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Short Stle: Taxonomy of midbrain DA neurons: ImplicaSons for PD 

Teaser: Using snRNASeq and MERFISH we idenSfied midbrain DA subtypes, mapped their spaSal locaSon, 

and idenSfied alteraSons in a LRRK2 model 
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Abstract 

Several studies have revealed that midbrain dopamine (DA) neurons, even within a single neuroanatomical 

area, display heterogeneous properSes. In parallel, studies using single cell profiling techniques have 

begun to cluster DA neurons into subtypes based on their molecular signatures. Recent work has shown 

that molecularly defined DA subtypes within the substanSa nigra (SNc) display disSncSve anatomic and 

funcSonal properSes, and differenSal vulnerability in Parkinson’s disease (PD). Based on these provocaSve 

results, a granular understanding of these putaSve subtypes and their alteraSons in PD models, is 

imperaSve. We developed an opSmized pipeline for single-nuclear RNA sequencing (snRNA-seq) and 

generated a high-resoluSon hierarchically organized map revealing 20 molecularly disSnct DA neuron 

subtypes belonging to three main families. We integrated this data with spaSal MERFISH technology to 

map, with high definiSon, the locaSon of these subtypes in the mouse midbrain, revealing heterogeneity 

even within neuroanatomical sub-structures. Finally, we demonstrate that in the preclinical LRRK2G2019S 

knock-in mouse model of PD, subtype organizaSon and proporSons are preserved. TranscripSonal 

alteraSons occur in many subtypes including those localized to the ventral Ser SNc, where differenSal 

expression is observed in synapSc pathways, which might account for previously described DA release 

deficits in this model. Our work provides an advancement of current taxonomic schemes of the mouse 

midbrain DA neuron subtypes, a high-resoluSon view of their spaSal locaSons, and their alteraSons in a 

prodromal mouse model of PD. 
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Introduc.on 

Midbrain DA neurons are tradiSonally organized in three main anatomical areas – the ventral tegmental 

area (VTA), substanSa nigra pars compacta (SNc) and retrorubral area (RR)1, with further sub-divisions 

therein2. To explain the disparate roles of DA in normal behavior and disease, addiSonal heterogeneity of 

midbrain neurons within these areas has been postulated3. Recent studies have indeed revealed diversity 

within clusters in electrophysiological properSes as well as responses during various behavioral 

paradigms4-15. ComplemenSng these studies, recent evidence using single cell classificaSon has opened 

the possibility that DA neurons can be clustered based on their molecular signatures16-25. Early studies 

have begun to suggest that molecularly disSnct DA populaSons may have disSncSve anatomical projecSon 

pakerns, as well as funcSonally disSnct acSvity pakerns4, 25-27. For example, in the SNc, acSvity in a ventral 

Anxa1+ populaSon is correlated to acceleraSon in mice on a treadmill, whereas acSvity in dorsal Calb1+ 

or lateral Vglut2+ populaSons is correlated to deceleraSon25. These results suggest that molecularly 

defined DA neurons need to be considered as a key variable for electrophysiological and behavioral 

studies. 

Based on these exciSng results, and the fact that the funcSonal interrogaSon of DA neurons is 

happening at rapid speed omen agnosSc to DA subpopulaSons, there is a clear need to define DA neuron 

subtypes with more granularity. Previous studies using single cell sequencing in mice have been limited by 

the number of cells analyzed, the quality of cDNA library, as well as bias during isolaSon, thus providing 

an incomplete picture of DA neuron subtypes17, 19-23. Furthermore, the anatomical distribuSon of these 

subtypes in the midbrain remains only parSally elucidated. AddiSonally, given the closely related nature 

of these subtypes, the stability of these subtypes across pathological condiSons remains unclear. In other 

words, are some of these “subtypes” a representaSon of cell state rather than cell type? 

The unbiased study of the transcriptomic landscape of DA neuron subtypes in the midbrain can 

inform about the molecular drivers of selecSve dysfuncSon of DA neurons in PD. Pathogenic mutaSons 

which increase leucine-rich repeat kinase 2 (LRRK2) acSvity are one of the most common causes of 

autosomal dominant PD and clinically similar to sporadic cases28, 29,30. AddiSonally, even in paSents with 

idiopathic PD, LRRK2 kinase acSvity is increased in DA neurons31, providing jusSficaSon for studying LRRK2-

driven mechanisms in DA neurons. Structural and funcSonal synapSc changes are a recurring theme with 

LRRK2 mutaSons32-34. Accordingly, impaired DA transmission is observed with several LRRK2 mouse 

models including knock-in (KI) mouse lines expressing the most common LRRK2 mutaSon (G2019S) at 

physiological levels35-37, suggesSve of funcSonal synapSc deficits in dopaminergic circuits in the absence 
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of overt DA neuron loss. Thus, LRRK2 KI mouse models are valuable for invesSgaSng early PD mechanisms 

in vulnerable DA neurons.  However, despite the clinical relevance, the cell-autonomous funcSons of 

LRRK2 in nigral DA neurons are largely unknown.  

Single-nuclear RNA sequencing (snRNA-seq) offers an avenue to begin to understand downstream 

transcriptomic alteraSons within DA neuron subtypes. We have used snRNA-seq to surveil DA neurons, 

which allows greater acquisiSon of DA numbers than whole-cell approaches and minimizes isolaSon bias25. 

Here, we extend previous studies by opSmizing our isolaSon protocol, enabling sequencing of large 

numbers of DA nuclei. We provide a high-resoluSon view of DA subtypes and an online portal to 

interrogate this dataset. We systemaScally map DA subtype distribuSon using MERFISH, providing 

unprecedented spaSal resoluSon. Finally, in a LRRK2G2019S preclinical mouse model of PD, we reveal 

molecular pathways that are altered in locomoSon-relevant DA neuron subtypes.  

 

Results 

A large snRNA-seq dataset of midbrain dopaminergic neurons reveals novel molecular subtypes 

We performed snRNA-seq from dopaminergic nuclei (defined by Dat-Cre expression) in LRRK2G2019S 

heterozygous knock-in mutants and control likermates using a similar technique to our previously 

published dataset25 but modified to uSlize a chip-based microfluidic sorSng method which minimizes 

nuclear stress. This improved protocol enabled increased yield and sample quality (Fig 1A, Fig S1A). Doing 

so enabled us to generate a dataset with 28,532 profiled cells (amer quality control filtering) with a median 

UMI count of 7750.5 and median of 3056 genes. Downstream clustering resulted in 22 unique clusters (Fig 

1B), of which two clusters (16 and 21, 911 total cells) were determined to represent possible 

dopaminergic/glial doublets based on co-expression of glial markers in these populaSons and were 

excluded from downstream analyses (shown in grey in Fig 1B, Fig S1F). The 20 remaining clusters all 

showed expression of key pan-dopaminergic markers including Slc18a2 (Vmat2), Ddc, Th, and Slc6a3 (Dat) 

(Fig 1C). These clusters were observed in both males and females, and across genotypes, in similar 

proporSons (Fig S1B-E). These subtypes showed disSnct expression signatures of many previously 

described markers of DA neuron subtypes (Fig 1D)17. However, our increased yield and sample quality also 

allowed explicit detecSon of known populaSons that have eluded most prior single-cell studies, such as 

DA neurons expressing Vip17, 38, thereby demonstraSng the strength of this pipeline in detecSng rare DA 

neuron subtypes. Importantly, all the described subtypes showed high expression of midbrain floorplate 

markers (Fig 1E), with excepSon of clusters 0 and 17, which possibly represent Slc6a3+ neurons in the 
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supramammillary and/or premamillary regions39, 40. Thus, our increased number of subtypes over prior 

studies represents increased granularity among classic midbrain DA neuron subtypes, rather than 

detecSon of non-floorplate derived populaSons that express DA markers. 

Analysis of differen.ally expressed genes reveals families of subtypes and rela.onships to prior studies 

Given the large number of clusters discovered in our dataset, we first sought to organize these subtypes 

into groups in an unbiased manner. By creaSng a cluster dendrogram (Fig 2A), we were able to map an 

approximaSon of the relaSve relatedness of different subtypes, which segregated into three main families 

based on major branch points. By running differenSal expression on each node of the cluster dendrogram 

(i.e., exploring differenSally expressed genes (DEGs) between the two arms emerging from a given node), 

we were then able to create a stepwise expression code that can uniquely define any individual cluster 

(Fig 2A, G).  The earliest division point among our clusters was defined by genes Prkcd and Lef1, which are 

highly expressed only in cluster 17 (Log2 fold changes = 6.279 and 7.246 respecSvely, BH-corrected p 

values ≈ 0; note, such p values are calculated using default Seurat differenSal expression funcSons which 

treat each cell as an independent sample thus potenSally inflaSng staSsScal significance). Next, a family 

of clusters defined by Gad2/Kctd16 (deemed Gad2 family, Log2 fold changes = 5.318 and 4.014 

respecSvely, BH-corrected p values ≈ 0) separated from all other clusters, which expressed significantly 

higher levels of Ddc and Slc6a3 (Log2 fold changes = 1.419 and 1.643 respecSvely, BH-corrected p values 

≈ 0).  The first major branch point between Ddc-high/Slc6a3-high clusters was then defined by cells 

expressing Sox6/Col25a1 (Log2 fold changes = 2.720 and 2.305 respecSvely, BH-corrected p values ≈ 0) 

versus those expressing Calb1/Ndst3 (Log2 fold changes = 2.025 and 3.368 respecSvely, BH-corrected p 

values ≈ 0), thus creaSng the Sox6 family and Calb1 families respecSvely. This division between Sox6 and 

Calb1 is consistent with our previous work38, as well as a prior large single cell profiling study that found 

this division to be the central branch point among DA neurons across several species including humans41. 

Cluster divisions can be visualized by plovng the co-expression of DEGs taken from the branch points 

labeled in red (Fig 2C-F) on the UMAP plot. Of note, while these branch point markers describe the overall 

trends of gene expression, these genes are not perfectly disSnct or universal among the members of these 

cluster families. For example, clusters 1, 11 and 13 show expression of both Sox6 and Calb1 (Fig 1D). The 

co-expression of these markers has previously been described in a fracSon of mouse DA neurons38, 42, 43. 

Furthermore, because the calculaSons of differenSal expression at each node take into account only the 

descendants of that branch point, markers defining a branch point may also be strongly expressed in 

clusters outside this comparison. Thus, while the final marker(s) listed for each subtype in Fig 2A are not 
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unique to that populaSon, following the sequenSal branches leading to this marker in a stepwise fashion 

will specifically enrich for this populaSon (Fig 2G). By doing so, we provide a strategy for potenSal geneSc 

access to any individual DA subtype using intersecSonal logic gates. 

To enable comparisons of DA populaSons across exisSng and future literature, we next sought to 

beker define geneSc signatures for each of the individual putaSve subtypes and to provide a common 

language for discussing these populaSons. To do so, we uSlized two complementary approaches. First, we 

explored the top differenSally expressed genes with posiSve relaSve expression in each cluster (Fig 2B). 

