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Single nuclei transcriptomics in human and
non-human primate striatum in opioid use
disorder
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In brain, the striatum is a heterogenous region involved in reward and goal-
directed behaviors. Striatal dysfunction is linked to psychiatric disorders,
including opioid use disorder (OUD). Striatal subregions are divided based on
neuroanatomy, each with unique roles in OUD. In OUD, the dorsal striatum is
involved in altered reward processing, formation of habits, and development
of negative affect during withdrawal. Using single nuclei RNA-sequencing, we
identified both canonical (e.g., dopamine receptor subtype) and less abundant
cell populations (e.g., interneurons) in human dorsal striatum. Pathways rela-
ted to neurodegeneration, interferon response, and DNA damage were sig-
nificantly enriched in striatal neurons of individuals with OUD. DNA damage
markers were also elevated in striatal neurons of opioid-exposed rhesus
macaques. Sex-specific molecular differences in glial cell subtypes associated
with chronic stress were found in OUD, particularly female individuals. Toge-
ther, we describe different cell types in human dorsal striatum and identify cell
type-specific alterations in OUD.

Fatal opioid overdoses and people diagnosed with opioid use disorder
(OUD) are continuing to rise in the United States1. Efforts to develop
new treatment strategies and to bolster avenues of existing treatments
for opioid addiction require a deeper understanding of the changes
that occur in the human brain with chronic opioid use. To date, few
studies have investigated the molecular changes associated with OUD
at the cellular level in human brain2–8. Recently, we and others have
reported alterations in inflammatory signaling5,9, along with pathways
involved in neurodegeneration2,6,7, oxidative stress10, and DNA
damage11 in the brains of individuals with OUD. Glial cells are likely
major contributors to inflammation in the brain associated with
chronic opioid use5,9.

In the brain, inflammation is initiated by a myriad of processes.
For example, accumulation of DNA damage and associated factors can
lead to the release of proinflammatory cytokines via microglia
activation12,13. Prolonged proinflammatory states in the brain result in
elevated oxidative stress and altered metabolism in glia12–15 and
neurons13,16,17. Neuroinflammation and DNA damage are also central to
neurodegenerative processes2,5,9, which have been related to OUD18–23.
With the advent of high-throughput single cell technologies, such as
single nuclei RNA-sequencing (snRNA-seq), deeper investigations into
the roles of inflammation and DNA damage in OUD can be achieved in
human brain. Beyond resolving cell type-specificmolecular alterations
previously found with other approaches (e.g., bulk tissue RNA-seq)5,

Received: 7 August 2023

Accepted: 12 January 2024

Published online: 31 January 2024

Check for updates

A full list of affiliations appears at the end of the paper. e-mail: apfenning@cmu.edu; ryan.logan@umassmed.edu

Nature Communications | (2024)15:878 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0001-6331-5980
http://orcid.org/0000-0001-6331-5980
http://orcid.org/0000-0001-6331-5980
http://orcid.org/0000-0001-6331-5980
http://orcid.org/0000-0001-6331-5980
http://orcid.org/0000-0002-5775-1193
http://orcid.org/0000-0002-5775-1193
http://orcid.org/0000-0002-5775-1193
http://orcid.org/0000-0002-5775-1193
http://orcid.org/0000-0002-5775-1193
http://orcid.org/0000-0002-6906-8818
http://orcid.org/0000-0002-6906-8818
http://orcid.org/0000-0002-6906-8818
http://orcid.org/0000-0002-6906-8818
http://orcid.org/0000-0002-6906-8818
http://orcid.org/0000-0003-4908-2302
http://orcid.org/0000-0003-4908-2302
http://orcid.org/0000-0003-4908-2302
http://orcid.org/0000-0003-4908-2302
http://orcid.org/0000-0003-4908-2302
http://orcid.org/0000-0002-7796-7477
http://orcid.org/0000-0002-7796-7477
http://orcid.org/0000-0002-7796-7477
http://orcid.org/0000-0002-7796-7477
http://orcid.org/0000-0002-7796-7477
http://orcid.org/0000-0001-9838-3414
http://orcid.org/0000-0001-9838-3414
http://orcid.org/0000-0001-9838-3414
http://orcid.org/0000-0001-9838-3414
http://orcid.org/0000-0001-9838-3414
http://orcid.org/0000-0002-3225-6778
http://orcid.org/0000-0002-3225-6778
http://orcid.org/0000-0002-3225-6778
http://orcid.org/0000-0002-3225-6778
http://orcid.org/0000-0002-3225-6778
http://orcid.org/0000-0001-6460-0118
http://orcid.org/0000-0001-6460-0118
http://orcid.org/0000-0001-6460-0118
http://orcid.org/0000-0001-6460-0118
http://orcid.org/0000-0001-6460-0118
http://orcid.org/0000-0002-5447-1014
http://orcid.org/0000-0002-5447-1014
http://orcid.org/0000-0002-5447-1014
http://orcid.org/0000-0002-5447-1014
http://orcid.org/0000-0002-5447-1014
http://orcid.org/0000-0001-6105-8861
http://orcid.org/0000-0001-6105-8861
http://orcid.org/0000-0001-6105-8861
http://orcid.org/0000-0001-6105-8861
http://orcid.org/0000-0001-6105-8861
http://orcid.org/0000-0002-5158-1103
http://orcid.org/0000-0002-5158-1103
http://orcid.org/0000-0002-5158-1103
http://orcid.org/0000-0002-5158-1103
http://orcid.org/0000-0002-5158-1103
http://orcid.org/0000-0002-6401-9494
http://orcid.org/0000-0002-6401-9494
http://orcid.org/0000-0002-6401-9494
http://orcid.org/0000-0002-6401-9494
http://orcid.org/0000-0002-6401-9494
http://orcid.org/0000-0002-3447-9801
http://orcid.org/0000-0002-3447-9801
http://orcid.org/0000-0002-3447-9801
http://orcid.org/0000-0002-3447-9801
http://orcid.org/0000-0002-3447-9801
http://orcid.org/0000-0001-8579-015X
http://orcid.org/0000-0001-8579-015X
http://orcid.org/0000-0001-8579-015X
http://orcid.org/0000-0001-8579-015X
http://orcid.org/0000-0001-8579-015X
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-45165-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-45165-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-45165-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-45165-7&domain=pdf
mailto:apfenning@cmu.edu
mailto:ryan.logan@umassmed.edu


