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Abstract

Alcohol use disorder (AUD) is characterized by compulsive drinking, which is thought to be
mediated by effects of chronic intermittent ethanol exposure on the dorsal striatum, the input
nucleus of the basal ganglia. Despite significant efforts to understand the impact of ethanol on the

Reprintsand permission infor mation is available at http://www.nature.com/reprints

“Correspondence and requests for materials should be addressed to Seth A. Ament or Brian N. Mathur. sament@som.umaryland.edu;
bmathur@som.umaryland.edu.

AUTHOR CONTRIBUTIONS

BNM and SAA conceptualized the study. MSP, MC-G, and RRC performed experiments. EW, ZJ, BHG, and SAA performed formal
analyses of the data. HRK, MKL, SAA, and BNM supervised the study and acquired funding. EW, SAA, and BNM wrote the original
draft. All authors reviewed and edited the manuscript.

ETHICS APPROVAL AND CONSENT TO PARTICIPATE

Animal studies were performed in accordance with NIH guidelines and were approved by the Institutional Animal Care and Use
Committee of the University of Maryland Baltimore (Protocol # 0522009). The central Veterans Affairs (VA) institutional review
board (IRB) approved the Million Veteran Program study. All relevant ethical regulations for work with human subjects were followed
in the conduct of the study and informed consent was obtained from all participants.


http://www.nature.com/reprints

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuen Joyiny

Wildermuth et al. Page 2

dorsal striatum, the rich diversity of striatal cell types and multitude of ethanol targets expressed
by them necessitates an unbiased, discovery-based approach. In this study, we used single-nuclei
RNA-sequencing (SnRNA-seq; 7= 86,715 cells) to examine the impact of chronic intermittent
ethanol exposure on the dorsal striatum in C57BL/6 male and female mice. We detected 462
differentially expressed genes at FDR < 0.05, the majority of which were mapped to spiny
projection neurons (SPNs), the most prominent cell type in the striatum. Gene co-expression
network analysis and functional annotation of differentially expressed genes revealed down-
regulation of postsynaptic intracellular signaling cascades in SPNs. Inflammation-related genes
were down-regulated across many neuronal and non-neuronal cell types. Gene set enrichment
analyses also pointed to altered states of rare cell types, including the induction of angiogenesis-
related genes in vascular cells. A gene module down-regulated specifically in canonical SPNs was
enriched for calcium-signaling genes and components of glutamatergic synapses, as well as for
genes associated with genetic risk for AUD. Genetic perturbations of six of this module’s hub
genes — Foxpl, Bell1b, Pdel0Oa, Rarb, Rgs9, and /tgrl — had causal effects on its expression in
the mouse striatum and/or on the broader set of differentially expressed genes in alcohol-exposed
mice. These data provide important clues as to the impact of ethanol on striatal biology and
provide a key resource for future investigation.

INTRODUCTION

Alcohol Use Disorder (AUD) is characterized by compulsive intake of alcohol, often
following a chronic, relapsing pattern over many years. AUD affects >5% of the global
population and is associated with enormous medical and economic consequences, including
~140,000 annual deaths from alcohol-related causes in the United States alone [1]. Only
three medications are approved for AUD treatment in the United States, and they each
provide limited efficacy [2]. A more complete understanding of alcohol’s effects in the brain
would lead to the identification of targets for novel, potentially more effective therapies.

The dorsal striatum is a key structure dysregulated in humans with AUD, as well as in
animal models of chronic alcohol intake [3]. The dorsal striatum is the input nucleus of
the basal ganglia, receiving excitatory glutamatergic inputs from the thalamus and cortex,
as well as modulatory dopaminergic inputs from the substantia nigra pars compacta [4].
Outputs from the striatum are funneled through two distinct pathways -- the “direct”
striatonigral pathway and “indirect” striatopallidal pathway -- which have distinct, often
opposing effects on the activity of downstream circuit elements in the pallidum, thalamus,
and other regions [5-7]. GABAergic spiny projection neurons (SPNs) comprise ~95% of
striatal neurons. Molecularly distinct SPN subtypes marked by expression of Dy vs. D5
dopamine receptors form the direct and indirect pathways, respectively. SPNs are modulated
by GABAergic and cholinergic interneurons and supported by humerous subtypes of glia
and other non-neuronal cells.

Alcohol actions on the dorsal striatum are thought to foster the expression of actions related
to alcohol seeking and its compulsive consumption [8]. Ethanol is a highly promiscuous
ligand, and complex, cell-type specific physiological sequelae in dorsal striatum arise
secondary to alcohol exposure [9]. Major neuronal physiological effects of ethanol influence
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glutamatergic synapses, GABAergic synapses, and morphological and intrinsic excitability
[10-18]. Several modulatory transmitter systems in the dorsal striatum are also affected

by alcohol, including brain-derived neurotrophic factor (BDNF) signaling, acetylcholine,
endocannabinoids, opioids, and dopamine [19-23]. Given this complexity, there is a need for
cellular-resolution studies to understand the nature of these diverse effects and the cellular
sources of the expression changes driving them.

Single-nuclei RNA sequencing (SnRNA-seq) has emerged as a powerful strategy to describe
the cell type-specific molecular adaptations associated with exposure to addictive substances
[24, 25], building on prior observations of gene expression differences from mRNA
sequencing of bulk tissue [26-28]. To date, only a few snRNA-seq studies have described
changes in AUD or AUD-related animal models, including studies of the prefrontal cortex,
amygdala, and nucleus accumbens [9, 29-32]. However, to our knowledge, there have

been no published reports describing snRNA-seq of the dorsal striatum from an animal
model of chronic ethanol exposure. Here, using snRNA-seq, we describe cell type-specific
transcriptional changes in the dorsal striatum of mice exposed to chronic intermittent ethanol
(CIE).

METHODS

Animals

Male and female C57BL/6 J mice (4—6 months) were housed with littermates (2-5 per cage)
under a normal 12 h light/dark cycle (lights on at 0900 h, off at 2100 h) with ad libitum
access to food (LabDiet 5010) and water.

Chronic intermittent ethanol (CIE)

Mice were placed in Plexiglass inhalation chambers (60 x 36 x 60 cm) and exposed to
ethanol vapor or air 16 h/day, 4 days a week for a total of 5 weeks. Ethanol was volatilized
by passing air through a tube submerged in 95% ethanol. After 4 days in the inhalation
chambers, mice underwent a 72 h forced abstinence period from ethanol. Control vapor
chambers delivered only air without ethanol vapor. Vapor chamber ethanol concentrations
were monitored daily, and air flow was adjusted to produce ethanol concentrations within
1.8-2.0% ethanol content measured by a digital alcohol breath tester (FFtopu). These
conditions produce stable blood ethanol concentrations in C57BL/6J mice ranging from
150-200 mg/dl [33]. The alcohol dehydrogenase inhibitor pyrazole (1 mmol/kg, i.p.) was
injected daily in both control and ethanol treated mice during weeks 4-5 to stabilize blood
ethanol concentrations, as alcohol dehydrogenase function is upregulated following 3-weeks
of CIE treatment [33].