While many of these markers are expressed in more than one populaSon, some (e.g. Vip) are almost 

enSrely unique to a single cluster. As a complementary approach, we performed differenSal expression 

among clusters within each of our three subtype families, thereby creaSng a shorthand idenSty based on 

the cluster family and top DEGs (Fig 2G).  Within the Sox6 family, these clusters are Sox6 Tmem132d (listed as 

cluster 1 in Fig 1 and 2), Sox6Arhgap28 (cluster 2), Sox6March3 (cluster 3), Sox6Tafa1 (cluster 4), Sox6Kcnmb2 (cluster 

8), and Sox6Vcan (cluster 10); in the Calb1 family, these are Calb1Pde11a (cluster 5), Calb1Kctd8 (cluster 6), 

Calb1Ptprt (cluster 7), Calb1Sulf1 (cluster 9), Calb1Stac (cluster 11), Calb1Chrm2 (cluster 12), Calb1Sox6 (cluster 13), 

Calb1Lpar1 (cluster 14), Calb1Ccdc192 (cluster 18), Calb1Gipr (cluster 19); in the Gad2 family, these are Gad2Syndig1 

(cluster 0), Gad2Egfr (cluster 15), and Gad2Ebf2 (cluster 20). Cluster 17 (defined by Lef1) did not have an 

associated cluster family (Fig 2A). These shorthand idenSSes provide a simple nomenclature for our 

clusters, which we have uSlized throughout the remainder of this paper. 

Amer establishing geneSc signatures for each putaSve subtype, we were next able to correlate our 

cluster idenSSes to those described in another recent study25, as well as the consensus subtypes proposed 

in Poulin et al, 2020 (Fig 2G)17. Doing so provides context for discussing our putaSve DA neuron subtypes 

with regards to prior literature. For example, cluster Sox6Tafa1 was found to be equivalent to a populaSon 

we previously defined by high expression of Anxa1, which holds notably disSnct funcSonal and anatomical 

properSes25. Several of the subtypes that emerged in our new dataset also appear to be novel divisions 

within clusters that previously showed evidence of internal heterogeneity based on their cluster stability 

metrics25. For instance, a Vip+ cluster (Calb1Gipr) emerged from within a highly variable cluster (defined as 

#10 in Azcorra & Gaertner et al.25), and addiSonal subdivisions emerged from previously described 

unstable Sox6+ clusters (most notably #3 in 25) (Fig 2G). This emergence of unique populaSons, such as 

Calb1Gipr, is likely due to the increased yield and sample quality of our new dataset which has enabled 

beker detecSon of small populaSons and gene markers with lower expression levels. This is further 

supported by the high cluster stability of the new Calb1Gipr (Fig S2A,B), resolving the instability of the 
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equivalent cluster in Azcorra & Gaertner et al25. We re-clustered our snRNA-seq data into the clusters 

defined in Azcorra & Gaertner et al. and found our clusters aligned with or further subdivided many of the 

previously defined clusters (Fig S3A). Lastly, to further corroborate our cluster idenSSes, we used an 

independent bioinformaSc plaxorm, Scanpy, to re-cluster our nuclei (Fig S3B). Comparing the Seurat and 

Scanpy clusters using a Sankey diagram (Fig S3C) shows a high correlaSon between the Seurat and Scanpy 

clusters. 

Mapping the spa.al loca.on of midbrain DA neurons using MERFISH 

Having idenSfied mulSple clusters of midbrain DA neurons, we next resolved to determine the spaSal 

distribuSon of these populaSons using MERFISH44, a form of spaSal transcriptomics that offers subcellular 

resoluSon imaging-based RNA quanSficaSon. We assembled a 500 gene panel which included 120 of the 

top DEGs idenSfied within the snRNA-seq dataset, as well as 380 general markers of neuronal and non-

neuronal cell populaSons (Supp Table 1). Seven coronal slices were collected from adult mouse midbrains 

and processed for MERFISH (Fig 3A). The coronal slices were selected containing ventral midbrain regions 

between -2.9mm to -3.9mm from bregma. Cells were segmented using the CellPose algorithm based on 

DAPI and Poly-T staining and passed through quality control filters to remove cells with too large of a 

volume (potenSal doublets) or too few transcripts detected (false cells; Fig S4A-C).  This resulted in 429,713 

idenSfied cells (Fig 3B).  Cells from the seven secSons displayed significantly correlated gene expression 

and minimal batch effects (Fig S4D). Cells were integrated in Seurat using reciprocal principal component 

analysis (RPCA) algorithm and then clustered, resulSng in 40 final clusters comprising disSnct classes of 

neurons, oligodendrocytes, oligodendrocyte precursor cells (OPCs), astrocytes, microglia and meningeal 

cells (Fig 3B). These clusters could be akributed to 25 funcSonal groups based on the expression of cell 

type markers from Supp. Table 1 and their spaSal distribuSon. Glia-associated genes were mostly 

contained within their expected cell types: oligodendrocytes (Mog, Cnp), OPC (Pgfra, Olig2), astrocytes 

(Aqp4, Gfap), and microglia (Aif1, Tmem119). However, we noted the unexpected distribuSon of the 

oligodendrocyte-specific transcript Mbp in non-glial cells which we believe might indicate the presence of 

this mRNA in glial-processes that overlap non-glial cells45. Within the neuronal class we idenSfied 16 

excitatory clusters (presence of Slc17a6 or Slc17a7), 7 inhibitory clusters (presence of Slc32a1, Gad1 or 

Gad2), one serotonin neuron cluster and one DA neuron cluster (Fig 3B-D, S4G). Although our gene panel 

was designed to idenSfy neuronal heterogeneity of the midbrain, it had sufficient resoluSon to delineate 

7 excitatory neuron classes present in disSnct layers of the cortex and 6 corScal interneuron classes (Fig 

S4E,F). CorScal excitatory neurons were absent from subcorScal structures such as the thalamus, 
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hypothalamus, midbrain and hindbrain. This fundamental dichotomy between corScal and subcorScal 

neurons in the adult mouse brain is supported by recent spaSal transcriptomic studies46-48. 

A populaSon of DA neurons was idenSfied among our 40 clusters based on the expression Th, 

Slc6a3 and Slc18a2 (Fig 3C). The locaSon of the dopaminergic cluster (blue in Fig 3D) considerably overlaps 

with Th expression (Fig 3E). This cluster comprised 4,532 cells, was enSrely located in the midbrain, and 

was also enriched for Ddc, Dlk1, and Drd2 (not shown). Within this populaSon, we detected expression of 

genes associated with glutamatergic and GABAergic neurotransmission, in line with previous reports of 

mulS-lingual characterisScs of DA neurons49-54, for instance the glutamatergic marker Slc17a6 (Vglut2) and 

GABAergic markers Gad2 and Slc32a1 (Vgat) (Fig S4G).  Markers for cholinergic (Chat) and serotonergic 

(Tph2) neurotransmission were not detected in putaSve DA neurons and the glutamatergic transporters 

Slc17a7 (Vglut1) and Slc17a8 (Vglut3) were also absent. We next wanted to characterize the 

neuroanatomical locaSon of this DA neuron cluster. We manually delineated neuroanatomical boundaries 

on each of the slices for seven midbrain regions known to contain most dopamine neurons including SNc, 

VTA, retrorubral area (RR), caudal linear nucleus (CLi), interfascicular nucleus (IF), rostral linear nucleus 

(RLi), and periaqueductal grey (PAG). These boundaries were delineated based on cell density (dapi), white 

maker landmarks, and Th transcript distribuSon using the Allen Brain Atlas as a reference (Fig S5A). We 

found that cells in our DA neuron cluster were located in the following locaSons:  35.2% in the SNc, 19.8% 

in the VTA, 7.8% in the CLi, 15.3% in the RR, 2.0% in the IF, 0.6% in the RLi, 4% in the PAG and 15.3% located 

elsewhere (Fig S5B). Finally, to explore the diversity of DA neurons idenSfied by MERFISH, we subclustered 

the 4,532 cells to resolve 12 disSnct subgroups (Fig S5C-F). For clarity, we designated the clusters idenSfied 

solely with MERFISH transcript levels as MER-0 to 11. Many of the clusters were characterized by increased 

expression of known subtype markers such as Calb1 (MER-6, MER-8 and MER-10), Aldh1a1 (MER-5), Ndnf 

(MER-0), Gad2 (MER-7 and MER-9) and Slc17a6 (MER-2).  

Cell label transfer allows the mapping of snRNA-seq clusters 

To provide the spaSal distribuSon of the clusters idenSfied using snRNA-seq, we sought to project the 

MERFISH dataset onto the snRNA-seq UMAP space. We first compared the expression level of the 500 

genes uSlized in our panel to select features for integraSon with comparable expression levels. We selected 

281 genes to be included based on similarity in the average counts per cell between the datasets. Some 

excluded genes potenSally reflected faulty probes or improper assignment of RNA transcripts to 

segmented cells. For instance, Sox6 transcripts were not detected across the enSre brain (data not shown). 

We successfully projected the MERFISH dataset onto the snRNA-seq UMAP space and selected for 2,297 
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dopamine neurons with a cell similarity score > 0.5 (mean value, 0.538), increasing confidence in the 

correct assignment to snRNA-seq defined clusters. Almost all clusters were represented by more than 20 

cells in our MERFISH dataset (Fig. 4A and S6A). Clusters Calb1Ccdc192 and Calb1Gipr were not resolved in this 

label transfer either due to their relaSvely smaller number or locaSon in an under-sampled region. Indeed, 

the Vip-expressing Calb1Gipr has been shown to be located in the caudal midbrain (PAG/DR)38, a region not 

well covered in our MERFISH experiment. Comparing snRNA-seq clusters with the ones obtained by 

clustering the MERFISH dataset alone showed a strong correspondence (Fig S6B). Half of the snRNA-seq 

clusters were predominantly comprised of single MERFISH clusters (10/20) and 25% (5/20) were comprised 

of 2 MERFISH clusters, demonstraSng that the integraSon with the snRNA-seq dataset allowed us to 

further refine our MERFISH-based classificaSon (Fig S6B). We then imputed expression data from the 

snRNA-seq dataset onto the MERFISH cells to beker visualize spaSal expression levels. The imputed gene 

expression is extrapolated from anchors established from pairwise correspondences of cell expression 

levels between MERFISH and snRNA-Seq datasets.  The imputed data across the genes used for data 

integraSon correlated strongly with MERFISH transcripts, parScularly for Calb1, Gad2 and Aldh1a1 genes 

(Fig S6C-F and S7). Altogether, the dataset integraSon allowed us to map the neuroanatomical locaSon of 

18 of the clusters idenSfied by snRNA-seq as well as impute expression of the whole transcriptome. 

Loca.ng DA neuron clusters within the midbrain 

Clusters were sorted into Gad2, Sox6 and Calb1 families based on our hierarchical dendrogram (Fig 4A; 

Gad2 n=124 cells, Sox6 n=887 cells, Calb1 n=590 cells). Imputed Gad2, Sox6 and Calb1 gene expression 

within DA neurons showed a disSnct medio-lateral and rostro-caudal distribuSon (Fig 4C-E). The spaSal 

distribuSon of imputed Sox6 and Calb1 transcripts within DA neurons correlated well with previous 

reports38,43,55 whereas the distribuSon of the Gad2 family is predominantly observed in the rostral 

linear/posterior hypothalamus region and CLi, and to a lesser extent in the VTA (Fig 4B, S8).  Each family 

was overrepresented in a neuroanatomically-defined area; for instance, the SNc is composed of 78.4% of 

neurons from the Sox6 family (Fig S8A), consistent with previous reports43. However, each family was also 

found across mulSple neuroanatomical regions (Fig S8A). We also observed spaSal heterogeneity within 

families. For example, one branch of the Calb1 family dendrogram (Fig 4, label in shades of yellow-orange 

defined by higher Lepr expression) was enriched in the dorsal VTA, whereas the other Calb1 branch (Fig 4, 

label in shades of red defined by higher Ntm expression) populated mostly the ventromedial VTA. Similar 

observaSons could be made for the Sox6 family, where subtypes displayed biased distribuSons. This led us 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 22, 2024. ; https://doi.org/10.1101/2024.06.06.597807doi: bioRxiv preprint 

https://doi.org/10.1101/2024.06.06.597807
http://creativecommons.org/licenses/by/4.0/


 10 

to explore the distribuSon of each individual cluster and representaSve markers toward the goal of 

generaSng a granular map of the midbrain DA system.  