snRNA-seq in humanbrain alsooffers the possibility of unmasking new
biological relationships between neural cell types and disease.

A brain region implicated in OUD, along with other psychiatric
and neurological disorders, is the striatum. In the human brain, the
striatum is anatomically divided into dorsal and ventral portions, with
both the caudate and putamen recognized as subregions of the dorsal
striatum. Functional changes in the caudate and putamen are involved
in altered reward processing, habitual drug-seeking and relapse, along
with the development of negative affect during opioid withdrawal24–27,
underlying the key roles of thedorsal striatum inOUD.However, only a
few studies have examined specific cell types in human dorsal
striatum28, and to date, no study has resolved the cell type-specific
molecular alterations in human striatum in OUD.

To begin to investigate OUD-associated alterations across striatal
cell types, we conducted snRNA-seq on the dorsal striatum from
human postmortem brain and compared the cell type-specific mole-
cular signatures between unaffected individuals and individuals with
OUD (98,848 total nuclei from the caudate and putamen of males and
females, 12 individuals and 24 biological samples). Given the high
number of high-quality nuclei per sample, we were able to identify
heterogeneous striatal cell types based on anatomical and molecular
profiles. By comparing unaffected individuals to individuals with OUD,
we found significant alterations in proinflammatory, metabolic and
oxidative stress, and DNA damage pathways, particularly within neu-
rons and microglia. Additionally, we identified increased enrichment
of molecular markers of DNA damage signaling that was specific to
neuronal subtypes (i.e., striatal interneurons). To investigate whether
opioidsmaydirectly induce accumulation of DNAdamage in the brain,
we assessed DNA damage markers across striatal cell types of rhesus
macaques following chronic opioid administration (~6months of twice
daily opioid administration). Notably, DNA damage markers were sig-
nificantly elevated across striatal neurons in opioid-exposed rhesus
macaques, further implicating neuronal generated DNA damage
response in response to chronic opioid use5,7,29–33.We also explored the
interaction between OUD and sex, finding both sex-specific and cell
type-specificmolecular alterations in the dorsal striatumof individuals
with OUD. As a resource, the filtered and annotated snRNA-seq data-
sets for human caudate and putamen in unaffected individuals and
individualswith OUD are deposited onCZCELLxGENEDiscover Portal.

Results
High quality single nuclei transcriptomics identifies canonical
and low abundant cell types in human dorsal striatum
To investigate the molecular features of human dorsal striatum, we
collected both caudate and putamen from unaffected individuals
(n = 6, 3 females and 3males, for each region). Unaffected individuals
were then compared to individuals with OUD to identify cell type-
specific molecular alterations associated with opioid addiction. Both
striatal regions were dissected from frozen postmortem tissue sam-
ples and processed to generate nuclei suspensions for snRNA-seq
(Fig. 1a, b). Quality control analyses yielded a total of 98,848 nuclei
for subsequent analyses–~70% of overall nuclei captured were used
for analysis with an average of 5757 and 3440 nuclei per caudate and
putamen, respectively, yielding an average of 8237 nuclei per indi-
vidual (Fig. 1c). Across individuals, the number of nuclei captured,
and the percent of nuclei analyzed were consistent (p = 0.40, linear
regression, Supplementary Data 1-S1). Each nucleus was deeply
sequenced at a 70% saturation rate, detecting an average of 3513 ± 77
genes (mean ± standard error) and 13,635 ± 560 unique transcripts
per nucleus per individual (Fig. 1c). The average number of genes
detected and the number of unique mapped identifiers for tran-
scripts were consistent between unaffected individuals and indivi-
duals with OUD (p = 0.55, linear regression, Supplementary
Data 1-S1).

We usedmultiple rounds of graph-based clustering, and cell label
transfers from a high-quality, high-resolution snRNA-seq non-human
primate striatum dataset to cluster and annotate striatal cell types34,35

