFC).

Next we visualized the fluorescent tdTomato labeling and used the atlas as a guide, to cut out the regions of interest as accurately

as possible. For dmPFC and vmPFC, we bisected the medial wall (~2.4 mm height3 1 mmwidth), into upper and lower portions. For

Rbp4Cre-labeled cells, we collected tissue from both sides of the brain. There are no clear anatomical landmarks that delineate PFC

subregions, but based on atlas boundaries, we conservatively estimate that the following subregions are contained in each dissec-

tion. dmPFC: cingulate and dorsal prelimbic cortex; vmPFC: ventral prelimbic, infralimbic, andmedial orbital cortex; OFC: ventral and

lateral orbital cortex. For retrogradely labeled cells, we only collected cells from the vmPFC ipsilateral to the injection site, except for

contralateral PFC injections. Microdissected tissue was incubated at 37�C in papain enzymemix (Worthington) + 800 nM kyneurenic

acid for 30 min, and triturated gently with a P200 pipette every 15 min thereafter until fully dissociated, usually within 1 h of total in-

cubation time. The cell suspension was spun down at 350 g for 10 min at room temperature, neutralized with ovomucoid inhibitor,

spun again, washed in ACSF, stained with Hoechst for 10 min (1:2000, Life Technologies: H3570), washed, filtered (Falcon 532235),

and resuspended in 2 mL ACSF.

FACS was performed using the Sony SH800 system with a 130-mm nozzle suitable for the large size of pyramidal neurons. Singlet

cells were selected based on low FSC-W, and gated on Hoechst (nuclear stain that penetrates cell membrane) and tdTomato double
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positivity to identify labeled healthy neurons. Cells fulfilling these criteria were over 1003 brighter than background, and were unam-

biguously identifiable. Single cells were sorted at a low flow rate (< 100 events/second), and at the highest purity setting (Single Cell)

into 96- or 384-well hard shell PCR plates (BioRad HSP9601 or HSP3901) containing 4 or 0.4 mL lysis buffer [0.5 U Recombinant

RNase Inhibitor (Takara Bio, 2313B), 0.0625% Triton X-100 (Sigma, 93443-100ML), 3.125 mM dNTP mix (Thermo Fisher, R0193),

3.125 mM Oligo-dT30VN (Integrated DNA Technologies, 50AAGCAGTGGTATCAACGCAGAGTACT30VN-3
0) and 1:600,000 ERCC

RNA spike-in mix (Thermo Fisher, 4456740)] in each well, respectively. Following FACS, plates were spun down, sealed and stored

at –80�C.
cDNA synthesis and library preparation protocols were adapted from the SMART-Seq2 protocol (Picelli et al., 2014). 96-well versus

384-well processing utilized 4 mL or 0.4 mL starting volumes, respectively, and will hereafter be referred to as 1 unit. Plates were first

thawed on ice followed by primer annealing (72�C, for 3min, then on ice). For reverse transcription, 1.5 units of reactionmix [16.7 U/mL

SMARTScribe Reverse Transcriptase (Takara Bio, 639538), 1.67 U/mL Recombinant RNase Inhibitor (Takara Bio, 2313B), 1.67 3

First-Strand Buffer (Takara Bio, 639538), 1.67 mMTSO (Exiqon, 50-AAGCAGTGGTATCAACGCAGAGTGAATrGrGrG-30), 8.33 mM di-

thiothreitol (Bioworld, 40420001-1), 1.67 M Betaine (Sigma, B0300-5VL) and 10 mMMgCl2 (Sigma, M1028-10X1ML)], was added to

each well either manually (96-well) or with a Formulatrix Mantis liquid handler (384-well). The reaction was then carried out by incu-

bating wells on a thermocycler (Bio-Rad) at 42�C for 90 min, and stopped by heating at 70�C for 5 min. Subsequently, 3.75 units of

PCR mix [1.67 3 KAPA HiFi HotStart ReadyMix (Kapa Biosystems, KK2602), 0.17 mM IS PCR primer (IDT, 50-AAGCAGTGGTAT

CAACGCAGAGT-30), and 0.038 U/mL Lambda Exonuclease (NEB, M0262L)] was added to each well. PCR was then performed using

the following program: 1) 37�C for 30min, 2) 95�C for 3min, 3) 21 cycles of 98�C for 20 s, 67�C for 15 s and 72�C for 4min, and 4) 72�C
for 5 min. For 96-well plate samples, cDNA from every well was purified using 0.73 AMPure beads (Fisher, A63881), quantified by a

Fragment Analyzer (AATI), and diluted to 0.15 ng/mL in Tris-EDTA before tagmentation. For 384-well samples, cDNA from every well

was quantified using Quant-iT PicoGreen dsDNA Assay Kit (Thermo Fisher: P11496), and diluted to 0.4 ng/mL in Tris-EDTA before

tagmentation.

For both 96-well and 384-well samples, before tagmentation, we reformatted the samples into a standardized 384-well format, and

used the Formulatrix Mantis and Mosquito (TTP Labtech) to automatically perform all liquid handling steps. Tagmentation was per-

formed on double-stranded cDNA using the Nextera XT Library Sample Preparation kit (Illumina, FC-131-1096). Each well wasmixed

with 0.8 mLNextera tagmentation DNA buffer and 0.4 mL Tn5 enzyme, then incubated at 55�C for 10min. The reactionwas stopped by

adding 0.4 mL Neutralization Buffer and centrifuging at room temperature at 3,220 g for 5 min. Indexing PCR reactions were per-

formed by adding 0.4 mL of 5 mM i5 indexing primer, 0.4 mL of 5 mM i7 indexing primer, and 1.2 mL of Nextera NPM mix. PCR ampli-

fication was carried out using the following program: 1) 72�C for 3min, 2) 95�C for 30 s, 3) 12 cycles of 95�C for 10 s, 55�C for 30 s and

72�C for 1 min, and 4) 72�C for 5 min. After library preparation, wells of each 384-library plate were pooled using a Mosquito liquid

handler, and consolidated into one tube. Pooling was followed by two final purifications using 0.83 AMPure beads (Fisher, A63881).

Library quality was assessed using capillary electrophoresis on a Fragment Analyzer (AATI), and libraries were quantified by qPCR

(Kapa Biosystems, KK4923) on a CFX96 Touch Real-Time PCR Detection System (Bio-Rad). Libraries were sequenced on NextSeq

500 or NovaSeq 6000 Sequencing Systems (Illumina) using 23 75-bp or 23 100-bp paired-end reads, respectively. Sequenceswere

de-multiplexed using bcl2fastq. Reads were aligned to the mouse mm10 genome (with Cre and tdTomato genes added) using STAR

version 2.5.4 (Dobin et al., 2013). Gene counts were produced using HTseq version 0.10.0 (Anders et al., 2015), for only exons, with

the ‘intersection-strict’ flag.

Histology
Adult mice were perfused transcardially with phosphate buffered saline (PBS) and 4% paraformaldehyde (PFA). Brains were ex-

tracted, post-fixed overnight in 4% PFA, cryoprotected in 30% sucrose/PBS for 48 h, embedded in OCT, snap-frozen, and stored

at –80�C. For HCR-FISH (Figures 2A, 2C, 2D, S2B, S2C, S2D, 3C, S3C, S3D), 20-mm frozen sections were cut on a cryostat and dried

on slides for 4 h. For immunolabeling and other non-HCR-FISH histology (Figures 3E, S2E, S2F, 4B, S4A, S4B), 50-mm floating sec-

tions were cut on a cryostat.

For staining HCR-FISH slides, all probe and wash reagents were from Molecular Instruments, and glassware baked at 180�C was

used. Samples were treated with 4% PFA for 15 min, PBS for 5 min, Proteinase K buffer (1:100 1M TrisHCl, 1:500 0.5 M EDTA, and

14 mg/mL Proteinase K, in dH2O) for 6 min, 4% PFA for 10 min, and PBS for 10 min. Slides were then placed in a 37�C chamber hu-

midified with a 50:50 formamide:dH2Omixture and 400 mL of probe hybridization buffer was applied to each slide. After 20min of pre-

hybridization, 400 mL of probe mixture (Pld5, Tshz2, Cxcr7, Npr3: 4 nM; Vglut1: 8 nM;Otof: 10 nM; Figf, Cd44: 20 nM) was applied to

each slide and incubated for 12–16 h in the humidified chamber at 37�C. Slides were thenwashed in a series of probewash buffer and

5 3 SSC-T mixtures (1:0, 3:1, 1:1, 1:3, and 0:1) for 15 min each, at 37�C. Slides were washed again in 5 3 SSC-T for 5 min before

applying 400 mL of amplification buffer to each slide and incubating in the humidified chamber for 30 min. Amplification hairpins were

heated quickly and cooled slowly (95�C for 90 s, then 30 min at room temperature shielded from light) and mixed into amplification

buffer (Pld5, Tshz2, Cxcr7, Vglut1, Otof: 50 nM; Npr3, Figf, Cd44: 120 nM). 150 mL of amplification mixture was added to each slide,

coverslipped, and incubated in a dark humidified chamber at room temperature for 12–16 h. Finally, slides were immersed in 5 3

SSC-T for 30 min to remove the coverslips, and washed in 5 3 SSC-T, before applying the final coverslip.