The hierarchical clustering of the Sox6 family reveals two major branches (Fig 2A and 4A): 1) Branch 

1 defined by higher levels of Slc44a5 and composed of subtypes Sox6Tmem132d and Sox6March3 and 2) Branch 

2 defined by Cntnap5 and composed of subtypes Sox6Tafa1, Sox6Arhgap28, Sox6Kcnmb2 and Sox6Vcan. We 

observed an important discrepancy between these two branches, with Branch 1 being located more dorsal 

and medial than Branch 2 (Fig 5A). InteresSngly, this dorsoventral organizaSon breaks down in the caudal 

SNc and RR where neurons from both branches are mostly intermixed. Only minor differences in locaSon 

were observed between clusters of Branch 1, maybe reflecSng their molecular similariSes. Of note, 

whereas Sox6Tmem132d is predominant in the rostral SNc and VTA for this branch, neurons of Sox6March3 are 

more numerous in the RR (Fig 5B, Fig S8B). Within Branch 2, the molecular idenSty correlated with the 

medio-lateral distribuSon. For instance, neurons of cluster Sox6Arhgap28 were found to be more lateral in the 

SNc compared to neurons of Sox6Tafa1, Sox6Kcnmb2 or Sox6Vcan. This medio-lateral distribuSon of neurons of 

the SNc ventral Ser might reflect the differenSal topographical distribuSon of nigrostriatal projecSons 

previously reported26, 27.  

The Calb1 family was the most molecularly diverse which was also reflected in its localizaSon (Fig 

6). Two major branches of Calb1 DA neurons were idenSfied: 1) Branch 1 (Fig 6A-B) containing subtypes 

Calb1Ptprt, Calb1Sulf1, and Calb1Sox6 and 2) Branch 2 (Fig 6C-D) containing subtypes Calb1Chrm2, Calb1Kctd8, 

Calb1Stac, Calb1Pde11a and Calb1Lpar1. Broadly speaking, Calb1 subtypes were predominantly localized to the 

VTA and CLi with some neurons showing localizaSon to the dorsal SNc, SNpl, or RR (Fig S8). Within the VTA, 

Branch 1 Calb1 neurons tended to localize to the dorsal VTA (Fig 6A-B) while Branch 2 Calb1 neurons 

showed disSnct ventromedial localizaSon (Fig 6C-D). In more caudal secSons the difference was even more 

pronounced, although intermingling was always observed. Within Branch 1, subtypes Calb1Ptprt and 

Calb1Sox6 were largely absent from the SNc dorsal Ser and RR, whereas subtype Calb1Sulf1 was present. 

Some notable disSncSons were observed in both groups, specifically subtypes Calb1Sulf1 and Calb1Lpar1 

which were each observed in significant numbers in the dorsolateral SNc/SNpl region. Of these, only 

Calb1Lpar1 expressed significant Slc17a6 (data not shown), making it a likely candidate for the SNpl Vglut2+ 

DA neuron populaSon found to innervate the tail of the striatum27. Indeed, these laterally located neurons 

have been geneScally targeted with a Slc17a6-Cre driver, and display deceleraSon-correlated responses, 

and robust responses to physically aversive sSmuli25, 27.  
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Within the Gad2 family we were able to resolve two subtypes. Subtypes Gad2Egfr and Gad2Ebf2 had 

very similar spaSal distribuSons and were prominent in the posterior IF, RLi, and CLi (Fig 7, Fig S8). These 

regions have been associated with small DA neurons of lower Th and Slc6a3 levels.  Subtype Gad2Egfr 

neurons were more plenSful than cluster Gad2Ebf2, with the laker being absent in more caudal secSons. All 

Gad2 subtypes expressed Slc32a1, opening the possibility that these neurons co-release GABA. Further, 

they also expressed Slc17a6, revealing potenSally mulSlingual DA neuron subtypes.  

LRRK2G2019S KI results in pan-dopaminergic gene expression changes consistent with deficits observed in 

this model, without altering DA subtype propor.ons 

With cluster idenSSes and locaSons defined, we next sought to explore the downstream gene expression 

characterisScs of DA neurons in Lrrk2 mutants. The role of Lrrk2 in PD pathophysiology remains unclear56, 

and Lrrk2 mutaSons are omen proposed as being an indirect source of dysfuncSon for the DA system, such 

as through its high expression in glial or striatal cells34, 57-60.  However, previous studies have shown 

alteraSons in DA signaling or gene expression even when the mutant LRRK2 was expressed specifically in 

DA neurons61, 62. Thus, as a first step in demonstraSng the possibility that mutant Lrrk2 in DA neurons 

themselves can contribute to dysfuncSon, we mapped the expression of Lrrk2 across all DA neuron 

subtypes (Fig 8A). We found detectable expression across most subtypes, with the notable excepSon of 

Gad2Egfr neurons. 

Given the disSncSve properSes of different DA neuron subtypes, we next sought to test if 

phenotypic changes in Lrrk2 mutant mice are driven by changes in the relaSve proporSons of said 

subtypes. While previous studies have shown no overt DA neuron loss, it is possible that there was a 

selecSve reducSon of a subtype(s) that would be undetectable by previous methods. We first graphed the 

proporSons of each subtype within our control and mutant datasets (Fig 8B), and found remarkable 

similarity across these samples, consistent with previous reports showing no DA neuron loss in these 

mice36. To further assess for changes in cell state among clusters across condiSons, we next compared the 

similarity of each cluster to all other clusters across condiSons (Fig 8C). MetaNeighbor analysis revealed 

that the most similar populaSon to each wildtype cluster was its corresponding subtype in the Lrrk2 

mutant samples. This suggests that the general subtype organizaSon is largely impervious to LRRK2G2019S 

perturbaSon, and that our clustering scheme is likely more reflecSve of cell type rather than cell state. 

To assess pan-dopaminergic gene expression changes as a funcSon of Lrrk2 genotype, we next 

looked at globally differenSally expressed genes across our mutant and control samples. CalculaSng 
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differenSally expressed genes across all clusters revealed a large number of significantly enriched or 

diminished genes as a funcSon of Lrrk2 mutaSon (1646 genes in total with BH corrected p-value <0.05, 

Wilcoxon rank sum test). The results of this differenSal expression analysis are ploked in Fig S9A, with full 

results and staSsScs available in Extended Data. Notably, most of these changes appear to be small in 

magnitude; among FDR-significant genes, only 51 showed increased expression and 7 showed decreased 

expression with log2 fold changes greater than 0.5 (Fig S9A). Two genes with high enrichment in Lrrk2 

mutants, Mir124a-1hg and AC149090.1 were both of parScular interest due to their potenSal relevance 

to PD pathogenesis. AC149090.1 is orthologous to the human PISD gene, which is involved in autophagy 

and implicated in mitochondrial dysfuncSon63-65. This gene has been proposed as a sensiSve marker of 

biological aging in the brain63, 66, an interesSng finding given that age is the single largest risk factor for PD. 

Also of note, Mir124a-1hg is a host gene (though not the exclusive gene) for miR-124, a microRNA with 

purported neuroprotecSve effects that has been found to be downregulated in PD paSents or some PD 

mouse models67-70. While the opposite effect was seen here (i.e., an upregulaSon of this gene in our 

model), one might speculate that miR-124 is iniSally increased during toxic metabolic insults as a 

compensatory response, given its proposed neuroprotecSve effects. In our prodromal model without 

observable degeneraSon, this could thus represent an early sign of cell stress. Conversely, in PD paSents 

or overtly degeneraSve models, a lack of compensatory miR-124 or fulminant cell death among vulnerable 

cells could result in an observed decrease in miR-124 expression. 

We next performed pathway enrichment analyses using Gene Set Enrichment Analysis (GSEA) and 

gene ontology (GO) to compare our Lrrk2 mutant samples to our controls. Using GSEA, we found 18 gene 

sets with significant differenSal expression (FDR adjusted p-values < 0.05). The top 13 of these enriched 

pathways (those with NES scores > 1.8) are shown in Fig 8D. While a broad range of biological domains are 

found among these results, many of the top enriched pathways were related to energy producSon via 

mitochondrial oxidaSve respiraSon, remarkably similar to prior comparisons between vulnerable and 

resistant DA neuron populaSons43. Mitochondrial energy producSon pathways, and specifically the 

extraordinary bioenergeSc burdens of DA neurons, have been heavily implicated in PD vulnerability71, 72. 

Thus, the enrichment of these pathways in Lrrk2 mutants is parScularly intriguing as it may reflect that the 

structural and funcSonal alteraSons reported with LRRK2 mutaSons in paSents73 and preclinical models74, 

75 further predispose these cells to dysfuncSon and ulSmately degeneraSon. USlizing GO, we again found 

many pathways displaying significant differenSal expression between Lrrk2 mutants and controls. Among 

these, the top pathways are all associated with synapSc organizaSon and funcSons (Fig 8E). This was 

parScularly intriguing given that pre-synapSc dysfuncSon in Lrrk2 mutants such as endocytosis76-78  or 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 22, 2024. ; https://doi.org/10.1101/2024.06.06.597807doi: bioRxiv preprint 

https://doi.org/10.1101/2024.06.06.597807
http://creativecommons.org/licenses/by/4.0/


 13 

axonal cargo trafficking impairments79 could underpin the deficits in DA signaling observed in these mice80, 

81. Of note, decreased endocytosis has been observed in DA neurons but not corScal or hippocampal 

LRRK2G2019S primary neurons82. These results, although in vitro, suggest cell type specific synapSc effects 

on DA neurons, consistent with their vulnerability in LRRK2-related PD. 

Comparing individual subtypes across condi.ons allows insights into subtype-specific dysfunc.on 

Given that global gene expression differences across our condiSons appear to hold relevance for putaSve 

mechanisms of PD pathogenesis, we next sought to address the quesSon of whether gene expression 

within any given subtype is specifically altered in our PD model. Although Lrrk2 mRNA seemed uniform 

across subtypes, downstream effects could be subtype-specific secondary to differenSal Lrrk2 kinase 

acSvity, disSnct kinase targets, or superimposed differences in other properSes of each subtype that 

culminate in disSnct downstream transcripSonal alteraSons. Given the proposed vulnerability of Sox6+ 

DA neurons and relaSve resilience of Calb1+ neurons in PD3, 41, 43, we first compared these two cluster 

families across Lrrk2 mutants versus control mice to see if any changes in DA neurons are specific to 

vulnerable or resistant cell types. We found 729 DEGs among the Sox6 family, and 679 among the Calb1 

family (BH corrected P value <0.05). Among those genes, we found 327 DEGs were shared between the 

Sox6 and Calb1 families (Fig S9B). The full list of DEGs and staSsScs is available in Extended Data. Notably, 

AC149090.1 was highly significant in both cohorts, implying that the pan-DA differenSal expression of this 

gene was not driven by a parScular subset of DA neurons. To further compare changes within cluster 

families, we once again performed GSEA and GO but on groups of clusters in isolaSon (Fig 9A-B). In line 

with our previous results, GO revealed pathways that largely corresponded to synapSc and axonal 

funcSon, but with higher significance of results in the Sox6 family than in Calb1 or Gad2 families (Fig 9A). 