(Fig. 1d, Supplementary Data 1-S1). The first round of cluster-
ing identified major cell classes of glia and neurons (primary marker):
astrocytes (AQP4 + ), endothelial cells (CLDN + ), microglia (CX3CR1 + ),
mural cells (CD44 + ), oligodendrocytes (ASPA + ), oligodendrocyte
precursors (OPC; PDGFRA + ), and neurons (RBFOX3 + , GAD2 + )
(Fig. 1d, e). The second round identified major striatal neuronal sub-
types, including medium spiny neurons (MSN; PPP1R1B + ) and inter-
neurons (LHX6 + ) (Fig. 1d, e). Among MSNs, we identified various
canonical subtypes, consistent with our non-human primate dataset36,
including DRD1+ and DRD2+ neurons accompanied by markers that
distinguish neurochemical compartments, the striosome (KCNIP1+ )
and matrix (EPHA4 + ). We also identified less abundant neuronal
subtypes including MSNs expressing both DRD1 and DRD2 (D1/D2-
hybrid, known as eccentric MSNs, D1-Pcdh8+, or D1H in mice)17,34–37,
mural cells, and several types of interneurons (e.g., CCK+ , PVALB + ,
SST + , and TH + ; (Fig. 1d, e)38,39. D1/D2-hybrid MSNs expressed con-
served marker genes largely distinct from D1- and D2-MSNs (Fig. 1e,
Supplementary Data 1-S2). These D1/D2-hybrid MSNs co-express both
DRD1 and DRD2 transcripts at the single cell level (Fig. S3), consistent
with in situ mRNA hybridization and single cell RNA-seq data from
both mice35,37,40 and non-human primates34. The average per cell type
metrics showed more genes and unique transcripts in neurons
(Number of genesNeurons = 7318 ± 125; UMsINeurons = 44,585 ± 1,301),
compared to glial cells (Number of genesNeurons = 2911 ± 74;
UMsINeurons = 8433± 349; Fig. S4). Further, proportions of low or high
abundance striatal cell types were consistent across brain regions,
between sexes, and between unaffected individuals and individuals
with OUD (FDR =0.25, mixed effects linear regression; Fig. 1f; Sup-
plementary Data 1-S2). Overall, we captured a high-quality snRNA-seq
dataset of postmortem human caudate and putamen that is deeply
sequenced and annotated for in-depth investigations into OUD.

Neuronal and glial cell type-specific expression of opioid
receptors in human striatum
Opioids, including endogenous opioids, enkephalin, dynorphin, and β-
endorphin, differentially activate several classes of opioid receptors,
including mu, delta, and kappa, encoded by OPRM1, OPRD1, and
OPRK1, respectively. Previous efforts have mapped striatal expression
of opioid receptors in non-human primates and rodents, characteriz-
ing species-specific and cell type-specific patterns of expression41,42.
We investigated the expression of opioid receptors and cognate
ligands within the dorsal striatum. First, OPRM1 was detected in each
MSN subtype, with the highest level of expression in D1/D2-hybrid and
D2-striosome MSNs (Fig. S5). We reproducibly detected OPRM1 in
microglia across individuals and biological samples, consistent with
findings in rodents32,43, establishing a potential pathway for opioids to
directly modulate neuroimmune signaling5. D1-striosome MSNs
expressed the gene encoding the preproprotein, prodynorphin
(PDYN), while D2-matrix and D2-striosome MSNs co-expressed OPRD1
and proenkephalin (PENK) atmarkedly higher levels than other striatal
cell types (Fig. S5). Preferential expression of OPRD1 and PENK in D2
MSNs in human striatum is consistent with rodent striatum44. Across
MSNs,wedetectedOPRK1 expression atmany folds lower thanOPRM1,
OPRD1, PENK, or PDYN, suggesting that targets of the dynorphin-kappa
opioid receptor signaling by D1-striosome MSNs may primarily be
outside of dorsal striatum45,46. Between unaffected individuals and
individuals with OUD, we found no significant differences in opioid
receptor and/or endogenous ligand expression within specific cell
types. Other mechanisms involved in the post-transcriptional and/or
post-translational regulation of opioid receptor and ligand expression,
along with receptor binding activity, may be altered in OUD.
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Identification of cell type-specific transcription factor and gene
regulatory networks in human dorsal striatum
Following cell annotation, we aimed to identify putative regulatory
transcription factor-gene regulatorynetworks across striatal cell types.
First, we identified marker genes for each of the annotated cell types
that were reproducible across biological replicates (mean± standard
error, 722 ± 172 specific marker genes per cell type; Figs. 1d, e, g, S1;
Supplementary Data 1-S3). Glial cell types yielded more marker genes
(1134 ± 204) compared to neuronal cell types (310 ± 131). Next, we
inferred gene regulatory networks directly from each of the cell type-
specific marker datasets using machine-learning, SCENIC47. SCENIC is
based on the premise that transcriptional regulation of gene expres-
sion is, in part, based on transcription factor binding to proximal gene
promoters. Basedon single cell gene expression and the enrichment of
promoter binding sites, we used SCENIC to build transcription factor

gene regulatory modules that were specific to each of the neural cell
types identified in human striatum. Collectively, we identified many
transcription factors and gene regulatory modules per cell type
(47 ± 15 specific modules; glial subtypes, 90 ± 19; neuronal subtypes,
12 ± 6; Fig. 1h; Supplementary Data 1-S4). For example, ZNF83 (HPF1)
transcription factor-regulatory module was enriched in D1-matrix and
D1-striosome MSNs, known to be involved in DNA damage repair.
RXRG28,48,49 and FOXP250 transcription factor-regulatorymodules were
highly enriched in D1/D2-hybrid MSNs relative to other MSN subtypes,
both of which are implicated in psychiatric disorders, including sub-
stance use51. ZNF202 was also highly enriched in D1/D2-hybrid
MSNs–transcription factor involved in cellular metabolism and the
direct modulation of dopamine receptor 3 (DRD3). Other modules
included SOX952 and TCF7L253 enriched in astrocytes, and others in
microglia, such as RUNX1, REL, and MEF2C, with the RB1 and NFIX54
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Fig. 1 | Single nuclei RNA-sequencing of postmortem brain to identify specific
cell types in human striatum. a Post-mortem human brain cohort design and
analysis to compare unaffected comparison (UC) individuals with individuals with
opioid use disorder (OUD). b Schematic of the sample collection process to isolate
single nuclei and generate single nuclei RNA-sequencing libraries in balanced bat-
ches from the caudate and putamen of human postmortem striatum. c Per-sample
quality control (QC) metrics and average per-nuclei QC metrics across tissue
sources and diagnoses. Each data point consists of N = 22 caudate and putamen
samples from M= 12 individuals. d Single nuclei clustering and label annotation of
dorsal striatal cell types using a high-quality non-human primate reference
dataset36. A lowdimensionality projectionof striatal cell types afterQCfiltering and

