






  
 

Figure S2. DV scores predict spatial positions across datasets, related to Figure 2 

A. (Left) All transcripts from the MERFISH experiment, aligned to a common template and 
colored by their transcriptional similarity via Baysor. (Middle) Cells, segmented via Proseg, 
clustered based on their gene expression, and colored by their corresponding cell type 
labels. LP, lamina propria. IMM, immature cells (GBCs, INPs, and iOSNs). (Right) Heatmap 
of max-normalized marker gene expression, as measured via MERFISH, for each cell type. 

B. Expression of the indicated example DV genes, as measured via MERFISH. 
C. (Left) The observed change in DVISH scores (i.e., the estimate of the DV score obtained from 

a subset of the DV genes that were queried via MERFISH) as a function of changes in 
spatial position within an epithelial segment. Shading is mean ± 95% confidence intervals 
across epithelial segments. Pullout demonstrates the continuity of changes in the DVISH 
scores as a function of physical space.  

D. (Left) Similar to (C), but depicting the change in DV scores of the OSN subtypes (as 
measured via scRNA-seq) at increasing distances along each epithelial segment. (Right) 
Predictions (y-axis) of the DV score for each MERFISH-identified OSN subtype based upon 
the DV scores (x-axis) of the nearest neighbor OSNs from other OSN subtypes, using a 
spatial k-nearest neighbors regression approach with the DV scores associated with the 
detected OR as measured by scRNA-seq. 

E. Schematic depicting how individual epithelial segments were aligned to a common 
coordinate system using the positions of the identified ORs in a manner that was agnostic to 
the DV score of their respective OSN subtypes (see Methods). 

F. (Left and middle) Comparison of the DV scores (as identified via scRNA-seq using the 
expression of non-OR genes for each OSN subtype), to the OR spatial indices described in 
past reports that measured the expression of OR genes via bulk RNA-sequencing in 
microdissected regions of the MOE20,21. (Right) Results of support vector regression models 
trained to predict the DV score associated with each OR using the levels of OR expression 
measured recently via bulk RNA-sequencing in microdissected samples32.  

G. Comparisons of predicted DV scores for each OSN subtype across separate MERFISH 
coronal and sagittal MOE datasets, with DV scores for each OSN predicted using the DV 
scores of nearby neighboring cells (see Methods). 

H. Analysis of OR distributions in a separate MERFISH dataset from Bintu et al. (see Methods). 
(Left) the DV scores associated with the ORs detected in an example section. (Right) DV 
scores associated with each OR in epithelial segment from all replicates, before and after 
the alignment procedure. 

I. Silhouette score from hierarchical clustering of the pairwise distance matrix (in common 
coordinate space) of the spatial positions of OSN subtypes, with the indicated number of 
clusters, with the mean and 95% confidence interval across restarts indicated. 

J. (Left) The discriminability of the spatial positions of indicated types of OR pairs, as 
measured via area under the receiver-operator curve (AUROC) analysis. (Right) 
Comparison of the AUROC of the DV scores for each OR pair with the AUROC of their 
spatial positions. AUROCs were binned by their values for the DV score AUROC, and error 
bars depict the mean and 95% confidence interval of the mean for each bin. The correlation 
was calculated for all pairs. Histograms depict the number of pairs with each AUROC value; 
note most AUROC values are close to 1. 
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Figure S3. DV scores reflect cell identity not OR expression, related to Figure 3. 

A. (Left) DV scores for each OSN subtype for OSNs from open or occluded nostrils after 4 
weeks of chronic naris occlusions. (Right) DV scores for each OSN subtype from mice 
housed in separate olfactory environments, whose odorants differentially activate the OR 
repertoire. 

B. (Left) Cumulative distribution of environmental state (ES) scores, which reflect ongoing OR-
dependent activity and are computed as the difference between the GEPHigh and GEPLow 
activity GEPs54, for OSNs derived from Cnga2 heterozygous females expressing either the 
WT or loss of function allele of Cnga2. (Right) within OSN subtype change (KO – WT) in 
GEP usage for the DV and ES GEPs; note that ES scores depend upon CNGA2, while DV 
scores do not. 

C. DV and ES scores for each OSN subtype, for data from mice housed in a standard home-
cage environment; the lack of relationship indicates that DV scores are likely activity-
independent. 

D. Act-seq-based measurements of acute odor-driven activity (quantified as the Activation 
Score, which summarizes acute odor-driven increases in ~200 immediate early and other 
genes54), for mice exposed to the indicated odorants, depicting Activation Scores for 
responsive and non-responsive OSN subtypes (left), and the distribution of DV scores for 
activated OSN subtypes (right); note that only the acids exhibit significant spatial clustering 
of their responses, likely because acids are largely detected by Class I ORs in the dorsal-
most zone. 

E. Schematic depicting induction of the ectopic expression of the P2 OR in mature OSNs in the 
OMP-P2 mouse. 

F. Histogram depicting the DV scores for OSNs expressing P2, from either the entire integrated 
dataset (grey) or from OMP-P2 mice (blue), as well as the distributions of DV scores across 
all non-P2-expressing OSNs in OMP-P2 mice (black line). 

G. The distribution of standard deviations of the DV score for OSNs expressing P2 and non-P2 
ORs from wild-type (WT) mice or OMP-P2 mice. Error bars indicate bootstrapped 95% 
confidence intervals. 

H. (Left) Quantification of the percent of OSNs expressing two ORs in WT and OMP-P2.  
(Right) The percent of these two-OR cells containing P2 (and another non-P2 OR). Dots 
indicate individual replicates and error bars represent the mean and bootstrapped 95% 
confidence interval of the mean. 

I. (Left) The DV score for two-OR cells in OMP-P2 mice expressing P2 and a non-P2 OR, 
plotted as a function of the DV score associated with the non-P2 OR in control mice. 
Shaded gray area depicts the interquartile range of the DV score for OSNs in control mice 
that singularly express P2. (Right) The expression of P2 and the non-P2 OR in OSNs 
expressing two ORs, colored by the difference in DV scores between each cell and the 
respective OSN subtype expressing the non-P2 OR in control animals. 
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Figure S4. Variation in gene expression during OSN differentiation, related to Figure 3 

A. UMAP plot depicting the indicated marker genes across the differentiating OSN dataset 
(individual dots are single cells, shading is normalized gene expression); note, the majority 
of iOSNs and all mOSNs are excluded in this dataset. For visualization purposes, gene 
expression (the number of unique molecular identifiers (UMIs) in the sequencing data for 
each indicated gene), was smoothed based on the nearest neighbor graph (see Methods). 

B. Similar to A), but for the expression of example DV genes in differentiating OSNs. 
C. GEP usages for GEPDorsal and GEPVentral for each differentiating cell, calculated using the 

GEP weights for each gene as identified in mature OSNs. 
D. The correlation of the cellular expression of each of the indicated transcription factors (all of 

which participate in the DV score and are therefore DV genes) with the DV scores of each 
cell (with data derived from either the mature OSN or differentiating OSN datasets). 

E. The similarity (cosine distance) of the cell DV score and the top principal components of 
gene expression, where PCA was performed using OSN variable genes for cells in each 
pseudotime bin. Note that OR expression does not begin until psuedotime > 0.4.  

F. (Left) UMAP depiction of the usage of ES score GEPs in differentiating OSNs. (Right) The 
standard deviation in GEP scores for DV, environmental state (ES), and anteroposterior 
(AP) scores. ES scores reflect ongoing OR-dependent activity and are computed as the 
difference between the GEPHigh and GEPLow activity GEPs; AP scores were computed as the 
difference between GEPAnterior and GEPPosterior, which include a handful of genes implicated in 
OSN targeting along the anteroposterior axis of the olfactory bulb and which reflects OR-
dependent but odor-independent activity (as recently described54, and see Figure 7). 

G. UMAP plots depicting the maximum levels of expression for the indicated types of ORs. 
Note the separate developmental trajectories adopted for differentiating OSNs that 
eventually choose each type/class of OR. 

H. For cells expressing multiple “competing” ORs expressed at moderate levels (three or more 
UMIs), the difference in DV scores of expressed ORs (as determined in mature OSNs) 
compared to similar differences amongst the ORs expressed in the same cells at the lowest 
expression level (i.e., one UMI per cell). 

I. For post-choice cells that express only a single OR (defined here as having three or more 
unique molecular identifiers (UMIs)), the DV score associated with the chosen OR 
(determined in mature OSNs) compared to the mean DV score associated with all those 
ORs expressed at low levels (only one UMI per cell), plotted as a function of each cell’s DV 
score (split into deciles).  
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Figure S5. OSN clones have restricted cell fates, related to Figure 3 

A. The percent of mature OSNs expressing a singular OR in either WT control mice or in 
regenerated cells post-methimazole from the lentiviral lineage tracing experiment. Dots 
indicate individual replicates and error bars indicate bootstrapped 95% confidence interval of 
the mean. 

B. The transcriptome distance, defined as the cosine distance of GEP usages, between control 
and regenerated cells that express either the same or different ORs, or when OR labels are 
shuffled across OSNs. Shaded error indicates the mean and bootstrapped 95% confidence 
interval of the mean. 

C. The percent-normalized DV scores associated with each OSN subtype in control and 
regenerated conditions. 

D. The distribution of DV scores for all OSN subtypes in control conditions and the distributions 
of DV scores of ORs detected in lentiviral-infected cells in the clonal lineage tracing 
experiment. 

E. Cumulative number of ORs detected as a function of the number of barcoded cells. Line and 
shaded error indicates the mean and bootstrapped 95% confidence interval of the mean. 