Within the Sox6 family, GSEA analysis showed an upregulaSon of energy producSon and metabolism 

pathways similar to those observed at the global level, as well as a downregulaSon of intercellular 

communicaSon pathways (Fig 9B, top 5 upregulated and downregulated pathways shown for each family). 

Finally, to extend the granularity of our analyses, we applied the same GO pipeline to two individual 

clusters, Sox6Tafa1 and Calb1Stac, which have the highest expression of Anxa1 in the SNc and VTA respecSvely 

(Fig S10A). The Sox6Tafa1 SNc subtype was of parScular interest to us given recent results showing that 

Anxa1+ ventral Ser SNc neuronal acSvity is selecSvely correlated with acceleraSon in mice running on a 

treadmill, leading to the hypothesis that degeneraSon of these neurons may contribute to motor deficits 

seen in PD25. The Calb1Stac VTA subtype was chosen as a comparator due to its similar expression profile, 

including key markers Anxa1 and Aldh1a1, but within the relaSvely resistant VTA. Similar pathways were 
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observed in each subtype, including several pathways once again corresponding to synapSc funcSon, 

however with substanSally higher significance values observed in the Sox6Tafa1 cluster. Of note, while this 

enrichment is intriguing, the associaSons to such pathways cannot be interpreted as unique to this 

populaSon, as technical limitaSons confound direct comparisons of DEGs among individual clusters due 

to variable cluster sizes and internal heterogeneity (see Methods for more details). 

Next, we compared the synapSc compartment and biological funcSons of DEGs (BH adjusted p 

values < 0.05) in Lrrk2G2019S mutants versus controls using SynGO, a database for systemaSc annotaSon of 

synapSc genes83. We focused primarily on the Sox6 and Calb1 families, but also on cluster Sox6Tafa1 given 

that this populaSon (SNc neurons with highest expression of Anxa1) is specifically linked to movement25. 

Of the DEGs in the Sox6 family, Calb1 family, and Sox6Tafa1 cluster, 24.82%, 20.19% and 29.41% of these 

genes had synapSc localizaSons, respecSvely, with more significant synapSc associaSons among 

populaSons localized to ventral Ser SNc (Fig 9C-E, Fig S9C). Further compartment categorizaSon revealed 

that among these synapSc DEGs annotated by SynGO, 45.83% of Sox6 family (11.38% of total DEGs), 64.0% 

of Sox6Tafa1 (18.82% of total DEGs) and 48.82% of Calb1 family (9.86% of total DEGs) DEGs have presynapSc 

localizaSons, raising the possibility of enhanced disrupSon of presynapSc funcSon in acceleraSon-

correlated DA neurons. From these presynapSc DEGs, 20/77 in the Sox6 family, 5/16 in Sox6Tafa1, and 16/62 

in the Calb1 family have specific annotaSons for acSve zones, the primary sites of evoked DA release. 

AnnotaSons based on the biological funcSons showed that 20.83%, 28.0% and 15.74% of Sox6, Sox6Tafa1 

and Calb1 DEGs, respecSvely, are associated with processes in the presynapse (Fig S9D). Overall, greater 

proporSons of DEGs are associated with presynapSc locaSons in cells from vulnerable DA neurons (Sox6 

family, and in parScular, Sox6Tafa1), compared to less vulnerable ones (Calb1 family). 

Given the differenSal effects of Lrrk2 mutaSon across subtypes, we also sought to map the 

associaSon of gene expression in our dataset with co-expression of PD-associated risk loci idenSfied by 

GWAS84 using a polygenic enrichment score method, scDRS85. We first calculated a PD GWAS risk score for 

each individual cell, which revealed clear bias for higher risk scores among clusters that localize to the 

ventral SNc (Fig 9F). We next sought to extend the cell-level calculaSons of scDRS to explore the relaSve 

PD risk among different subtypes. To do so, we calculated the mean PD GWAS risk score for each cluster 

and uSlized bootstrapping to generate a corresponding 95% confidence intervals for these mean values, 

allowing us to determine if the observed means were significantly different from the null. We confirmed 

significant risk associaSons in several clusters, parScularly those in the Sox6 family (Fig 9G). InteresSngly, 

the Gad2 family of clusters all showed significant negaSve associaSons with PD risk loci (Fig 9G). Of note, 
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the highest scDRS scores were in clusters Sox6Tafa1 and Sox6Vcan, the only two SNc clusters that express 

Anxa1. By calculaSng the average scores for each cluster family as a whole, as well as these two Anxa1-

expressing SNc clusters, we found that only the Sox6 family (and Anxa1-expressing SNc clusters within it) 

show significant associaSons with PD risk loci at a populaSon level (Fig 9H). 

Finally, due to the large number of potenSal comparisons to be made across clusters, cluster 

families, and genotypes, we have also developed an online tool that allows for exploraSon of our datasets, 

which we have termed Dopabase (URL: dopabase.org). USlizing this tool, users have the ability to access 

many analysis and plovng funcSons to conSnue to explore populaSons of interest. 

 

Discussion 

Our work provides five key advances. 1. We provide a large snRNAseq dataset that provides high 

granularity to our taxonomic schemes. 2. We provide a user-friendly portal to query this dataset. 3. We 

plot the spaSal locaSon of most idenSfied DA neuron subtypes, showing heterogeneity even within sub-

domains in tradiSonal anatomical areas.  4. We demonstrate that cluster proporSons do not change in 

LRRK2G2019S mice, although gene expression changes are observed, most notably in mitochondrial 

bioenergeScs and synapse organizaSon pathways in vulnerable DA subtypes. 5. PD GWAS risk is most 

prominent in Anxa1 SNc neurons. 

 We demonstrate the presence of 20 molecularly disSnct clusters of midbrain DA neurons. These 

are hierarchically organized, the dendrogram being split into three levels, which we refer to as family, 

branch and subtype. Family (Level 1) disSncSons are driven by the expression of Gad2/Kctd16 vs 

Slc6a3/Ddc high expressing cells. Slc6a3/Ddc high cells are further divided by Sox6/Col25a1 and 

Calb1/Ndst3 (Level 2) among other genes. It is likely that these fundamental divisions are, at least in part, 

set early in development in the mesodiencephalic floor plate, where Sox6 demarcates progenitors with a 

substanSally higher probability of ventral SNc and lateral VTA fate, and conversely, Sox6- progenitors have 

a higher probability of a Calb1+ fate43, 55. The Sox6 family is split into two branches with six subtypes, the 

Calb1 family is split into two branches with ten subtypes, whereas the Gad2 family can be further split into 

two subtypes. This scheme represents a more granular taxonomy than previous studies19-21, 23, 25, 38, 41, and 

bears some resemblance to a recent study86. Key congruencies between these studies include: 1) parsing 

midbrain DA system into broad groups of subtypes based on expression of Sox6 and Calb1, and to a lesser 

extent Gad2, populaSons, 2) greater diversity observed in Calb1+ clusters, 3) the idenSficaSon of some 
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consensus and homogenous subtypes. Key discrepancies include the extent to which each cluster is further 

subdivided and the final number and molecular signature of DA neuron subtypes. In the laker study86, 

they refer to levels as territories and neighborhoods.  For simplicity of communicaSon, we refer to the 

lowest level of our dendrogram of molecularly defined DA neuron clusters, as subtypes. However, we 

acknowledge that because of the common developmental origin from the floor plate87-90, their high 

relatedness, the blurriness of boundaries between clusters, and the polytheSc nature of clustering, 

referring to these groups as neighborhoods is an alternaSve and reasonable possibility. Notwithstanding 

these consideraSons, defining markers of some of these clusters and generaSng Cre/Flp lines, may be 

useful to at very least enrich for DA neuron populaSons with disSncSve properSes as has recently been 

shown for the Anxa1+ SNc neurons, which at a populaSon level are selecSvely correlated with 

acceleraSon, while reward responses are almost enSrely absent25. 

 Our spaSal MERFISH analysis provides the most granular representaSon of DA subtype locaSons 

to date. This resoluSon was obtained by the integraSon of snRNA-Seq and MERFISH datasets. Our data 

complement current spaSal transcriptomic datasets46-48. For instance, using MERFISH, Zishen et al. 

idenSfied 10 clusters in the VTA (A10), 9 clusters in the SNc (A9), and 2 clusters in the RR although likle 

detail on the molecular idenSty or locaSon of these subtypes is provided. In addiSon, Langlieb et al 48, 

provide a molecular atlas of the adult mouse brain in which they idenSfied 13 clusters of midbrain DA 

neurons and located these using Slide-Seq. By contrast, Salmani et al.86 used established markers to locate 

seven DA neuron territories and 16 neighborhoods. They report a distribuSon of Gad2+ cells in the midline 

including CLi, RLi and IF, which bears similarity with our Gad2 family. They also Pdia5+/Calb1+ DA neurons 

in the pars lateralis, likely represenSng an overlapping populaSon with our Calb1Postn and Calb1Sulf1. Within 

the SNc, our data fits also well with the locaSon of DA neurons that could be labeled with Anxa1-Cre, 

although here we show that in our Seurat based clustering, Anxa1 expression is detected in Sox6Tafa1 and 

to a lesser extent in Sox6Vcan cells.  Taken together, with our increasing appreciaSon of DA neuron 

heterogeneity, a consensus is bound to arise on both the idenSty and locaSon of DA neuron subtypes. 

IntegraSon of all these emerging datasets will be necessary to achieve a comprehensive DA neuron 

taxonomy that will ulSmately encompass all morphological, connecSonal, physiological, molecular, and 

neuroanatomical parameters. 

A key finding of this study is the heterogeneity observed even within sub-domains of the 

tradiSonal anatomical clusters. An example of this is the lateral SNc/SNpl. Current models depict the SN 

heterogeneity as a mediolateral gradient91. Our data substanSally refines this by showing that even within 
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the lateral SNc/SNpl region, there are several disSnct subtypes. One interesSng finding is that two of the 

lateral subtypes from disSnct families (Sox6 and Calb1), show some common gene expression signatures. 

For example, Asic2 or Ankfn1 are highly expressed in Calb1Lpar1 and Sox6Arhgap28 subtype, both of which are 

laterally located. One interpretaSon of this is that secondary gene expression programs may have been 

superimposed upon the early developmental sub-divisions, for instance during circuit assembly. A second 

example of heterogeneity within sub-domains is in the dorsolateral VTA. Again, we find enormous 

heterogeneity in this region, which is unaccounted for in previous models. It is likely that neurons in this 

region will have vastly disSnct anatomical and funcSonal properSes, as exemplified by the complex 

intermixing of neurons with diverging axonal projecSons7. Careful intersecSonal geneSc interrogaSon 

methods will need to be developed to disSnguish these populaSons.   

A strength of our study is that it uSlizes advantages of each transcriptomic approach, the deep 

molecular profiling of individual cells using snRNA-Seq and the spaSal resoluSon of MERFISH. For instance, 

we relied on gene expression imputaSon to ascribe expression level to genes not covered/detected in our 

MERFISH probe panel. Gene imputaSon as described by Stuart et al.92 has been used in several recent 

studies integraSng spaSal and transcriptomic data46, 47. It relies on idenSfying anchors that enable 

projecSon of MERFISH data onto the UMAP space of a snRNA-Seq dataset and then uses neighboring cells 

to extrapolate the expression of genes not included in our probe panel. This approach was used to impute 

Sox6 expression, which accurately reflects what has been reported in prior immunofluorescence and in 

situ hybridizaSon studies11, 27, 38, 43, 55. Moreover, imputed gene expression levels correlated strongly with 

MERFISH detected transcript for most genes further supporSng our approach (Fig S6 and S7). 