annotation. eDot plots of themarker genes used to annotate the various cell types
of the dorsal striatum based on a non-human primate reference. The normalized
expression patterns are averaged across all cells and individuals. f Boxplot showing
the relative percent of each cell type detected in each biospecimen that passes QC.
No significant differences were observed between UC individuals and individuals
with OUD. Each data point consists of N = 22 caudate and putamen samples from
M= 12 individuals. g Cell type-specific marker genes and (h) marker transcription
factor-gene regulatory networks identified in cell types of human striatum. Sche-
matics in (a) and (b) created using BioRender.com. Source data are provided as a
Source Data file. Boxplots in 1 C and 1 F are plotted as median, the 25% and 75%
percentiles, and non-outlier maxima and minima.

Article https://doi.org/10.1038/s41467-024-45165-7

Nature Communications | (2024)15:878 3



modules enriched in oligodendrocytes (Fig. 1h). Together, the anno-
tated cell type clusters in human dorsal striatum, their associated
marker genes, and related transcription factor gene regulatory mod-
ules offer insights into the molecular signaling pathways that con-
tribute to the heterogeneity of cellular identity in human striatum.

Differentially expressed genes in specific striatal cell types
associated with OUD
Similar to our prior work2,4,5, we assembled a cohort of individuals
diagnosed with OUD with a long history of opioid use (time since
clinical diagnosis of at least four years),who alsodeceased fromopioid
overdose. Individuals with OUD were matched with unaffected indi-
viduals based on sex, age, postmortem interval (PMI), and RNA
integrity number (RIN) (Supplementary Data 1-S5). Gene expression
was aggregated across individual cell types to generate pseudobulk
profiles for each major cell type. To identify differentially expressed
genes (DEGs), gene expression profiles for each major cell type were
compared between unaffected individuals and individuals with OUD,
while covarying age, PMI, RIN, cell type abundance, gene detection
rate, and surrogate variables.We identified 1,765DEGs across cell types
(197 ± 43 genes per cell type; FDR <0.05; Fig. 2; Supplementary Data 1-
S6), with more DEGs in glial cells relative to neurons (Fig. 2a, b).

Using gene set enrichment analyses (GSEA)55, we identified path-
ways significantly enriched in aggregate cell types and across specific
cell types. Across cell types, we found 286 pathways (34 ± 7 pathways
per cell type; FDR <0.05, Supplementary Data 1-S7) and 51 differen-
tially regulated transcription factor regulatory modules (5.1 ± 0.7 per
cell type, FDR<0.05, Supplementary Data 1-S8). The cell type-specific
transcriptional differences in individuals with OUD were represented
largely by distinct biological processes between neurons and glia
(Fig. S6). Among MSNs, DEGs tended to be shared between MSN
subtypes, while DEGs tended to be more distinct between glial sub-
types and between interneuron subtypes (Fig. S5). We identified a
higher number of DEGs in interneuron subtypes and D1/D2-hybrid
MSNs compared to canonical D1-MSNs or D2-MSNs. DEGs in D1/D2-
hybrid MSNs were unique relative to canonical MSNs, suggesting

subpopulations of striatal MSNs exhibit different molecular responses
to chronic opioid use and other factors associated with OUD (Fig. S5).

Enriched pathways among neurons converge on various path-
ways of cell stress in OUD
We conducted separate pathway analyses on upregulated and down-
regulated transcripts (Fig. 3a) between unaffected individuals and
individualswithOUD. In neurons,most of the upregulated pathways in
OUD were related to processes of cell stress response (Fig. 3c). For
example, pathways of DNA replication and cell cycle re-entry were
upregulated inMSNs (Fig. 3c; Supplementary Data 1-S9)56. BothMCM8
(log2FC > 1.06, FDR <0.041) and myosin light-chain 6, MYL6,
(log2FC > 1.13, FDR <0.045), genes involved in DNA replication, were
significantly upregulated in striatal MSNs (Fig. 3a). MCM8, forms a
complex with MCM9 to facilitate repair of double-stranded DNA
breaks57,58. MYL6 is a key factor in rho-GTPase signaling, known to
facilitate glutamate receptor endocytosis59 andneuroplasticity60,61, and
may be involved in DNA damage via the activation of RAC162. APOE63–65

(striosome MSNs and D2-matrix MSNs: log2FC > 2.50, FDR <0.025;
Fig. 3a) and GPX4 (D1-striosome MSNs: log2FC > 1.17, FDR <0.044)
were also upregulated inMSNsof individualswithOUD. BothAPOE and
GPX4 are involved in neuronal oxidative stress, whereGPX4buffers the
accumulation of reactive oxygen species to prevent apoptosis63–65.
Accumulation of reactive oxygen species and oxidative stress in neu-
rons involves alterations in redox signaling and mitochondrial
respiration66. Indeed, acrossmultipleMSN subtypes, genes involved in
mitochondrial respiration were significantly upregulated in OUD,
including a complex III subunit of themitochondrial respiratory chain,
UQCR11 (log2FC > 1.36, FDR<0.042), and a subunit of complex I,
NDUFA4 (log2FC > 1.29, FDR <0.030).

