RESEARCH STRATEGY
1. Significance. The prevalence for substance use disorders (SUD) has substantially increased worldwide in the last three decades1. In the United States, 19.7 million people had a reported SUD in 201756. Individuals with SUD suffer increased mental and medical health burdens57, which recently includes significantly higher risk for COVID-1958. Treatments for many classes of addictive substances do not exist. For those that do, there are physiological and logistic barriers that limit efficacy59–62. On my clinical rotations, I encountered too many patients with personal or family histories of SUD who receive care for only medical conditions that arise downstream of the SUD. Proactively identifying and supporting patients susceptible to SUD in addition to improving therapies for SUD would improve the overall health of patients. Therefore, this proposal addresses the critical need to better understand how large segments of the population are predisposed to SUD, identify the molecular equivalents in model organisms for translational research, and move towards more effective treatments for SUD.
The premise of this proposal is that genetic variation in the human population contributes to substance use behaviors. I aim to identify the context-dependent molecular targets for human SUD genetic risk variants, identify the orthologous elements that may be conserved in other primates and rodents, and predict how they might affect different cell types within a key brain region in the reward neural circuit, the nucleus accumbens (NAc).
1.1 What are the cellular contexts of the NAc in addiction? Addiction is a disorder of dopamine reward signaling from the ventral tegmental area (VTA) activating downstream areas, most prominently the NAc12,63,64. In the last four decades, many groups have shown that both human and rodent NAc share organization, anatomy, morphology, histology, immunohistochemistry, neural circuits, and behavioral function65. Until recently, molecular characterization of NAc cell types has been with a handful of genes. Classically, the main NAc neuronal cells, medium spiny neurons (MSN), are equipped with dopamine receptors D1 or D2 to respond to VTA input. They further integrate signals from other areas (prefrontal cortex, amygdala, etc.) to mediate addiction behaviors63–68. More recent works leveraging rodent genetic tools and high-throughput technologies spotlight how other cell types in the NAc like interneurons13,14,68–72 or glia15,73 play roles in substance use and addiction pathogenesis.
1.2 Contexts and complexities of human SUD genetic risk. Twin-studies have shown that risk for SUD is highly heritable3,74,75. Genome-wide association studies (GWAS) for substance use (SU) behaviors have uncovered many loci related to this heritability48,76–78. Each GWAS reports one aspect of addiction behavior (initiation, dose, etc.) from an addictive substance (nicotine, alcohol, etc.). Unlike other GWAS traits with one clear measure like height, the spectrum of SU traits makes the results of addiction-related GWAS difficult to interpret. Yet the apparent lack of consensus risk loci might reveal how complex domains of addiction behaviors are linked to the human genome. Results from my co-first author preprint support this idea, showing that patterns emerging from SU risk loci correlate with epigenomic contexts of various cell types and brain regions, including D1 and D2 MSNs in the NAc42. These results consistently held up whether the epigenomes came from human or orthologs of mouse. More recently, significant efforts have detected numerous GWAS loci for SUD and teased out nuances between genetic risk for SU versus SUD5,50,52–54,79–81. Together, the SU and SUD risk variants provide a sound basis for studying the mechanisms and context-dependent genetic predisposition for addiction.
1.3 Molecular evolution of cell types and their gene usage. Recent advances in single cell or nuclei RNA sequencing (snRNA-seq) reveal molecularly distinct cell populations in the brain, allowing unbiased identification of orthologous cell types across mammalian evolution using highly conserved genes. The few cross-species comparisons find that  human neural cell types defined according to gene expression are largely conserved in primates and rodents82–85. However, Krienen et al. identified a type of primate-specific striatal interneurons not found in rodents85, and Hodge et al. described shifts in gene expression, spatial distribution, and morphology between mouse and humans in otherwise orthologous cell types82. These notable examples raise the question: in which cell types or species do highly conserved genes change their expression levels or relevance to human disease? Using the data from these papers to answer this question will require me to develop new computational tools that account for the 90-million-year evolutionary gap between primates and rodents.
1.4 How could genetic variation modulate substance addiction? The genetic variants measured in SU and SUD GWAS, similar to those from neuropsychiatric GWAS, enrich within intergenic and intronic regions of genes above background. Myself and others find specific enrichment of this signal to be within likely cis-regulatory elements (CREs)—which have a high degree of cell type-specificity and can be conserved across species19,42,86–88. CREs allow one genome to regulate the genes and gene products for all the cell types in the organism, so genetic variants within CREs may alter cell type-specific function. One hypothesis supposes that genetic variants alter transcription factor binding motifs and inhibit the cell’s normal response to a stimulus such as highly addictive drugs89–92. One example tested sporadic Alzheimer’s Disease (AD) genetic risk variants in microglia CREs to show that deletion of the CRE that harbor risk variants blunted gene expression in microglia but not in other cells30. SUD genetic variation could therefore affect an individual’s resiliency to substance use depending on the impact and context of CREs in homeostatic gene regulation, cellular function, or neural circuitry. 