Tissue collection

Brains were collected in the morning (~10 AM), exactly 3 days (72 h) after the final
exposure to vaporized ethanol (or air) following previously established methods to ensure
that ethanol was fully metabolized [17]. Mice were sacrificed by rapid decapitation and
brains were immediately removed for tissue collection. The dorsal striatum (AP: +1.3 - 0.3
from bregma) was dissected from a 1 mm coronal section cut from a mouse brain mold [8].
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Left and right hemispheres were pooled and flash frozen in crushed dry ice. The tissue was
stored at —80 °C until further processing. Our primary, discovery dataset included sixteen
C57BL/B6 mice equally divided between male and female. Each of our replication datasets
included 8 mice equally divided between male and female.

Isolation of cellular nuclei and single-nuclei RNA sequencing (SnRNA-seq)

Distinct nuclei isolation protocols were used in the discovery dataset and in each of two
batches that comprise the replication dataset. For the discovery dataset, cellular nuclei
were isolated from frozen dorsal striatal tissue following a 10x Genomics Demonstrated
Protocol (CG000124.RevE) with madifications. Tissue was homogenized in 150 pL lysis
buffer for nuclei extraction. To remove cellular debris and large clumps, an lodixanol density
gradient was used. An 8.5% iodixanol (OptiPrep™ Density Gradient, Millipore) buffer
serves as a cushion to remove membranes at 1000 x g/10 min at 4 °C. Clean nuclei were
collected in the pellet. Propidium iodide was used to determine the nuclei concentration
using a MoxiGoll bench cytometer (Orflo), and nuclei aggregation and clumping were
evaluated under 60x magnification in a fluorescent microscope and brightfield. Nuclei
from one male mouse and one female mouse of the same ethanol treatment group were
pooled. Approximately 20,000 nuclei per pooled sample were loaded into a Chromium
X microfluidics controller (10x Genomics, Pleasanton, CA). 10x Genomics NextGEM
3’ GEX sequencing libraries were prepared from each sample following manufacturer’s
instructions and sequenced to a depth of ~50,000 raw reads per cell on a NovaSeq6000
sequencer (Illumina).

For both batches in the replication dataset, nuclei were isolated from frozen brain tissue
following a published protocol with our slight modifications [34, 35]. Briefly, frozen brain
tissue was disaggregated by pipetting up and down in chilled extraction buffer consisting
of Poly(1-vinylpyrrolidone-co-vinyl acetate) (Sigma #190845), 0.1% TritonX-100, and 1%
bovine serum albumen (BSA) in dissociation buffer (DB; 82 mM Na2S04, 30 mM K2S04,
10 mM Glucose, 2.5 mM MgCl2,10 mM Hepes pH7.4, and RNase inhibitor [Protector,
Roche]). Pellets containing nuclei were resuspended in DB and filtered with 70 and 40 um
strainers. To separate nuclei from debris, the nuclei suspension was mixed in a 25% (final)
iodixanol layer over a 27% iodixanol cushion, followed by centrifugation (13000 g x 20
min, 4 °C), then nuclei were washed twice in DB. In the second replication dataset, nuclei
were labeled with sample-specific oligonucleotide tag using CellPlex reagents, following

a validated protocol (CG000391). Finally, nuclei were counted using a MoxiGoll (Orflo)
cytometer, and the concentration was adjusted to 365 nuclei/ul in phosphate buffered
saline with 2% BSA. 17,000 nuclei were loaded in each well of a Chromium Controller
(10x Genomics). Nuclei from four male and four female mice were pooled in each

sample. Sequencing libraries were prepared using NextGEM 3" Gene Expression reagents
(10x Genomics), following manufacturer’s instructions and sequenced on HiSeq4000
(Replication Batch 1) and NovaSeq6000 (Replication Batch 2) sequencers.

snRNA-seq data analysis

The discovery and replication datasets were analyzed separately because we found that
this approach led to the most precise cell clustering and because the distinct pooling
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strategies necessitated separate downstream analyses of differential gene expression. In each
dataset, genome alignment (mm 10), cell calling, and read counting were performed with
cellranger count (v7.1.0), Doublets were detected and removed via scDblFinder [36]. Cells
then underwent standard quality control and gene expression data processing with Seurat
[37]. Cells with a minimum of 500 reads, no more than 5000 reads, and <20% of reads from
mitochondrial genes were selected for initial inclusion. Integration was accomplished using
Seurat’s SCTransform() pipeline, using 3000 features as integration anchors. Cell clusters
were obtained via Louvain clustering (resolution = 0.5) of a shared nearest neighbors

graph derived from the first 30 principal components of the integrated data. We applied
Uniform Manifold Approximation and Projection (UMAP) to visualize the clusters on two-
dimensional plots. We assigned clusters to major cell types based on established markers.
Neuronal and non-neuronal subtypes were then separated, and the same dimension reduction
and clustering procedures were completed within each grouping to refine subtype clustering
and identification, then recombined these results to produce the final cell annotation. At each
step, cell clusters with mixed markers were dropped, as these most likely represent doublets.
The primary clustering analysis revealed heterogeneity within the eSPN population. To
further evaluate eSPN subtypes, we integrated the combined eSPNs from the discovery

and replication datasets using Harmony, followed by Louvain clustering with Seurat (30
Harmony dimensions, resolution = 0.3) [38].

As noted above, library preparation and sequencing were performed using pooled cells from
male and female mice. We demultiplexed the male vs. female cells within each pooled
sample based on the universally expressed female-specific marker gene Xist. First, we
performed zero-preserving imputation of read counts with ALRA [39] to reduce dropouts.
Then, cells with normalized Xistexpression values greater than the median were assigned as
female, and cells with expression values below the median were assigned as male. In most
cell types, we were able to validate that Y chromosome genes were expressed much more
highly in cells assigned as male, though the low expression of Y chromosome genes made
this difficult to evaluate in rare cell types. We note that as with all multiplexing strategies

a small proportion of cells are ambiguous, and in this case cells with low read counts tend

to be called as male by our algorithm. This was accounted for by performing batch effects
corrections on pseudobulk counts prior to performing downstream analysis and by including
an effect of sex in the differential gene expression analysis (see below), and we believe it has
minimal impact on our estimates for the effects of ethanol exposure. However, estimates for
the main effects of sex are not presented, as these may be unreliable due to the bias toward
lower read counts in cells assigned as male.