F. UpSet plot depicting the number of clones that contained OSNs collectively expressing each 
combination of OR classes. The total number of cells expressing each receptor type is 
indicated on the bottom Y axis. The bar graph indicates the number of clones harboring 
OSNs expressing receptors of the dotted classes (below each bar). Note that individual 
clones can harbor mature OSNs expressing ORs from different classes.  

G. (Left) The cumulative number of clones, as a function of the percent of ORs in the clone that 
were ventral. Note, most clones exclusively contain ventral ORs. (Right) For pairs of ORs 
from either the same or different receptor classes (out of class I ORs, class II ORs, or 
TAARs) and for pairs of cells that were or were not clonally-related, the cumulative percent 
of pairs in which the two ORs were both dorsal or ventral (or one was dorsal and the other 
was ventral). Note, clonally-related OR pairs were more likely to both be either dorsal or 
ventral. 

H. For each clone, the mean and bootstrapped 95% confidence intervals of the DV scores (as 
measured in control conditions) associated with the OSN subtypes of that clone. Clones are 
sorted by the mean DV score associated with their expressed ORs. 

I. The distances in DV, AP, and ES scores (as measured in control conditions) of OSN 
subtypes found in pairs of cells, colored by whether each pair was clonally-related or not. ES 
scores reflect ongoing OR-dependent activity and are computed as the difference between 
the GEPHigh and GEPLow activity GEPs; AP scores were computed as the difference between 
GEPAnterior and GEPPosterior, which include a handful of genes implicated in OSN targeting 
along the anteroposterior axis of the olfactory bulb and which reflects OR-dependent but 
odor-independent activity (as recently described54, and see Figure 7).  

J. The percent of clones with fewer ORs than cells (thus contained multiple cells expressing 
the same OR) for the observed data, for data with shuffled clonal labels, and for clones 
generated using the observed t-statistics to sample ORs (see Methods). 

K. The cumulative distribution of the distance in the DV scores of pairs of INPs or mature OSNs 
that either came from same or different clones. 

L. The percent of clonally-related pairs of mature OSNs expressing class II ORs in which the 
different ORs were found to be co-expressed within single differentiating OSNs at the 
“competing” phase (two ORs, each expressed with three or more UMIs), compared to the 
percentage found when clonal labels were permutated across OSNs.  
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Figure S6. RA signaling components vary spatially to influence OSN identities, and 
heterochromatin binding influences OR choice, related to Figures 4 and 5 

A. Expression of Aldh1a2, as measured via MERFISH, in each cell type (log-normalized 
number of transcripts per cell). LP/BG, lamina propria and Bowman’s gland cells. 

B. Expression of the genes involved in RA signaling in the differentiating OSN dataset, 
including the retinaldehyde dehydrogenase 2 (Aldh1a3), the cellular retinoic acid binding 
protein Crabp1 in immature cells, and the nuclear retinoic acid receptor gamma (Rarg). 
Heatmaps indicate the number of unique molecular identifiers (UMIs) detected for the 
indicated gene, smoothed by the nearest neighbor graph (see Methods).  

C. Normalized gene expression of the RA-related genes Rarb and Dhrs3 in mature OSNs, as a 
function of the DV score of each OSN. Cells were binned into equal-frequency bins and 
each dot depicts the average expression in each bin. 

D. The percent of mature OSNs post-methimazole-induced regeneration that expressed single 
ORs, for animals treated with either control vehicle, the RA inhibitor (RA Inh.) WIN 18,446, or 
atRA, with error bars indicating 95% confidence intervals of the mean. 

E. For mice given each drug, the change in frequency (relative to control mice) of the percent 
of cells expressing dorsal ORs, plotted for all dorsal ORs and separated by OR class. Error 
bars depict bootstrapped 95% confidence intervals. 

F. Change in the DV scores associated with each OR in mature OSNs for the ORs expressed 
in pre-choice INP cells. For cells expressing multiple ORs the DV scores associated with 
each OR were weighted by their expression levels. 

G. The expression of the NFI family transcription factors Nfia, Nfib, and Nfix in the indicated cell 
types relative to their expression in control mice, for mice given either the RA inhibitor or 
atRA. 

H. Similar to (B) but for the expression of HP1β and HP1α in differentiating OSNs. 
I. The Normalized expression of HP1β and HP1α in either the control or HP1 swap mice, in 

either differentiating GBCs and INPs or in mature OSNs. 
J. Similar to (D) but for the percent of mature OSNs from control or HP1 swap mice that 

express a single OR. 
K. Change in frequency of ORs with given DV scores for data from HP1 swap relative to control 

mice. Dashed lines indicate individual replicates. 
L. Similar to (E) but for the change in the percentage of cells expressing dorsal ORs in HP1 

swap mice relative to control mice. 
M. Bootstrap estimates of the slope and intercept for robust linear regression models fit on the 

cell to OR DV score mapping in each condition. The observed change in slope in the HP1 
swap mice indicates that the relationship between cell and OR-associated DV scores has 
changed.  

N. For pre-choice INPs, (left) the mean change in the cell DV scores (HP1 swap – control) for 
the cells at the indicated stage or (right) the mean DV scores associated with the ORs (as 
measured in mature OSNs) for the ORs expressed in INPs from each condition, where for 
cells expressing multiple ORs the DV scores associated with each OR were weighted by 
their expression. Error bars depict 95% confidence intervals of the mean. 
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Figure S7. DV scores are a genomic property of each OR, and AP scores predict apical-
basal epithelial position, related to Figures 6 and 7 

A. (Left) Cumulative proportion of EBF motifs in the 1kb region upstream of each OR’s 
transcriptional start site (TSS). Note the density of motifs in the 750-1,000 bp region 
upstream of each TSS. (Middle) The mean and 95% confidence interval of the DV score for 
OSN subtypes whose ORs have the indicated number of motifs for each transcription factor 
in the upstream 750–1,000 bp region. (Right) The odds ratio of having the given motif pair in 
the same OR promoter region. 

B. Schematic of the receptor swap experiment, in which OSNs expressed the M72 or S50 OR 
from either the M72 or S50 genomic locus. Note that although these mice are referred to as 
receptor “swaps” in mice in which M72 (or S50) is expressed from the S50 (or M72) locus, 
there remains M72 (or S50) expressed from its original locus in the genome. As a 
consequence, in these mice there are two separate genomic locations associated with the 
same receptor. 

C. The distances in GEP usages for each cell from the OR swap mice to the mean of the 
respective control animal (in which ORs were expressed from their endogenous loci). The 
difference in distances to the same OR vs. same locus control animal is shown for each 
GEP. ES scores reflect ongoing OR-dependent activity and are computed as the difference 
between the GEPHigh and GEPLow activity GEPs; AP scores were computed as the difference 
between GEPAnterior and GEPPosterior, which include a handful of genes implicated in OSN 
targeting along the anteroposterior axis of the olfactory bulb and which reflects OR-
dependent but odor-independent activity (as recently described54, and see Figure 7). 

D. The average expression of the NFI family and Bcl11b transcription factors, both of which are 
enriched in ventral OSNs, across the animals examined in the OR swap experiments. 

E. Accuracy of support vector machine classifiers at distinguishing the genomic locus of each 
cell, using either all HVGs or the DV genes, for the observed data and data in which the 
genomic locus was shuffled across cells. 

F. (Left) For OSN subtypes whose ORs are located in the same genomic cluster, the mean 
phylogenetic distance (top, cophenetic distance) or distance in DV scores (bottom), plotted 
as function of genomic distance, as measured via the number of functional OR genes 
separating the ORs of each OSN subtype. (Right) The distribution of DV score distances for 
pairs of OSN subtypes whose ORs are the nearest genomic neighbors, separated based on 
the phylogenetic distance of the OR pair. 

G. The distribution of DV scores associated with each OSN subtype, for OSN subtypes whose 
ORs are located in the indicated chromosomal clusters. Note, class I ORs are found in 
cluster 7-3 and TAARs are located in cluster 10-1. 

H. Kernel density estimate of the distance in DV scores for pairs of OSN subtypes whose ORs 
are located either within the same or different chromosomal clusters. 

I. Phylogenetic distances (i.e., cophenetic distance) of OR pairs as a function of their 
associated DV scores. 

J. The AP and ES score for each OSN subtype, evaluated separately for cells from F1 animals 
that chose either the C57BL/6J or CAST/EiJ allele for a given OR. OSN subtypes with 
significant changes in GEP usages across strains are highlighted in black. Note that this 
strain-specific variation is expected to be the consequence of coding changes in the 
receptor itself (see Figure 6D). 

K. The percent of OSN subtypes with strain-specific changes for each GEP. 
L. (Left) For OSN subtypes with significant changes for each GEP, the correlation between the 

change in GEP usages (CAST – C57 allele) in F1 hybrid animals and the change in GEP 
usages across F0 animals (CAST – C57 mice), and the correlation in the change in OR 
frequency across alleles in F1 animals with that across strains in F0 animals. (Right) For 
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each GEP pair, the correlation in the change in GEP usage across strains, for the set of 
OSN subtypes with significant changes in either GEP from each GEP pair. 

M. The expression of the GEPPosterior axon guidance gene Nrp1, as measured directly via 
MERFISH. Gene expression was normalized based on the total number of transcripts 
detected in each OSN. 
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Supplementary Materials 
 
Supplementary Tables 
 
Table S1. Dorso-ventral (DV) related genes and associated gene categories, related to 
Figure 1. 
 