Nevertheless, dataset integraSon has limitaSons that should be considered. First, imputed gene 

expression relies on the ability to idenSfy reliable anchors linking the snRNA-Seq and MERFISH datasets. 

These anchors are determined in part by the choice of genes included on probe panels and thus could 

indirectly influence the reliability of imputed gene expression. Secondly, gene counts per cell in MERFISH 

are determined via segmentaSon of images, which is suscepSble to arSfacts and bias from centrally versus 

peripherally localized gene transcripts. In summary, although limitaSons are present in mulS-modal 

transcriptomic analyses, merging these two approaches provided a molecular and spaSal map of the DA  

system that could not have been resolved by either method alone.  

We also akempted to address whether our clustering schemes are more reflecSve of cell types or 

cell states. We show that the proporSons of subtypes are largely consistent between controls and mutants, 

and that mutant subtypes are most closely related to their control counterpart. This suggests that our 
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taxonomic scheme is agnosSc to a mild perturbaSon such as LRRK2G2019S, suggesSng that our clusters are 

reflecSve of cell types, rather than cell states. It is possible that with more severe perturbaSons, such as a 

toxin lesion, more substanSal alteraSons of taxonomic schemes are observed86, 93. However, we expect 

that for mild insults, day to day behavioral changes, or pharmacological paradigms, our clusters will be 

resistant to changes, although individual gene levels may vary. Nonetheless, we cannot definiSvely confirm 

that a given DA neuron cannot convert from one subtype to another. UlSmately, alternaSve approaches 

such as detailed fate mapping of clusters or RNAseq-based trajectory analyses with greater numbers of 

sampled cells could be used to resolve this quesSon. 

Our work describes a rich heterogeneity of DA neurons in the murine SNc that might serve as a 

reference for understanding pakerns of degeneraSon in PD. The majority of SNc neurons belong to the 

Sox6 family, but some are from the Calb1 family.  Several studies on post-mortem human PD brain have 

demonstrated a relaSve resilience of Calb1+ DA neurons43, 94, 95. Calb1+ neurons in mice SNc and SNpl 

project most densely to the dorsomedial striatum (DMS) and tail of striatum (TS) respecSvely3, 27. This 

could match the pakerns of axon preservaSon observed in post-mortem PD brain, which show relaSve 

sparing of medial, ventral and caudal regions of the caudate-putamen96, 97. Indeed it is plausible that 

pakerns of degeneraSon could be associated with disSnct clinical presentaSons of PD – a recent study 

suggests that paSents with relaSvely spared caudate projecSons have a higher probability of tremor98.  

AddiSonally, we postulate that spared DA neurons projecSons may be a cellular substrate mediaSng the 

side-effects of levodopa parScularly at high doses. In line with this, high DA release in the TS is associated 

with hallucinaSon like behaviors in mice99.  

Given the relevance of LRRK2 to geneSc and idiopathic PD, we examined the effects of LRRK2 on 

DA neuron gene expression to start appreciaSng the molecular pathophysiology of relevant 

subpopulaSons in PD. We relied on a KI LRRK2 model, expressing the G2019S pathogenic mutaSon due to 

the highest prevalence of this mutaSon over other mutaSons. Although these mice do not exhibit DA 

neuron loss, they do have nigrostriatal synapSc alteraSons within a physiological range35. Our 

transcriptomic interrogaSon has three main takeaways. First, the Lrrk2 gene is expressed in most DA 

neurons in mice; in humans LRRK2 transcript is enriched in the SOX6 populaSon41. While previous work 

has shown LRRK2 protein expression in midbrain DA neurons60, 100,  its relaSve expression across DA neuron 

subtypes in mice requires further invesSgaSon. Thus, transcriptomic alteraSons observed within DA 

neurons are potenSally cell-autonomous effects, albeit indirect, since LRRK2 funcSons as a protein kinase 

with phosphoregulaSon primarily affected. Second, while individual genes showed only modest 
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differences, pathway analysis showed a strong dysregulaSon of synapSc pathways. This is conceptually 

aligned with prior work describing that LRRK2 phosphorylates various key presynapSc targets (not 

necessarily in DA axons) associated with SV cycle101. Impairments of these processes at the nigrostriatal 

terminals may contribute to the DA release deficits reported in LRRK2 mutants35-37. Third, alteraSons in 

pathways associated with oxidaSve phosphorylaSon and energy producSon are in line with the described 

LRRK2 impact on mitochondrial structure and mitophagy in the LRRK2G2019S KI mice.  As DA transmission 

changes and mitochondrial abnormaliSes are the two main and consistent phenotypes with the KI mouse 

model, our transcriptomic findings indicate that funcSonal changes are at least partly linked with gene 

expression changes.      

 Taken together, our work complements perfectly the recent taxonomy of mouse46-48, 86 and human 

brain cell types102. Focusing our efforts on the DA system allowed us to reveal a comprehensive 

transcriptomic signature of midbrain DA neurons as well as ascribe with precision their spaSal locaSon. 

Moreover, we provide a web resource to explore this dataset through mulSple angles. We also uncovered 

cell type specific transcriptomic changes in a prodromal model of PD revealing the molecular 

consequences of higher LRRK2 acSvity. Disentangling the molecular diversity of DA neurons, now defining 

20 transcriptomic subtypes, raises important quesSons. For instance, what are the funcSonal implicaSons 

of this diversity and are these transcriptomic differences reflected in other cellular features? Decades of 

experiments might be needed to answer such quesSons, however, by defining geneSc anchor points 

unique to each subtype, we have provided an avenue to target these populaSons in the mouse.       

 

Methods 

snRNASeq 

Animals 

All animals used in this study were maintained and cared following protocols approved by the 

Northwestern Animal Care and Use Commikee. Cre mouse lines were maintained heterozygous by 

breeding to wild-type C57BL6 mice (RRID:IMSR_CRL:027), with the excepSon of DAT-IRES-Cre 

(RRID:IMSR_JAX:027178, referred to as DAT-Cre in Fig 1), CAG-Sun1/sfGFP (RRID:IMSR_JAX:021039, 

referred to as RC-LSL-Sun1/GFP in Fig 1), which was maintained homozygous and crossed to Lrrk2G2019S 

mice (RRID:IMSR_JAX:030961) only for generaSon of experimental mice for nuclei isolaSon. Both males 

and females were used in equal number for all RNAseq experiments. 
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Sample PreparaSon 

To isolate nuclei for snRNA-seq library generaSon, n=8 6-month old DAT-IRES-CRE 

(RRID:IMSR_JAX:027178), CAG-Sun1/sfGFP (RRID:IMSR_JAX:021039), Lrrk2G2019S+/wt or likermate Lrrk2wt/wt 

mice (2 female control, 2 male control, 2 female mutant, 2 male mutant) were sacrificed and rapidly 

decapitated for extracSon of brain Sssue as previously described for isolaSon of GFP+ (i.e. dopaminergic) 

nuclei. A total of 4 independent samples (2 control, 2 mutants; equal sexes per sample) were isolated using 

n=2 pooled mice in each. Each sample was processed in its own GEM well to produce 4 disSnct libraries 

that were subsequently sequenced and analyzed as described below. A 2mm thick block of ventral 

midbrain Sssue was dissected out from each mouse and collected for isolaSon. Tissue was dounce 

homogenized in a nuclear extracSon buffer (10mM Tris, 146mM NaCl, 1mM CaCl2, 21mM MgCl2, 0.1% NP-

40, 40u/mL Protector RNAse inhibitor (Roche 3335399001). Dounce homogenizer was washed with 4mL 

of a washing buffer (10mM Tris, 146mM NaCl, 1mM CaCl2, 21mM MgCl2, 0.01% BSA, 40U/mL Protector 

RNAse inhibitor) and filtered through a 30uM cell strainer. Amer three rounds of washing by centrifugaSon 

at 500g for 5 minutes, nuclei pellets were resuspended resuspension buffer (10mM Tris, 146mM NaCl, 

1mM CaCl2, 21mM MgCl2, 2% BSA, 0.02% Tween-20) and filtered through a 20uM strainer. This nuclei 

suspension was loaded onto a MACSQuant Tyto HS chip and diluted with 1x PBS. Nuclei were sorted using 

gates set for isolaSon of GFP+ singlet nuclei. Sorted nuclei were subsequently used for preparaSon of four 

10X Genomics Chromium libraries. Protocol can be found at 

dx.doi.org/10.17504/protocols.io.14egn6wryl5d/v1 .  

Library preparaSons were performed by the Northwestern University NUSeq Core Facility. Nuclei number 

and viability were first analyzed using Nexcelom Cellometer Auto2000 with AOPI fluorescent staining 

method. Sixteen thousand nuclei were loaded into the Chromium Controller (10X Genomics, PN-120223) 

on a Chromium Next GEM Chip G (10X Genomics, PN-1000120), and processed to generate single nucleus 

gel beads in the emulsion (GEM) according to the manufacturer’s protocol. The cDNA and library were 

generated using the Chromium Next GEM Single Cell 3’ Reagent Kits v3.1 (10X Genomics, PN-1000286) 

and Dual Index Kit TT Set A (10X Genomics, PN-1000215) according to the manufacturer’s manual with 

following modificaSon: PCR cycle used for cDNA generaSon was 16 and the resulSng PCR products was 

size-selected using 0.8X SPRI beads instead of 0.6X SPRI beads as stated in protocol. Quality control for 

constructed library was performed by Agilent Bioanalyzer High SensiSvity DNA kit (Agilent Technologies, 

5067-4626) and Qubit DNA HS assay kit for qualitaSve and quanStaSve analysis, respecSvely.  
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The mulSplexed libraries were pooled and sequenced on an Illumina Novaseq6000 sequencer with paired-

end 50 kits using the following read length: 28 bp Read1 for cell barcode and UMI and 91 bp Read2 for 

transcript. Raw sequence reads were then demulSplexed and transcript reads were aligned to mm10 

genome using CellRanger (v7.0.1 – RRID:SCR_017344 – 

hkps://www.10xgenomics.com/support/somware/cell-ranger/latest). snRNA datasets can be found at 

GEO accession GSE271781. 

Data curaSon and analysis 

Analysis was performed using R (RRID:SCR_001905). Outputs from CellRanger were read into Seurat 

(version 5.0.1; RRID:SCR_007322) using the Read10X command for each sample. Numbers of UMIs, 

features and ribosomal reads and mitochondrial reads were ploked for each dataset and used to 

determine cutoffs for quality control pre-filtering of each sample. The following QC filtering commands 

were used in R: control1 <- subset(control1, subset = nFeature_RNA > 1200 & nFeature_RNA < 7800 & 

percent.mt < 0.5 & nCount_RNA < 29000 & percent.ribo < 0.5); lrrk1 <- subset(lrrk1, subset = 

nFeature_RNA > 1200 & nFeature_RNA < 6500 & percent.mt < 0.5 & nCount_RNA < 26000 & percent.ribo 

< 0.5); control2 <- subset(control2, subset = nFeature_RNA > 800 & nFeature_RNA < 5000 & percent.mt < 

0.5 & nCount_RNA < 15000 & percent.ribo < 0.5); lrrk2 <- subset(lrrk2, subset = nFeature_RNA > 1000 & 

nFeature_RNA < 7500 & percent.mt < 0.5 & nCount_RNA < 20000 & percent.ribo < 0.5) (post-filtering violin 

plots shown in Fig S1A ). The male and female datasets were then normalized and integrated using the 

SCTransform V2 method103 in Seurat V5104. Cells were iniSally clustered using 35 principal components at 

a resoluSon of 0.8. Plovng clusters on UMAP showed one small cluster exceedingly distant from all other 

clusters, which was suspected to represent EW nucleus cells and was subsequently removed. Amerwards, 

the integraSon and clustering pipeline was repeated without these cells to remove their impact on PCA. 