For immunolabeling (Figure 4B), 50-mmsections collected into PBSwere blocked in 10%normal donkey serum (NDS: Jackson)/PBS/

0.3%Triton-X overnight at 4�C, washed 3 3 in PBS-T (PBS/0.1%Triton-X), incubated in primary antibody [1:1000 chicken anti-GFP
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(Aves)/5%NDS/PBS/0.3%Triton-X] for 2 days at 4�C, washed 3 3 in PBS-T, incubated in secondary antibody (1:500 anti-chicken

Alexa488 (Jackson) /5%NDS/PBS/0.3%Triton-X) overnight at 4�C, washed 3 3 in PBS-T, adding 1:10000 DAPI in the final wash,

and coverslipped.

Confocal and Slide Scanner Imaging
For images centered on PFC, we focused on bregma A–P: +1.95mm, as dmPFC, vmPFC, and OFC are all well represented at that

coronal level. HCR-FISH imageswere collected on a Zeiss LSM780 confocal microscope at 203 (Figures 2 and S2) or 403 (Figures 3

and S3) at 1024 3 1024 or 2048 3 2048 resolution using standard settings, with as many tiles as needed to cover the area for

quantification. Images used for quantification in Figures 2 and S2 were single planes. Images used for quantifying co-localization

of tdTomato with HCR-FISH in Figures 3 and S3weremaximum intensity projections of 5 images spanning ~20 mm.Other histological

images of GFP staining, endogenous tdTomato or endogenous GCaMP6f were collected at 20 3 using standard settings. The im-

ages in Figure 1A for guiding dissections were collected on a dissecting scope with an epifluorescence camera. The images in Fig-

ure S2E for the confirmation of injection location were collected at 5 3 on a Leica Ariol slide scanner with the SL200 slide loader.

For quantification of HCR-FISH in laminar analysis, regions of interest capturing dmPFC (300 mmheight3 900 mmwidth, beginning

~1.1mmbelow bregma, which corresponds to cingulate cortex) or vmPFC (300 mmheight3 750 mmwidth, beginning ~2.3mmbelow

bregma, which corresponds to infralimbic cortex) were generated from n = 4 mice (2–3 images per mouse). For co-localization, im-

ages were generated from n = 3 mice (2–4 images per mouse). For OFC, Pld5 and Vglut1 staining was quantified in the samemanner

from regions of interest the same size as and from the same section as vmPFC (300 mm height 3 750 mm width), and compared in

pairwise fashion over n = 4 mice.

Surgical Procedures
We anesthetized mice using isoflurane (1.25%–2.5% in 0.7–1.3 L/min of O2) during surgeries. We immobilized the head in a stereo-

taxic apparatus (Kopf Instruments), cleaned the skin with Betadine, injected lidocaine (2%, ~0.3 mL) subcutaneously for local anes-

thesia, cut open the scalp, peeled back connective tissue/muscle and dried the skull. All virus and dye injections were done at a rate

of 100 nL/min. After surgery, mice were injected with carprofen (5 mg/kg), 0.9% saline (1–2 mL/100 g body weight), and Buprenor-

phineSR (0.1 mg/kg) for anti-inflammation, hydration, and pain management, respectively. Mice recovered on a heated pad until

ambulatory, were returned to their homecage, and housed in a regular 12 h dark/light cycle with food and water ad libitum, unless

otherwise noted.

For retrograde labeling experiments, Ai14mice were injected withCAV-Cre (200–300 nL, 4.23 1012 gc/mL, all sites but amygdala)

or AAVretro-Cre (300 nL, 8.7 3 1012 gc/mL, amygdala only) into contralateral PFC (cPFC: M–L/A–P/D–V, –0.6/+2.2/–2.5), ipsilateral

dorsal striatum (DS: +1.7/+0.85/–2.8), nucleus accumbens (NAc: +0.6/+1.33/–4.8), amygdala (Amyg: +2.86/–1.3/–4.55), periaque-

ductal gray (PAG: +0.4/–4.15/–2.8), and hypothalamus (Hypo: +0.55/–1.91/–5.0). For testing injection sites, 100 nL CTB-Alexa488

(Molecular Probes: C-34775) was injected into each site into wild-type mice, which were immediately sacrificed for visualization.

The images from Figure S2E (top) are from these experiments.

Regarding the targeting accuracy of the retrograde viruses used for the scRNAseq experiments (Figure 3), we practiced our injec-

tions extensively and were confident in our accuracy before the real experiments, and also used injection volumes and concentra-

tions consistent with previous studies (Schwarz et al., 2015; Beier et al., 2015; Ren et al., 2018). However, because the procedure to

dissect, dissociate, and FAC-sort the region of interest for sequencing was highly time-sensitive from the standpoints of cell viability

andmRNA integrity, we did not prioritize saving the actual tissue from injection sites for presentation in the paper. Thus, we used atlas

diagrams to illustrate our intended injection sites (Figure 3A).

The image from Figure 3E results from a dual injection of CAV-Cre into PAG, and CTB-Alexa488 into cPFC, with 1-week survival.

For insertion of optogenetic cannulae, Gad2Cre;Ai32 mice [expressing ChR2(H134R)] were implanted with bilateral optical fibers

(200-mm core diameter, 0.39NA cannulae, 700-mm spacing that were cut down manually to ~4 mm length, ThorLabs) at the upper

border of vmPFC (prelimbic cortex; A–P: +1.95, M–L: ± 0.35, D–V: –2.3), for stimulation centered on infralimbic cortex below. The

holes in the skull were covered with Kwik-Sil (WPI) for protection, and the cannulae was then secured with superglue (Loctite Gel

Control) and dental Jet Liquid (Lang Dental), sealing all of the exposed skull.

GRIN lens implantation surgeries were performed using Resendez et al., 2016 as a guide. In brief, the skull was thoroughly cleaned

and roughened with a scalpel blade, and two small screws (stainless eyeglass screws, 1 mm length) were screwed into the skull over

posterior areas of cortex, without penetrating the dura, to lend extra support for the headcap. A ~13 1 mm craniotomy was cut over

the lens target area, which was cleared of any remaining bone and overlying dura using fine forceps. Bleeding was limited with usage

of gelfoam surgical sponge (Pfizer), and no further action was taken until bleeding had completely stopped. To visually identify the

implantation location, we inserted an empty glass pipette (typically for viral injections) to 75% of the depth of the lens implantation.

This served the purpose of creating a ‘starter’ hole, but no further aspiration of brain tissue was performed. Following starter hole

generation, a ProView GRIN lens (500 mm width, 6.1 mm length) was loaded onto the ProView lens holder and attached Inscopix

nVoke mini-endoscope. Together, this unit would be inserted into the brain with the camera functioning, to assess whether

GCaMP6f-labeled cells were present at the final depth. The lens was then centered on bregma, and lowered slowly into the brain

at the target location (in mm) A–P: +1.95, M–L: 0.4, D–V: –2.1, at a rate of ~100 mm/min by the stereotax. Once the intended

depth was reached, and GCaMP6f labeled cells were confirmed in the field of view, we then proceeded to finalize lens placement
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by permanently gluing the lens itself in that location to form the ‘headcap’. First, Kwik-Sil (WPI) was used to cover the remaining

exposed brain, and subsequently, liberal amounts of superglue (Loctite Gel Control), which was cured using dental Jet Liquid

(Lang Dental), was used to firmly attach the lens to the skull and screws, sealing the skin and lens and skull together. After this,

the camera and lens holder were carefully released from the lens, and Kwik-Kast (WPI) was used to protect the exposed surface

of the glass. After 2 weeks of recovery, mice were re-examined for the presence of GCaMP6f-labeled cells at the lens tip, and if satis-

factory, had a permanent baseplate and removable baseplate cover attached (Loctite Gel Control) to the headcap to serve as an

adaptor of fixed focal distance between camera and lens.

To determine the implant locations of optogenetic cannulae andGRIN lenses inmice after experiments (Figures 4B, S4A, and S4B),

mice were perfused as described above, but the brain was not isolated from the skull immediately. Rather, the entire head with the

cannulae and lens still implanted was processed with 4% PFA and 30% sucrose, to ensure that tracks would remain fixed in place.