Table S2. Probe sets for in situ hybridization chain reaction (HCR) experiments, related to 
Figure 6.  
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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, Sandeep R. Datta (srdatta@hms.harvard.edu). 
 
Materials availability 
This study did not generate new unique reagents. 
 
Data and code availability 
Raw and processed next generation sequence data have been deposited at the NCBI 
Sequence Read Archive (SRA, accession SRP318630) and Gene Expression Omnibus (GEO, 
accession GSE173947) databases. The code for calculating GEP usages of OSNs can be found 
at https://github.com/dattalab/Tsukahara_Brann_OSN. Code for analyzing DV scores can be 
found at https://github.com/dattalab/Brann_olfactory_dorsoventral. 
 
Experimental model and study participant details 
 
Animals 
C57BL/6J mice were obtained from Jackson Laboratory (Stock No. 000664). Mice expressing 
OMP-IRES-tTA and tetO-P2-IRES-GFP (OMP-P2 mice) were obtained from the Lomvardas lab 
and maintained in the Datta Lab1,2. Cnga2 knockouts animals (Jackson Laboratory Stock No. 
002905) were obtained from the Dulac lab and maintained by breeding heterozygous females 
with C57BL/6J males3. HP-1 swap mice (mice with loxP-HP1β-STOP-loxP-HP1α alleles at the 
HP1β locus crossed to Foxg1-Cre [Jackson Laboratory Stock No. 029690]4 such that knockout 
of HP1β is rescued via the expression of HP1α) were generated by Martín Escamilla-Del-Arenal 
using standard homologous recombination, and will be described in a separate forthcoming 
manuscript. Wild-derived CAST/EiJ mice were obtained from Jackson Laboratory (Stock No. 
000928), and CAST/C57 F1 hybrids were generated in lab by crossing CAST males with C57 
females. Mice of either sex between 6–16 weeks-old were used for experiments. Mouse 
husbandry and experiments were performed following institutional and federal guidelines and 
were approved by Harvard Medical School’s Institutional Animal Care and Use Committee. 
 
Method details 
 
Naris occlusion, environment swap, and Act-seq activity manipulations 
Data from wild-type mice housed in home-cage environments, or from mice that either 
underwent transient naris occlusion for a week or were housed in novel olfactory environments, 
was all previously generated5. Act-seq was performed as previously described, by exposing 
mice to monomolecular odorants on filter paper for two hours prior to OSN dissociation and 
scRNA-seq5. The odorants that were analyzed in further detail were heptanal, octanal, 
heptanone, octanone, pentyl acetate, hexyl acetate, octanoic acid, and nonanoic acid, which 
were all diluted in dipropylene glycol (DPG) based on their vapor pressures to give a nominal 
concentration of 500 ppm. 
 
Methimazole-induced regeneration, intranasal lentiviral injections, and retinoic acid 
experiments 
The main olfactory epithelium (MOE) was ablated and induced to regenerate via a single 
intraperitoneal injection of methimazole (50 mg/kg) in adult mice (>6 weeks old), as described 
elsewhere6. Intranasal lentiviral injections were performed 36-48 hours after methimazole 
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injection, at timepoints in which the OSNs have sloughed off and the epithelium is a single 
monolayer of activated horizontal basal stem cells (HBCs). Mice were anaesthetized with 
Ketamine/Xylazine (100/10 mg/kg), and intranasal lentiviral injections were performed via a 
Hamilton syringe connected to thin PE-10 tubing; 15-25 µL of virus (at a titer of 1–10 x 108 
TU/mL) was injected over the course of 2-3 minutes. scRNA-seq was performed 4–6 weeks 
after methimazole injection, at timepoints under which much of the epithelium has regenerated 
and the infected progenitors have differentiated to give rise to clones of newly-born cells, many 
of which are OSNs. 

Manipulations of retinoic acid signaling were performed in adult mice that received a 
single dose of methimazole (50 mg/kg). Starting 72 hours after methimazole injection, mice 
received either the ALDH1A2 inhibitor WIN 18,446 (5 mg/kg) or all trans-Retinoic Acid (atRA, 5 
mg/kg). WIN 18,446 was dissolved in DMSO and atRA was dissolved in 5 % DMSO (dissolved 
in corn oil), and drugs were delivered subcutaneously. Mice within each cohort received either 
drug or vehicle daily for 3.5 weeks after methimazole-induced regeneration, and scRNA-seq 
was performed after 4 weeks, and animals receiving each drug or vehicle control were 
dissociated and sequenced together. The effects of the RA inhibitor WIN 18,446 were verified 
via observation of the testes7. 
 

 
Single-cell RNA-sequencing and data processing 
Isolation of single cells from the MOE and fluorescence-activated cell sorting (FACS) was 
performed as described5. In brief, mice were euthanized via carbon dioxide inhalation, and the 
epithelial tissue of the MOE was dissected. Individual mice were used for each replicate. Cells 
were dissociated with Papain and DNase-I (Worthington), incubated at 37°C for 60 minutes, 
triturated and then washed and resuspended in Hibernate-A medium supplemented with fetal 
bovine serum; these solutions also contained transcriptional and translation inhibitors (5 mg/mL 
of Actinomycin D, 10 mg/mL of Anisomycin and 10 mM of Triptolide, all obtained from Sigma). 
FACS was performed to enrich for OSNs expressing fluorescent reporters in the OMP-P2 and 
lentiviral experiments. In all other experiments, FACS was performed to enrich for live singlets.  

scRNA-seq was performed using the 10x genomics platform using the default protocols 
(CG000315 Rev E) for the Chromium Next GEM Single Cell 3ʹ Kit v3.1. For each replicate, cells 
were loaded at a concentration predicted to yield 10,000 cells, or to obtain the maximum 
number of cells given the measured concentrations when the total number of was less than 
10,000. For the OMP-P2 experiments, GFP-positive and GFP-negative cells were mixed and 
loaded together in a single lane of the Next GEM chip. In the lentiviral experiments, Venus-
positive cells and negative cells from each mouse were not mixed and were loaded into 
separate lanes. For experiments with genetic or experimental controls (like the CNGA2, RA, and 
HP1 swap experiments), control and experiment animals were processed together, loaded onto 
the same chips, and were sequenced together. 

The resulting libraries were quantified via qPCR and were sequenced with paired-end 
sequencing on the Illumina NovaSeq or NextSeq platforms (with Read1 = 28 cycle, Index (i7) = 
10 cycle, Index (i5) = 10 cycle, Read2 = remaining number of cycles). Demultiplexed fastq files 
were processed in a manner similar to that previously described5, using a custom Nextflow 
pipeline that ran the Cell Ranger (version 6.1.2) count pipeline, as well as additional post-
processing steps to identify and remove multi-mapped reads and regenerate the resulting cell 
by gene matrix. The Ensembl GRCm39 mouse genomic index (version 105) was used with a 
custom GTF file containing extended 3’ UTR annotations for some ORs and TAARs, to facilitate 
their identification in the 3’-biased scRNA-seq data. Cell doublets and low-quality cells were 
excluded, and OSNs were identified via iterative subclustering of the latent spaces of scVI 
models, as previously described5,8, based on their expression of known marker genes and ORs.  
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Clonal lineage tracing 
Clonal lineage tracing was performed using a lentiviral library with ~10M DNA barcodes at the 3’ 
UTR side of transcripts for Venus fluorescent protein and upstream of the polyA sequence 
(Cellecta CloneTracker XP). To amplify the lentiviral barcodes from the RNA transcripts of in 
each cell, a primer (5’-
GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTCCGACCACCGAACGCAACGCACGCA-
3’) whose 5’ end overlapped with the Truseq Read 2 (underlined) and whose 3’ end was 
complementary to a constant region upstream of the barcode was spiked in (final concentration 
0.5 µM) during the initial RT and cDNA amplification steps; this approach increased the yield of 
the lentiviral barcodes compared to targeted amplification from the already-amplified cDNA 
libraries. Amplified barcode fragments were purified from the cDNA library and barcode 
sequencing libraries were constructed by performing PCR on these fragments with the Library 
Index PCR primers (which bind to Truseq); the resulting barcode libraries were mixed and 
sequenced together with the final 10x libraries and were subsequently demultiplexed 
computationally. 
 
Spatial profiling via MERFISH  
MERFISH was performed using the Vizgen MERSCOPE platform. A custom 300-plex 
codebook, which contained nearly 200 ORs and 100 non-OR genes consisting of cell type 
marker genes, DV-related genes, and other highly-variable OSN genes, was designed. Bulk 
sequencing and scRNA-seq was used to identify suitable ORs and genes, and the total 
abundance of the gene panel was ~7600 FPKM to avoid optical crowding. ORs were chosen on 
the basis of their DV scores and frequency of expression to obtain a set of ORs predicted to 
uniformly span the MOE at relatively-higher frequencies. Due to their high abundance, 
additional probes for OSNs (Omp, Calm2), and sustentacular cells (Cbr2, Cyp2g1) were imaged 
separately and sequentially (along with the staining for DAPI, polyT, and cell boundaries). 

Fresh frozen 10 µm coronal samples from the MOE from young (4-5 week) mice were 
processed according to the manufacturer’s user guides (Vizgen 91600002 Rev E and 91600112 
Rev C). In brief, tissue section, fixation, permeabilization, and autofluorescence quenching were 
performed used the guidelines for fresh frozen tissue. However, the RNA anchoring steps from 
the formalin-fixed, paraffin-embedded (FFPE) tissue sample preparation guide were added to 
help the thin MOE tissue adhere to the MERSCOPE slides. Cell boundary staining, gel 
embedding, clearing, and probe hybridization steps were performed without modification from 
the fresh-frozen sample preparation guide. Samples were imaged on the MERSCOPE 
instrument using the 300-plex imaging kit, and transcripts were decoded using the MERLIN 
pipeline provided by Vizgen. 