Final clustering was achieved using the FindNeighbors() command with the following parameters: dims = 

1:32, reducSon = "cca", n.trees = 500, k.param = 40, and with the FindClusters() command with the 

following parameters: resoluSon = 0.8, algorithm = 1, group.singletons = TRUE, graph.name = "SCT_snn". 

UMAP reducSon was calculated using the RunUMAP command with the following parameters: reducSon 

= "cca", dims = 1:32, reducSon.name = "umap.cca", n.epochs = 500, min.dist = .2, n.neighbors = 1000. In 

total, the integraSon resulted in a final dataset of 28532 nuclei, with a median UMI count of 7750.5 and 

median of 3056 features. All clusters were represented in both male and female samples (Fig S1B).  

Cluster dendrogram was produced using the Seurat BuildClusterTree() funcSon with the same parameters 

used for clustering; dims = 1:32, reducSon = "cca" .  DifferenSal expression between branches of the 
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dendrogram were calculated using FindMarkers() with the following parameters to maximize detecSon of 

DEGs with binary differences across branches, rather than genes expressed in both branches at different 

levels; min.diff.pct = 0.25, logfc.threshold = 1, min.pct = 0.2. The top posiSvely and negaSvely enriched 

genes were then ploked for manual curaSon of branch point defining markers that best disSnguished each 

branch, with preference given to genes previously described in DA neuron subtype literature. 

Sex of original mice was inferred for each cell by calculaSng the expression raSo of genes Uty and Eif 

relaSve to Tsix and Xist for each cell, revealing roughly equal proporSons of male and female cells in the 

final dataset (Fig S1C). All clusters were represented in each individual sample (Fig S1D), and with no overt 

differences in proporSons across condiSons (Fig S1E, Fig 8B). Clusters 21 and 16 were removed from 

downstream analyses due to high expression of glial markers Atp1a2 and Mbp, respecSvely (Fig S1F). All 

differenSal expression calculaSons were also performed in Seurat using the FindMarkers() command; 

individual parameters for differenSal expression at each step of our analysis are provided in the 

Awatramani Lab Github page (github.com/AwatramaniLab/Gaertner_Oram_etal). Of note, the default 

Seurat differenSal expression calculaSon method is known to overesSmate significance of differenSal gene 

expression due to treaSng individual cells as independent samples. While pseudo bulk differenSal gene 

expression is preferable given these limitaSons, the number of independent 10X library preparaSons (2 

per group) does not provide sufficient sample numbers for the recommended minimums for pseudo bulk 

differenSal gene expression approaches, and thus the default Seurat methodology was used; cauSon 

should be used when interpreSng p values of individual DEGs such as those shown in the volcano plot of 

Fig S9. 

ShinyCell (RRID:SCR_022756) web browser was created using the SCT assay of the Seurat Object described 

above105. The code can be found at the Awatramani Lab Github page 

(github.com/AwatramaniLab/Gaertner_Oram_etal). 

Mapping data query sets were done using TranserData() seurat funcSon. The dataset and clusters from 

Azcorra & Gaertner et al. (Dataset can be found in the Gene Expression Omnibus GSE222558) 25 was used 

as the reference, and the query dataset was the one described in Figure 1.  Any cells clustered with a 

predicSon.max.score <.5 were removed from the data set (2.4% of cells removed).  The exact workflow 

can be found at the Awatramani Lab Github page (github.com/AwatramaniLab/Gaertner_Oram_etal).  

Sankey plots were made using the Network3D package in R and the sankeyNetwork funcSon. The 'source' 

and 'target' nodes are the corresponding cluster labels.  ’Value’ is set as the number of cells clustered in 
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both the source and target nodes. The exact workflow can be found at the Awatramani Lab Github page 

(github.com/AwatramaniLab/Gaertner_Oram_etal). 

Cluster stability and homogeneity analyses 

To quanSfy how homogenous each cluster is and uncover potenSal further subdivisions that may exist 

within our clusters, we applied two approaches highly similar to those used for our previously described 

dataset25. First, we generated a measure of stability for each cluster through random downsampling and 

reclustering of the dataset using the same custom R scripts as previously described25. Doing so provided 

cluster stability metrics (Fig S2A) represenSng the propensity for cells within a cluster to conSnue to co-

cluster when data is removed. 

To understand potenSal sources of lower cluster stability values (e.g. two clusters being grouped together 

as one, or addiSonal small clusters being divided into two adjacent clusters), we uSlized the ClusTree 

(v0.5.1; RRID:SCR_016293 – hkps://github.com/lazappi/clustree) R package to plot clustering at ten 

incremental resoluSons of 0.1 through 1.1 (Fig S2B). 

Scanpy  

Analysis done using Python (v 3.10.13106 - RRID:SCR_008394). Cells were clustered using the scanpy toolkit 

(Version #1.10.1 RRID: SCR_018139 hkps://scanpy.readthedocs.io/en/stable/).  Outputs from CellRanger 

were read into Scanpy using scanpy.read_10x_mtx(). Cells were filtered with the same parameters as 

described above in the Seurat workflow. Datasets were individually clustered using the Leiden clustering 

algorithm. The four datasets were then integrated using scanpy.tl.ingest.(). Each dataset was mapped onto 

Control 1. The exact workflow can be found at  the Awatramani Lab Github page 

(github.com/AwatramaniLab/Gaertner_Oram_etal) . 

Cluster Similarity across Control and Lrrk2 Samples 

To assess the molecular signature similarity between the clusters from Control and Lrrk2G2019S samples, we 

first corrected for dropouts the expression matrix of each sample using AdapSvely-thresholded Low Rank 

ApproximaSon (ALRA)107. Then, using MetaNeighbor standard pipeline108, we picked the intersect of 

variable genes across all but the top decile of expression bins for Control and Lrrk2 samples. On the 5282 

selected genes, MetaNeighbor was performed to assess an AUROC score of clusters similarity.  The exact 

workflow can be found at the Awatramani Lab Github page 

(github.com/AwatramaniLab/Gaertner_Oram_etal). 

Pathway Enrichment Analyses 
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To evaluate pathways and gene sets enriched in subtypes or across condiSons, we uSlized the fgsea 

(v3.19; hkps://bioconductor.org/packages/release/bioc/html/fgsea.html; SCR_020938) and 

clusterProfiler (v4.8.3; RRID:SCR_016884 – hkps://doi.org/doi:10.18129/B9.bioc.clusterProfiler ) R 

packages. Pathways for GSEA analysis (mouse canonical pathways gene sets) were obtained from MSigDB 

(v2023.2.Hs, 2023.2.Mm; hkps://www.gsea-msigdb.org/gsea/msigdb; SCR_016863). Custom R scripts 

were created for visualizaSon of GSEA results and are available in the deposited code for this paper. fgsea 

was run using the following parameters: nperm=1000, stats=ranks, minSize = 25, maxSize = 500. 

DifferenSal expression calculaSons for fgsea package input were performed using Seurat’s FindMarkers 

command to generate a ranked list of genes, with filtering out of low-expression genes based on a 

minimum of 10% detecSon in either populaSon being compared.  

For gene ontology, the biological processes gene sets were obtained using the org.Mm.eg.db R package 

(v3.19; hkps://bioconductor.org/packages/release/data/annotaSon/html/org.Mm.eg.db.html; SCR_002

774), and GO (part of clusterProfiler package) was run using default sevngs with BH adjustment of p-

values and uSlizing FDR-adjusted significant (p < 0.05) DEGs for the respecSve comparisons. A custom 

geneSc background was set for every individual comparison calculated to ensure hypergeometric tesSng 

was not simply enriched for cell type specific pathways; for comparisons of subsets within the dataset (i.e. 

a family or cluster) across condiSons, a minimum detecSon level of 10% of cells was used to define the 

geneSc background. These same thresholds were applied to filter the DEG lists used as input for GO. 

Results were visualized using the enrichplot R package 

(v3.19; hkps://www.bioconductor.org/packages/release/bioc/html/enrichplot.html; SCR_006442). 

scDRS Cell-level Scoring of GWAS Risk AssociaSons 

The scDRS score represents the relaSve associaSon for each individual cell’s expression profile (among all 

other cells in the dataset) with PD risk loci by uSlizing the underlying SNPs and associaSons described in 

GWAS summary staSsScs. Gene expression data (‘corrected’ UMI counts) was extracted from the SCT 

assay. Expression matrices, cell metadata, and feature metadata were loaded using Pandas 

(v2.2.2; hkps://pandas.pydata.org/; SCR_018214) in Jupyter (Jupyter: v7.2.1; hkps://jupyter.org/install 

; SCR_018315) notebook. The data were converted into an AnnData object using the anndata package 

(AnnData v0.10.8; hkps://anndata.readthedocs.io/en/latest/; SCR_018209 ) and stored in HDF5 format. 

NormalizaSon and scaling were performed using the Scanpy package (v1.8.1) (PMID: 29409532). Total 

counts for each cell were normalized to 10,000 reads using the sc.pp.normalize_total funcSon and log-

transformed using sc.pp.log1p. The sc.pp.highly_variable_genes funcSon (parameters: 
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min_mean=0.0125, max_mean=3, and min_disp=0.5) was used to idenSfy highly variable genes. Finally, 

the anndata object was scaled using the sc.pp.scale funcSon, with a max_value parameter of 10. 

GWAS summary staSsScs for Parkinson’s Disease risk were obtained from EBI GWAS Catalog Study ID: 

GCST009325 (PMID: 31701892) and processed using the MAGMA tool on FUMA’s online plaxorm 

( v1.5.2; hkps://fuma.ctglab.nl/snp2gene; SCR_017521; RRID:SCR_005757) to generate a scored list (z-

scores) of significant genes. Default sevngs were used with a 10x10 gene window. Scored gene list was 

processed using the munge-gs funcSon of the scDRS package 

(v1.0.2; hkps://marSnjzhang.github.io/scDRS/ ) to create .gs gene sets (PMID: 34431100) and loaded into 

the Jupyter Notebook using the scdrs.uSl.load_gs funcSon. To align with the anndata object data, the gene 

set’s human genes were mapped to mouse orthologs and intersected with genes present in the dataset. 

Preprocessing was completed using the scdrs.preprocess funcSon, binning genes by mean and variance 

with parameters n_mean_bin=20 and n_var_bin=20. Scoring for Parkinson’s disease was performed using 

the  scdrs.score_cell funcSon (parameters: ctrl_match_key=mean_var, n_ctrl=1000, weight_opt=vs, 

return_ctrl_raw_score=False, and return_ctrl_norm_score=True). 

Since scDRS does not include a naSve method for populaSon-level p-values, we calculated a mean scDRS 

score for each cluster or family by averaging its component cells and assessed for significance by creaSng 

a bootstrapped confidence interval for these means. A score of 0 represents the null of no associaSon 

between gene expression and PD risk loci, and thus if the 95% confidence interval does not overlap 0, the 

mean scDRS score for a given group can be regarded as significant as there is a less than 5% chance of the 

true group mean containing the null. Bootstrapped 95% confidence intervals for mean score within 

clusters or cluster families were calculated in R using 10,000 permutaSons for each group and ploked as 

mean scDRS score per group with CI represented as error bars. 

Parkinson’s Disease MAGMA Analysis Ranked Genes dataset can be found at 10.5281/zenodo.13076447 

 

SynGO Analyses 

SynGO analysis protocol is described in detail at dx.doi.org/10.17504/protocols.io.x54v92r94l3e/v1. 