Hardware was then removed from brains, which were then processed as described above for floating sections. Every section con-

taining a lens or cannulae track was collected, to identify the location of the center point, which was then scored against the standard

atlas (Paxinos and Franklin, 2001). Mice for which the center point of the lens or cannulae was outside of prelimbic cortex (not within

A–P: 1.7 to 2.1 mm, D–V –1.9 to –2.6 mm) were excluded from analysis.

Behavioral Training
Mice were trained to perform at high levels of accuracy on a two-alternative forced choice task in two groups: 1) cannulae-implanted

mice for optogenetics experiments (3 s or 1 s laser session), and 2) lens-implanted mice for Ca2+ imaging (2-odor task, 4-odor task,

and uncued task). In general, mice were water restricted to 1 mL per day and monitored daily to ensure general health by visual in-

spection and maintenance of > 85% of their original weight. Mice were typically able to acquire a minimum amount of water (1 mL)

during daily training sessions, and if not, the remainder was supplemented after training. See optogenetics section below for details

specific to the optogenetics experiments. Starting one week after the baseplating surgery, all imaging mice were singly housed and

chronically wore dummy microscopes with similar weight (1.8 g) and size (8.8 mm 3 15 mm 3 22 mm) to the Inscopix nVoke min-

iscope to become accustomed for imaging sessions. The only times the dummymicroscopes were removed was to replace with the

nVoke miniscope for data collection.

All behavior was performed in custom-built behavioral rigs and controlled by software adapted from the open source Bpod behav-

ioral control system (https://github.com/KepecsLab/Bpod_r0_5). The behavioral box was designed in 3D CAD software with dimen-

sions similar to home cages, and consisted of three main ports: one center odor port and twowater delivery ports on the left and right

side. The two water ports were 7 cm apart, with the odor port in the center. All ports were at 3.5 cm above the bottom of the box

(Figure 4A). Odors were delivered using a custom-built olfactometer. Water was delivered through metal ports coupled to a capac-

itive sensor that recorded licking at 40 Hz. An IR-sensor was placed in front of the center odor port to control trial initiation. Finally, we

also included an air puff port immediately adjacent to eachwater delivery port to providemild punishments specific to either side. The

behavioral training was adapted from (Guo et al., 2014a) and (Feierstein et al., 2006). Behavioral studies were computer-automated

without experimenter input. Three weeks post-lens implantation surgery, or one week post-optogenetic cannulae implantation sur-

gery, water-restricted mice were first habituated to the behavioral rig for two days (~45 min per day). During habituation days, mice

were given water ad libitum through either water port. Following habituation, mice were trained on the two-alternative forced choice

task in stepwise protocols with increasing complexity:

1) automatic water rewards dispensed whenever nose poke / IR beam break occurred

2) automatic water rewards coupled to specific odor-side pairings (left with 10% valeric acid in mineral oil and right with 100% 1-

hexanol)

3) water reward dispensed only if mice reported the correct odor-side association by licking, but without any consequence for

incorrect choices

4) incorrect choices punished by air puff, but mice were allowed to recover and report the correct choice after an initial incorrect

choice

5) incorrect choices resulted in a single air puff and termination of the trial

Within ~2–3 weeks of training, mice were able to perform the basic version of the two-alternative forced choice task for optoge-

netics experiments (Figures 4C and 4D). In this scenario, a typical trial consisted of:

1) nose poking at the center odor port (trial start)

2) immediate release of valeric acid or 1-hexanol for up to one second

3) mice reporting their choice by licking at either the left or right reward port within four seconds from trial start

4) a correct choice resulting in a 4-mLwater reward and an incorrect choice resulting in an air puff punishment. No responsewithin

the time allotted (4 s) terminated the trial.

In contrast to mice used for optogenetics experiments, lens-implanted mice used for imaging were additionally trained to expect

water rewards to be delivered following a fixed 750-ms delay after the initial lick response. Mice were imaged on the 2-odor task with

reward delay, and 25%of rewards were also randomly omitted (omission trials). For these imaging sessions (Figures 4, 5, and 6) mice
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performed at high accuracy (> 90%) over hundreds of trials (268 ± 10 trials, mean ± SEM) (Figure 4F). Reward omission trials only

occurred during imaging sessions, and did not occur during training.

Following successful imaging during the 2-odor task, mice began training on an analogous 4-odor task. The original two odors

(10% valeric acid and 100% 1-hexanol) were replaced with 100% (R)-carvone and 100% (S)-carvone. Mice trained on the new

odor-side pairings until high performance was reached without reward delay or reward omission (~1–2 additional weeks). Following

this, the two original odors were reintroduced, and mice were required to discriminate four odors with valeric acid or (S)-carvone

signaling left and 1-hexanol or (R)-carvone signaling right (Figure 7A). Mice typically retained the old odor-side associations. Once

high performance was attained, reward delay was reintroduced.

During the 4-odor imaging session, mice performed the 4-odor task at high accuracy (> 88%) for 165 ± 4 trials (mean ± SEM), and

were then immediately introduced to a novel task variation consisting of a block of ~50 uncued left trials followed by a block of ~60

uncued right trials to provide a contrasting cognitive context for themice (Figure 7A). During these uncued blocks, nose pokes did not

trigger odor release. Rather, each nose poke triggered the automatic release of a water reward at one port, which was repeated over

multiple trials. Within 10–20 trials of the start of each block, mice followed a continuous and stereotyped sequence of nose poking at

the center port, approaching the reward port, licking/consuming water, approaching the center port, and so on (Figure S7A). Mice on

average performed dozens of trials (50 ± 3 left block trials, 53 ± 3 right block trials, mean ±SEM) during imaging. Most mice were able

to successfully complete more than 20 correct trials of each block-type during the first introduction of the uncued task. However, 9

out of 23mice were unable to complete enough trials on the uncued task the first time. Thesemice were subsequently re-imaged one

or two additional times until at least 20 left and 20 right uncued trials were completed correctly within the imaging session. Onemouse

was never able to complete enough uncued trials. Only data from the mice and sessions where both cued and uncued trials were

completed sufficiently (22/23 mice, 1 session each) were combined for the analysis in Figure 7. A small fraction of mice (5/23)

were able to complete more than two blocks, and in this case, trials of the same block-type were pooled together.

We quantifiedmouse behavior during trials in terms of percent complete, percent correct, response time, and lick duration (Figures

4C, 4D, and 4F). Percent complete is the percentage of trials in which mice reported a response during the allotted 4 s time window

after nose poke. Incomplete trials were those where mice nose poked to begin the trial but failed to report a response within 4 s.

Percent correct is the percentage of trials, out of completed trials, that mice made the correct choice. Incorrect trials are completed

trials with the wrong response, which are non-overlapping with incomplete trials. Response time is the time from odor onset to lick

response. Lick duration is the time from first to last lick on correct trials. Unless otherwise specified, we only analyzed ‘correct’ trials

from the 2- and 4-odor imaging sessions, wheremicemade the correct choice and remained licking at the reward port throughout the

delay period.

During the uncued task, correct trials were those where mice reported their response by licking at the correct port first and within

the allotted 4 s time window. To determine the behavioral performance of mice during the transition from the 4-odor task to the

uncued task, we calculated the mean performance of mice as they were performing the left and right blocks. Mice were able to

achieve high performance in the first left block within ~10 trials and subsequently in the right block within ~20 trials (Figure S7A).

The transition between the 4-odor and uncued tasks was immediate (after ~165 4-odor cued trials), and data from both tasks

was collected from the same continuous video stream.

Optogenetics
Before each session, expert mice were briefly restrained to attach the optogenetics patch cable, and allowed to recover for > 30min.

During each optogenetics behavioral session, laser stimulation was triggered by the nose poke, and designed to last for 1 or 3 s

(separate sessions: Figures 4D and 4C). One second was chosen because the mean response time during normal conditions was

approximately one second. Three seconds was chosen as a longer stimulation period that would still allow sufficient time for the

mouse to report a choice within the 4 s allotted time. The stimulation laser (473 nmwavelength) was pulsed at 50 Hz with 10 ms pulse

durations at an optical power of ~5–6mW at the output of each fiber tip. Laser stimulation occurred on 25% of randomly interleaved

trials during the task and stimulation lengths were kept constant in each session. Behavioral performance was quantified as

described above.

Regarding the illumination zone and the extent of the optogenetics effect, we implanted our fiber tips in prelimbic cortex approx-

imately 750 mm above the bottom of infralimbic cortex, the lower boundary of the ‘‘intended’’ illumination zone in vmPFC. Based on

the optical settings we selected (200-mmcore diameter, 0.39 NA cannulae, 5–6mW at fiber tip), we estimated light attenuation based

on the calculator at optogenetics.org, which indicated that the vastmajority of laser light is concentrated within 500 mmof the fiber tip.