 
CUT&RUN 
CUT&RUN was performed to measure the levels of H3K9me3 in C57/CAST F1 animals, using 
the reagents and instructions from a commercial kit (EpiCypher CUTANA CUT&RUN Kit, 
Version 4). In brief, the MOE was dissociated as in the scRNA-seq experiments, and 500k 
unsorted cells were used for each reaction, and two technical replicates were used for the cells 
from each animal. Cells were incubated overnight with ConA beads and 0.5 µg of a Rabbit 
polyclonal H3K9me3 antibody (Abcam ab8898), and on the following day permeabilized cells 
were incubated with pAG-MNase to target the digestion of DNA, which was purified with 
SPRIselect beads. E. coli spike-in DNA was used to normalize the yields across samples. 
Sequencing libraries were prepared from 5 ng CUT&RUN DNA, or the entire yield for replicates 
where the yield was <5 ng. Some experiments also included a H3K4me3 positive control 
(EpiCypher 13-0041), which yielded the expected enrichment for transcriptional start sites, IgG 
negative control (EpiCypher 13-0042) antibodies, which showed minimal enrichment, but these 
were omitted for subsequent experiments given the low background in the H3K9me3 
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CUT&RUN data. Sequencing libraries were generated using the NEBNext DNA library kit, 
following the instructions and formulations in the EpiCypher CUT&RUN library prep kit (14-
1002). CUT&RUN libraries were pooled and sequenced on the Element AVITI machines with 
the Cloudbreak Freestyle sequencing kit (2x75 cycles). 
 
In situ hybridizations 
In situ hybridization for genes in the MOE was performed via the Hybridization Chain Reaction 
(HCR) method9, using 16 µm cryosections from either fresh or fixed frozen MOE tissue, from 4 
to 6-week-old animals. Fixed tissue was decalcified in 0.45M EDTA and equilibrated in 30% 
sucrose prior to freezing. In situs were performed according to manufacturer instructions for 
HCR v3.0 (Molecular Instructions, Rev. 4), except the proteinase K solution was changed to 1 
µg/mL or omitted entirely. Split DNA oligo probes for ORs (~15–20 probes per gene) were 
manually designed using regions in each OR’s cDNA sequence that were homologous between 
C57BL/6J and CAST/EiJ animals but lacked homology to other ORs. Probes for the dorsal 
marker Nqo1 and reference ORs whose positions remaining constant across strains were also 
designed in a similar manner and used as reference landmarks to identify the positions of ORs 
of interest. The sequences of oligo probes can be found in Supplemental Table 2. 

Sections were counterstained with DAPI and confocal imaging was performed using a 
Nikon Ti inverted spinning disk microscope equipped with a Yokogawa CSU-W1 Spinning disk 
(50 μm pinhole), a Plan Fluor 40x/1.3 NA oil objective, and 405, 561, and 640 nm laser lines. 
Tiled images of the MOE were captured using an Andor Zyla 4.2 Plus sCMOS monochrome 
camera and Nikon Elements Acquisition Software (AR 5.02). OSNs expressing each OR were 
manually counted, and the fraction of OSNs within the dorsal zone was assessed by comparing 
to positions of each OSN relative to Nqo1+ OSNs. Note, although imaging and quantification 
was performed across entire sections, schematics depict the results from F0 data due to space 
limitations and due to the difficulty in visualizing the expression of single ORs across the entire 
MOE. 
 
Quantification and statistical analysis 
 
Data integration of scRNA-seq replicates to extract mature OSNs 
Nearly 5 million cells from over 360 replicates were uniformly processed using a custom 
Nextflow pipeline to run Cell Ranger and custom postprocessing steps for each replicate. These 
replicates included the 150 replicates (and 780 thousand mature OSNs) described in a 
previously published dataset5, as well as over 200 additional replicates (containing another 1.4 
million OSNs). The additional data consisted of the mice used as part of the experimental 
conditions described herein (e.g. the lentiviral experiments), as well as additional unpublished 
datasets that were generated for other work, including from mice that had been exposed to 
monomolecular odorants, as well as from smaller numbers of mice housed in different 
environments conditions, and control and knockouts for various genetic manipulations. Mice of 
both sexes were used for experiments. Note, although some of these lines had not been 
backcrossed to C57BL/6J backgrounds, few differences in DV scores or gene expression were 
observed across replicates, even though the entire dataset consisted of 360 replicates from 
many separate experiments. 

A combination of unsupervised and semi-supervised methods was used to map the cells 
from all replicates into a common latent space to perform cell type identification. The gene set 
used for this embedding were the top 3000 genes (excluding ORs, mitochondrial and ribosomal 
genes) identified using the Scanpy highly variable gene function, with the “seurat_v3” flavor. 
First, unsupervised learning was used to fit a scVI model (n_hidden: 128, n_latent: 30, n_layers: 
2, gene_likelihood: “nb”, dropout_rate: 0.2, with a batch key to identify each replicate) on the 
raw counts of these genes in a smaller reference dataset of ~250 thousand cells from wild-type 
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animals housed in standard home-cage conditions. The resulting scVI latent embeddings from 
this dataset were clustered via the Leiden algorithm and cluster labels were manually annotated 
based on known cell type markers. The trained scVI model and the manually-annotated cluster 
labels from this subset were then used to train a semi-supervised model using scANVI. The 
trained scANVI model was then applied to query the entire dataset, resulting in a common 
embedding of all cells into a 30-dimensional latent space. Cell types in this common latent 
space were identified by transferring the labels from the manually-annotated reference subset, 
using previous weighted nearest neighbor approaches for label transfer of scANVI models10,11. 
For cells from each replicate, their resulting neighbors (in the 30-dimensional latent scANVI 
space) from the annotated subset were found using PyNNDescent, distances were converted 
into affinities using a gaussian kernel, and cell type probabilities and matching uncertainty were 
calculated for each cell. 

Non-neuronal cells, as well as low-quality doublets and dying cells were excluded, and 
mature were extracted from the cell type labels of the integrated dataset. Due to the dissociation 
and FACS approaches used, roughly 50% of cells from most replicates were OSNs. OSNs were 
filtered to retain only cells expressing a single OR, and the resulting dataset of 2.3 million OSNs 
was used for downstream analyses. Except where noted, only cells expressing single ORs were 
used for analyses, and OR expression was defined with a threshold of at least 3 transcripts 
(unique molecular identifiers (UMIs)) that mapped to that OR. 
 
Identification of zonally-restricted genes 
Zonal indices for each OR were obtained from prior work12,13, and were discretized into five 
zones, with zone 1 being the most-dorsal zone and zone 5 the most-ventral. The mean for each 
subtype for each variable gene was calculated and genes whose expression was on average a 
log-fold higher among the subtypes in its maximum versus second-highest zone were 
considered as zonally-restricted genes, and the number of genes for each zone were computed. 
Note, no genes were enriched in intermediate zone ORs (e.g. zone 2–4), consistent with 
gradients of gene expression that monotonically increase or decrease with the dorsoventral 
score. 
 
Identification of the dorsoventral (DV) score  
Consensus non-negative Matrix Factorization (cNMF) was used to decompose the 
transcriptomes of each OSN into a smaller set of interpretable factors5,14. The same NMF 
factors (referred to as gene expression programs (GEPs)) that were previously identified were 
used, and the gene loadings for these GEPs were applied to all datasets5. Importantly, cNMF 
was performed on a set of ~1,300 highly variable genes (HVGs) that did not include any OR 
genes and thus the resulting gene loadings and GEP usages do not depend on the expressed 
ORs. These GEPs included two associated with neuronal activity, (GEPHigh and GEPLow), two 
containing dorsal and ventral genes (GEPDorsal and GEPVentral), and two relating to 
anteroposterior positions (GEPAnterior and GEPPosterior). These GEPs were used in an orthogonal 
manner and their differences in usage was summarized into single metrics: the environmental 
state (ES) score = GEPHigh - GEPLow, the dorsoventral DV score = GEPDorsal - GEPVentral, and the 
anteroposterior (AP) score = GEPAnterior - GEPPosterior) to capture the continuous variation across 
these 3 independent axes (ES, DV, and AP). The 248 genes (out of the set of highly variable 
genes) whose expression across OSNs was correlated with the DV scores (R2 > 0.5 for linear 
regression to predict the DV score from each gene and spearman’s rho > 0.5 at the OSN 
subtype level) were consider as DV genes and were used for downstream analyzes. DV genes 
were categorized into 10 different functional groups (transcription factors, axon guidance and 
cell adhesion, cellular metabolism, cell signaling, cell growth, cytoskeletal, GTP-activity, RNA-
related, ion channels and transporters, and synaptic genes) via a combination of GO pathway 
analysis, the presence of protein features like DNA binding domains, or via manual annotation. 
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The full list of DV genes and their associated categories (for the 162 belonging to the above 
categories) can be found in Supplemental Table 1.  

As described above, GEP usages and DV scores were calculated at the cell level using 
the gene loadings for each GEP. A small fraction (3%) of cells had DV scores that were zero, 
which can occur for cells that had little expression of either dorsal- or ventral-related genes and 
because NMF identifies usages for all GEPs at once. For analyses that required comparisons at 
the cell level, the DV scores of these cells were imputed using a multilayer perceptron (MLP) 
trained to predict the DV score of mature OSNs using the expression of the 248 DV genes in 
each cell. The MLP (with two hidden layers of size 50 and 10) was trained in PyTorch with the 
Adam optimizer (learning rate 0.01) and gave predictions that were highly correlated (rho > 
0.99) at both the cell and OR level for training, testing, and validation data.  