1.5 Conservation of cell type-specific CREs and disease. Animal models of genetic diseases have manipulated the homologs of highly penetrant genes. No such paradigm exists to model lowly penetrant, polygenic human conditions. A challenge has been inability to map CREs between species due to non-coding DNA being less conserved than the 1-2% of the genome that codes for genes. However, the Zoonomia Consortium, in which the Pfenning Lab participates, used alignments of >240 deeply sequenced mammalian genomes to find that 3.1% of bases in human genome is under purifying selection93. This doubles previous records and powers our ability to detect conserved, functional non-coding DNA sequences. Furthermore, this advancement pairs well with single nucleus assay for transposase accessible chromatin sequencing (snATAC-seq) to map cell type activity of CREs across species. Systematically tracing the conserved, active CRE elements of distinct cell types could revolutionize future experimentation to model human polygenic disease; one direction might find human CREs in risk loci and deliver massively parallel guide RNAs targeting the orthologous CREs in transgenic mice with CRISPR interference or activation94 to model high and low polygenic disease risk in vivo.
To summarize, three major challenges must be considered to understand the molecular basis of human genetic predisposition for SUD. 1) The heterogeneity in SUD GWAS genetic risk loci may represent differences in cellular contexts within the NAc in which the variants affect gene expression, 2) The gene expression of human NAc cell types have yet to be compared with model organisms to determine if there is evolutionary cellular specialization, and 3) the CREs of human NAc cell types, which are likely targets of SUD genetic risk variants, have yet to be mapped or compared with model organisms for evolutionary cellular specialization. These considerations suggest the hypothesis—to be tested here—that human SUD risk variants enrich in NAc cell type marker genes and CREs that are conserved in primates and rodents. Although many other brain regions are involved in addiction, practical concerns of acquiring multi-species, multi-region snRNA-seq and snATAC-seq data limit the scope of this study. Extensive functional and behavioral studies of the NAc in human11,95–98 and rodent8,12,65,67,99–101 make the NAc an likely region that could mediate components of SUD genetic predisposition.
1.6 Innovation & Training. My proposal integrates a number of technical and conceptual innovations.
a. Technological innovations: There are no algorithms that can model the molecular evolution at single cell-resolution jointly across multiple species. I will develop novel machine learning methods to do so using single cell gene expression and open chromatin data, incorporating evolutionary relations of species and cells.
b. Conceptual innovations: There are limited information about the cellular context and molecular mechanisms in the NAc on SUD genetic risk variants, and my study will provide critical insight in the role of conserved or recently evolved cell types of the NAc in human genetic risk for SUD. Furthermore, systematic detection of conserved, active CREs in humans and model organisms with single cell epigenomics remains unexplored.
Finally, the aims of this proposal will provide me with an outstanding training opportunity as a physician scientist. Particularly, I will develop expertise in a number of arenas, ranging from machine learning, to single cell genomics, to novel approaches to study complex human disease mechanisms. This proposal, together with the training provided by the CMU-Pitt Computational Biology program and mentorship from my sponsors, Drs. Andreas Pfenning and Ryan Logan, will ideally position me to become an independent physician scientist.
2. GENERAL APPROACH: I initially outline shared strategies that support the hypotheses stated in both Aims.
Single cell datasets. The proposed experiments will use snRNA-seq and snATAC-seq datasets from two rodent and two primate species in the NAc. These datasets, when possible, will come from collected or publicly available sources. I will collect a minority of new snATAC-seq samples from rat and human with guidance from Dr. Jing He, the Stauffer Lab member who generated macaque snRNA-seq and snATAC-seq data41 (Letter of Support).
2.1 Contribution and training opportunity: These results and new data could establish, for the first time, a molecular basis human SUD genetic risk in the NAc. Not only will the data generated by Aim 2a provide me with invaluable training in single cell genomic assays, it will be a rich dataset for comparative genomics and addiction neurobiology, providing single cell-resolution atlases of the NAc to translate human polygenic disease to animal models. The machine learning methods developed in Aim 1b, 2b will provide excellent algorithmic training and provide the novel computational tools to investigate cross-species cellular evolution. These resources will align with FAIR principles of data access as they are disseminated to the wider community (Resource Sharing Plan).
2.2 Scientific rigor and statistical analysis: An N=3 per sex per species powers discovery of cell type-specific genes/enhancers while adjusting for covariates102–104. For reproducibility, I will compare cell type profiles within species and across experimental conditions when multiple, independent datasets are available. I have also collected independent samples towards this goal. I evaluated QC metrics (map rate, % rRNA, periodicity, complexity) and found that our samples are high-quality. The analyses proposed do not allow for sample blinding.
2.3 Aim 1b, 2b: Nested Tree Probabilistic Graphical Model 
Rationale: There is no ideal tool for modeling molecular evolution of gene activity in cell types across species, as the state-of-the-art tool is limited to pairwise comparisons of clusters identified within each species105,106. To overcome this limitation, I will extend and develop a novel nested tree probabilistic graphical model (ntPGM), in which gene expression or putative CRE open chromatin feature within a cell type is modeled as a combination of a cell type hierarchy and a species hierarchy. Figure 2. Organization of the nested tree probabilistic graphical model (ntPGM). The method takes in a hierarchical tree of organisms (left) and brain region. Then it is initialized with a hierarchical tree of neural cell types (right). The model jointly learns cell type-specific and species-specific features of gene expression or chromatin accessibility.