This is squarely within the region of interest. Furthermore, we used laser power similar to or more conservative than previous mPFC

studies in our lab and others (DeNardo et al., 2019; Huang et al., 2018; Selimbeyoglu et al., 2017; Rajasethupathy et al., 2015). Beyond

this, however, we do not have empirical data demonstrating the exact extent of the optogenetics effect, but believe it is unlikely for our

illuminated tissue volume to have grossly spilled beyond vmPFC.

Collection of Ca2+ Imaging Data
Weperformed all Ca2+ imaging using the Inscopix nVokeminiscope (Figures 4G, S4C, and S6C), without refocusing themicroscopes

across the surgeries and two imaging sessions. This ensured that the same field of view was reproduced over time, to the best of our

abilities. However, due to the ~2–3 week period between imaging sessions and minor changes to the fields of view during this time,
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we were not confident in explicitly aligning cells across imaging sessions and so the datasets were analyzed independently. Before

imaging, mice were anesthetized with 2% isoflurane for 2 min to attach the miniscope and allowed to recover for 30–60 min. To

reduce stress, we did not head-fix mice at any point in this procedure.

Extraction of Ca2+ Imaging Data
Images (360 3 270 pixels) were acquired at 20.01 Hz, LED power of 1 mW/mm2, with a gain of 3.0. Each imaging session typically

lasted for 30–40 min, which began with the self-initiated IR beam break in the mouse’s behavior. The resulting imaging data was 23

spatially downsampled and motion corrected using default settings in the Inscopix Data Processing Software. The imaging data was

exported, and individual neurons and their respective fluorescence traces were identified using the constrained nonnegative matrix

factorization for microendoscopic data (CNMF-E) algorithm (Zhou et al., 2018). For each neuron, the denoised fluorescence trace or

the deconvolved Ca2+ events was extracted using the OASIS algorithm [AR(1) model, Friedrich et al., 2017]. Every extracted cell was

manually checked for circular spatial footprints and Ca2+ transients characterized by sharp rises and slow decays. Extracted cells

were also excluded if they could not be clearly cross-checked between the correlation and maximum intensity images due to low

signal. Elongated-shaped ROIs representing dendrites that correlated with the more circular-shaped cell bodies were removed

from analysis. All analysis used either the standard deviation of the denoised fluorescence trace of each cell or the corresponding

deconvolved Ca2+ events. We used denoised fluorescence traces for the general display of all data over time and logistic regression

analysis. We used deconvolved Ca2+ events for the determination of task-modulated cells, as well as for all other linear regression-

based analysis in Figures S5D, 7D, and S7G. Under our imaging conditions, GCaMP6f transients are likely the result of multiple spikes

(Chen et al., 2013). The results in this study related to Ca2+ imaging were also largely recapitulated using a different cell extraction

algorithm (PCA/ICA, Mukamel et al., 2009).

QUANTIFICATION AND STATISTICAL ANALYSIS

Single-Cell Sequencing Data Analysis
To generate the transcriptomic map featured in Figure 1, we used standard procedures for filtering, variable gene selection, dimen-

sionality reduction, and clustering in Seurat v3.0 (Butler et al., 2018; Stuart et al., 2019). The analyzedRbp4Cre>tdTomato+ cells orig-

inated from 11 different samples/batches (dmPFC, n = 3; vmPFC, n = 4; OFC, n = 4). Cells were removed if they expressed fewer than

2000 genes, and genes were removed if they were detected in fewer than 3 cells. Cells expressing the inhibitory neuronmarkerGad2

(< 1%) were also removed from consideration. This resulted in a dataset of 3139 cells3 17535 genes. All cells were processed by the

same SMART-Seq2 chemistry, but were collected in 96- or 384- format, and sequenced on either the NextSeq 500 or NovaSeq 6000

systems. Thus, we used batch correction within Seurat v3.0 to sequentially define pairwise anchors across the 11 batches (Stuart

et al., 2019), and integrate the data together to remove possible batch effects. The assumption that there were physiologically anal-

ogous cells across batches should apply because the batches were experimental replicates of adjacent PFC subregions. In brief,

each batch/sample was split into its own Seurat object, 3000 variable genes were selected with ‘vst’, anchors were found using Fin-

dIntegrationAnchors (k.anchor = 5, k.filter = 50, k.score = 30, dims = 1:15, max.features = 100, anchor.features = 3000) and the data

was integrated with IntegrateData (k.weight = 100, dims = 1:15). In the integrated object, counts were log-normalized for each cell

using the natural logarithm of (1 + counts per 10000), and scaled using ScaleData while regressing out the effects of the # of genes

and the # of reads. Cells were visualized using a 2-dimensional t-distributed Stochastic Neighbor Embedding (tSNE, van der Maaten

and Hinton, 2008) of the PC-projected data using the FeaturePlot and VlnPlot functions. PCA was performed on the integrated data

(npcs = 15), and 8 PCs were used in FindNeighbors based on a steep dropoff in variance explained by visual inspection of the elbow

plot. We used the FindClusters function in Seurat v3.0, and compared the resultant clusters from 9 different levels of resolution (0.1–

0.9, 0.1 increments) using the ‘Clustree’ function (Zappia and Oshlack, 2018) to visualize the way in which individual cells either re-

tained or changed their classifications as the resolution parameter was increased (Figure 1E). We eventually settled on a resolution

parameter of 0.3 for the majority of the paper, after noting that most clusters classified at this resolution were stable at higher res-

olution, but could be defined, from a practical standpoint, by individual markers. We note that there are no cases where major

and unexpected rearrangements occur in the organization, and that only the Cd44, Figf, and Otof clusters are further split at higher

resolution. However, given that in the retrograde mapping studies shown in Figures 3 and S3, we saw one-to-many andmany-to-one

matching between transcriptomic types and projection types, we did not intentionally further subdivide these clusters.

To generate the transcriptomic map used to visualize intermingling of retrograde (n = 1155) cells and Rbp4Cre>tdTomato+ (n =

3139) cells (Figure S3A), it was not possible to perform a batch correction based on every individual sample because the cell number

in some of the retrograde-labeling samples was too low. Therefore, we performed batch correction after segregating the samples by

‘sequencer’, and then regressed out the effect of ‘plate’ (96- versus 384-well) subsequently in the ScaleData function. All other pa-

rameters were the same, and this transcriptomic map was primarily for the purpose of visualization.

Differential Expression and Marker Definition
We used the FindAllMarkers function in Seurat v3.0 and applied this to the ‘RNA’ assay in the Seurat object of 3139 high-quality cells

classified at Seurat resolution = 0.3 (Figure 1B). This function performs differential expression analysis (Wilcoxon rank sum) between a

specific cluster, compared with all other cells not in the cluster, and then iterates through all seven clusters. Because of the immense
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number of marker genes with statistically significant p values, we filtered genes not only on the basis of differential expression levels

and average log fold change (avg_logfc > 0.1), but also on the consistency in which a gene was expressed across different cells in the

same cluster or population. ‘PCT’ refers to the percentage of cells within a population expressing a specific gene. We first required

that the difference in thismembership between the assayed cluster and all other cells (PCTdelta = PCTcluster–PCTother) for each consid-

ered gene to be > 0.35.We next required that PCTcluster> 0.5, meaning that a genemust be expressed in greater than 50%of the cells

in a cluster, in order to be considered a marker for that cluster. Conversely, PCTother was required to be < 0.25, meaning that at

maximum, 25% of cells outside of the cluster can express themarker gene. Together, these requirements enforce that marker genes

exhibit close to binary ‘on-off’ expression in and out of the cluster. This resulted in a list of 133 genes (Cluster 1: 6 genes; Cluster 2: 4

genes; Cluster 3: 17 genes; Cluster 4: 7 genes; Cluster 5: 14 genes; Cluster 6: 39 genes; Cluster 7: 46 genes, see Table S1 Tab 1).With

this list, we visually inspected available online in situ hybridization resources, further prioritized genes based on expression level dif-

ferences, binary expression (PCTcluster close to 1, and PCTother close to 0), and practical considerations of whether commercially

available HCR probes gave good signal-to-noise ratio in histological tissue. From this, we settled on the combination of genes:

Cd44, Figf, Otof, Pld5, Cxcr7, Npr3, and Tshz2 to delineate the seven clusters, but recognize that this is not the only combination

that achieves this purpose.

We also computed differentially expressed genes for the same dataset, but at a higher clustering resolution [Seurat resolution = 0.9

(Table S1 Tab 2)]. Here, we were interested more broadly in differentially expressed genes rather than only ‘on-off’ expression. Thus,

we lowered the threshold to PCTdelta > 0.25, and removed the requirement for PCTother. This resulted in a longer list of 867 genes.

However, we highlighted genes that fulfilled the criteria of Tab 1 (avg_logfc > 0.1, PCTcluster > 0.5, PCTother < 0.25, and PCTdelta >

0.35) in red in Tab 2.