Mature OSNs expressing a given OR (i.e. those from the same OSN subtype) had 
similar DV scores. Therefore, the DV score associated with each OSNs expressing each OR 
(also referred to as an OR DV score) was calculated by taking the mean DV score across all the 
OSNs expressing a given OR in the entire integrated dataset. Except where noted, for all 
downstream analyses the DV score of the expressed OR in each cell was considered as the OR 
DV scores from the entire dataset and thus could be compared to each cell DV’s score, 
especially in experiments that decoupled a given cell’s DV score from that of its expressed OR. 
In some experiments, DV scores were percentile normalized at the cell level via sklearn’s 
QuantileTransformer. This transformer was fit on data from all cells to maintain the distribution of 
DV scores for cells from each subtype. 
 
OR classes 
Only ORs with functional protein activity (as assessed by their singular expression in mature 
OSNs). ORs with mean DV scores above 60 were considered as dorsal; this threshold was set 
such that ORs that had previously been classified as being part of the most-dorsal zone (zone 
1) were considered as dorsal with respect to their DV scores. ORs were clustered based on 
their amino acid sequences and class I ORs were identified as the large cluster of ORs in the 
resulting phylogenetic tree that share homology with fish ORs and were located in a single 
genomic cluster on Chromosome 7. Phylogenetic distances were defined as the cophenetic 
distance of the resulting phylogenetic tree. Most rodent odorant receptors are class II ORs, 
which are located in multiple genomic clusters of genes that are scattered across the genome. 
ORs were considered part of the same genomic cluster if they were located on contiguous 
regions of the chromosome (separated less than 3 Mb from the start of previous OR gene). 
Neighboring ORs (i.e. those at neighboring genomic locations) were more likely to be 
phylogenetically similar. A small fraction of cells also express trace amine-associated receptors 
(TAARs). Except where specified, analyses used OSNs expressing either class I, class II, or 
TAARs though most results reflect properties of class II ORs, which make up the majority 
(~87%) of all ORs. The set of 1007 OSN subtypes with at least 150 cells (median 1,500 OSNs 
per subtype) was used for most analyses. 
 
Consistency of the DV score 
Correlations of the DV scores across replicates were computed at the OSN subtype level, by 
comparing the mean for each subtype in a given replicate to that from all other data. To evaluate 
the consistency across data subsets, 150 cells were sampled for each OSN subtype, the mean 
for each OSN subtype was calculated separately for the first versus second half of cells for each 
subtype, the spearman’s correlation between data halves was evaluated, and this process was 
repeated 1,000 times. The spearman’s correlation reflects changes in the rank order of OSN 
subtypes and the absolute change in ranks was also evaluated on each restart, as well as for 
data in which OR labels were either permuted across cells whose ORs shared the same zonal 
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index (discretized into 5 zones as above) or permuted across all cells. The mean for each OSN 
subtype was also evaluated separately for data from male and female animals.  

The uniqueness of the DV score for each OSN subtype was determined using linear 
regression. Across 100 restarts, cross-validation was performed using five stratified folds for 
training and testing. The mean for each OSN subtype was computed using the training data and 
in the testing data the observed DV score for each OSN was compared to that of the either the 
mean of its respective OSN subtype in the training data or the mean of the nth nearest OSN 
subtypes (as determined based on the means of each OSN subtype in the training data); the 
difference in median absolute errors was computed for models with n ranging from 0–200. 

For computing deviations from the mean and area under the receiver operator curve 
(AUROC), equal numbers of OSNs (150) were sampled for each OSN subtype on each of 1,000 
restarts, and AUROC values were calculated empirically for all pairs of OSN subtypes (1007C2 = 
506,521 pairs). For comparisons to shuffled data, OSN labels were shuffled across the 
subsampled cells on each restart. The difference in DV scores for each cell from the respective 
mean of its corresponding OSN subtype was also summarized via the median absolute 
deviation (MAD).  
 
MERFISH analyses 
Cell type identification in MERSCOPE data 
Data from different epithelial sections were aligned to a common template using STalign15, an 
approach that relies on diffeomorphic mapping. MERFISH gene expression was also visualized 
using Baysor16, in its segmentation-free configuration. In brief, local neighborhoods were 
evaluating by evaluating the nearest transcripts (across all genes) for every gene, reducing the 
dimensionality of this data via principal component analysis (PCA) and Uniform Manifold 
Approximation and Projection (UMAP)17, and converting the resulting low dimensional 
embedding into colors for visualization purposes. Because OSNs are small and densely packed 
and difficult to segment via DAPI or cell boundary staining alone, cell segmentation from the 
Vizgen MERlin pipeline (via cellpose) was further refined using Proseg18, a probabilistic 
approach that helps to better match transcripts to cells. The resulting log-normalized cell by 
gene matrix from Proseg was processed in Scanpy. PCA was performed and the top 30 PCs 
were kept. Leiden clustering was performed on a random subset of 100,000 cells (on a nearest 
neighbor graph with n=30 neighbors and leiden resolution=1.2) and the labels were transferred 
to all cells using the weighted nearest neighbor approache described above for the scRNA-seq 
data. Clusters were annotated and merged based on their expression of known marker genes 
(e.g for OSNs, immature precursors, and non-neuronal genes); the spatial distribution of these 
genes and their respective clusters were also evaluated, and matched prior knowledge. As 
indicated, downstream analyses that used a specific cell type (e.g. INPs or mesenchymal 
lamina propria cells) used only the cells and or transcripts found within those cells of a given 
cluster. Similar spatial segregation was also observed at the transcript level when the Baysor 
local neighbors for each transcript were clustered using KMeans clustering (with k=3–10 
clusters). 

 
OSN subtype identification 
OSNs expressing single ORs were identified in an iterative process, using the spatial locations 
of OR transcripts. First, only transcripts in the OSN layer (identified via the clustering described 
above) were considered. Next, to avoid false positives from background expression (or errors in 
spot decoding) OR transcripts were filtered for each gene to only keep those with at least 3 
other transcripts within a 10 µm radius (the average size of an OSN), and the resulting 
transcripts were then clustered into individual cells using the DBSCAN algorithm (eps=5 and 
min_samples=3). The set of OSNs was further refined by removing 0.1% of cells in which the 
median pairwise distance between OR transcripts within the cell was greater than 10 µm. OSNs 
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were identified separately for each sample, using the STaligned coordinates. Four OR genes out 
of ~200 showed nonspecific binding across the MOE (and were also decoded in damaged 
areas and areas with high autofluorescence) and were not considered for downstream 
analyses. Only ORs detected in at least 20 different OSNs were used analyses. 

 
DVISH scores and DV scores in MERFISH data 
The DVISH score was computed directly using the MERFISH-measured DV gene expression for 
each cell. To infer DVISH scores in OSNs, the total expression of each gene for each cell (all 
transcripts within a 10 µm radius of the cell centroid) were total-count normalized. Next, rather 
than applying cNMF directly (because cNMF was fit on scRNA-seq data and the MERFISH 
panel only contained a subset of all HVGs), PCA was performed on the total-count normalized 
expression of the DV genes that were part of the MERFISH panel and the first PC was taken to 
be the DVISH scores for each cell. DVISH scores smoothly varied across the MOE and matched 
the underlying gradients of individual DV genes. DVISH scores were calculated in a similar 
manner for INPs, using the set of INP cells that were located basally to OSNs that did not have 
detectable OR transcripts and the counts of the nearest 100 transcripts to each cell. The DV 
score for each cell was taken to be the DV score associated with its expressed OR, as 
measured via scRNA-seq. 

Predictions of the DV score associated with the OR expressed in each cell were made in 
a cross-validated manner by holding out all the cells of a given OSN subtype at a time using 
either the DVISH score (linear regression with the top PC of DV expression, where PCA was fit 
on the training data) or the DV score associated with the ORs expressed in neighboring cells 
(with KNeighborsRegressor with n_neighbors=10 weighted by distance). Predictions were 
summarized at the OSN subtype level. Similar predictions were also observed using the nearest 
neighbor regression approach on a smaller sagittal dataset. 
 
Alignment of MERFISH epithelial segments 

The complex 3D geometry of the nose made it difficult to compare data across sections, 
or across turbinates directly. An alignment procedure was developed to map data into common 
coordinate systems. Subsections of the epithelium, like the septum, had previously been shown 
to contain ORs from multiple zones. Using the expression of known dorsal and ventral ORs the 
boundaries of all segments of the epithelium that spanned from dorsal to ventral in the 
STaligned coordinates were manually annotated. Then, for each segment, the ranked distance 
of each cell from the most dorsal vertex of the polygon boundary of the segment was computed. 
These positions, expressed in terms of the fractional length along each segment, were 
considered as the “unaligned” coordinate system for downstream analyses. 