Nested Tree Model: In a hierarchical ntPGM, each connection has a nested overlaying tree model, where a parent species tree overlays a child cell type tree, and every corresponding hierarchical cell type has a link from parent to child (Figure 2). The species tree is pre-defined with known biology. The structure of the cell type tree is preset with a user dendrogram or built in a data-driven manner using hierarchical clustering that enables tuning the resolution of a “cell type”107. 
Parameters & Training: Modeling gene/CRE feature matrix can be viewed as shifts of distributions at each node with parameters capturing changes in Normal/Binomial distributions. The model is parameterized with vectors of delta means/probabilities and delta variances. To optimize, I will use a likelihood cost function weighing both the reconstruction error of the true data in the feature matrix and a Lasso penalty penalizing non-zero parameters108. This penalty encourages a maximum parsimony structure. For example, D1 and D2 MSNs share the marker gene PPP1R1B that is upregulated in both cell types; the ntPGM captures this upregulation as a positive delta at the MSN level, rather than at both D1 and D2 levels. Therefore, gene expression differences that occur hierarchically in species and cell types are represented throughout the structure of the tree. The model optimizes by an efficient Hamiltonian Monte Carlo109 sampling to explore and maximize the likelihood of the parameters with respect to the data and Lasso penalty. Training is parallelized feature-wise across compute resources.
Marker Inference: The feature level of any cell is the sum of the mean/probability vector from each node in the ntPGM along the path to the root. Marker features are selected by choosing the features with largest, significant effect size of a cell type at that cell type’s resolution (neuron or D1). The position in the species tree thereby measures the degree of marker evolution. I will permute cell labels to compute empirical null distributions of model parameters. I will use phylogenetic-aware false-discovery rate110 to identify active or evolving markers. 
3. AIM 1 APPROACH: Identify conserved, active NAc marker genes and relation to human SUD risk loci. 
	Species
	NSample (M/F)
	NCells x1,000
	Sample Prep, Technology
	snRNA-seq Publication