Scrattch.hicat Analysis and Comparison to Seurat
We used scrattch.hicat analysis (Tasic et al., 2018) as a contrasting method to analyze and validate our Rbp4Cre>tdTomato+ PFC

clusters (Figures S1B and S1C). As input, we used the same filtered data matrix from Seurat (3139 cells3 17535 genes), and the 0.3

resolution Seurat cluster labels as a reference classification. In brief, raw counts were normalized to log2(1+ counts per million), and

the threshold for differential expression and clustering was set based on the following combination of parameters: padj.th = 0.05,

lfc.th = 1, low.th = 1, q1.th = 0.5, q2.th = NULL, q.diff.th = 0.7, min.cells = 15, de.score.th = 100. We adhered to these parameters

as theywere the recommendation by the Allen Institute for data of this size and complexity. We next removed technical artifacts asso-

ciated with the # of genes, # of reads, type of plate, and the specific sample, to mirror the quality control done in Seurat. Finally, we

performed consensus clustering over 20 iterations, which resulted in a new classification that could be compared with the Seurat

(resolution = 0.3) classification (Figure S1B), and also visualize the probabilities of cell co-clustering over the different iterations

(Figure S1C).

To compare our PFC data to the publishedRbp4Cre-labeled cell data fromALMand VISp (Tasic et al., 2018), we first preprocessed

the raw data to make it compatible with our data. In brief, we downloaded (https://portal.brain-map.org/atlases-and-data/rnaseq)

and considered only SMART-Seq2 data, reads mapped to exons, and cells derived from Rbp4Cre-labeled mice. We filtered cells

and detected genes by the same criteria as above (genes detected in > 3 cells, cells expressing > 2000 genes), and then only consid-

ered genes expressed across all three datasets. Finally, cells labeled from Allen cluster annotations as ‘doublets’, ‘high intronic’, or

‘low quality’ were removed and not considered. This resulted in a dataset of 14611 considered genes, and n = 3137 PFC, n = 546

ALM, n = 697 VISp neurons, which was used for the mapping analysis in Figure 1F.

Mapping Query and Reference Datasets
We used Seurat v3.0 to assign cells with classification labels based on their proximity to previously classified cells within a reference

dataset. FormappingRbp4Cre-labeled PFC cells to Allen ALM and VISp labels, we first generated a Seurat object containing only the

ALM and VISp cells to serve as a reference (data normalization, variable feature finding, data scaling, and PCA done as described

above). We next subsetted the PFC data by cluster (Cd44, Figf, Otof, Pld5, Cxcr7, Npr3, or Tshz2), and queried each of these subsets

with the reference data. We used FindTransferAnchors (dims = 1:9, k.filter = 25) and TransferData (dims 1:9) to first find anchors be-

tween datasets, and then assign classification labels, respectively. To generate Figure 1F, an alluvial diagram was made using the

‘ggalluvial’ R package, based on the number of cells that were assigned to different cluster labels, and normalized to the same num-

ber of cells in each PFC cluster. Reference classifications in Figure 1F were pooled from the lists of individual cluster labels shown in

Figure S1D. The data in Figures 3B and S3Bwas generated in a similar way, but query sets were retrogradely-labeled cells from each

individual target. The reference classifications were the integrated Rbp4Cre>tdTomato+ Seurat object from Figure 1, at 0.3 (Fig-

ure 3B) or 0.9 (Figure S3B) clustering resolutions, and normalized to the number of retrogradely-labeled cells.

HCR-FISH Puncta Finding and Confocal Imaging Data Analysis
To quantify the expression of each marker gene and its co-localization, we used Slc17a7 (Vglut1) as a counterstain because it is a

marker of excitatory neurons. We trained the deep learning network U-Net (Falk et al., 2019) to identify and segment Vglut1+ cells

into individual ROIs, using a total of 12 (1077–2409 wide 3 120–693 pixels tall) manually annotated images as training data (using

the default caffemodel as input, 5000 iterations, validation interval of 20, 3483 348 tile size). For determiningmarker gene expression

levels, fluorescent puncta were identified using the Fiji plugin TrackMate (Tinevez et al., 2017: Laplacian of Gaussian detector with
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sigma suited to each marker’s punctum size). These puncta were binarized and the individual masks for each neuron from the U-Net

segmentation were applied, allowing the area and position of each punctum for each gene to be determined. Using custom python

scripts, puncta size was normalized to the minimum size observed in each image, and the number of puncta in a neuron was normal-

ized to the maximum in each image. This resulted in a comparable score of the amount of gene expression in each neuron across

images and genes. A threshold was set to consider any neuron to be positive for the marker of interest if it contained enough puncta

to be within 75% of the maximum number of puncta observed. Additionally, for stains of multiple markers, co-localization was calcu-

lated in the same manner with a percentage breakdown of all single, double, and triple labeled cells. To illustrate the medial–lateral

spatial distribution of markers, we counted positive cells using a sliding window of 50 mmwidth and 10 mmper slide. For each image,

we identified the first bin that contained > 17 (vmPFC) or > 11 (dmPFC) cells for 3 consecutive bins, as we found empirically that this

was a robust method for defining the transition between the very sparse cells found in L1, and the much denser cells found in L2/3.

Subsequently, all per bin cell counts were aligned based on the ‘beginning of L2/30 as an anatomical landmark close to the midline.

The traces of each image were then averaged and plotted in Figures 2B and S2A.

Co-localization of marker genes with tdTomato+ cells (Figures 3C, 3D, S3C, and S3D) was processed in a similar manner, but

Slc17a7 and U-Net was not used as the basis for defining cell masks. Instead, we thresholded tdTomato signal to include only

the cell body, and then converted these into cell outlines using the ‘Analyze Particles’ function in Fiji. Fluorescent puncta were iden-

tified as described above with TrackMate, overlaid with tdTomato cell outlines, and the number of puncta was quantified per cell.

Similar to above, a cell was considered staining positive if it contained within 75%of themaximum number of puncta observed within

a tdTomato+ cell in the image. If there was low to no co-localization, and hence no tdTomato cell clearly contained puncta in the

image, then this maximum was calculated based on tdTomato– cells. The 75% threshold was defined from careful inspection of

the data, as it was effective in ruling out puncta contributions from slightly overlapping neighboring cells or background staining,

but sensitive enough to pick up lowly expressed genes that did fill the cell outlines. For each combination of marker gene and retro-

grade labeling, 2–4 windows of 440 3 600 mm size were scored for n = 3 mice, in vmPFC.

Analysis of Trial-Averaged Activity and Task-Relevant Modulation
Mice were freely moving and made decisions with slightly variable response times. To assess the temporal specificity of activity in

each cell relative to the task structure, we computed trial-averaged activity using the denoised fluorescence trace of each neuron

over all considered trials (all correct trials, or all left trials, etc.), and aligned to either the odor onset or the first lick times (Figures

5A, S5A, and 6A). To determine which cells had significant task-modulated activity within a particular trial type (e.g., left trials), we

defined a set of behavioral regressors representing the four task epochs (Approach, Decision, Lick, and Reward) for left and right

trial types separately (Figure 4I). For each cell, we linearly regressed its deconvolved Ca2+ events during the entire recording period

onto the set of eight (2-odor task) or 16 (4-odor task) behavioral regressors. Cells with significant regression coefficients were then

considered ‘modulated’ in that epoch. The set of all cells modulated in any task epoch was considered the population of ‘task-modu-

lated’ cells. To determine whether a cell had a significant regression coefficient for any behavioral regressor, we used permutation

tests. We randomized the regressor–activity relationship by shuffling the neural activity matrix with respect to the regressors, and

performed linear regression to produce coefficients derived from the shuffled data. If the true coefficient was greater (or lower)

than the shuffled coefficient for a given cell for over 99% of iterations, it was considered significant. Positively modulated cells

were defined as those which exhibited higher regression coefficients than chance and negatively modulated cells were defined

as those which exhibited lower regression coefficients than chance. Cells with significant modulation in two consecutive epochs

(for example, Decision and Lick) were categorized by the first significant epoch. Cells with significant modulation for multiple trial

types (for example, right Decision and left Reward) counted twice for the calculations in Figures 5C and S7B. Trial-averaged heat-

maps of positively modulated cell populations were sorted by the time of maximum denoised fluorescence (Figures 5B, S5B, 7B,

S7E). When comparing heatmaps between two different trial types, we sorted the activity based on the left most panel (Figures

S5B, S6A, 7B, and S7E). All Ca2+ denoised fluorescence traces are z-scored with standard deviation (SD) as the unit.

Neural Activity Trajectory Analysis
To visualize neural activity trajectories, we used PCA for dimensionality reduction on the trial-averaged data of cells. For each cell, we

computed and concatenated the trial-averaged trace of left and right trial types such that each cell’s activity was represented as a 2T

3 1 dimensional vector, where T is the total number of time points per trial type. For the aggregate trajectory in Figure 6B, we com-

bined all imaged cells into a single matrix with dimensions 2T3 N where N is the total number of cells. We used PCA for dimension-

ality reduction and projected the data onto the first three principal components to visualize left and right neural activity trajectories.