If ORs are arranged continuously across the epithelium, then their positional ranks 
(along the dorsal to ventral axis of each segment) should be a good proxy for distance, 
assuming OR ranks are preserved across segments on average even if such ranks change with 
different rates across segments (e.g. due to differences in the total length of segments or their 
location within the MOE). The mean rank for each OR across all segments was calculated and 
used to develop a mapping between position (i.e. the fractional length along each segment) and 
the mean OR rank of the OR expressed at each position and these curves were fit with 
piecewise linear functions (with at most 5 knots and constrained to increase monotonically 
constraints) via the pwlfit library. The resulting piecewise linear regression thus gives a mapping, 
for each segment, between the positional coordinates of that segment and the common mean 
OR ranks; these predicted values were taken to be the new coordinates for each cell, thereby 
mapping each segment into a common coordinate space. Given the monotonicity constraint of 
this approach, the rank ordering of cells was relatively preserved by this approach. Accordingly, 
the overall mean OR ranks changed little by this approach, but the resulting positions in the new 
coordinate system were less confounded by differences in absolute positions across segments 
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and better captured the underlying latent “position” of each cell, and in the aligned dataset the 
mean OR rank at a given position was more correlated. While this annotation and alignment 
procedures was done independently of the DV scores, both the mean unaligned and aligned 
positions were well-correlated with the DV score.  

The resulting unaligned or aligned positions for the cells from each segment were used 
for downstream analyses. AUROC analysis was performed between pairs of OSN subtypes, as 
described in above for the scRNA-seq data. For analyses that looked at pairwise distances 
between cells, only pairs of cells within the same segment were considered, and pairs were 
accumulated and summarized across all segments. Dorsal ORs had broader and more 
intermingled spatial positions, which became compressed during our alignment procedure 
(since the mean ranks in the dorsal part of the epithelium were often flat). To avoid any 
confounding results, subsequent analyses were performed, where indicated, using only cells 
expressing ventral class II ORs. 

Regression was also used to predict the position of each cell in the aligned coordinate 
system using each cell’s DVISH score. Predictions were performed using a Histogram-based 
Gradient Boosting Regression Tree (HistGradientBoostingRegressor with loss= 
“absolute_error”, max_leaf_nodes=15, max_depth=15). Equal numbers of cells were 
subsampled for each OSN subtype (for the set of OSN subtypes with at least 20 cells). The 
regressor was trained with five-fold cross-validation across 250 restarts and the median 
absolute error in the predicted positions on each restart was computed. The observed accuracy 
was compared to models trained on data in which DVISH scores were shuffled across cells within 
an OSN subtype or data in which the positions of each cell were shuffled across all cells. 
 
Comparison of DV scores with other spatial datasets 
Bulk RNA-seq  
DV scores were compared to two previous measurements, via bulk RNA-sequencing, of the 
spatial positions of ORs within the epithelium. One approach measured OR RNA levels in micro-
dissected subregions of the epithelium12, whereas the other performed RNA tomography and 
measured OR RNA levels in cryosections across all three axes of the epithelium19. These spatial 
indices were compared to the mean DV score for OSNs expressing each OR in wild-type data 
(as measured via GEP usages, which are calculated using non-OR genes) for the sets of ORs 
detected both in these datasets and via scRNA-seq. 

DV scores were also predicted based on the expression of ORs in manually-dissected 
“zonal” subregions of the MOE from a third dataset20. The raw fastq files for these experiments 
were obtained from the NIH sequence read archive (SRA, dataset SRP285789). Bulk RNA-seq 
experiments were uniformly processed and mapped to the same mouse index used for scRNA-
seq experiments (Ensembl GRCm39 v105) using a Nextflow pipeline (nf-core/rnaseq) that ran 
STAR and RSEM to quantify the bulk RNA abundance of genes in each sample21-23. The DV 
score for each OSN subtype was predicted as a function of OR abundance in the zonal 
dissections using support vector machine regressors (C=500 and kernel=“rbf”), trained via 5-fold 
cross validation across 1,000 restarts. 
 
External MOE MERFISH dataset 
MERFISH data from the MOE were generated in the Dulac lab and were publicly released (CC 
BY 4.0) as part of the NIH’s Brain Research through Advancing Innovative Neurotechnologies 
(BRAIN) Initiative - Cell Census Network (BICCN)24. Preprocessed data, which indicated the 
decoded olfactory receptor gene detected in each of ~3.3 million cells, were downloaded from 
the Brain Imaging Library (BIL, dataset ID: ace-bag-tin)25. This MERFISH dataset consisted of 
data from 10 mice in which coronal sections were probed with two OR gene panels that each 
expressed ~500 different ORs (and ~1,100 ORs in total). Analyses were performed on 49 
sections from 8 mice, excluding 2 mice whose sections had lower quality. The epithelial sections 
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were manually segmented as above, and the resulting 704 sections were also aligned to 
common coordinate system using the global OR ranks and the ranking of the cells in each 
segment. The resulting ranks were also well-correlated with the DV score. Lastly, to predict the 
DV scores of each OR in a segmentation-free manner, the same nearest-neighbor approach 
described above for the other MERFISH dataset was performed in which all the OSNs of a 
given subtype were held out and the DV scores associated with the held-out OR was predicted 
using the DV scores associated with the ORs expressed in the nearest neighbors spatially. 
Predictions were summarized at the OSN subtype level.  
 
Comparison of AP scores with MERFISH data 
AP scores were also evaluated at the OSN subtype level in both MERFISH datasets using the 
AP scores associated with each OR in the integrated scRNA-seq dataset. To relate AP scores to 
epithelial positions, the apical and basal axes of each epithelial segment were manually 
annotated and the difference in the distance to the apical and basal axis (i.e. the side of the 
epithelium closer to the lumen/sustentacular cell layer and the side closer to the mesenchymal 
and basal stem cell layer, respectively) was computed for each OSN. Only OSNs whose 
distances to both axes were within the bottom 99th percentile were included, to exclude outliers 
(likely false-positives outside of the epithelium or damaged areas of the tissue). The mean 
apical-basal distance for each OSN subtype was computed, which were then compared to the 
associated DV and AP scores for each subtype. The correlation in AP scores and apical-basal 
distances was also evaluated separately for dorsal and ventral ORs. The apical-basal positions 
of a subset of ORs were also manually verified via in situ hybridizations. 
 
DV scores in activity manipulations and mice with ectopic OR expression 
Naris occlusion and environment swaps 
Data from wild-type mice housed in home-cage environments, or from mice that either 
underwent transient naris occlusion for a week or were housed in novel olfactory environments, 
were all previously generated5. DV scores were evaluated separately for each subtype for each 
condition (e.g. across open vs. closed nostrils or for mice house in each environment), for OSN 
subtypes found in both conditions. In mice housed in home-cage environments, the DV score 
for each subtype was also compared to each subtype’s ES score, which summarizes the 
chronic activity induced by the odorants in the home-cage.  
 
CNGA2 mice  
scRNA-seq was performed on female mice heterozygous for the CNGA2 allele. Because 
CNGA2 is X-linked its expression is mosaic in female heterozygotes because individual cells 
inactive either the wild-type or loss of function allele. Cells with the loss of function allele were 
identified either based on SNPs in the Cnga2 cDNA that distinguished it from the C57 allele, or 
via reads that mapped to lacZ. Cnga2 loss of function cells had decreased ES scores, 
consistent with the usage of that GEP being downstream of OR-driven activity. 
 
Act-seq 
Identification of activated OSN subtype in the Act-seq experiments was performed as previously 
described5. In brief, activated OSN subtypes were identified via immediate early gene induction, 
and the activation score for each subtype in the odor condition was calculated using a previous 
set of acutely-responsive “activation genes.” Activation scores were consistent across 
replicates. The DV scores for each activated OSN subtype were calculated using the entire set 
of cells in our integrated dataset. 
 
OMP-P2 mice 
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P2 cells from OMP-P2 mice were identified via the expression of the P2 receptor, which 
was expressed in a large fraction of cells across the entire epithelium of mature mice. Two-OR 
cells were defined as those in which both ORs were expressed with at least 3 UMIs; many of 
these cells contained P2 in OMP-P2 mice, and P2 was often expressed at higher levels than the 
other non-P2 OR. DV scores in P2-expressing cells in the OMP-P2 mice were compared to 
those in our integrated dataset expressing P2 or to those expressing the non-P2 OR (for two-
OR cells). 
 
DV scores in “OR Swap” mice 
Cells expressing each OR in the OR-swap mice were identified based on the 3’ UTR associated 
with each OR transcript, which was unchanged in these mice and therefore identified the 
genomic locus of the expressed OR for each cell. The crossed design of the OR swap 
experiment (in which cells express either S50 or M72 receptors from each of the S50 and M72 
genomic locus) facilitated the identification of genes that followed the locus or the expressed 
OR. Classification was performed using cross-validated SVM models (with kernel=“rbf”) trained 
on the expression of either the ~1,300 HVGs or the ~250 DV genes in each cell (with a feature 
selection step that kept the top 100 genes from the training data). Models were trained to predict 
the genomic locus of each cell using a subset of cells from each mouse and were tested on 
held-out cells.  
 