Effects of ethanol exposure on differential gene expression in each cell type were calculated
using negative-binomial generalized linear models implemented with edgeR [40], based on
the pseudobulk read counts pooled from all the cells of each cell type in each mouse.
Pseudobulk analysis avoids anticonservative p-values that have been encountered in models
that treat individual cells as the unit of replication [41]. The first step of our analysis using
pseudobulk counts was to assess the proportion of variance explained by CIE exposure, sex
differences, batch differences, and residuals, using the variancePartition R package. Non-
neglible batch differences were found in the discovery dataset. Therefore, we used ComBat-
seq [42] (implemented in the sva R package) to adjust for batch effects across eight sample
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processing batches, corresponding to a male batch and female batch for each day on which
samples were processed. We evaluated with variancePartition that this approach reduced
batch effects and boosted the proportion of variance explained by CIE exposure. Samples
for each of the two replication datasets were processed separately, so no batch correction
was performed. We filtered out genes with very low expression in the batch-corrected,
pseudobulk read counts (minimum total reads = 15, including a minimum of 3 counts in one
sample). We then fit the counts to a quasi-likelihood generalized linear model and estimated
the effects of ethanol using the gImQLFit() and gImQLFTest() functions from the edgeR R
package, treating sex as a covariate. In the discovery dataset, we also analyzed sex-specific
effects of CIE using post hoc contrasts. Differential gene expression analysis was performed
separately in each dataset and cell type. We then performed meta-analyses using the sum

of weighted z-scores, where the weights were proportional to the number of cells of each
cell type within each dataset. A “replication meta-analysis” was performed to combine the
two replication datasets to obtain the replication results. A meta-analysis combining all of
the discovery and replication datasets was used to produce the p-values used in downstream
analyses. If a cell type was represented by fewer than 100 cells in a dataset, that dataset

was excluded from the meta-analysis. A significance threshold was set globally across all
cell types at a False Discovery Rate (FDR) < 5%. P-values from the meta-analysis were
used in downstream analysis. For analyses that required fold change estimates, we used

the fold changes from the discovery dataset. For comparisons of differentially expressed
genes across cell types, we further filtered out genes that had 10-fold higher expression in
another cell type, based on pseudobulk counts per million. This filter was intended to reduce
false-positive correlations between cell types due to ambient RNA.

Gene set enrichment analysis

Gene sets from Gene Ontology, SynGO, and KEGG were downloaded from the Enrichr
database (https://maayanlab.cloud/Enrichr/#libraries) on December 6, 2023. For gene set
enrichment analyses of cell type differentially expressed genes, we applied the geneSetTest()
function from the limma R package to test enrichments among up- and down-regulated
genes (separately) from each cell type [43]. For gene set enrichment analysis of gene
co-expression modules we tested for enrichment using Fisher’s exact tests. For visualization
purposes, we calculated Cohen’s kappa to compare gene sets and plotted only those terms
for which no term with k > 0.5 had a stronger p-value.

Gene co-expression networks

Gene co-expression modules in spiny projection neurons were identified via an imputation
and clustering procedure, with slight modifications from our published work [44]. We
started from the read counts in 8535 dSPNs, iSPNs, and eSPNs from our snRNA-seq of
four mice processed on the same day (discovery dataset in Table S1; one per sex per group).
Selecting cells from a single processing batch was intended to reduce technical variation
among the samples. We removed genes with read counts in fewer than 3% of these cells.
Read counts were imputed with ALRA to improve correlation structure in the data, followed
by normalization as counts per million, log-transformation, zero-centering, and scaling to
unit variance. Next, we performed k-means clustering using the kmeans() function in R with
k =50, Lloyd’s algorithm, 10 starts, and up to 10,000 iterations. Finally, the clustering
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results were refined by merging clusters whose centroids were strongly correlated (Pearson’s
r > 0.7) and by removing genes that were weakly correlated with the centroid of the

module to which they had been assigned (r < 0.3). We tested for enrichment of modules
among differentially expressed genes using Fisher’s exact tests, using a lenient differential
expression threshold (P < 0.01) to improve statistical power. Hub genes were identified by
ranking each module’s genes by their correlation with the module centroid (kCentroid). All
of these analyses of network structure were performed in the training data to avoid technical
correlations associated with batch. We evaluated network preservation statistics to validate
that gene co-expression modules identified in a subset of the dataset are preserved in the
remainder of the data. We scored the expression of modules across our entire ShARNA-seq
dataset using the addModuleScore() function in Seurat. Using these module centroid scores,
we tested that each module’s hub genes are preserved across batches; i.e., whether the same
genes are the most strongly correlated with the module’s centroid in each batch. In addition,
we tested that the strength of the correlations between each module’s centroid and its hub
genes were similar across batches. We also used module centroids applied to the entire
dataset to visualize the expression of modules across cell types and groups.

Spatial transcriptomics

Spatial transcriptomics experiments were performed with the CosMx Spatial Molecular
Imager (NanoString, Seattle, WA), using the 1000-gene Mouse Neuroscience Panel to
validate the cell type-specificity of differentially expressed genes and modules. The
forebrain of an 8-week old, male mouse was formalin-fixed, coronally cut into 5 mm slices
and placed in cassettes for paraffin-embedding. These formalin-fixed paraffin embedded
(FFPE) blocks were sectioned on the microtome, where 5 um FFPE scrolls were cut,

then transferred to a RNAse-free molecular grade water bath. Floating sections were
placed on a microscope slide, processed, and imaged following manufacturer’s instructions.
Initial image processing, including cell segmentation and read counting, were performed
with AtoMx (NanoString). Cell clustering was performed with Seurat using 49 principal
components -- excluding the first principal component, which was strongly correlated with
the number of UMIs — and Louvain clustering at a manually-determined resolution of 1.0.
Clusters were annotated to known cell types by comparison to cell type markers from
SnRNA-seq. Of 131,548 cells called by AtoMx, 11,663 were excluded as likely doublets in
clusters with mixed markers, and downstream analyses were performed with the remaining
119,885 high-quality cells. Spiny projection neurons were sub-clustered with Seurat (5
principal components, resolution = 0.5) to evaluate their spatial distribution within the
striatum. Cell type-specificity of DEGs (from snRNA-seq) was examined by plotting their
expression on UMAPs, violin plots, and spatial expression plots. Cell type-specificity for
modules by scoring their expression in each cell using the AddModuleScore() function from
Seurat.

Integration with results from genome-wide association studies (GWAS) of alcohol use

disorder

We used GWAS summary statistics from Kember et al. to test whether differentially
expressed genes and gene networks in CIE-exposed mice were associated with genetic risk
for AUD [45]. We performed MAGMA [46] gene property analyses to test whether up-
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and down-regulated genes in each striatal cell type were enriched at AUD risk loci. We
performed MAGMA gene set analyses to test whether SPN gene co-expression modules
were enriched at AUD risk loci.