For the cell class-specific neural trajectories shown in Figure 6C, we randomly subsampled each cell class to an equal number of cells

(200, a number lower than the class with the least number of imaged cells) and used PCA on the resultingmatrix with dimensions 2T3

(33 200). We projected the activity of each cell class on their respective PC loadings [for example, projection of cell class 1 = activity

matrix (:,1:200) 3 PC loadings (1:200,:)] to visualize each cell class’ left and right neural activity trajectories independently. We

randomly subsampled cells hundreds of times and the example trajectory in Figure 6C is representative of trajectories commonly

observed. For Figure S6B (left) and Figure S7F, we computed the cumulative variance explained as a function of the number of

PCs included, for all the data without subsampling. For Figure S6B (right) we randomly subsampled equal amounts of cells for

each class. For the aggregate trajectory in Figure 7F, we performed PCA on the concatenated trial-averaged trace of correct left
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and right uncued trials. For the aggregate trajectory in Figure 7G, we performed PCA on the concatenated trial-averaged trace of the

Approach epoch for all six trial types (L-1, L-2, R-1, R-2, L-uncued, R-uncued).

Regression Analysis
We used logistic regression for the analyses in Figures 6D–6F, 7H, 7I, S7C, and S7D, to determine how accurately left versus right

choice direction or reward context could be predicted from the neural data. For each mouse, we constructed a data matrix with di-

mensions N 3 M 3 T where N is the number of cells, M is the number of trials and T is the number of time points in the z-scored

fluorescence trace. For each mouse, five segments of the trial were analyzed separately [–1 s to –0.05 s (Approach epoch), and

0 s to 0.45 s (early Decision epoch) using the odor onset alignment, –0.5 s to –0.05 s (late Decision epoch), 0 s to 0.7 s (Lick epoch),

and 0.75 s to 2.5 s (Reward epoch) using the lick onset alignment] resulting in five data matrices per mouse. To maximize the number

of samples to train our classifier, we first reshaped each data matrix along the last 2 dimensions to obtain an N3 (M3 T) matrix. This

allowed us to treat every sample across each epoch equally, meaning we would train only one classifier across all T time points in

each epoch.We also constructed a categorical response vector for each epoch with dimensions (M3 T)3 1, with left trial time points

labeled as 1 and right trial time points labeled as 0.

For each data matrix, the responses of all neurons in 80% of the trials were fit with a logistic model (fitclinear in MATLAB, lasso

regularization) and the remaining 20% of the trials were tested using the trained model (predict in MATLAB, 5-fold cross validation)

(Figure 6D). The same process was used for each window and the predicted leftward choice accuracy was recorded. This yielded a

prediction accuracy tracewith 50-ms resolution for eachmouse and epoch. Both correct and error trials were included in the analysis

of the Approach and Decision epochs while only correct trials were included in the analysis of the Lick and Reward epochs (Figures

6D–6F).

For the examplemice in Figure 6D, we randomly subsampled the number of trials to be the same betweenmice (50 left trials and 50

right trials) but did not subsample the number of cells. To compare the amount of choice direction information between cell classes,

we repeated the same analysis as above and randomly subsampled the number of trials and cells to be the same between all mice (50

left trials, 50 right trials, and 25 cells). We then calculated the choice direction prediction accuracy. We repeated this for 30 iterations,

for eachmouse and for each epoch, and then plotted the mean ± SEM for each cell class (Figure 6E). To quantify the choice direction

prediction accuracy as a function of the number of cells included, we repeated the same steps as above for the Decision epoch, and

plotted the mean ± SEM as a function of the number of cells included for each cell class (Figure 6F).

Similar methods were used in Figures S7C and S7D for training classifiers to predict left or right choice direction, and Figures 7H

and 7I for training classifiers to predict reward context in the uncued task. This required creating a new (M3 T)3 1 vector of labels,

with left time points labeled as 1 and right time points labeled as 0. In contrast to Figures 6D–6F, S7C, and S7D, only correct trials

were included for Figures 7H and 7I because error trials in the uncued task had high behavioral variability. To compare the amount of

reward context information between cell classes, we used the last 20 correct left and right trials and randomly subsampled the num-

ber of cells to be the same between all mice (25 cells). Here, two segments of the trial were analyzed separately [–1 s to 0.4 s

(Approach and early Decision epochs) using the odor onset alignment, and –0.4 s to 2.5 s (late Decision and Reward epochs) using

the lick onset alignment] resulting in two datamatrices permouse. To quantify reward context prediction accuracy as a function of the

number of cells included, we repeated the same steps as above for the Approach epoch, and plotted themean ±SEMas a function of

the number of cells included for each cell class (Figure 7I).

Analysis on the Effect of Reward Omission
To determine whether a cell was significantly modulated by reward omission, we used linear regression. We defined a set of four

behavioral regressors that matched with the trial types: left reward, left reward omission, right reward, and right reward omission

that spanned the period of reward/omission onset + 2 s. For each cell, we linearly regressed its deconvolved Ca2+ events during

the entire recording period onto the set of four behavioral regressors. Cells with significant regression coefficients were then consid-

ered ‘modulated’ in that time window. To determine whether a cell had a significant regression coefficient for any of the four behav-

ioral regressors, we used permutation tests. We randomized the regressor–activity relationship by shuffling the neural activity matrix

with respect to the regressors, and performed linear regression to produce coefficients derived from the shuffled data. If the true co-

efficient was greater than the shuffled coefficient for a given cell in over 99% of iterations, it was considered significant. This allowed

us to determine whether a cell was significantly modulated by reward or omission (Figure S5D). To determine whether a cell had se-

lective activity for either reward or omission, we used the same permutation test but calculated whether the difference between the

reward regressor coefficient and the omission regressor coefficient was greater than the difference found in the shuffled data. If the

true difference was greater than the shuffled difference in over 99% of iterations, then the difference was considered significant.

‘Reduced activity’ cells had a significant reward regressor coefficient, which was also significantly greater than the omission regres-

sor coefficient. ‘Elevated activity’ cells had a significant omission regressor coefficient, which was also significantly greater than the

reward regressor coefficient. ‘No change’ cells had a significant reward regressor coefficient, which was not significantly different

than the omission regressor coefficient (Figure S5D).

To determinewhether the proportion of cells modulated by reward omission (total of ‘Reduced activity’ and ‘Elevated activity’ cells,

defined above) differed between cell classes, we first calculated the true difference in the proportion of cells modulated by

reward omission between classes. We then pooled all cells and randomly sampled from this pool and calculated the differences
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in proportions of cells modulated by reward omission between the randomized populations. If the true difference in proportions was

greater (or less) than cells drawn randomly from this pool in over 99% of iterations, this was considered significant. To determine the

population-level impact of reward omission, we plotted the mean response of all cells during reward and omission trials (Figure S5E).

Classification of Odor-, Choice-, or Side-Selective Cells in the Decision Epoch
To determine whether a cell that was positively modulated during the Decision epoch should be categorized as an Odor-, Choice-, or

Side-selective cell, we used linear regression (Figure 7D).We defined a set of six behavioral regressors: left odor 1 (L-1), left odor 2 (L-

2), right odor 1 (R-1), right odor 2 (R-2), left uncued (L-uncued), and right uncued (R-uncued) that spanned the decision period (odor

onset to first lick). For each cell, we linearly regressed its deconvolved Ca2+ events during the entire recording period onto the set of

six behavioral regressors. To determine whether a cell had a significant regression coefficient for any of the six behavioral regressors,

we used permutation tests. We randomized the regressor–activity relationship by shuffling the neural activity matrix with respect to

the regressors and performed linear regression to produce coefficients derived from the shuffled data. A cell was classified as a Side

cell (L-1 and L-2 and L-uncued or R-1 and R-2 and R-uncued) if the lowest of the three left or three right coefficients was greater than

the lowest of the three corresponding shuffled coefficients in over 99%of iterations. A cell was classified as a Choice cell (L-1 and L-2

or R-1 and R-2) if the lowest of the two left or two right coefficients was greater than the lowest of the two corresponding shuffled

coefficients in over 99% of iterations, and that cell was not already classified as a Side cell. Lastly, a cell was classified as an

Odor cell (L-1 or L-2 or R-1 or R-2) if any of the coefficients was greater than the corresponding shuffled coefficients in over 99%

of iterations, and that cell was not already classified as a Side or Choice cell.