We identified several transcription factor gene regulatory mod-
ules thatwere significantly upregulated in different neuronal subtypes,
including cell senescence, DNA damage, and inflammation, and stress
(Fig. 3b, e; FDR <0.05). For example, themodule linked to BCLAF1 was
upregulated in OUD, a transcription factor involved in the transduc-
tion of NFkB-dependent signaling and the activation of DNA-damage-
induced senescence39,67,68 (Fig. 3e). Another module was associated
with the upregulation of the neuron-specific glucocorticoid receptor
transcription factor, NR3C1, previously linked to the impact of psy-
chosocial stress on the human brain69,70 (Fig. 3e). Other stress-related
transcription factor gene regulatory modules were upregulated in
OUD, including ATF271 and ZNF518A. Both transcription factor mod-
ules were upregulated primarily in D1-matrix and D2-matrix MSNs
(FDR <0.04). ATF2 is induced by stress in mouse dorsal striatum71 and
phosphorylated downstream of delta opioid receptor activation72,
suggesting delta opioid receptor activation of ATF2-dependent tran-
scription in striatal matrix MSNs73 may be due to an interplay between
stress and opioids in OUD.

Compared to upregulated modules, we identified almost twice
as many significantly downregulated transcription factor gene
regulatory modules in individuals with OUD (Fig. 3d). We identified
several downregulated pathways involved in neuroprotection
(Fig. 3d). For example, the humanin-like 8 gene, MTRNR2L8, was
significantly downregulated in OUD across every neuronal subtype
(log2FC <−3.79, FDR < 0.0054). MTRHR2L8 and the mitochondrial
paralog, MTRNR2, act as neuroprotective factors in response to
neurodegeneration and the induction of DNA damage74,75. The top
DEGswithin clusters of pathways involved in UV irradiation, another
potential link to DNA damage (FDR < 0.029, Fig. 3d), included
FOXO1, TLE4, SHOC2, MEIS2, and THBS1 (log2FC <−0.64, FDR <
0.0422) in interneurons and CLASP1, PIK3C3, and MTUS1 (log2FC <
−0.64, FDR < 0.042) in D1/D2-hybrid MSNs. Additionally, down-
regulation of MEF2B and BACH1 transcription factor gene reg-
ulatory modules were found in D1-matrix MSNs in OUD (Fig. 3e),
accompanied by downregulation of MAF, EST1, ETV1, and PRRX1
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modules in D1/D2 hybrid MSNs (FDR < 0.043), each of which are
implicated in neuronal stress76,77. Notably, BACH1, BCL11A, and
PRRX1 have downstream targets with concordant differential
expression in OUD (e.g., FOXP2, POUF3, PTPRD, RAB31, RCBTB2;
Fig. 3e), indicating coordinated changes in striatal gene networks
implicated in neuronal stress associated with opioid addiction.

Additional findings included modules for NFATC2 and RXRG
(FDR < 0.042; Fig. 3e). Both nuclear factor of activated T-cell C2
(NFATC2) and the retinoid X receptor gamma (RXRG) of the RXR
family of receptors link changes in neuronal activity associated with
addictive drugs to processes involved in neuroprotection,
neurodegeneration78,79 and reward-related behaviors49,80.
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Enrichment of DNA damage markers in specific neuronal
subtypes in OUD
Several pathways and key transcription factormodules were related to
processes of DNA damage and repair processes in individuals with
OUD. Based onour results and other findings11, we further investigated
the relationship between DNA damage and OUD in specific cell types
(Fig. 4a). In striatal neurons, we observed a significant enrichment of
DNA damage markers in individuals with OUD (p =0.046; linear
regression t = 2.18; Fig. 4b). More specifically, a significant increase in
DNA damage markers were found in interneurons of individuals with
OUD (p =0.035, linear regression t = 2.14; Figs. 4c, S6; Supplementary
Data 1-S10). We further resolved the augmentation of DNA damage
markers among striatal interneuron subtypes in OUD, except for
PTHLH+ interneurons (Fig. S7, p < 0.025). Our findings suggest striatal
neurons may incur DNA damage in response to opioids and other
factors, such as stress, neuroinflammation, and hypoxia (Fig. 3), asso-
ciatedwith OUD and opioid overdose. Interestingly, hypoxia pathways
were significantly downregulated in OUD (Fig. 3d; Supplementary
Data 1-S9), including decreased expression of genes that are activated

in response to hypoxic events (e.g., NMRK1, BHLHE40; Fig. 3a)81, and
overexpression of hypoxia-inducible transcription factor, HIF1A.
Therefore, while respiratory depression is a hallmark of opioid over-
dose, downregulation of hypoxia-responsive genes points toward
possible compensation in neurons secondary to periodic hypoxia and
altered redox states, consistent with rodentmodels of substanceuse82.