Analysis of mRNA-seq from the striatum of mice heterozygous for module M43 hub genes

RESULTS

Wang et al. performed mRNA-seq of striatal tissue from six-month-old heterozygous
knockout mice and wildtype littermate controls for 52 genes (7= 3 male and 7= 3 female
mice per genotype) [47]. Details of their study design are contained in the original paper.
The genes investigated by Wang et al. were selected based on their expression patterns

in the striatum of Huntington’s disease knock-in mice. Seven of the genes overlapped
Module M43 from our gene co-expression analysis, enabling us to test the hypothesis that
each genetic perturbation causally regulates the expression of genes in Module 43. We
downloaded the mMRNA-seq read counts and sample metadata (GSE149900). We computed
differential gene expression in each heterozygous genotype compared to wildtype controls
using voom/limma, treating sex as a covariate [48]. We applied multiple metrics to evaluate
the relationship between heterozygous knockout (HetKO) conditions and the effects of CIE.
We used Fisher’s exact tests to evaluate whether the up- and down-regulated genes in each
knockout line (FDR < 0.05) were enriched among the genes in M43, as well as among

the broader set of differentially expressed genes. We used the moduleEigengenes() function
from WGCNA to score M43 activity in each sample. We tested correlations between the
log(fold change) responses to HetKO vs. CIE.

A single-cell genomic atlas for the effects of chronic ethanol exposure in the dorsal

striatum

Chronic Intermittent Ethanol (CIE) is a widely used paradigm to model the effects of
moderate to heavy alcohol consumption [33, 49, 50]. Previous studies have shown that CIE
and related paradigms lead to cell type-specific physiological changes in striatal neurons,
but the molecular mechanisms remain poorly understood. To gain insight, we performed
10x Genomics single-nuclei RNA sequencing (SnRNA-seq) in the dorsal striatum of four-
month-old C57BL/6J mice that had undergone five weeks of CIE, compared to age- and sex-
matched controls (Fig. 1A, B). We used a two-stage meta-analysis to discover and replicate
effects of CIE. In our discovery dataset, we sequenced nuclei from n= 8 CIE-exposed

mice and 8 controls (/7= 4 male and female mice per group), yielding 70,934 high-quality
cells (31,225 CIE, 39,709 controls). In our replication dataset, we performed snRNA-seq

of pooled samples from 8 additional CIE-exposed mice and 8 controls, yielding 15,781
high-quality cells. The lower number of cells in the replication dataset is expected due to the
pooling strategy. Data quality metrics are shown in Table S1.

Cells in each snRNA-seq dataset were clustered and assigned to 12 cell types based

on established cell type markers (Fig. 1C, D; Figs. S1, S2; Tables S2, S3). Neuronal
subtypes included direct pathway spiny projection neurons (dSPNs; Drd1+), indirect
pathway spiny projection neurons (iSPNs; Drd2+), atypical spiny projection neurons
(termed “eccentric”, eSPNs; Otfof+), cholinergic interneurons (IN-Chat; Chatt), parvalbumin
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interneurons (IN-PV; Gad1+, Kit+), and somatostatin interneurons (IN-Sst; Gadl+, Sst+).
Non-neuronal cell types included astrocytes (S/cZ1a3+, Rorb+), oligodendrocytes (Mog+,
Aspat), oligodendrocyte precursor cells (Pgdfrat, Coll11a1+), mural cells (&, Pgdfrbt),
endothelial cells (F/t1+, Slcola4+), ependymal cells (Rsph1+), and microglia (Cx3Cri1+,
ClIget). eSPNs are a heterogeneous population represented by two distinct clusters on the
UMAP (Fig. 1C). The two major eSPN subtypes, marked by Cnr1/Otofand Grm8/Chst9,
respectively, were present in roughly similar proportions in the discovery and replication
datasets (Fig. S3).

We characterized differentially expressed genes (DEGS) in CIE-exposed vs. control animals
using a conservative pseudobulk approach. Batch differences were identified in the
pseudobulk counts, and removing batch effects with ComBat-seq boosted signal (Fig. S4).
In our discovery dataset, we found 497 cell type specific DEGs at a False Discovery Rate
(FDR) < 0.05. DEGs were identified in all cell types, yet the vast majority were detected in
SPNs, with 176, 92, and 135 DEGs in dSPNs, iSPNs, and eSPNs, respectively, compared to
fewer than 30 DEGs in all other cell types (Fig. 2A; Fig. S5; Table S4).

In our replication dataset, we found 460 cell type specific DEGs at FDR < 0.05, and again
DEGs were detected primarily in SPNs (Fig. 2A, middle; Tables S5-S7). We note that
some genes had unusually large fold changes in the replication dataset, which may relate to
inflation of effect sizes in this relatively small dataset or to the effects of pooling. 37 DEGs
were reproducible at FDR < 0.05 in both the discovery and replication datasets (more than
expected by chance: Fisher’s exact test, odds ratio = 33.9, P= 6.2e-50). In addition, 141 of
the 497 DEGs from the discovery dataset replicated at a nominal p-value < 0.05. Notably,
most of the highly-reproducible DEGs were down-regulated in both dSPNs and iSPNs, with
somewhat stronger p-values but similar fold changes in dSPNs (Fig. 2B). Most of these
genes were differentially expressed specifically in SPNs and not in other striatal cell types
(Fig. 2C).

We also analyzed the effects of CIE in males and females separately. Since cells from male
and female animals were pooled in each sample, this analysis relied on demultiplexing

the male and female cells in each sample based on the expression of the female-specific
transcript Xist. We validated this strategy by confirming that a Y chromosome transcript,
Uty, was expressed more highly in cells determined to be male than in those determined

to be female (Fig. S6). We then analyzed sex-specific effects of CIE using post hoc
contrasts in edgeR. Sex-specific DEGs (FDR < 0.05) were detected primarily in SPNs (Table
S8), consistent with our analyses of the two sexes combined. Interestingly, we detected
substantially more DEGs in dSPNs and iSPNs from males than from females (Fig. S7).
Comparing the fold changes of DEGs suggested that the effects of CIE were usually in

the same direction in both sexes, but the magnitude was often larger in males than females
(Figs. S7-S9). By contrast, in eSPNs we detected similar numbers of DEGs in males and
females and the fold changes were similar (Fig. S7). Despite these differences in magnitude,
we detected very few effects of CIE that were truly sex-specific, and statistical power was
generally stronger when the two sexes were combined.
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We applied a threshold-free approach, rank-rank hypergeometric overlap (RRHO) [51], to
evaluate the reproducibility of differential expression patterns in specific cell types. This
analysis revealed significant reproducibility of differential expression ranks (FDR < 0.05)
in dSPNs, iSPNs, eSPNs, IN-PV, astrocytes, and OPCs, again with the strongest effects

in SPNs (Fig. 2D). We note that three rare cell types — endothelial cells, mural cells,

and cholinergic interneurons — were detected too infrequently in the replication dataset
(fewer than 100 cells each) to be included in these analyses of reproducibility, though each
displayed intriguing effects in the discovery dataset.