	human
	5 (5/0)
	~13k
	Nuclei, 10X v3
	Tran et al. 202047

	macaque
	2 (1/1)
	~15k
	Nuclei, 10X v3
	He, Kleyman, 202041

	rat
	8 (4/4)
	~7k
	Nuclei, 10X v2
	Savell et al. 2020

	mouse
	6 (2/4)
	~13k
	Cell, 10X v1
	Zeisel et al. 201845

	mouse
	26 (26/0) 
	~1.2k
	Cell, SMARTer or SmartSeq2
	Gokce et al. 201644

	mouse
	9 (9/0)
	~1.2k
	Cell, SmartSeq2
	Stanley et al. 202043

	mouse
	1 (0/1)
	~7k
	Nuclei, 10X v3
	This study, collected


3.1 Rationale: The Pfenning lab, in a joint effort with Dr. William Stauffer (Collaborator Letter), has applied snRNA-seq to deeply profile cellular diversity in the macaque striatum. We found molecularly distinct MSN subtypes from the classical D1 and D2 MSNs that are restricted to the NAc41. Independent studies by another group using snRNA-seq of postmortem human NAc has also identified distinct MSN subtypes that share marker genes with the subtypes we identified47. Whether these findings describe orthologous NAc subtypes and if these cells are novel features evolved in the primate NAc remain unexplored. Nevertheless, these rich primate snRNA-seq datasets and extensively published datasets profiling the rodent NAc43–46,111 set the stage for Aim 1 of this proposal to develop novel computational algorithms and investigate the hypothesis that human SUD risk variants enrich in NAc cell type marker genes that are conserved and remain cell type-specific in primates and rodents.
3.2 Aim 1a, snRNA-seq data analysis: I will gather the processed, annotated NAc cell by gene count matrices from snRNA-seq datasets (above). For each species, I will perform the following steps: remove doublets with Scrublet112, impute dropout with MAGIC113, and depth-normalize with scran114 to overcome the issues of low sampling in snRNA-seq data113,115. For datasets with strong batch effects, I will batch-correct count matrices with bbknn116. I will use the novel multi-resolution clustering tool ACTIONet117 to transfer labels between inconsistently labeled datasets and loosely align clusters between species. I will use the Ensembl gene catalog to subset to genes with 1-1 human orthologs. These processing steps will tune the intra-species data to have hierarchical cell labels present in all species for differential marker gene testing by ad hoc cross-species comparisons using limma-trend119 or systematically with ntPGM (Aim 1b) at a false discovery rate < 0.05. The ad hoc approach will compare the following cell types within and between species: one vs. all, consensus of one vs. one, between terminal cell types, between broader cell types (neuron vs. glia), and between clades (primate-specific). Figure 4. Gene-based LDSC find smoking cessation risk loci enrich for macaque D2 MSNs. Macaque cell types & markers detected in Figure 5.
Figure 3. ntPGM detects marker genes in simulated snRNA data. Precision-recall curves show high performance of ntPGM to detect marker genes of hierarchical cell types at different Lasso parameters and compared to limma-trend (pink).