Gene and OR expression in differentiating OSNs 
Differentiating OSNs were also identified based on the transferred cell type labels of the scANVI 
latent space. Both mature and immature OSNs were excluded to obtain a dataset of 
differentiating cells in the process of choosing ORs. Iterative subclustering was performed on 
the latent space of new scVI models (n_hidden: 128, n_latent: 10, n_layers: 1, gene_likelihood: 
nb, dropout_rate: 0.1, with a batch key for each replicate and the number of genes as a 
continuous covariate) trained on the top variable genes from this dataset. In this process, any 
remaining doublets, low-quality cells, additional non-neuronal cells that were not excluded by 
the above filtering steps, and the small subset of cells from the non-canonical Emx1+ lineage 
that gives rise to Gucy1b2+ and Gucy2d+ sensory neurons were removed and the scVI models 
were retrained until the dataset consisted of only differentiating cells. The resulting 
differentiation dataset contained ~400k cells and densely captured cells from the earliest 
globose basal stem cells to late INP/early immature OSN cells that express single ORs. To 
remove the effects of the cell cycle on downstream analyses, cells scores for the G2/M and S 
phases were computed (scanpy’s score_genes_cell_cycle) using published marker gene sets26. 
Any gene whose expression was correlated with either G2/M or S score (pearson’s R > 0.2) was 
removed and the remaining 2773 were used to train a new scVI model with the same training 
parameters as listed above. Cells were clustered based on the nearest neighbor graph of the 
resulting 10-dimensional scVI latent space and this latent space was also used to reduce the 
dimensionality of the data to two dimensions for visualization purposes via UMAP (using a KNN-
graph with 100 neighbors); these UMAPs are shown in the figures of the differentiating dataset.  
 
Pseudotime analyses 
Smooth differentiation trajectories were visible in the resulting UMAP projections, and thus an 
approach was designed to pseudotemporally order the cells. An approximate KNN graph was 
constructed based on the cosine similarity in the scVI latent space, using k=20 neighbors. A 
vector the size of the number of cells of the dataset was constructed. This vector was all zeros 
except for a single GBC cell, which was given a starting weight of 1. This vector was then 
multiplied by the kNN graph (weighting each cell by 0.1 and the influence of its nearest 20 
neighbors by 0.9), renormalized from 0 to 1, and this procedure was repeated 1500 times until 
the values at each iteration remained stable. The resulting vector was rank-ordered, and these 
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ranks were considered the pseudotime values for each cell; similar pseudotime values were 
also observed starting from other cells. A similar KNN-smoothing approach was used to smooth 
gene expression and GEP usages across neighboring cells, following procedures described 
previously27. Here the starting vector was the gene expression or GEP usages for each cell and 
the smoothing procedure was only run for 5 iterations, which results in locally-weighted values 
for each cell. The smoothed expression of example genes are shown in the UMAP 
representation, and the locally-smoothed version of each cell’s DV score was used for all 
downstream analyses, to help counteract the fact that fewer DV genes were expressed pre-
choice and thus estimates at the cell level were noisier. Gene expression as a function of 
pseudotime was also fit via Generalized Additive Models using pyGAM. The alignment of DV 
score with axes of gene expression was assessed for cells of a given pseudotime bin (width = 
0.1 and steps of 0.05) by taking the cosine distance of the DV score and the top principal 
components, where PCA was performed using the log-normalized expression of all OSN highly-
variable genes in each pseudotime bin. 
 
OR expression as a function of pseudotime 
OR expression was considered with different thresholds. To identify multi-OR cells, a threshold 
of 1 UMI was used. Such a threshold likely induces some false positives (from e.g. background 
“soup” expression), given that both non-neuronal cells and GBCs sometimes expressed ORs at 
this 1 UMI threshold. Therefore, analyses of OR expression were restricted to cells expressing 
class II ORs with pseudotime values of at least 0.4, the value at which OR expression was 
consistently observed across cells. At subsequent pseudotime values, cells transiently 
expressed multiple ORs at the 1 UMI threshold. Cells with “competing” ORs were defined as 
those expressing multiple ORs at 3+ UMIs each (the threshold used for singular expression in 
mature OSNs). For cells expressing multiple ORs, the mean DV score of the co-expressed ORs 
was computed by weighting the DV scores associated with each OR (as measured in mature 
OSNs) by their expression levels (so an OR expressed at 2 UMIs would be weighted twice as 
much as one with 1 UMI). For individual ORs the median (and other percentiles) of the 
pseudotime values of all OSNs expressing that OR was computed, both for OSNs expressing 
each OR at any level, as well as for those expressing at either low (1–2 UMIs) or moderate 
levels (3+ UMIs). 

To assess the correlation between each cell’s DV score and that associated with the OR, 
the correlation was evaluated both for cells at different differentiation stages as well as for OR 
expressed in those cells at either the highest, second-highest, or lowest (1-UMI) levels. Across 
1,000 restarts, single ORs among the ORs expressed at each level in each cell (e.g. one of the 
1-UMI ORs was picked for each cell) and the correlation was evaluated on each restart 
separately for cells at each differentiation stage (pre-choice with lots of low expression, cells 
with “competing” ORs, and cells expressing a single OR at high levels and others at lower 
levels). 
 
Clonal lineage tracing 
Identification of clonally-related cells in lentiviral data 
To identify cells expressing barcodes and to extract the lentiviral barcode, raw sequencing reads 
that contained the constant start of the barcode (i.e. those that came from the amplified barcode 
libraries) were extracted from the BAM files. Only barcode reads with at least 10 reads for a 
given UMI were evaluated. The barcode library contained two variable regions (that were 14 
and 30 bp long, respectively). Barcodes with hamming distances smaller than that observed 
between the whitelist of barcodes (3 for the 14 bp region and 5 for the 30 bp region) were 
collapsed and barcodes that were part of the whitelist were included in downstream analyses. 
Cells that expressed a single barcode (e.g. one barcode accounted for all of the barcode 
reads/UMIs for that cell) were considered for downstream analyses, and cells from the same 
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replicate that expressed the same lentiviral barcode were considered as clonally-related. The 
resulting list of barcode-expressing cells from each experiment did not have any overlapping 
barcodes across mice, suggesting that the lentiviral libraries were sufficiently diverse to uniquely 
label each clone in each mouse. However, the overall UMIs per barcode were relatively low, 
and, even with the targeted amplification, many of the cells in the Venus+

 libraries did not have 
any detectable barcodes. This might reflect false positives from FACS, or transcriptional 
silencing of barcode loci, especially given the extensive heterochromatinization of OSNs; the 
fluorescent signal from many infected cells was also quite weak, which is also consistent with 
silencing of the integrated cassette. Therefore, the modal number of cells per barcode was one, 
and the mode across clones with at least two cells was two. Nevertheless, results held true 
across clone sizes, further indicating that “small” clones are likely undersampled (due to the e.g. 
difficulties in barcode detection or in capturing all cells during the single-cell dissociated), but not 
fundamentally different than those with more cells. Additionally, the OSNs identified following 
methimazole-induced regeneration expressed single ORs at normal levels and had GEP usages 
that was similar to that of control OSNs that expressed the same OR. Similar results were 
observed for the lentiviral-infected cells, which expressed a wide array of ORs.  
 
Clonal restrictions 
Clones expressing at least two OSNs, with each singularly expressing any OR or only class II 
ORs, as indicated, were considered for downstream analyses. DV scores for the expressed OR 
were calculated by using the DV score associated with that OR in the entire integrate dataset. 
The clonal mean OR DV was calculated by averaging the DV scores across clonally-related 
OSNs. Differences between the DV scores of clonally related ORs were calculated between all 
pairs of cells from the same clone and were either summarized across clones or across all 
pairs. Shuffles for all analyses were performed by shuffling clonal labels across cells. Clonal 
data was simulated based on the observed clonal restriction in DV scores by sampling, for each 
of the cells in the observed clones, cells from the wild-type data whose ORs had DV scores that 
matched the observed t-distribution of deltas from the clonal mean (e.g. ORs with DV scores 
similar to the clonal mean DV score had the highest probability of being chosen); the 
probabilities were also scaled by the observed frequency of each OR in the wild-type data. The 
percent of clones that had multiple cells that expressed the same OR (and therefore fewer 
number of ORs than cells) were then analyzed for both the observed and simulated data.  

DV scores were also evaluated at the cell level, in which each cell’s DV scores was 
obtained by taking the difference in GEPDorsal and GEPVentral usage irrespective of the expressed 
OR. To test whether restrictions at the cell level were stronger than that at the OR level, the 
MAD in cell DV scores within a clone was compared the MAD obtained when DV scores were 
shuffled across cells of a given OSN subtype (irrespective of their clonal identity) or shuffled 
across all cells. 

INP gene expression was related to OR DV scores, using the subset of clones that 
contained both INP cells and OSNs. For the cells in these clones support vector machine 
regression models (SVR with C=50 and kernel=“rbf”) were fit on the INP gene expression 
(where the input to the linear models was the top 250 genes in the training data, reduced to 30 
dimensions via PCA) to predict the mean OR DV score of the clonally-related ORs expressed in 
the sister cells. The regression was performed via cross-validation, leaving out all the cells from 
a clone; additionally, the top genes and PCA transformation was identified using only the cells of 
the training data to avoid any data leakage. Lastly, comparisons to the clonal lineage data were 
performed only for clones expressing at least two ventral class II ORs that were also detected in 
the MERFISH data. 
 
Retinoic acid manipulations 
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Data from adult mice given either the ALDH1A2 inhibitor WIN 18,446 (RA inh.) or all trans-
Retinoic Acid (atRA) during methimazole-induced regeneration were analyzing relative to their 
respective vehicle controls. Cell types were identified via clustering the latent space of scVI 
models and cNMF GEP loadings were applied to each cell, as described above for the 
integrated dataset. Analyses were either performed at the cell level, using the observed DV 
score for each cell, or at the OR level, using the DV score associated with each OR as 
measured using all cells in the integrated datasets. To assess distributional shifts, the median 
DV score across all cells or the number of cells expressing ORs with given associated DV 
scores were compared between the data from each condition and its respective control; given 
that fewer cells express the most ventral ORs to begin with, the changes in OSN frequency 
were also expressed as log2 fold-changes. Because RA manipulations changed the overall 
distributions of cells without altering the relationship between cell identity and OR choice, 
distributional shifts were observed when evaluating all OSN subtypes at the cell level, but 
minimal changes were observed across conditions for cells of a given OSN subtype. Changes in 
gene expression were evaluated by z-scoring the expression of each DV gene across all cells 
and the mean change in z-scored expression was evaluated for cells from drug versus control 
conditions. Analyses were performed on mature OSNs expressing single ORs, except where, as 
noted, INPs were used to evaluate changes in DV scores and OR expression in differentiating 
cells pre-choice. 
 