We performed a meta-analysis across the discovery and replication datasets (both sexes)

to obtain a final list of differentially expressed genes. In the meta-analysis, we detected

462 DEGs at FDR < 0.05, including 248, 82, and 94 DEGs in dSPNs, iSPNs, and eSPNSs,
respectively, and ten or fewer DEGs in each of the other cell types (Fig. 2A, right; Table
S9). We note that artifacts from ambient RNA, doublets, or mis-clustering can cause certain
highly-expressed genes with variable expression across cell types to appear as common false
positives in SnRNA-seq differential expression analysis. One example is Ptgds (Fig. 2C). We
flagged 76 DEGs that had >10-fold higher expression in another cell type as likely false
positives (Table S9) and excluded them from downstream analyses. We also note that our
meta-analysis technique does not produce a fold change estimate. Our downstream analyses
used p-values from the meta-analysis alongside fold changes from the discovery dataset.

Shared vs. cell type-specific effects of ethanol exposure across striatal cell types

Next, we performed gene set enrichment analyses to characterize the functional categories
perturbed in each cell type, and we compared these effects across cell types. We used a
threshold-free algorithm, limma’s geneSetTest [43], which enabled us to find significant
gene sets even for cell types in which few individual DEGs were detected. These analyses
revealed both cell type-specific gene sets enriched for up- or down-regulated genes, as well
as gene sets that were dysregulated in multiple cell types (Fig. 3; Table S10).

Amongst the more cell type-specific effects, we found that synapse-related gene sets,
including components of glutamatergic synapses and genes involved in axon guidance were
down-regulated primarily in SPNs: Glutamatergic Synapse (KEGG) in dSPNs, P= 6.3e-3;
in iSPNs, P=6.8e-3; Axon guidance (GO:0007411), in dSPNs, P = 2.5e-4, in iSPNs, P

= 9.2e-9. Down-regulated components of glutamatergic synapses in dSPNs (FDR < 0.05)
included the synaptic scaffolding protein Homer1, the voltage-gated calcium channel subunit
Cacnala, and the glutamate receptor subunits Grmb, GrikZ, and Gria4. In the adult brain,
many axon guidance genes help maintain synapses. Down-regulated genes annotated to this
pathway included Reln, Uncbc, and Plxnal, amongst others. These results suggest a specific
vulnerability of spiny projection neuron synapses to CIE.

We also found cell type-specific effects of ethanol exposure in endothelial cells, including
enrichment of endothelial cell DEGs for genes involved in the regulation of cell population
proliferation (GO:0042127, P= 1.3e-6). Differentially expressed genes in this category
(FDR < 0.1) included the Notch effector HesI (down-regulated, unadjusted P = 2.9e-5), as
well as 7gfb2, which encodes transforming growth factor-beta 2 (up-regulated, 2= 6.0e-5).
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Endothelial cells are the major cell type of blood vessels in the brain, so we speculate that
these changes may relate to the effects of ethanol exposure on angiogenesis [52-54].

Several categories of genes were dysregulated across multiple cell types. For instance, at
FDR < 0.1, components of ribosomes (KEGG, “Ribosome”) were enriched for differential
gene expression in eight cell types. Genes involved in the regulation of transcription by
RNA Polymerase 11 (GO:0006357) were up-regulated in astrocytes, oligodendrocytes, and
endothelial cells. Genes involved in mitochondrial ATP synthesis-coupled electron transport
were down-regulated in astrocytes, OPCs, and oligodendrocytes but up-regulated in dSPNs.
These results suggest complex effects of CIE on the regulation of transcriptional and energy
metabolism.

We studied the fold changes of individual DEGs across cell types to gain further insight

into these shared vs. cell type-specific effects. First, we calculated the correlations of fold
changes across all DEGs. This analysis revealed strongly correlated effects of CIE in dSPNs
and iSPNs (Pearson’s r = 0.86, P=7.3e-89; Fig. 4A), and 53 genes were differentially
expressed at FDR < 0.05 in both subtypes (Fig. 4B). A biplot revealed that nearly all DEGs
had similar effect sizes in both of these SPN subtypes (Fig. 4C). Fold changes in eSPNs
were somewhat more modestly correlated with fold changes in dSPNs (r = 0.56) and iSPNs
(r = 0.54), and there were only 7 DEGs in common amongst all three SPN subtypes. Biplots
confirmed a mix of shared and subtype-specific effects when comparing eSPNs to the
canonical SPN subtypes (Fig. 4D, E). We also found more modest, positive correlations in
fold changes in other cell types, reflecting the shared functional categories described above.
Across all pairs of cell types, the median correlation coefficient among DEG fold changes
was r = 0.29 (Fig. 4A).

We generated spatial transcriptomics data with the NanoString CosMx platform to validate
the cell type-specificity of DEGs. We assayed the spatial expression patterns of 1000 genes
in a coronal section from the mouse forebrain, including many brain cell marker genes and
12 of the top DEGs identified in SPNs (FDR < 0.01). Clustering of 119,885 high-quality
cells identified clusters corresponding to 13 neuronal and non-neuronal cell types (Fig. S10;
Table S11), including 15,862 SPNs (Fig. S11; Table S12). We confirmed that all 12 of

the DEGs included in the CosMx panel were expressed robustly in SPNs, with variable
expression in other neuronal and non-neuronal populations (Fig. S12).

Dysregulation of synaptic and neuroinflammatory gene networks in spiny projection

neurons

We performed a gene co-expression network analysis to further characterize the effects of
ethanol exposure. We analyzed gene-gene correlation structure specifically within SPNs
since they had the largest transcriptional responses. k-means clustering of SPN gene
expression profiles revealed 45 modules of co-expressed genes (Fig. 5A; Table S13). We
confirmed that these modules were reproducible in multiple independent batches of cells
within our dataset (Fig. S13). Projection of the modules into our entire sSnRNA-seq and
CosMx spatial transcriptomics datasets revealed varied patterns of specificity to SPNs and
other striatal cell types (Figs. S14-S16). We prioritized CIE-related modules by testing
each module’s over-representation among differentially expressed genes in CIE vs. control
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animals (Fig. 5B; Table S14). This analysis again focused on SPNs, but we also tested for
over-representation among DEGs in other cell types to determine whether some effects of
CIE may be broader.