To determine whether the proportion of Odor, Choice, or Side cells differed between the three cell classes, we first calculated the

true difference in the proportion of cells between the PAG-projecting, cPFC-projecting or Rbp4Cre classes. We then pooled all cells

and randomly sampled from this pool, and calculated the differences in proportions of cells between the randomized populations. If

the true difference in proportions was greater (or less) than cells drawn randomly from this pool in over 99% of iterations, this was

considered significant.

Classification of Mixed Selective Cells
To determine whether a cell represented information about choice direction, reward context, or both (mixed selective), we used linear

regression (Figure S7G, similar toMante et al., 2013).We defined a choice regressor that labels all time points within left trials as 1 and

all time points within right trials as –1 during the 4-odor task. We similarly defined a reward context regressor during the uncued task.

For each cell, we then linearly regressed its deconvolved Ca2+ events onto either the choice or reward context regressor. To deter-

mine whether a cell had a significant regression coefficient for either the choice or reward context regressor, we used permutation

tests. We randomized left and right trial types and performed linear regression to produce coefficients derived from the shuffled data.

A cell was considered to represent information about choice direction if the true coefficient was greater (or less) than the shuffled

coefficients in over 99% of iterations. This was performed similarly for reward context. Cells that had significant regressors for

both choice direction and reward context were considered mixed selective cells.

To determine whether the proportion of mixed selective cells differed between cell classes, we first calculated the true difference in

the proportion ofmixed selective cells between classes.We then pooled all cells and randomly sampled from this pool and calculated

the differences in proportions of mixed selective cells between the randomized populations. If the true difference in proportions was

greater (or less) than cells drawn randomly from this pool in over 99% of iterations, this was considered significant.

Statistical Tests
We used MATLAB for all statistical tests unless otherwise stated. To compare differences between two groups, we used paired or

unpaired t tests, as appropriate. To compare differences between three groups, we used the one-way ANOVA or the Kruskal-Wallis

test (also non-parametric) with Tukey’s honest significant difference criterion for multiple comparisons correction. In the event that

standard statistical tests were not applied, we used custom permutation tests as described within each section above. All signifi-

cance thresholds were set at p < 0.05 unless otherwise stated.
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Supplemental Figures

Figure S1. Sequencing quality control, validation of PFC neuron clustering, and other scRNAseq analysis, related to Figure 1

(A) Violin plots showing the distribution of the number of genes detected (left) and the number of reads (right) across single cells derived from each of the three PFC

regions. The dots within each violin denote the median of the distribution (~7000 genes, ~1–2 million reads per cell). Effects in the gene expression data driven

specifically by differences in the number of detected genes and the number of reads were regressed out from further analysis by the Seurat ScaleData function as

part of the standard pipeline.

(B) Comparison of Rbp4Cre>tdTomato+ PFC neuron (n = 3139 cells, as in Figure 1) classification between reference clusters (Figure 1, Seurat resolution = 0.3)

and clusters generated from the Allen Institute scrattch.hicat analysis (Tasic et al., 2018). As a quality control measure, principal components correlating with log2
detected genes, # of reads, plate format, and sample replicate were removed, see STAR Methods for additional parameters. Allen clusters are named based on

similarity and subdivision from the Seurat clusters. Color scale represents the Jaccard similarity index (intersection divided by the union) of the two

groups, and the size of each dot is the square root (sqrt) of the cell number. The percentage contribution of each region to each cluster (normalized to the size of

the cell population) is displayed on top, with the same color code as (A). Only one cluster was highly region-specific [Cxcr7(5-2) with > 85% contribution

from OFC].

(legend continued on next page)
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(C) Matrix depicting the robustness of Rbp4Cre>tdTomato+ PFC neuron classification across multiple iterations of consensus clustering in scrattch.hicat. Rows

represent cells, columns represent clusters, and color scale represents the probability of being assigned to the cluster based on 20 iterations of consensus

clustering.

(D) List of clusters from Tasic et al., 2018 that contained cells derived from Rbp4Cre-labeled mice and met quality control measurements (STAR Methods).

Clusters were then grouped into the four larger categories and used for display purposes in Figure 1F.
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Figure S2. Additional HCR-FISH validations and example retrograde labeling, related to Figures 2 and 3

(A) Laminar distribution of cells expressing cluster-specific marker genes across dmPFC, analogous to Figure 2B. Dashed lines are approximate cortical layer

boundaries according to the Allen Atlas (L5a, 130 mm; L5b, 345 mm; L6, 565 mm, aligned to the beginning of L2/3).

(B) Triple HCR-FISH between Otof, Cd44, and Cxcr7 in vmPFC. Quantification of overlap is shown for both dmPFC and vmPFC, and averaged across n = 4 mice

(543 dmPFC, 603 vmPFC cells). Error bars are SEM. Scale bar, 50 mm.

(C) Triple HCR-FISH betweenCd44, Cxcr7, and Tshz2 in vmPFC. Quantification of overlap is shown for both dmPFC and vmPFC, and averaged across n = 4mice

(380 dmPFC, 372 vmPFC cells). Error bars are SEM. Scale bar, 50 mm.

(D) Comparison of Pld5 expression in mPFC versus OFC. Sequencing data shows the percentage of cells that belonged to the Pld5 cluster, comparing dmPFC

and vmPFC with OFC (dmPFC: 910 cells, n = 3 mice; vmPFC: 1234 cells, n = 4 mice; OFC: 995 cells, n = 4 mice; *p < 0.05, **p < 0.01, unpaired t test). Histology

data shows the percentage of Vglut1+ cells that were Pld5+, comparing vmPFC and OFC. Cells were quantified within a 3003 750 mm area, and a ratio paired t

test was used, **p < 0.01. Scale bar, left: 250 mm, insets: 50 mm.

(E) Injection sites of CAV-Cre into the contralateral PFC (–0.6/+2.2/–2.5) and PAG (+0.4/–4.15/–2.8) of Ai14 mice (above). Resulting retrograde labeling of

tdTomato+ cells 1 week post injection at bregma A–P +1.95 mm (below). Dotted lines indicate the edge of the tissue slice. Scale bar, 500 mm (top), 100 mm

(bottom). Coordinates are expressed in (M–L / A–P / D–V) axes with respect to bregma, in mm.

(F) Overall distribution of PFC cells labeled by CAV-Cre injection into PAG: (+0.4/–4.15/–2.8) in an Ai14 mouse, highlighting presence and absence across PFC

subregions. Cg, cingulate; PL, prelimbic; IL, infralimbic; MO, medial orbital; VO, ventral orbital; LO, lateral orbital; AI(D/V): agranular insular (dorsal/ventral); DP

(dorsal peduncular) cortices. Scale bar, 500 mm.
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Figure S3. Rbp4Cre>tdTomato+ and projection-defined neurons intermingle in tSNE space, and additional histological validation of marker

expression in projection-defined neurons, related to Figure 3

(A) tSNE cluster map (top) combining all Rbp4Cre>tdTomato+ neurons from Figure 1 (n = 3139) and retrogradely-labeled vmPFC neurons from all 6 injection sites

(n = 1155), labeled by color. Areas where retrograde cells do not intermingle well withRbp4Cre>tdTomato+ cells are highlighted by arrows. A Syt6 cluster (known

Layer 6 marker) is gained, and additional cells are in the Figf cluster. Feature plots of the seven marker genes (bottom) demonstrate that this map still roughly

segregates by the marker genes identified in Figure 1, albeit with some interaction between Figf and Cxcr7 clusters. Areas with relatively low retrograde cell

intermingling are predominantly in Figf and Syt6 clusters. Color scale represents expression level in the unit of ln[1+ (reads per 10000)].

(B) Nearest neighbor mapping of retrograde cells to transcriptomic cluster identities, at higher resolution, as an alternative to Figure 3B, represented by an alluvial

diagram. Using 0.9 resolution in Seurat resulted in 12 clusters + Syt6 as possible transcriptomic types to map retrograde cells to. Under these conditions,

differences in the relative contributions of Cd44 and Figf subclusters to cPFC, DS, NAc, or Amyg projections began to emerge, but no one-to-one relationships

were observed.While these differences are potentially important, clustering at high resolution did not alter the general conclusions regarding the relation between

transcriptomic type and projection target. Furthermore, mapping retrogradely-labeled cells to reference datasets containing only Rbp4+ or only vmPFC cells

gave similar results (data not shown). For differentially expressed marker genes of the 12 clusters based on Seurat resolution = 0.9, see Table S1 Tab 2.

(C) Confocal images double-labeled with retrograde tracing from cPFC (red for the tdTomato Cre reporter) and HCR-FISH against Cd44, Cxcr7, or Figf (cyan).

Scale bar, 20 mm. HCR-FISH signal was converted to binary puncta and overlaid with tdTomato cell outlines for quantification. Red insets highlight staining-

positive cells (within 75% of maximum puncta observed), and cyan insets highlight staining-negative cells (< 25% of maximum puncta observed), at higher

magnification.