 3.3 Aim 1b, phylogenetic cell type gene evolution: I will fit a ntPGM to the normalized, imputed, batch-corrected, ortholog-matched count matrices of all four species to identify shared or clade/species-specific events at the gene-level of orthologous cell types, as outlined above. I will compare ntPGM marker gene conservation to the ad hoc differential methods results from Aim 1a.
3.4 Aim 1c, relating marker genes to human SUD: A number of methods120–125 have been published to relate GWAS summary statistics with sets of marker genes while accounting for linkage disequilibrium (LD) structure of a population. I will apply popular tools MAGMA122 and partitioned-LD Score Regression (LDSC)120,121, to determine the cell type(s) enriched by sets of active or diverging genes from the ntPGM or ad hoc approach from Aim 1a. For LDSC, I will take the marker genes’ intronic and proximal intergenic regions to be the foreground to intersect with SUD GWAS loci for enrichment analyses as in Figure 4. 
3.5 Preliminary Results: Figure 3 shows the ntPGM with simulated demonstrating clear gains in marker gene testing compared to limma-trend. Preliminary results of Aim 1b on inhouse macaque snRNA-seq shows ntPGM can capture a nested multivariate experimental design (Figure 5). QC metrics, nuclei capture, library complexity, and sequencing depth were comparable or superior to other published NAc snRNA-seq datasets. In Figure 5a, the ntPGM takes in the hierarchical structure of striatal brain regions and find strong similarities across sub-regions, but also noticeable biological differences (Figure 5b). The cell type hierarchy, inferred from the data, recapitulates known biology of striatal cell types (Figure 5c). In Figure 4, gene-based partitioned LD score regression analyses show non-coding regions of human genes that are orthologous to macaque D2 MSN and astrocyte marker genes are enriched in GWAS variants of Smoking Cessation.
3.5 Anticipated results: I expect to identify the major cell types and marker genes in each species (Aim 1a) and find conserved marker gene expression levels are stably active across primates and rodents (Aim 1b). E.g., finding that D1 and D2 MSN populations identified in individual species and remain marker genes across primate and rodent would indicate that these genes are essential in maintaining the conserved reward circuit. However, they might reveal human- or primate-specific marker genes that would provide insight to understand apparent differences in reward responses between human and model organisms. Additionally, I expect to find human SUD risk variants enriched within and around non-coding regions of marker genes of orthologous cell types (Aim 1c). A finding that SUD risk variants enrich within noncoding regions of conserved, cell type-specific marker genes for would suggest perturbation of local gene regulators, specifically in these cell types, contribute to human genetic risk for substance use. However, Aim 1’s approach is open to the alternate hypothesis that there can be cell type-specific genes that are enriched for human SUD risk variants but are not active across species in that cell type. Such a finding would still prove interesting and study of this cell type could lead to insights into the limits of rodent addiction models to capture the nature of human SUD genetics.Figure 5. Macaque snRNA-seq analyzed with nested probabilistic graphical models. (A) A hierarchy of macaque striatal regions assayed with snRNA-seq based on gene expression, functional, and structural similarity. Here, a tissue tree is used in place of species tree for proof-of-concept for analogous cross-species analysis. (B) Using the pipeline detailed in Aim 1a, single nucleus RNA-Seq clustering are visualized in two dimensions using UMAP. Colors correspond to striatal regions. (C) A hierarchical clustering of cell types recapitulates known biology of cell type similarity (in review) 41.
Figure 6. Collected snRNA-seq from fresh mouse brain. Ctx, NAc, and Str, and sequenced with a MiSeq to demonstrate high-quality libraries and adequate nuclei capture. These data test reproducibility for Aim 1b and show feasibility in Aim 2a.

3.6 Potential pitfalls and alternative approaches: A major limitation of this study is stitching together multiple datasets which confounds species with experimental factors (study, batch, sample preparation, sex, and assay). Including macaque and rat species in cross-species conservation analyses increases the computational power to identify clade-specific evolution. Using only human and mouse could instead find convergent evolution or spurious findings from confounds with species. Conveniently, shared effects across all cells in a species propagate to the cell tree root and species tree leaves, so species-specific events further down cell type tree see fewer effects from confounding. This would not control nonlinear or interactions between confounding effects and cell type. To test accuracy of detecting species and clade-specific marker genes, I will fit a ntPGM in leave-one-out analyses for each of the 4 mouse datasets, validating marker gene predictions in the held-out group. Including my own data will help mitigate concerns about biological reproducibility (Figure 6).
4. AIM 2 APPROACH: Identify conserved, active NAc CREs and relation to human SUD genetic risk. 
	Species
	NSample (M/F)
	NCells x1,000
	Relevant Tissues
	snATAC-seq Publication