Three modules (M29, M43, and M26) were over-represented among genes down-regulated
in SPNs (Bonferroni-adjusted p-value < 0.01) with little evidence of differential expression
in other cell types. M29 displayed similarly strong associations with CIE in the three SPN
subtypes (dSPNs, iSPNs, and eSPNs), whereas M43 was primarily associated with DEGs in
canonical SPNs (dSPNs and iSPNs) and M26 was most strongly associated with DEGs in
eSPNs. The ten most strongly differentially expressed genes in each of these modules are
shown in Fig. S17. These modules were enriched for genes with neuron-specific functions
(Table S15). M29 was enriched for genes in the transmembrane receptor protein tyrosine
kinase signaling pathway (7 genes, OR = 5.5, un-adjusted P = 5.2e-4), including the BDNF
receptor Nirk2 (also known as trkB). M43 was enriched for genes in the calcium signaling
pathway (11 genes, OR =11.1, P= 3.0e-8) and other genes localized to glutamatergic
synapses (9 genes, OR = 12.4, P= 2.1e-7), including components of voltage-gated calcium
channels (Cacnb2, Cacna2d3), glutamate receptors (Grid2, Grmb5, Gria3), and the cCAMP
signaling cascade (e.g., Pdel0a, Pde7b, Adcy5, Rgs9). M26 was enriched for a variety of
genes localized to neuron projections (43 genes, OR = 3.1, P=2.9e-9), including axon
guidance genes (18 genes, OR = 4.1, P= 3.1e-6; e.g., Semaba). These results support

that chronic alcohol exposure leads to SPN-specific down-regulation of numerous synaptic
components and related genes.

Module M8 was enriched for down-regulated DEGs in all three SPN subtypes, as well as in
nearly all other neuronal and non-neuronal cell types in the striatum. M8 was most strongly
enriched for genes involved in cytokine-cytokine signaling interactions (10 genes, OR = 7.4,
P=5.5e-6), as well as other genes involved in the regulation of inflammatory responses (10
genes, OR = 3.9, P=6.4e-4). These results suggest that chronic alcohol exposure leads to

neuroinflammation-related transcriptional changes that impact most or all striatal cell types.

Two modules (M24 and M18) were enriched for up-regulated DEGs. M24 was up-regulated
primarily in dSPNs, whereas M18 was up-regulated primarily in eSPNs. Both of these
modules were comprised of genes with rather diverse functions. Functional enrichments

for M24 included sequence-specific DNA binding (27 genes, OR = 2.3, P=1.7e-4), but
also actin cytoskeleton (19 genes, OR = 2.1, £=0.004) and inorganic ion transmembrane
transport (16 genes, OR = 2.2, £=10.005). Functional enrichments for M18 included
regulation of cell migration (13 genes, OR = 3.0, £=0.001) and calcium ion binding (10
genes, OR = 3.2, P=0.002). Thus, CIE was associated with diverse transcriptional effects
that were relatively subtle and cell type-specific compared to down-regulated processes.

Associations of CIE-related genes with genetic risk for alcohol use disorder and
prioritization of drug targets

We evaluated the disease relevance of differential gene expression patterns in CIE-exposed
mice via comparisons to genetic studies of human alcohol use disorder (AUD). We analyzed
summary statistics from a published genome-wide association study (GWAS) of AUD cases
and controls in the Million Veteran Program [45, 55], using MAGMA to test for overlap
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of AUD risk genes with cell type-specific DEGs and gene co-expression modules. Twenty-
six of the DEGs in CIE-exposed mice had nominally significant GWAS p-values < 0.05,
including six with a study-wide false discovery rate < 5% (adjusting for multiple testing
across 208 DEGs with GWAS results; Fig. S18A,; Table S16). We found significant overlap
(FDR < 0.1) of AUD risk genes with genes up-regulated in eSPNs (MAGMA: beta = 0.03,
P =8e—4) and astrocytes (beta = 0.02, P= 2.8e-3; Table S17), with the strongest shared
associations to the sodium/calcium exchanger SLC8A3 (GWAS: P= 4.9e-3; snRNA-seq:
logFC in eSPNs = 0.82, A= 7.6e-6) and the transcription factor NFATCI (GWAS: P=1.3e-
5; snRNA-seq: logFC in astrocytes = 0.55, £=7.9e-3). In addition, we found a significant
overlap of AUD risk genes with genes in module M43 (beta = 0.20, A= 0.002; Table S18).
Fourteen of the 108 genes in module M43 had nominally significant associations both with
AUD risk and CIE differential expression: INOSOE, PLCBI1, PRKCB, HS65T73, NEGRI,
CALNI, BCL11B, NRG1, ROBOZ, LRRC7, PARD3, DCC, ATXN1, and PDE10A. Thus, a
subset of DEGs in CIE-exposed mice may contribute to risk for AUD.

Hub genes of gene co-expression modules are candidate drug targets because their
perturbation frequently has causal effects on gene expression and on downstream
physiological and behavioral traits. We focused on module M43, owing to the convergent
evidence from its dysregulation in CIE-exposed mice and its association with genetic risk for
AUD. We tested causal roles for seven M43 hub genes using publicly available mRNA-seq
of bulk striatal tissue from six-month-old heterozygous knockout (HetkO) mice [47]. The
tested genes included four transcription factors (Bcl/11b, Foxpl, Rarb, and Zswim®6), as well
as Pdel0a, a phosphodiesterase, Rgs9, a negative regulator of G-protein signaling, and /fpr1,
encoding the inositol 1,4,5-trisphosphate receptor type 1, a calcium channel localized to the
endoplasmic reticulum. We evaluated the effects of these genes by four metrics: (i) overlap
of HetKO-associated DEGs (Table S19) with genes in M43 (Fig. 6A; Table S20); (ii) overlap
of HetKO-associated DEGs with the broader set of CIE-associated DEGs (Fig. 6A; Table
S20); (iii) Coordinated up- or down-regulation of the M43 eigengene and of its component
genes (Fig. 6B, C); and (iv) correlations between the fold change in HetKO vs. wildtype
mice compared to the fold change in CIE vs. control mice (Fig. 6D). HetKO for six of the
seven hub genes (all but Zswimé6) was significantly associated with at least one of these
metrics. Interestingly, we observed bidirectional effects. HetkKO of Bc/11b, Foxpl, Pdel0a,
and Rarb mimicked CIE: i.e., genes in M43 were down-regulated and/or we observed
positive correlations with the effects of CIE across all CIE-associated DEGs. By contrast,
HetKO of Rgs9and /tgr1 had opposite effects: genes in M43 were up-regulated, and we
observed negative correlations with effects of CIE across all CIE-associated DEGs. Thus,
genetic perturbations unmasked both inhibitory and activating effects of M43 hub genes.
Overall, these results validate M43 hub genes as causal regulators for the transcriptional
effects of CIE in the striatum.

DISCUSSION

The data presented here provide insight into the cell type-specific effects of chronic
intermittent ethanol exposure on gene expression in the dorsal striatum, a key brain

region implicated in AUD. The most robust finding was the down-regulation in SPNs of
genes involved in postsynaptic signaling cascades. Neuroinflammation-related genes were
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also down-regulated. Although we identified very few DEGs in non-neuronal cell types

at stringent significance thresholds, the patterns of differential gene expression point to
inflammation-related changes in many cell types, as well as potential angiogenic signatures
in vascular cells. Finally, hub genes of a gene co-expression module enriched for synaptic
signaling genes, M43, were validated as causal regulators of CIE-related transcriptional
changes in the striatum.