(D) Confocal images double-labeled with retrograde tracing from cPFC (red for the tdTomato Cre reporter) and HCR-FISH against Npr3 (cyan), showing

enrichment of cPFC-projecting neurons in medial (superficial) and Npr3-expressing cells in lateral (deeper) parts of vmPFC Layer 5. Red insets highlight Npr3+

cells and cyan insets highlight Npr3– cells, at higher magnification. Red arrowheads point to Npr3+ cells. Scale bar, 20 mm.
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Figure S4. Optogenetic cannulae placement, GRIN lens targeting, and Ca2+ imaging fields of view for the 2-odor task, related to Figure 4

(A) Positions of bilateral optogenetic fibers registered to a standard atlas (Paxinos and Franklin, 2001). For all mice, fibers were locatedwithin prelimbic cortex (PL;

A–P: +1.95, M–L: ± 0.35, D–V: –2.3). Each different colored dot denotes the location of the tip center for individual mice, and anterior–posterior (A–P) position is

summarized from two adjacent atlas outlines. Scale bar, 500 mm.

(B) Coronal sections of GRIN lens tracts (A–P: ~+1.95) and placement (500 mm width, 6.1 mm length, implanted at A–P: +1.95, M–L: +0.4, D–V: –2.4) in the right

hemisphere registered to a standard atlas, highlightingGCaMP6f-labeled cells sitting below lens tip. Dots denote theGRIN lens tip center for eachmouse, and are

colored by cell class (Orange: PAG-projecting, Green: cPFC-projecting, Magenta: Rbp4Cre). Focal plane is ~200–300 mm below the lens tip. Scale bar, 100 mm

(left, images), 500 mm (right, atlas). Cg, cingulate cortex; PL, prelimbic cortex; IL, infralimbic cortex.

(C) Correlation image and contour plot of neurons detected by CNMF-E in the fields of view of all imaged mice used in the 2-odor task, labeled with the number of

cells analyzed andmouse name (including those in Figure 4G:mouse P1, C1, R2, wheremaximum intensity projections are displayed and rotated to be in line with

the A–P axis). Colored rings are the regions of interest of individual extracted cells. Scale bar, ~25 mm.
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Figure S5. Task-relevant Ca2+ activity dynamics vary by cell class in vmPFC, and encoding of reward omission, related to Figure 5

(A) Example single-trial activity (top) and corresponding trial-averaged activity (bottom,mean ±SEM) of four task-modulated cPFC-projecting (left) andRbp4Cre-

labeled (right) cells during each of the four task epochs (Approach, Decision, Lick, and Reward). Traces include all correct rewarded trials. Reward was delivered

0.75 s after the first lick. Vertical dashed line in Approach/Decision epochs denotes odor onset. Vertical dashed lines in Lick/Reward epochs denote first lick and

reward release (from left to right).

(B) Trial-averaged activity of odd trials (left) for all positively modulated cells sorted by the time of maximum activity, adjacent to trial-averaged activity of even

trials with the same cell sorting order. Heatmap rasters are grouped by cell class, and aligned to odor onset (left) and first lick (right) (n = 90 PAG-projecting cells,

n = 95 cPFC-projecting cells, n = 339 Rbp4Cre-labeled cells). Similar patterns of activity observed independently between odd and even trials demonstrate that

the tiling pattern is not due to the sorting itself.

(legend continued on next page)
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(C) Example cells with reduced (left and middle panel) or elevated (right panel) activity during reward omission trials. Single-trial activity (top) and corresponding

trial-averaged activity (bottom, mean ± SEM) is shown, color-coded by trial type. Vertical dashed lines denote lick onset (left) and reward release (right).

(D) Fraction of cells that: 1) had elevated activity during reward omission trials, 2) had activity during the Reward epoch that was reduced during reward omission

trials, or 3) had activity during the Reward epoch that was unchanged during reward omission trials, across three cell classes. Example cells that had significantly

elevated or reduced activity (Figure S5C) during omission trials were observed in all classes, indicating that information about reward omission is broadly present.

Comparison of the proportion of cells modulated by reward omission (brackets: total of elevated activity and reduced activity cells) across classeswas performed

using a permutation test (*p < 0.05). Reduced activity wasmore common than elevated activity during omission, andRbp4Cre-labeled cells weremost likely to be

modulated.

(E) Average population activity of each cell class during rewarded (colored) versus omission trials (gray) (mean ± SEM) in the Lick and Reward epochs. The

average signal within each class exhibits a net negative modulation during omission trials in the Reward epoch. Colored dots represent time points in the Reward

epoch where average activity in rewarded trials is significantly higher than in omission trials (p < 0.05, paired t test).
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Figure S6. Analysis of side-selectivity and dimensionality in the 2-odor task, and imaging fields of view in the 4-odor cued and uncued tasks,

related to Figures 6 and 7

(A) Trial-averaged activity of left-selective cells (top) or right-selective cells (bottom). Left-selective cells are sorted by the time of peak activity on left trials and

right-selective cells are sorted by that on right trials (left panels) and then compared to activity of the same cell on the opposing trial type (right panels). The loss of

activity observed when comparing right panels with their corresponding left panels demonstrate the extent of side-selectivity in all three cell classes.

(B) Fraction of variance explained as a function of the number of principal components included, for all cells regardless of cell class (left, related to Figure 6B) or

subdivided by cell class (right, related to Figure 6C). These results indicate that the data derived from each cell class has similar dimensionality, suggesting a

similar diversity of activity patterns in all classes.

(C) Correlation image and contour plot of neurons detected by CNMF-E in the fields of view of all imaged mice used in the 4-odor cued and uncued tasks, labeled

with the number of cells analyzed and mouse name. Colored rings are the regions of interest of individual extracted cells. Scale bar, ~25 mm.
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Figure S7. Neural data is similar between the 2- and 4-odor tasks but differs in the uncued task, and analysis of mixed selectivity, related to

Figure 7

(A) Fraction of uncued trials that were correct as mice progressed through the task (mean ± SEM).

(B) Cells positively modulated in each of the four task epochs in the 4-odor task (Approach, Decision, Lick, Reward) as a fraction of all cells, on a per-mouse basis

(mean ± SEM; *p < 0.05; one-way ANOVA, post hoc Tukey’s HSD test; n.s., not significant).

(C) Average choice direction prediction accuracy across mice in the 4-odor task (mean ± SEM, PAG-projecting n = 5, cPFC-projecting n = 5, and Rbp4Cre-

labeled n = 8mice). Because of the 4 trial types, data from left (L-1 + L-2) trials and right (R-1 + R-2) trials were pooled for this analysis, and randomly subsampled

to 25 cells per mouse (mean ± SEM). Black dots represent time points where the PAG-projecting trace is significantly different than the cPFC-projecting trace.

Orange or green dots represent time points where the PAG- or cPFC-projecting trace is significantly different than the other two traces, respectively (p < 0.05,

one-way ANOVA, post hoc Tukey’s HSD test). Models were computed independently for each epoch with 5-fold cross validation (randomly selected 80%of trials

for training and the remaining 20% for testing).

(D) Average choice direction prediction accuracy during the Decision epoch, as a function of the number of cells included in the logistic regression analysis (mean

±SEM) in the 4-odor task. Black dots represent time points where the prediction accuracy for PAG-projecting cells is significantly higher than for cPFC-projecting

cells. Green dots represent time points where the prediction accuracy for cPFC-projecting cells is significantly lower than the other two (p < 0.05, one-way

ANOVA, post hoc Tukey’s HSD test).

(E) Trial-averaged activity of all positively modulated cells subdivided into the first half of cued trials, the second half of cued trials, and uncued trials. Heatmap

rasters were sorted by the time of maximum activity and grouped by cell class, aligned to odor onset (left) and first lick (right) (n = 110 PAG-projecting cells, n = 89

cPFC-projecting cells, n = 348 Rbp4Cre-labeled cells). The observed similarity in activity between the 1st and 2nd half of the cued trials, and the dissimilarity in

activity between the 2nd half of the cued trials and the uncued trials, demonstrates that the difference between uncued and cued trials is not purely due to the

passage of time.

(F) Variance in Ca2+ data explained as a function of the number of principal components included, across task type (cued, uncued, and combined). The increase in

dimensionality when combining the two datasets indicates that the neural activity patterns found in the two tasks are not the same. For the same imaged cells in

the same field of view, novel activity patterns emerge when transitioning from the cued task to the uncued task.

(G) Scatterplot of regression coefficients for choice direction in the 4-odor task versus reward context in the uncued task for every imaged cell. Cells with a

significant regression coefficient(s) are colored as follows: choice direction (dark red), reward context (dark blue), or both (mixed selective, turquoise). Bar plot

represents the proportion of mixed selective cells grouped by cell class. Comparison of the proportion of mixed selective cells across classes was performed

using a permutation test (*p < 0.05).
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