Individuals with OUD were selected based on time since initial
diagnosis of at least four years and other key factors, capturing the
consequences of long-termopioid use on the human brain. Individuals
with OUD also died of accidental opioid overdose, which leads to the
possibility of introducing the impact of acute opioids and other sub-
stances on the brain. To further investigate the consequences of long-
term opioid use on DNA damage-related processes in the brain, we
assessed DNA damage marker enrichment in striatal neurons of non-
human primates following chronic opioid administration using
snRNAseq (Fig. 4d). Male and female rhesus macaques were adminis-
tered morphine for ~6 months, twice daily, then the striatum was
rapidly dissected, stored, and later processed for nuclei extraction
(Figs. 4d, S8A, B, Supplementary Data 1–S20). Individual rhesus

0.012

0.013

0.014

0.015

UC OUD

N
eu

N
+

/g
H

2A
X

+
D

am
ag

e 
S

co
re

D1−Shell/OT D1−NUDAP D2−Shell/OT Interneuron

CTL Morphine CTL Morphine CTL Morphine CTL Morphine

0.025

0.030

0.035

0.040

0.045

0.050

Neuron

CTL Morphine

0.025

0.030

0.035

0.040

0.045

0.050

N
eu

N
+

/g
H

2A
X

+
D

am
ag

e 
S

co
re

Morphine

Control

a

FACS for DNA damage marker (yH2AX) in mouse
neurons & glia, Welch et al. 2022

 Neuronal  Neuronal 
DNA DamageDNA Damage

SignatureSignature
Score DNA damage 

levels in striatal neurons

NeuN
γH2AX

d e PTx=0.054

****** ******

D1.Matrix D2.Matrix D1.Striosome D2.Striosome D1.D2.Hybrid Interneuron

UC OUD UC OUD UC OUD UC OUD UC OUD UC OUD

0.010

0.015

0.020

0.025

N
eu

N
+

/g
H

2A
X

+
D

am
ag

e 
S

co
re

F M UC OUD

cb PDx=0.046

*

PInter.:Dx=0.034

*

Gene expression in 
yH2AX sorted neurons

DNA Damage Gene DNA Damage Gene 
Enrichment in Human Enrichment in Human 

& Monkey Striatum & Monkey Striatum 

*

PD1-Shell:Tx=0.000012 PD1-NUDAP:Tx=0.00066 PD2-Shell:Tx=0.00032 PInter.:Tx=0.000014

Fig. 4 | Elevated markers of DNA damage in striatal neurons associated with
OUDand chronicmorphine in rhesusmacaque. a Schematic of the application of
DNAdamage gene signatures fromamousemodel of Alzheimer’s Disease13 to score
DNA damage in human and rhesus macaque striatal neurons. b Boxplot of
individual-level pseudobulk average DNA damage scores across striatal neurons
betweenunaffected individuals and individualswith opioid usedisorder (OUD) (PDx
=0.046, two-sided linear regression, 15 degrees of freedom). Eachdata point comes
fromN = 22 biologically independent samples of caudate and putamen fromM= 12
individuals. c Violin-boxplot of cell type-level pseudobulk average DNA damage
scores between unaffected individuals and individuals with OUD. The significant
cell type interaction effect with diagnosis two-sided P-values from one linear
regression are reported above eachplot (two-sided linear regression, 114degrees of
freedom). Each data point comes from each neuronal cell type from N = 12 biolo-
gically independent individuals. d Schematic of chronic morphine exposure or

unexposed rhesus macaques (N = 4 individuals per treatment). e Boxplots of indi-
vidual level pseudobulk average DNA damage scores across striatal neurons or
neuronal subtypes between control individuals or those exposed to chronic mor-
phine. The effect of morphine in all striatal neurons is one linear regression (two-
sided linear regression, 2 degrees of freedom). The morphine by cell type inter-
action effect for each striatal neuron subtype is another linear regression (two-
sided linear regression, 20 degrees of freedom). The significant effect of chronic
morphine treatment P-values from linear regressions are reported above each plot.
(*P <0.05; **P <0.01; ***P <0.001). Each data point comes from all neuronal cell
types or each neuronal cell type from N = 8 biologically independent rhesus
macaque striatal samples. Schematics in (a, d) created using BioRender.com.
Source data are provided as a Source Data file. Boxplots in 4b-c and 4e are plotted
as median, the 25% and 75% percentiles, and non-outlier maxima and minima.

Article https://doi.org/10.1038/s41467-024-45165-7

Nature Communications | (2024)15:878 6



macaqueswerematchedon age, sex, andbodyweight between vehicle
and morphine treated groups (Fig. S8A). Cell types were clustered
across individual rhesusmacaques, which yielded similar results to our
previous non-human primate striatal findings34 (Fig. S8C). Consistent
with our findings of elevated DNA damage markers in individuals with
OUD, rhesus macaques administered morphine for nearly 6 months
exhibited significant enrichment of DNA damage markers in striatal
neurons (P = 0.05, linear regression; Fig. 3e). DNA damage marker
enrichment was found across each of the major neuronal subtypes
(P < 0.00066, linear regression; Fig. 3e). Despite limitations (i.e., spe-
cies differences of striatal regions and species-specific opioid-induced
gene expression changes) (Figs. S8, S9)83, elevated DNA damage mar-
kers were evident in striatal neurons from individuals with OUD and
non-human primates chronically administered opioids.