Multiple results suggested down-regulation of synaptic signaling pathways in SPNs.
Notably, our network analysis revealed distinct down-regulated modules, M43 and M29, that
were enriched for components of cAMP signaling and BDNF signaling, respectively. cAMP
signaling components such as the M43 hub gene Pde7b act downstream of postsynaptic
dopamine receptors in canonical SPNs. PDE7B is involved in the intricate balance of
neuronal growth and pruning that shapes neuronal plasticity and has previously been
implicated in neurodegenerative diseases. Studies in neurodegenerative diseases, especially
Parkinson’s disease, found that PDE7B inhibition attenuated neurodegenerative decline,
possibly preventing the loss of dopaminergic neurons [56-58]. Phosphodiesterase inhibitors
have been tested on a variety of brain disorders, including AUD [59]. In addition, dopamine
signaling through the D1 receptor upregulates Pde7b, suggesting a downregulation in D1
receptor signaling in chronic ethanol exposure, which is supported by literature highlighting
dysregulation of dopaminergic signaling [60-63].

The BDNF receptor Nirk2ITrkB and other components of receptor tyrosine kinase signaling
cascades were also down-regulated in SPNs and were enriched in module M29. NTRK2

is implicated in AUD [64]. NTRK2 acts as a high-affinity receptor for brain derived
neurotrophic factor (BDNF), and also has affinity for neurotrophin-3 and neurotrophin-4.
These peptides and signaling cascades are involved in diverse physiological processes
including synaptic plasticity, differentiation, and neuronal growth [64—66]. In the striatum,
BDNF originating from cortical and substantia nigra neurons binds NTRK2 to initiate
several signaling cascades [67, 68]. The Banfgene itself did not exhibit a clear signal of
differential expression in our analysis, despite the important role that dorsal striatal BDNF
plays in gating alcohol consumption [69].

Our analysis also shows down-regulation of a neuroinflammatory module, M8. M8 contains
ten genes annotated to the cytokine-cytokine signaling pathway, most of which had negative
fold-changes in multiple striatal cell types. Several of these genes encode receptors for the
pro-inflammatory cytokines I1L1, IL12, IL3, IL5, and TNF (//1r2, 1l12rb2, Cx3crl, Ccr9, and
Tnfrsf9, respectively). M8 also includes genes encoding erythropoietin (Epo) and leukemia
inhibitory factor receptor (L/f7), which have anti-inflammatory functions [70-73]. Likewise,
down-regulated genes in M8 annotated to the broader “inflammatory response” pathway
included both pro-inflammatory (Aim2, Lrrc12, and Ptgis) [74-76] and anti-inflammatory
genes (FbxI2, Ptgerd Otulin, SpataZ, Gps2) [77-81]. Thus, chronic ethanol exposure in this
mouse model was associated with the suppression of both pro- and anti-inflammatory genes,
suggesting a complex change in inflammatory state. Down-regulation of these genes may

be surprising, as studies of AUD have consistently found increases in circulating cytokines
and markers of neuroinflammation [82—85]. The innate immune response to chronic alcohol,
facilitated by TLR receptors, pro-inflammatory cytokines, and signaling between microglia
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and other cell types, has been identified as a key element of AUD with the potential for
druggable targets [86]. Acute vs. chronic phases of inflammation often involve bidirectional
changes in the expression of inflammatory signaling cascades, so one explanation may be
that our mouse model captures a different stage of inflammation than that captured in many
studies of AUD in humans. Alternatively, the down-regulation of pro-inflammatory receptors
in the brain may be a response to an increase in peripheral cytokines and neuroinflammation.
There is a need for additional studies to further characterize these inflammatory signatures
and their relationship with the changes in neural circuit function.

Despite lower statistical power for rare cell types, our data also suggest altered states of
non-neuronal cell types. For instance, our data support angiogenesis-related gene expression
changes in endothelial and mural cells. Top DEGs in endothelial cells included HesZ,
TmemZ252and Tgfb2. Hesl is a transcription factor that acts as an effector for the Notch
signaling pathway, whose activation inhibits vascular cell differentiation and angiogenesis
[87, 88]. Down-regulation of Notchl and HesI promote angiogenic cell sprouting and
inhibit vascular repair following insult [87, 89, 90]. 7memZ252is a stalk-cell marker involved
in angiogenesis and neovascularization. 7gfb2encodes for TGF-B2, which is a dynamic
actor that can either inhibit or support angiogenesis [91, 92]. Thus, although there were few
DEGs in endothelial cells, many can be interpreted as indicators of increased angiogenesis
after CIE. An increase in angiogenesis in response to ethanol exposure may disrupt the
blood brain barrier and play a role in the neuroinflammation seen in CIE [54, 83, 93, 94].
Functional studies, especially those centered on the genes identified above and the blood
brain barrier, would be of value.

Previous snRNA-seq studies profiled the effects of CIE in the prefrontal cortex of mice

and central amygdala from rats [95, 96]. Extended amygdala circuits have important roles

in the regulation of negative emotional states and withdrawal, while the prefrontal cortex
contributes to cognitive aspects of addiction. All of these studies reported a combination of
cell type-specific gene expression changes that can be attributed to forms of neuroplasticity
and neuroinflammation. However, the precise genes dysregulated appear to be quite specific
to particular neuronal subtypes and phases of addiction. In particular, many of the DEGs we
identified in module M43 are expressed specifically in SPNs and their dysregulation is likely
specific to this circuit. There is a need for more systematic genomic studies to elucidate the
effects of addictive substances across brain regions and contexts.

We identified several genes in module M43 with translational potential. Haploinsufficiency
of Bcl11b, Foxpl, Pdel0Oa, Rarb, Rgs9, and /Jtprl each led to gene expression changes that
overlapped M43 and/or the broader set of DEGs in CIE-exposed mice. Thus, hub genes

of M43 can be targeted to alter the transcriptional states of striatal neurons. The DrugDev
database lists 17 genes in M43, including Pdel0a, as repurposing candidates targeted by
approved small molecules and biotherapeutic drugs and clinical-phase drug candidates. An
additional 19 genes in M43 encode potentially druggable proteins in druggable gene families
(Fig. S18B) [97]. Notably, Logrip and colleagues discovered that injection of TP-10, a
PDE10A inhibitor, into the dorsolateral striatum of rats significantly decreased alcohol, but
not sucrose, consumption [98]. Given that PDE10A is selectively expressed in striatal SPNs
with little appreciable expression elsewhere in the brain, the present data further validate this
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gene as a potential target for pharmacotherapy in AUD that may possess relatively low side
effect liability [59, 99]. These initial successes in targeting PDE10A for AUD validate the
present approach of discovering novel drug targets using sSnRNA-seq in mouse CIE models
and warrants further investigation of the genes we prioritized.