	macaque
	1 (1/0)
	~11k
	NAc, Caud, 
	Stauffer Lab, collected

	mouse
	4 (2/4)
	~23k
	NAc, CPu, …
	Li et al. 202055

	human
	6 (3/3)
	-
	NAc
	This study, planned

	rat
	6 (3/3)
	-
	NAc (or CPu)
	This study, planned

	human
	3 (3/0)
	~27k
	Caud, …
	Corces et al. 2020126


4.1 Rationale: The Pfenning lab has made two efforts that build the data and algorithmic foundation for Aim 2 of the proposal. First, lab members41,127 and others27,43,44,46,47,55 generated cell type-specific ATAC-seq or snATAC-seq data in mouse, macaque, and human to study SUD genetic risk. Second, we have developed tools to map 1-1 CRE orthologs across mammals128 using highly accurate multiple genome alignments129–131 from 240+ deeply sequenced genomes93. Recently, I have found that tens of thousands of putative CREs from mouse bulk cell type-specific ATAC-seq42 and preliminary macaque snATAC-seq are conserved, remain active, and have consistent cell type-specificity in humans (Figure 8). More importantly, these human orthologs of CREs, even from rodents, are significantly enriched for SUD risk variants (Figure 9). While these findings lack the breadth and depth of the proposed Aim 2, they enable me to test the hypothesis that human SUD risk variants enrich in primate-conserved or rodent-primate shared cell type-specific CREs.
4.2 Aim 2a, snATAC-seq sample collection: Newly collected rat and human subjects will be sex-matched with specimens in existing datasets (above). N=3 biological replicates per sex in will be collected. Rats will be anesthetized with isoflurane and rapidly decapitated according to approved IACUC protocol TR201900003. Brain sections will be cut in aCSF using a vibratome and the NAc will be rapidly micro-dissected into ice-cold nuclei lysis buffer. I will collaborate with Dr. David Lewis to select postmortem human subjects for snATAC-seq (Letter of Collaboration). Pre-dissected NAc from frozen postmortem human will be thawed on ice in nuclei lysis buffer. Briefly, tissues will be homogenized using a dounce homogenizer in the lysis buffer. Nuclei will be washed, filtered, and isolated with an iodixanol gradient centrifugation. Clean nuclei are resuspended, filtered, and washed in Nuclei Resuspension Buffer (NSB), counted, and incubated with 10X Genomics Tn5 transposases. The 10X Chromium controller will be used to barcode and capture individual tagmented nuclei. Sequencing libraries will be prepared and sent for deep sequencing on an Illumina Novaseq (Genewiz) as in the Stauffer lab. 
snATAC-seq data analysis: I will gather and process NAc snATAC-seq data similar to Aim 1b to generate normalized CRE activity matrices for each species with cell labels aligned across species with changes appropriate for snATAC-seq data. I will align snATAC reads to the respective genomes using Bowtie2132 and remove PCR duplicates. I will input mapped reads into the snATAC analysis multitool ArchR133 to remove doublets, TF-IDF normalize, cluster iteratively, annotate cells with gene-activity scores, call peaks with MACS2134 on pseudo-bulk profiles of each cluster, identify reproducible peaks across biological replicates, generate peak accessibility count matrices, batch-correct with bbknn116, and filter out peaks in exons and promoters to restrict to putative CREs.  I will impute the CRE peak matrix with scOpen135, which is designed for snATAC sparsity and generates a bounded probability matrix of peak accessibility. I will use HALPER128 and 240+ genome alignment93 to pairwise map CREs between species, select 1-1 CRE orthologs in hg38 coordinates, then perform ad hoc cross-species comparisons as in Aim 1a using Cicero136 which has differential accessibility testing for snATAC.
4.3 Aim 2b & 2c Phylogenetic CRE activity & relation to human SUD: I will fit a ntPGM to ortholog-matched CRE accessibility matrices to identify shared or clade/species-specific evolutionary events at the CRE-level in orthologous cell types, as in Aim 1b. I will compare ntPGM CRE markers to ad hoc differential methods results from Aim 2a. Here, partitioned-LDSC120,121 can directly take sets of conserved, active or diverging CREs from the ntPGM or ad hoc differential tests from Aim 1a against a reference of conserved CREs from NAc cell types to identify enrichment in human SUD risk loci while also controlling for biases due to LD in the epigenome.Figure 7. Conserved CREs in primate genomes retain cell type specificity. Cross-species integration of snATAC-seq peaks using 1-1 CRE orthologs between human and macaque. Left plot: macaque snATAC reads in conserved CREs can align unlabeled cells to human cells. Right plot: agreement of cell annotations identified within each species using gene scores of known markers.
Figure 8. Spectrum of conserved D1 CRE between mouse, macaque, and human. Upset plot of D1 CRE peaks from caudate snATAC-seq in one species that is mappable and is a peak in MSN D1 cells of another species (i.e., conserved, active).
Orthologs