Enriched pathways among glia support molecular signatures
related to neuroinflammation and synaptic signaling in OUD
Relative to neurons, we identified more than twice as many DEGs in
glial cells between unaffected individuals and individuals with OUD
(Figs. 2b, 4a). The number of DEGs were independent of cell type
proportions and sequencing depth, as microglia and endothelial cells
had the most DEGs among glial cells, and expression patterns were
largely distinct between glial cell types (Fig. S6). An exception was the
robust enrichment of genes involved in interferon response inmultiple
glial cell types, including astrocytes and oligodendrocytes (Fig. 5c).
Interferon response geneswere significantly upregulated in all glial cell
types in individuals with OUD (FDR <0.047, Supplementary
Data 1–S11), with the following interferon-related hub genes: CMP2,
HLA-F, IFI44, PPM1B, and RSAD2 (Fig. 5a). We also observed an upre-
gulation of the NFKB1 transcription factor gene regulatory module in
astrocytes (Fig. 5b, e), and the upregulation of the STAT3 module in
oligodendrocyte precursor cells (OPC,FDR <0.036; Fig. 5b). Several of
the predicted NFKB1 gene targets were also differentially expressed
including the inhibitor of this pathway, NFKBIA (log2FC = 1.86, FDR =
0.039; Fig. 5e). Other glial cell types showed non-significant activation
of this module, with the weakest being microglia. In response to cell
stress, microglia release pro-inflammatory cytokines that may trigger
an interferon response in other cell types, potentially responsible for
broader patterns of interferon activation we observe across multiple
striatal cell types in OUD84.

Altered neuroinflammatory signaling in microglia has previously
been reported in postmortem brains from individuals with OUD5,9.
Several DEGs in microglia lend further support roles for inflammation
in synaptic plasticity in OUD. For example, the PAX-FOXO1, CDH1, and
neuron projection signaling pathways were enriched amongmicroglia
DEGs (FDR <0.049). PAX-FOXO1 signaling regulates cellular senes-
cence in the brain and is involved in the pathogenesis of several neu-
rodegenerative disorders85, while CDH1 signaling is involved in glial
cell migration and axonal projections86. In the neuronal projection
pathway, ADGRB3 was among the top downregulated genes in micro-
glia of individuals with OUD (FDR = 3.5e-7). ADGRB3 (known as BAI3,
brain-specific angiogenesis inhibitor 3) encodes for a protein that has
high-affinity for complement, C1q, an innate immune component
released by neurons to eliminate damaged or inactive synapses87.
Downregulation of ADGRB3 in microglia may lead to aberrant synaptic
formation.

In support of synaptic changes associated with opioid addiction,
several genes involved in glutamatergic and GABAergic neuro-
transmission were altered in individuals with OUD (astrocytes: meta-
botropic glutamate receptor 5, GRM5, log2FC = −3.13, FDR = 1.06 E −14
and glutamate ionotropic receptor AMPA type subunit 1, GRIA1,
log2FC = −1.98, FDR = 2.8 E −8; oligodendrocytes: GABA type A recep-
tor subunit beta1, GABRB1, log2FC = −0.717, FDR =0.023; microglia:
GABA type A receptor subunit gamma 2, GABRG2, log2FC = −1.45,
FDR =0.038). Indeed, we identified several pathways related to various

synaptic (e.g., glutamatergic synapse) and immune functions (e.g.,
TNF-alpha signaling) in gene co-expression network modules unique
to MSN subpopulations and microglia (Figs. S10–12; Supplementary
Data 1–S18, S19). Together, our cell type-specific findings suggest an
interplay between microglial-dependent signaling and synaptic plas-
ticity in OUD, consistent with our previous bulk transcriptomics find-
ings in striatum from individuals with OUD5. With single nuclei
resolution, we find the elevation of neuroinflammatory pathways
related to microglial activation in OUD is likely due to transcriptional
alterations within microglia, rather than pronounced changes in the
number of striatalmicroglia in individualswithOUD (FDR =0.48, linear
mixed effect regression for differential abundance; Fig. 1f; Supple-
mentary Data 1–S2).

Endothelial cells displayed the second most DEGs in OUD. Upre-
gulated pathways in endothelial cells included several growth factors,
VEGFR, EGFR, and PDGFR88,89 (Fig. 5c). Several of these growth factors
are linked to nociception and opioid tolerance89,90. Other pathways
included leukocyte chemotaxis and dendrite morphogenesis. Among
the densely connected endothelial pathways, the top significantly
upregulated hub gene was the brain-specific angiogenesis inhibitor
1-associated protein 2, BAIAP2 (log2FC = 2.31, FDR =0.0017), and,
interestingly, the Alzheimer’s related microtubule-associated protein
tau,MAPT (log2FC = 1.58, FDR =0.036). The upregulation ofMAPTmay
contribute to neurovascular brain insults in OUD6,91.

The identification of differentially expressed transcription factor
gene regulatory modules across glial cell types highlights several key
factors in the regulation of immune response related to OUD. In oli-
godendrocyte precursor cells, the CEBPB module was upregulated in
OUD (FDR =0.031; Fig. 5b, e), with prior studies showing diverse
functions of CEBPB in proinflammatory states92 and the direct reg-
ulation of APOE in Alzheimer’s disease-related pathologies93,94. Nota-
bly, APOE is concordantly upregulated in oligodendrocyte precursor
cells (log2FC = 2.56, FDR= 5.9e-4), along with other predicted CEBPB
targets (Fig. 5b, e). The RXRG transcription factor-gene regulatory
module, which was downregulated in neuronal subtypes, was also
downregulated inmicroglia (Fig. 5b, e, FDR =0.027). An inferred target
of RXRG is FOXP2 (Fig. 5e), which was recently associated with OUD
and other substance use disorders at the genome-wide level95. FOXP2
expression in microglia may be unique to humans compared to other
primates. Thus, downregulation of the FOXP2 transcription factor
gene regulatory module in human microglia may link the genetic risk
of OUD to other addiction risk traits96,97.