When considering how to leverage the present dataset for therapeutic strategy development,
biological context should be carefully considered. For instance, while logic would suggest
that a decrease in expression of a gene target should be treated by functional activation of
its cognate protein, the opposite is the case for Pdel0a, which is decreased in expression

in response to CIE, while inhibition of PDE10A reduces alcohol consumption [98]. Thus,

a gene expression change may reflect a compensatory mechanism that may need to be
enhanced for therapeutic benefit. In the case of module M43, down-regulation may be a
consequence of decreased synaptic drive onto SPNs. As such, inhibiting an inhibitor of D1
dopamine receptor signaling (e.g., PDE10A) may represent a logical therapeutic approach
supported by data [16, 100-102].

We note several limitations of our study and opportunities for future work. Our dataset

was better powered to detect differentially expressed genes in common cell types

than rare cell types. Thus, the three well-studied interneuron populations of the dorsal
striatum -- including the low-threshold spiking somatostatin-expressing INs, the fast-spiking
parvalbumin-expressing INs, and the tonically firing cholinergic choline acetyltransferase-
expressing INs -- require deeper assessment. Larger samples would be required to detect
subtle changes in these cell types. In addition, transcriptional effects of alcohol may vary
across striatal sub-regions. These sub-region-specific effects could be elucidated through
additional spatial transcriptomics studies, comparing CIE-exposed vs. control animals.
Transcriptional effects of alcohol may also vary dynamically across different phases

of exposure. It will be valuable to assess these temporal patterns, comparing the CIE
paradigm to other models of alcohol exposure, including models with a behavioral (alcohol
drinking) component [103]. Sex differences may be under-represented in our dataset due to
imprecision in the demultiplexing of cells from male and female mice that were sequenced
together. Our discovery and replication datasets utilized distinct pooling strategies and
methods for nuclei isolation, potentially making them more difficult to compare. Our
findings lay the groundwork for functional studies to test causal roles for differentially
expressed genes and gene networks as mediators of alcohol effects on striatal circuits and
related behavior. Given the concordant evidence for M43 in our ShRNA-seq of mouse CIE
and genetic risk for human AUD, single-cell genomic data from the dorsal striatum of
humans with AUD is warranted to further validate the translational capacity of the presently
identified gene targets.
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Fig. 1. Single-nuclei RNA sequencing of the mouse dorsal striatum in the context of chronic
intermittent ethanol exposure.

A The chronic intermittent ethanol (CIE) paradigm. B Location of the dorsal striatum on a
coronal section of the mouse brain (reproduced from the Allen Reference Atlas). C Uniform
manifold approximation and projection (UMAP) plot displaying snRNA-seq cell clusters
from the discovery dataset. D Dot plot for the expression of cell type marker genes in the
discovery dataset. D1-D7, days 1-7; SPN, spiny projection neurons; IN interneurons, Astro
astrocytes, Oligo oligodendrocytes, OPC oligodendrocyte precursor cells, Endo endothelial
cells, Ependy ependymal cells.
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Fig. 2. Discovery and replication of differentially expressed genesin dorsal striatum cell types
from chronic intermittent ethanol (Cl E)-exposed vs. control mice.

A Counts of cell type-specific up- and down-regulated differentially expressed genes (DEGs;
False Discovery Rate [FDR] < 0.05) in the discovery samples, replication sample, and meta-
analysis. B Volcano plots showing the log2(fold change) and —log10(p-value) for differential
gene expression in dSPNs and iSPNs in the discovery and replication samples. Dashed line
corresponds to FDR < 0.05. 37 highly-reproducible DEGs with FDR < 0.05 in both samples
(primarily in dSPNs) are labeled and highlighted in blue. C Effect sizes for the 37 highly-
reproducible DEGs across cell types in the discovery and replication samples. D Rank-rank
hypergeometric overlap plots visualizing the reproducibility of differential expression ranks
within six cell types for which the reproducibility was greater than expected by chance
(FDR < 0.05). Heatmap color indicates the hypergeometric —logqo(p-value) for the overlap
between the differential expression gene ranks at multiple thresholds within the discovery
and replication datasets. Significant p-values in the lower-left quadrant of each plot indicate
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reproducible down-regulation in CIE-exposed vs. control mice, while significant p-values in
the upper-right quadrant indicate reproducible up-regulation.
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Fig. 3. Gene setsenriched for differential gene expression in CIE vs. control mice.
A total of 217 Gene Ontology and KEGG gene sets were enriched among the differentially

expressed genes, significant in at least one cell type at FDR < 0.05. The top 30 gene sets are
shown after dropping redundant sets that had substantial overlap with a more-significant set
(Cohen’s kappa >0.5). —logqg(p-values) >4 are indicated by saturated heatmap colors.
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Fig. 4. Cell type-specific vs. shared effects of chronic inter mittent ethanol across striatal cell
types.
A Heatmap indicating the strengths of correlations between cell types based on the log, fold

changes of differentially expressed genes in chronic intermittent ethanol-exposed mice vs.
controls. B Venn diagram indicating the counts of shared vs. unique DEGs in dSPNs, iSPNs,
and eSPNs. C-E Biplots comparing the log2 fold changes of DEGs in dSPNs vs. iSPNs C,
dSPNs vs. eSPNs D, and iSPNs vs. eSPNs E. The top five up- and down-regulated DEGs in
each cell type are labeled and highlighted in blue.
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Fig. 5. Gene co-expression networ ks dysregulated in spiny projection neurons after chronic
intermittent ethanol.

A Hierarchical clustering of modules, based on the correlations of their centroids in spiny
projection neurons. B Enrichments of modules for differentially expressed genes in CIE vs.
control mice. Blue and red shades correspond to enrichment for down- and up-regulated
DEGs, respectively. C The top 50 hub genes in each of six dysregulated modules. Node size
corresponds to network centrality. Blue and red shades correspond to negative and positive
fold changes in dSPNs from CIE vs. control animals, respectively. Gray lines connecting
nodes indicate pairwise gene-gene correlations with Pearson’s r > 0.5. We display 2-3 top
Gene Ontology and KEGG gene sets over-represented in each module.

Mol Psychiatry. Author manuscript; available in PMC 2026 February 02.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Wildermuth et al.

Page 29

Fig. 6. Causal effects of module M43 hub geneson striatal gene expression.
Effects of seven module M43 hub genes on striatal gene expression were examined using

publicly available mRNA-seq from heterozygous knockout (HetKO) mice. We evaluated
overlap with the effects of CIE by four metrics. A Over-representation of differentially
expressed genes (DEGSs) in HetKO mice with DEGs in CIE-exposed mice and with genes
in module M43. B Differential expression of the module M43 eigengene in HetKO mice vs.
wildtype controls. *P< 0.05; ***P < 0.001. C Heatmap showing the log2(fold changes) of
each gene in module M43 in HetKO vs. control mice. D Scatter plots showing the log,(fold
changes) of all DEGs in CIE-exposed mice their fold changes in dSPNs of CIE-exposed
mice to their fold changes in HetKO mice.
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