4.4 Preliminary Results: Preliminary results on snATAC-seq from mouse, macaque, and human caudate snATAC-seq demonstrate the feasibility of Aim 2a and reveal the complex nature of CRE conservation and retaining cell type-specificity. Only 60-70% of CREs share orthologous DNA between rodents while humans and macaque share >90% of CREs detected in either species. Yet >270,000 CREs can be mapped in all species. Figure 7 shows that non-coding DNA of human and macaque retains sufficient biological signal for unsupervised algorithms to align orthologous cell types using just 1-1 CRE orthologs. Figure 8 shows CREs detected in D1 MSN independently in each species range from being active in all species to active only in one. Figure 9 shows that mouse CREs of D1 and D2 MSNs enriched for human SU risk loci and aid fine-mapping of SNPs in risk loci.Figure 9. Human SU risk loci enrich for mouse CREs in neural cell types. (A) Partitioned LDSC analyses on human CRE orthologs of multiple mouse cell type-targeted ATAC-seq. (B) Fine-mapping SU GWAS variants by intersecting  human NAc NeuN+ ATAC, mouse orthologous CREs, deep learning models of SNP effect, and GTEX striatum eQTL data predicts that one of many variants impact D1/2 MSNs in the SIX3 locus (in review)42.

4.5 Anticipated results: I expect to find sets of CREs conserved between primates as well as sets shared between primate-rodent that remain cell type-specific and be able to associate them to human SUD variants. While Figure 7-9 suggests that Aim 2 will yield rodent-primate shared or primate-specific cell type-specific CREs, I am open to finding that human-specific CREs are more enriched for SUD risk. This would still prove interesting and suggest instead that human-accelerated functional CREs alters molecular resilience to SUD. Results of Aim 2 could establish the first cross-species mapping between cell type-specific CREs that can translate human polygenic disease to model organisms.
4.6 Potential pitfalls and alternative approaches: Given the support of my consultants Drs. Esin Ozturk and Jing He (Letters of Support) and my own experiences with ATAC-seq and snRNA-seq in mouse brain, I do not anticipate major technical challenges to perform snATAC-seq on fresh rat brain. However, if low quality nuclei from human postmortem brain makes snATAC-seq infeasible, then I will pivot the aim to investigate the caudate, which has known roles in addiction11,63,137 (Figure 8) and arguably contains most cell types of the NAc41. I have tested Aim 2’s feasibility on this near-complete caudate dataset, so pivoting to alternate approach will cause no delay. Performing snATAC-seq in the rat caudoputamen would still be innovative and relevant to SUD studies and, importantly, achieve the training goals.
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