HP1 swap experiments 
scRNA-seq was performed as described above in the HP1 swap and control animals (i.e. with 
or without the Foxg1-Cre allele) in young (4–6 week) animals of either sex. Cell type 
identification, DV scores, and changes to the cell and DV scores in the HP1 swap animals were 
evaluated in a similar manner to those in the RA manipulations. To assess changes in OR 
choice for cells of a given DV scores, cells were binned based on their cell DV scores and the 
percent-normalized DV score associated with each OR was computed for cells in each bin. The 
cell vs OR DV score mapping was evaluated using robust linear regression (HuberRegressor), 
and equal numbers of cells were sampled for each OSN subtypes, for subtypes detected in both 
control and HP1 swap animals. To evaluate changes in the cell to OR DV score mapping, a 
nearest neighbor approach was used, and a nearest neighbor regression model 
(KNeighborsRegressor) was fit on all cells from the control mice to predict the DV score 
associated with the ORs expressing in cells of a given DV score. This model was then applied 
to the cell DV scores of the HP1 mice, and the residuals from this model, which capture the 
difference in the associated percentile-normalized DV score of the OR detected in each HP1 
swap cell with that predicted based on each cell’s DV score, were evaluated and summarized 
for HP1 swap cells of a given DV score. 
 
Allelic expression in C57/CAST F1 hybrid animals 
scRNA-seq was performed in F1 hybrid animals generated by crossing wild-derived CAST/EiJ 
female mice with C57BL/6J males. CAST/EiJ mice have on average single nucleotide 
polymorphisms (SNPs) every 150 bp. Because OR expression is monogenic and monoallelic, 
the reads that mapped to the chosen OR were used in each mature OSN to infer the strain of 
the chosen OR. The GRCm39 coordinates of SNPs that distinguished CAST/EiJ and C57BL/6J 
were obtained from the Mouse Genome Project28,29, and SNPs in ORs of interested were also 
confirmed by evaluating bulk and scRNA-seq data from homozygous CAST/EiJ animals, 
generated in house and in past work (Ibarria-Soria). For each cell, any reads (with MAPQ > 30) 
that overlapped with homozygous SNPs in CAST/EiJ mice for its chosen OR were evaluated to 
assess what fraction of reads expressed the CAST/EiJ or C57BL/6J variant. Cells that had 
reads that overlapped at least one SNP and in which at least 80% of such reads came from a 
single allele (mean 99.7% of reads) were used for downstream analyses. Similar results were 
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also obtained using Demuxalot to demultiplex the strain of each cell via the set of SNPs across 
all OR genes30. The strain of the chosen OR was able to be inferred in 81% of cells. The 
remaining 19% of cells had too few reads that overlapped SNPs, likely because they expressed 
ORs with minimal variation between strains in their 3’ UTRs. SNPs that led to missense 
mutations were annotated via SnpEff31. 

OSN subtypes with significant changes in GEP usages were evaluated empirically using 
permutation testing, and subtypes with a mean change between strains larger than 1% of 
shuffles for that GEP were considered as significant. Similar changes were observed across F0 
and F1 animals, as well as across individual samples; however, some OSN subtypes had few 
cells for either CAST/C57 (as OR frequency varies across strains) and were likely 
underpowered. 
 
ChIP-seq and CUT&RUN data analyses 
ChIP-seq data were previously generated and were reanalyzed20,32. The raw fastq files for ChIP-
seq data for H3K9me3 and H3k79me3 marks were obtained from the SRA (datasets 
SRP285789 and SRP096660) and were reprocessed with the Ensembl GRCm39 version 105 
genome, using the default parameters of the nf-core/chipseq Nextflow pipeline (v2.0.0)21. As 
part of this pipeline, reads were mapped to the genome with BWA, and the normalized read 
density was summarized at base-pair resolution with UCSC-bedGraphToBigWig. The density of 
reads across the entire coding and non-coding regions of each OR for each sample were 
averaged, and the reads for each OR locus (for class II ORs) were correlated with the DV score 
of OSNs singular expressed that same OR. 

 
CUT&RUN in F1 hybrid animals 
Demultiplexed fastq files from CUT&RUN samples were mapped to the Ensembl GRCm39 v105 
genome via Bowtie2 (-I 10 -X 700 --no-mixed --end-to-end --no-discordant --very-sensitive)33. 
Spike-in reads from E. coli DNA were mapped to the E. coli genome. However, because F1 
animals have within-animal controls (the reads mapped to each allele), the number of reads that 
mapped to the E. coli genome were not used for normalization. Duplicates were not removed, 
and data were combined across replicates. As in the F1 scRNA-seq data, the allele of each read 
was inferred for reads overlapping SNPs that distinguished CAST/EiJ and C57BL/6J. The 
number of reads that mapped to each allele were then summarized for given ORs across the 
entire genomic coordinates for that gene (i.e. from TSS to TES). 
 
OR promoter analyses 
The presence of motifs in the 1kb upstream of the TSS for each OR (i.e. the promoter region) 
were evaluated using HOMER34, using the default motif file and threshold provided by HOMER 
for LHX2, NFI, EBF, and RARa. OR promoters were enriched for EBF binding motifs in the 750–
1000 bp upstream of the TSS, though the enrichment of EBF motifs in dorsal ORs and NFI/RAR 
motifs in ventral ORs was observed when evaluating the entire promoter region (since the 
majority of motif instances were in the 750–1000 bp region).   
 
Olfactory bulb glomerular positions 
The olfactory bulb glomerular map was generated via spatial transcriptomics using the 10x 
Visium platform, as recently described by Klimpert and colleagues35. In brief, putative glomeruli 
were identified using a Bayesian approach that used the expression of individual OR genes 
across the entire 3D volume to infer the location and number of glomeruli for each OR. The 
outputs of this model were manually curated to keep high-confidence identified glomeruli, and 
an axis of symmetry was identified that separated glomeruli from the medial and lateral 
domains. Importantly, the two hemibulbs are also symmetric, and once aligned to each other 
sister glomeruli expressing the same OR were found on average 230 µm away from each other 
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(~1–2 glomerular lengths), reflecting a combination of both biological variability and spatial 
errors in the glomerular detection and alignment procedures; such deviations are also similar to 
those from previous estimates36. 

Glomeruli were identified based on OR gene expression and could thus be linked to the 
scRNA-seq or MERFISH data for the associated OSN subtype expressing that OR. First, OB 
positions were used to predict the scRNA-seq measured GEP scores for each OSN subtypes, 
via a cross-validated support vector machine regression model (SVR with C=150 and “rbf” 
kernel). Predicting GEP usages from glomerular positions is easier than the reverse, due to the 
higher dimensionality of the 3D positions and due to the fact that the DV score mapped onto an 
axis in the OB that was not fully aligned with the cartesian D-V axis but rather correlated with 
both the D-V and A-P position of glomeruli. Similar results were also obtained through canonical 
correlation analysis, which identified optimal rotations to align the GEP and glomerular spaces, 
further demonstrating that the DV score was well-aligned (rho > 0.9) with the top canonical 
correlation axis. Second, predictions of the 3D glomerular position for each OSN subtype was 
performed separately for glomeruli in each domain. Elastic-net-regularized linear regression 
models (alpha=1, l1_ratio=0.9) were trained on either GEP usage (e.g. GEPDorsal, GEPVentral, and 
the DV score) or all ~1,300 variable genes to predict the glomerular position along each axis 
and the 3D error of these predictions were evaluated for each glomerulus. For both models, 
five-fold cross validation was performed; this procedure was repeated 100 times, and the 
distribution of the accuracies and or errors across restart was reported.  
 
Software used for data analysis 
Single-cell analyses were performed in python (versions 3.6–3.9) using the Scanpy and scvi-
tools packages37,38, as well as custom-written scripts using the open-source python scientific 
stack (pysam, SciPy, NumPy, scikit-learn, umap-learn, pandas, statsmodels, matplotlib, 
seaborn, and numba). cNMF was performed using modified versions of the code from 
https://github.com/dylkot/cNMF.  
 
Statistical testing 
Hypothesis testing was performed using non-parametric statistical tests, except in the cases 
where p-values were calculated empirically using resampling-based permutation tests. The 
precision of sample statistics and regression trend lines were evaluated using bootstrapping, 
and, except where noted, plots and error bars depict the mean and the 95% confidence 
intervals of the mean across 1,000-10,000 bootstraps. Throughout the paper, a non-parametric 
version of the box plot (also known as a letter-value plot) was used to represent multiple 
quantiles and tails of large distributions of data (e.g. to summarize across OSN subtypes or sets 
of ORs or OR pairs) in an agnostic way that does require setting bandwidth parameters as in 
violin plots or kernel density estimates. Like a conventional box plot, the largest box represents 
the interquartile range (25–75 percentile) and the median (dotted-line). Subsequent boxes 
recursively represent exponentially-smaller quantiles (the 12.5–25 and 75–87.5 percentiles, 
then 6.25–12.5 and 87.5–93.75 percentiles, then 3.125-6.25 and 93.75–96.875 percentiles, and 
so forth. 
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