 

MERFISH 
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Animals 

Adult C57Bl/6 male mice (RRID:IMSR_CRL:027) aged 2-3 months were used for the MERFISH experiments. 

Animals were housed at the Montreal Neurological InsStute (MNI) on a 12h-12h light-dark cycle (light 

cycle 7:00 to 19:00) with ad libitum access to food and water. Experiments were approved by the MNI 

Animal Care Commikee and conducted according to guidelines and regulaSons from the Canadian Council 

on Animal Care. 

Gene selecSon and panel assembly for MERFISH 

HybridizaSon probes were generated by Vizgen using their custom gene portal. DA neuron specific genes 

were selected based on differenSal gene expression analysis from the 20 clusters idenSfied in the single-

nuclei sequencing data. Also included were: 1) general markers of glutamatergic, GABAergic, cholinergic, 

serotonergic neuron populaSons, 2) markers of non-neuronal cell types, 3) neuropepSde precursor genes 

and neuropepSde receptors and 4) general ion channels. The list of all probes on the panel can be found 

in Supplemental Table 1. 

Tissue preparaSon and Sssue imaging for MERFISH 

Mice were perfused with 1x PBS followed by 4% paraformaldehyde (PFA). Brains were extracted and post-

fixed in PFA for 16 hours, embedded in O.C.T. (Tissue-Tek O.C.T.; 25608-930, VWR), and stored at −80 °C 

unSl secSoning. Frozen brains were secSoned at −18 °C on a cryostat (Leica CM3050S). Within 3 animals 

we collected 10um-thick sequenSal coronal brain secSons every 200μm on specialized glass slides 

(approximately 5-6 secSons per mouse). Seven secSons were chosen with the best morphology across the 

midbrain for processing. Sample preparaSon was completed using Vizgen gene imaging kits provided 

according to manufacturer. All steps were performed under RNAse free condiSons. SecSons were first 

washed with 1x PBS three Smes before incubaSon in 70% Ethanol overnight at 4oC to permeabilize cell 

membranes.  The following day each secSon was washed with sample wash buffer followed by an 

incubaSon in formamide wash buffer at 37 oC  for 30 minutes. The gene panel mix containing hybridizaSon 

probes was then placed on top of the Sssue and placed in a humidified 37 oC chamber for 36-48h. 

Amerwards the Sssue was incubated with formamide buffer for 30m at 47 oC twice before washing with 

sample wash buffer. The hybridized Sssue was then embedded in a 0.05% ammonium persulfate gel and 

cleared overnight in a soluSon of Proteinase K (NEB Cat# P8107S) at 37 oC. The following morning the 

sample was incubated in a soluSon containing DAPI and PolyT stain to aid in cell segmentaSon. Once 

processed, brain secSons were prepped for imaging using the commercial Merscope system developed by 
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Vizgen. 500-gene panel cartridges were thawed in a 37°C water bath for 1h before the start of imaging. 

Mouse RNAse inhibitor (NEB Cat# M0314) was added to imaging acSvaSon buffer and added to the 

cartridge fluidic system before loading into the Merscope to prime the fluidics chamber. Slides were 

removed from wash buffer and placed in the imaging capsule, connected to the fluidics chamber. SecSons 

were imaged according to the manufacturer (Vizgen). The exact protocol for Sssue preparaSon and Sssue 

imaging for MERFISH can be found at dx.doi.org/10.17504/protocols.io.14egn6opyl5d/v1 .   

Preprocessing and quality control of MERFISH data 

Cell by gene matrices were processed in R using the Seurat V5 package104. To exclude cells that underwent 

poor cell segmentaSon we removed cells that had >500μm3 and <4000μm3 volumes. To remove cells that 

show low transcript idenSty or falsely idenSfied cells we removed any cell that had <40 total RNA 

transcripts detected. The remaining cells then underwent SCT normalizaSon103 before running RPCA 

integraSon to integrate datasets from individual secSons. Shared nearest neighbour clustering was 

completed using the first 37 principle components using a resoluSon of k=0.7. GeneSc markers of each 

cluster were determined using a roc test and was used to annotate our dataset. High-level annotaSons for 

glia and neuron types were confirmed using the SCType package in R (v3.0; hkps://sctype.app/). The 

putaSve DA cluster was subseked, re-normalized and subclustered using the first 19 principle components 

and a resoluSon of k=0.65. Gene markers of each subcluster was determined using a ROC test and the top 

three genes from each cluster were idenSfied based on the high posiSve log-fold change with a low p-

values (adjusted p-value<10-50). Code can be found on the Awatramani Lab Github page 

(github.com/AwatramaniLab/Gaertner_Oram_etal) . 

IntegraSon of MERFISH data with scRNA-seq data 

To integrate MERFISH data with snRNA-seq data we uSlized the weighted-nearest neighbour algorithm 

defined in Stuart, Butler, et al 92. Briefly, anchor points were established between the two datasets using 

the FindTransferAnchors and MapQuery funcSons in Seurat. This allowed for a projecSon of the MERFISH 

data into the scRNA-seq space and a transfer of cluster idenSty between the two. Importantly, a label 

transfer predicSon score was assigned to each MERFISH cell and cells with scores greater than 0.5 were 

classified as high confidence cells. Whole genome expression was imputed onto MERFISH cells using 

snRNA-seq data using the TransferData funcSon in Seurat using the snRNA-seq normalized data as a 

reference. Cluster idenSficaSons were compared between transfer data and MERFISH subclustering using 

a Sankeyplot in R. Briefly, the number of cells that transferred between two pairs of clusters were 
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calculated and expressed as a proporSon within each MERFISH cluster. Only flows >10% were included in 

the visualizaSon. SpaSal visualizaSons of DA subtypes were generated using the ImageDimPlot funcSon in 

Seurat and overlaid on the Allen Brain Atlas mouse anatomical template or the Paxinos mouse brain 

coronal axis using affinity designer. Gene expression values were obtained using the ImageFeaturePlot 

funcSon in Seurat. Code can be found on the Awatramani Lab Github page 

(github.com/AwatramaniLab/Gaertner_Oram_etal) . 

MERFISH anatomical localizaSon  

We uSlized the Vizualizer somware (v2.2, Vizgen Inc. hkps://portal.vizgen.com/resources/somware) to 

delineate mouse midbrain regions into 11 disSnct regions: the caudal linear nucleus (CLi), interfascicular 

nucleus (IF), interpeduncular nucleus (IPN), periaqueductal grey region (PAG), posterior hypothalamus 

(PH), rostral linear nucleus (RLi), retrorubral field (RR), substanSa nigra pars compacta (SNc), SubstanSa 

nigra pars reSculata (SNr), Superior Colliculus (SC) and the ventral tegmental area (VTA). Brain regions 

were manually secSoned based on the intensity of DAPI imaging as well as the presence of Th transcripts 

compared to the Allen Brain Atlas. Cells within each ROI were counted to generate the localizaSon of each 

family and cluster by counts and proporSons. 

MERFISH data can be found at DOI #: 10.5281/zenodo.12636328. 

Code Availability Statement 

Code is available at Awatramani Lab Github page (github.com/AwatramaniLab/Gaertner_Oram_etal) 

and DOI # 10.5281/zenodo.13820931. 
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Figure Legends: 

Figure 1. GeneraSon of a large RNAseq dataset of midbrain dopamine neurons. A) SchemaSc of single 

nucleus isolaSon pipeline using microfluidic chip-based sorSng from n=8 DAT-IRES-Cre (referred to as DAT-

Cre), CAG-Sun1/sfGFP (referred to as RC-LSL-Sun1/GFP) mice. B) UMAP representaSon of clusters. Of note, 

putaSve clusters 16 and 21 are shown in grey, and are removed from analyses due to  co-expression of 

glial markers. C) Expression of the defining midbrain dopaminergic neuron markers vesicular monoamine 

transporter 2 (Vmat2; Slc18a2), DOPA decarboxylase (Ddc), tyrosine hydroxylase (Th), and dopamine 

transporter (Dat; Slc6a3). Robust expression is observed throughout all clusters. D) Dot plot showing 

expression of several markers of previously described dopamine neuron subtypes, consistent with finding 

addiSonal heterogeneity within established subtypes. E) Expression pakerns of midbrain floorplate 

markers. All clusters show robust expression with excepSon of 0 and 17, which indicate these populaSons 

are not midbrain DA neurons but might be located in nearby hypothalamic nuclei. 

 

Figure 2. Mapping subtype idenSSes, marker genes, and relaSonships to previously described populaSons. 

A) Dendrogram of DA neuron subtypes in our dataset. Distance between branch points represent 

approximaSons of relatedness between subsequent nodes, and genes labeled at each branch point 

represent the top differenSally expressed genes disSnguishing the downstream groups. Subtypes fell 

largely into three “families,” with expression pakerns generally defined by Gad2, Sox6, or Calb1. Notably, 

clusters 1, 11, and 13 are shown with an asterisk as these do not display differenSal expression in line with 

the defining genes of their cluster families (i.e. are not significantly enriched for their eponymous family 

genes). B)  Heatmap of top differenSally expressed genes for each cluster. The top 3 genes for each cluster 

are shown. C-F) Co-expression of genes at specified branch points denoted in 2A. G) Table describing 

putaSve clusters and relaSon to previous literature. Top row: cluster number. Second row: Equivalent 

cluster in Azcorra & Gaertner et al25. Third row: stepwise geneSc signatures based on following sequenSal 

branch points of cluster dendrogram. Bokom row: Proposed shorthand name for subtypes, based on 

cluster family and top defining genes for that cluster within each family. 
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Figure 3. IdenSficaSon of dopamine neurons in MERFISH. A) SchemaSc showing the processing and 

imaging of brain Sssue with MERFISH. B) Clustering and annotaSon of all cells idenSfied by MERFISH. C) 

RelaSve expression of Th, Slc6a3 and Slc18a2 shows the presence of a single cluster (blue cluster in B) that 

expresses all three genes. D) SpaSal locaSon of neuronal clusters for whole brain MERFISH along three 

rostral-caudal delineaSons associated with -3.0, -3.2 and -3.6mm Bregma. E) Cellular expression of Th in 

the secSons shown in D. 

 

Figure 4. Mapping of MERFISH data with snRNA-seq clustering:  A) Grouping and recoloring of snRNA-seq 

clusters into disSnct families represented by Gad2, Sox6 and Calb1 (Lem). RelaSve proporSon of dopamine 

neurons comprising each cluster from the snRNA-seq (SN, orange) and MERFISH label transfer (MER, grey) 

data (Right). B) SpaSal representaSon of predicted clustering across the rostral-caudal axis, zoom of one 

representaSve hemisphere shown below. C-E) Imputed cellular expression of Gad2, Calb1 and Sox6 across 

the rostral-caudal axis. 

 

Figure 5. SpaSal localizaSon of Sox6 family of DA neurons. A) DistribuSon of Sox6 family DA neuron 

subtypes relaSve to all other DA neurons along the rostral-caudal axis. DA cells belonging to the Calb1 and 

Gad2 family are colored in light grey. B) LocaSon of individual subtype within the Sox6 family (lem two 

panels) with other cells in the Sox6 family shown in dark grey.  RelaSve cellular expression of geneSc 

markers associated with each subfamily shown in a UMAP and a midbrain secSon. 

 

Figure 6. SpaSal localizaSon of Calb1 family DA neurons. A) Calb1 family of neurons were divided into two 

disSnct branches based on hierarchical clustering. DistribuSon of Branch 1 of Calb1 family DA neurons 

along the rostral-caudal axis with all other DA cells colored in grey. B) LocaSon of individual clusters within 

Branch 1 of the Calb1 family. Only cells in the Branch 1 subset are shown.  RelaSve cellular expression of 

geneSc markers associated with each subtype shown in a UMAP and brain secSon. C) and D) Equivalent 

plots as A-B, but for Branch 2 of the Calb1 family of DA neurons. RelaSve cellular expression of geneSc 

markers associated with each subfamily shown in a UMAP and a midbrain secSon. 
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Figure 7. SpaSal locaSon of Gad2 family DA neurons. A) DistribuSon of Gad2 family DA neurons along the 

rostral-caudal axis with other DA cells colored in grey. B) LocaSon of individual subtypes within the Gad2 

family with only cells of the Gad2 family shown in grey. 

 

Figure 8. Global effects of Lrrk2G2019S mutaSon are observed across all clusters. A) Expression pakern of 

Lrrk2 RNA, which is present in all clusters, though notably low in Gad2Egfr (cluster 15). B) Cluster 

proporSons in control and mutant samples. RelaSve proporSons of each subtype within the dataset are 

relaSvely unchanged. C) MetaNeighbor-generated cluster similarity heatmap shows that each cluster from 

control samples is more similar to its corresponding cluster in the mutant samples, suggesSng there is no 

large-scale change in cell type across samples.  D) Gene set enrichment analysis (GSEA) results comparing 

all clusters across condiSons. Several top enriched pathways in Lrrk2 mutants are related to mitochondrial 

energy producSon/oxidaSve phosphorylaSon. E) Gene ontology (GO) results comparing all clusters across 

condiSons. Top enriched pathways are related to synapse organizaSon and funcSon, consistent with 

previously described synapSc dysfuncSon in Lrrk2G2019S mutant mice. 

  

Figure 9. Changes in gene expression are observed in PD-implicated DA neuron subtypes in Lrrk2G2019S 

mice. A) GO results comparing each cluster family across condiSons (top 5 enriched pathways shown). 

Several pathways are highly relevant to locomotor behavior and previously described dysfuncSon (such as 

synapSc organizaSon pathways) in Lrrk2G2019S mutant mice. B) GSEA results comparing Sox6 cluster family 

across condiSons. While twenty pathways were posiSvely enriched in mutant Sox6 family clusters (BH-

corrected p-values < 0.05), several addiSonal pathways were enriched in either direcSon using a less 

conservaSve cutoff of p < 0.1. The top five posiSvely and negaSvely enriched pathways with this less 

conservaSve cutoff are shown. Pathway enrichment was similar to global changes, but more pronounced 

in the Sox6 family of clusters. C-E) Results of SynGO analyses for Sox6 family (9C), Calb1 family (9D), or 

Sox6Tafa1 clusters (9E). SynGO-annotated (i.e. synapSc) genes were enriched among DEGs for ventral SNc 

populaSons, parScularly Sox6Tafa1. Of note, among these synapSc genes, Sox6Tafa1 cluster showed much 

heavier enrichment for those localized to the presynapse, which may suggest subtype-specific presynapSc 

funcSon in acceleraSon-corrected subtypes. F) Feature plot of each cell’s associaSon with PD risk loci 

proposed by GWAS as calculated by scDRS scores. Clear differences are observed across clusters. G) Mean 

and 95% confidence intervals for PD GWAS risk (scDRS scores) for each cluster. Sox6 family of clusters are 
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parScularly elevated. H) Average risk scores with 95% confidence intervals among cluster families, as well 

as the combinaSon of clusters Sox6Tafa1 and Sox6Vcan, the two Anxa1-expressing SNc clusters, which showed 

the highest average risk scores. 

 

Supplementary Figure Legends 

Figure S1. Quality control for dataset generaSon. A) Violin plots for each of our 4 samples (post-filtering) 

for each of the four QC metrics used for filtering our datasets. B) Expression pakerns of sex-specific genes. 

All clusters are represented by both sexes. C) Histogram of number of cells ploked by male to female gene 

raSos (scored conSnuously along the x-axis). Three discrete peaks emerge, represenSng cells likely 

originaSng from either sex or those with indeterminate raSos due to technical drop-off in RNAseq reads. 

Similar numbers of male and female cells were observed, as represented by the sums of adjacent bins in 

each of the three marked regions on the x-axis. D) Cluster representaSon from each individual RNAseq 

library. All clusters were represented in all samples. E) Cluster representaSon from pooled control and 

Lrrk2 mutant samples. DistribuSons are roughly equivalent between condiSons, suggesSng no overt 

change in subtype composiSon as a funcSon of genotype. F) Dotplot of expression for glial marker genes 

Mbp and Atp1a2, showing high expression in clusters 16 and 21, respecSvely, indicaSng likely doublets of 

DA neurons and glia. 

 

Figure S2. RepresentaSons of cluster heterogeneity. A) Cluster stability metrics shown as a box plot for 

each cluster. Clusters with lower stability contain cells that more easily collapse into other clusters. Outliers 

(defined as more than 1.5 Smes the interquarSle range (IQR) above the third quarSle or below the first 

quarSle) are shown as circles.  B) Cluster tree displaying evoluSon of clusters when calculated at different 

resoluSons. As resoluSon increases, new levels of heterogeneity emerge, but ulSmately become largely 

stable at higher resoluSons. ResoluSon used for our clustering scheme is highlighted by doked line.  

 

Figure S3. ValidaSng snRNA-seq clusters with Python and published DA clusters. A) Comparison of UMAP 

from Azcorra & Gaertner et al., 202325 and UMAP from Figure 1. A Sankey diagram was created by mapping 

nuclei collected in Fig 1 onto the clusters from Azcorra*,Gaertner* et al., 202325. The sankey diagrams only 

include cell transfers that make up at least 5% of the cluster. B) UMAP representaSon of clusters using 
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Scanpy package on Python and expression of Anxa1 gene. C) Sankey diagram comparing the clustering of 

dataset from Figure 1 using Scanpy and Seurat.  Note, cells in cluster 19 of the Scanpy plot did not transfer 

to one cluster in Seurat with >5% of its total cell count.  

 

Figure S4. Quality control metrics for MERFISH experiments. A-C) Volume, number of features (nFeatures) 

and number of total transcripts counts (nCounts) metrics for each cell idenSfied in MERFISH experiments 

amer quality control. D) Example correlaSon coefficient between total cellular transcripts detected for each 

gene across two experiments and a matrix showing experimental similarity. SpaSal locaSon of corScal 

excitatory (E) and inhibitory (F) neurons show disSnct layering pakerns by MERFISH imaging. G) RelaSve 

expression levels of groups of genes associated with synthesis and secreSon of glutamate (Slc17a6, 

Slc17a7, Slc17a8), GABA (Slc32a1, Gad1, Gad2), dopamine (Slc6a3, Th) and serotonin (Tph2, Slc6a4) 

showcase the mulSlingual nature of the dopaminergic and serotonergic systems. 

 

Figure S5. Clustering of DA neurons idenSfied by MERFISH. A) SchemaSc showing the manual outlining of 

anatomical regions of the ventral midbrain. B) RelaSve proporSons of total DA neurons idenSfied by 

MERFISH distributed throughout the following ventral midbrain structures: substanSa nigra pars compacta 

(SNc), ventral tegmental area (VTA), interfascicular  nucleus (IF), rostral linear nucleus (RLi), caudal linear 

nucleus (CLi), periaqueductal grey (PAG), and retrorubral region (RR). C) Subclustering of DA neurons from 

MERFISH dataset reveals 12 disSnct subclusters. D) Heatmap showing relaSve expression of genes 

associated with dopaminergic character and the top three differenSally expressed genes within each 

cluster idenSfied in c). E) RelaSve expression of genes associated with dopaminergic character (Slc6a3, Th, 

Slc18a2) distributed across DA clusters. F) Midbrain locaSon of clusters idenSfied by MERFISH using the 

manual outlining described in A). 

 

Figure S6. IntegraSng MERFISH with snRNA-seq: A) Overview of MERFISH integraSon with snRNA-seq 

dataset (top). snRNA-seq UMAP space and cluster idenSficaSon were transferred to MERFISH cells by 

idenSfying mutual nearest neighbors (MNN) and assigning a score based on the overlap of neighbor cells 

that share the same labelling (middle). High confidence MERFISH cells (bokom) were idenSfied as those 

that showed a cell similarity score >0.5 (2,298 of 4,399 original DA neurons). B) Sankey plot showing the 

proporSon of cells from MERFISH clustering idenSSes that make up the snRNA-seq clustering idenSSes. 
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Flow chart only includes cell transfers that make up at least 10% of the snRNA-Seq cluster. C) Heatmap 

showing the distribuSon of correlaSon coefficients for each gene in our MERFISH panel. CorrelaSon 

coefficients were found by calculaSng the correlaSon between MERFISH transcript counts vs. Predicted 

(Imputed) transcript counts for the 500 genes used in our panel. The heatmap is made up of 500 columns 

with each column colored to associate with that genes r-value, so it is not a linear plot. The labels point to 

the column represenSng genes associated with major family subdivisions. The minimum correlaSon value 

is -0.189 for Sox6. D-F) Comparison of the transcript detecSon in snRNA-seq dataset, MERFISH dataset and 

imputed gene expression for Gad2, Calb1 and Aldh1a1. SpaSal locaSon of normalized transcript counts 

and imputed data show similar distribuSons (middle). Example representaSons of individual transcripts 

detected by MERFISH in the VTA for each gene (right and inset).  

 

Figure S7. CorrelaSon of MERFISH vs imputed transcript counts for markers of the Sox6 (A) and Calb1 (B) 

families. Expression plots were generated comparing the expression of snRNA-seq (far lem), MERFISH 

(second from lem) and imputed (second from right) transcripts for genes associated with each cluster 

family. Only high confidence cells from the MERFISH experiments were used in these plots figure. 

CorrelaSon plot of MERFISH vs imputed transcript counts (far right) show the strength of imputaSon. 

CorrelaSon coefficients were calculated using only cells with non-zero transcript counts in MERFISH and 

imputed datasets. Each family shows two genes that correlate strongly and two genes that correlate 

weakly, the laker of which may be due to technical limitaSons.  

 

Figure S8. QuanSficaSons of subtypes by anatomic localizaSon. A) Anatomical distribuSon of DA neurons 

colored by cluster family. B) Anatomical distribuSon of DA neurons colored by individual cluster idenSty. 

 

Figure S9. Analysis of differenSally expressed genes and their synapSc localizaSons and funcSonal roles 

using SynGO. A) Volcano plot of differenSally expressed genes across condiSons. Each point is colored 

according to its significance and magnitude of fold change. B) Venn diagram of differenSally expressed 

genes (DEGs) between Sox6 and Calb1 families. C) Mapping of pre- and post-synapSc genes found among 

significant DEGs in Lrrk2G2019S mutants compared to controls for Sox6 family, Sox6Tafa1, and Calb1 family of 

clusters. Bars are colored according to relaSve associaSon with each cellular compartment. D) FuncSonal 

roles of synapSc DEGs in each populaSon in Lrrk2G2019S mutants compared to controls. 
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Figure S10. Comparison of pathway analysis results between Anxa1+ clusters. A) Gene ontology results for 

clusters 4 (Sox6Tafa1) and 11 (Calb1Stac) showing increased significance of pathway changes in Anxa1+ SNc 

neurons compared to an Anxa1+ VTA cluster. 

 

Extended Data: 

Extended data files contain raw differenSal expression analysis results in Excel format. Tabs within the file 

are provided for various comparisons referenced/used throughout the text.  
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