Sex-specific transcriptional alterations across striatal cell types
associated with OUD
Prevalence rates of OUD and responses to opioids are dependent on
sex98–100. Between unaffected individuals and individuals with OUD, we
found a significant effect of sex on DEGs in neurons and glia. Overall,
the impact of sex on DEGs in OUD was magnified in neurons (Fig. 3a)
relative to glia (Fig. 5a). Therefore, we conducted complementary,
secondary analyses to identify sex-specific transcriptional alterations
in neurons and glia associated with OUD (Supplementary Data 1–S12).
First, we identified DEGs within either female or male individuals with
OUD (Fig. 6a, FDR <0.05), revealing more sex-specific DEGs in glial
cells relative to neurons. Additionally, we found a higher number of
DEGs in females thanmales, (360 ± 60 versus 212 ± 67, respectively), in
glial cells, and similarly in neurons (females: 91 ± 9.1; and males:
66 ± 7.9. Second, we explored the interaction between sex and OUD
across genes and cell types to identify cell type-specific gene expres-
sion changes occurring in only males or females of individuals with
OUD. Consistent with our analysis on themain effect of sex in OUD, we
found more DEGs in glia (291 ± 55) than neurons (97 ± 5.6) with sex-
specific changes in OUD (FDR <0.05, Supplementary Data 1–S12).
Among glial cell types,more DEGswere identified in females withOUD
relative to males (Fig. S13). The complete set of gene alterations
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associated with OUD and sex are reported in Supplementary
Data 1–S12. Lastly, we identified DEGs that were different between
females and males within unaffected individuals and individuals with
OUD. As expected, sex-specific DEGs in individuals with OUD com-
pared to unaffected individualswere largely different, suggesting gene
alterations dependent on sex and diagnosis were independent of
naturally occurring gene expression variations between sexes
(Fig. S14). Collectively, our findings indicated that many genes altered
in OUD depend on sex across striatal cell types, especially across
subtypes of glial cells.

To investigate which biological processes underlie sex-specific
changes in OUD, we performed pathway analyses using female-biased
and male-biased DEGs. In female individuals with OUD, pathways were
primarily associated with the upregulation of DNA repair processes,
particularly in MSNs, accompanied by upregulation of interferon
response signaling in glial cells, alongwith the upregulation of synaptic-
related functions in astrocytes (Fig. 6b; Supplementary Data 1–S13, S15).
We then investigated significant key sex-specific factors in specific cell
types of individuals with OUD.We identified the FK506 binding protein
5, FKBP5, as a potential factor in the role for sex in opioid use.

Fig. 5 | Transcriptional alterations in specific glial cell types in human striatum
associated with OUD. a Expression heatmap of z-normalized pseudobulk gene
expression, where the rows are differentially expressed genes (DEGs) and the col-
umns are the biological replicates labeled by cell type, diagnosis, and sex of each
individual. Genes that are representedby the enrichedpathways in (c,d) are labeled
along the right margins. b A heatmap plotting the t-statistic of differentially acti-
vated transcription factor gene regulatory networks across glial subtypes in opioid
use disorder (OUD). c, d Network plot of significant clusters and enriched path-
ways, where each point is a significantly enriched pathway in a glial cell type and

lines represent theproportionof sharedgenes between twopathways. Eachpoint is
colored by the normalized enrichment score (NES), indicatingwhether a pathway is
enriched in up- or down-regulated genes. The color outlines represent the unique
clusters of interconnected pathways by shared genes and the nearby text labels the
unique cluster number and briefly summarizes which cell types and pathways are
represented. e Cluster maps of select transcription factor gene regulatory net-
works. Each transcription factor or gene is colored to denote the direction and
significance of differential expression in glial subtypes in OUD. Source data are
provided as a Source Data file.
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In the brain, FKBP5101,102 is likely a key factor involved in stress and
opioids in females. FKBP5 was significantly upregulated in astrocytes,
oligodendrocytes, and oligodendrocyte precursor cells of
females with OUD (Fig. 6c; log2FCF glia > 1.30, FDRF glia < 0.0165,
log2FCM = −1.62, FDRM interneurons < 0.040). Preclinical studies have
foundmarked sex differences of Fkbp5 expression in dorsal striatum in

response to opioids103,104, and thus, investigated whether there were
similarities in gene changes between rodents and humans in dorsal
striatum. Indeed, gene sets from rodents exposed to opioids were
significantly enriched for genes we found in both glia and oligoden-
drocytes of femaleswithOUD (FDRF glia < 0.027; SupplementaryData 1-
S16). Cross-species enriched DEGs were associated with reduced

*

***

***

*

Neuron Subtype Glial Subtype

F
M

D1.Matrix

D2.Matrix

D1.Strio
some

D2.Strio
some

D1.D2.Hybrid

Interneuron

Astro
cytes

Endothelial

Microglia
Oligos

Oligos Pre

2

4

6

8

4

6

8
F

K
B

P
5 

lo
g2

(C
P

M
) 

| S
V

s

b

e

syna
synaaaaaapse

pse
apse
apse

postsynapsepostsynapse

presynapse
presynapse

m
em

brane

m
em

brane
synaptic cleft
synaptic cleft
extrasynaptic
extrasynaptic pe

c
sp

ec
i

sp
ecec

i
ec

ia
liz

at
i

ia
liz

at
i

ci
al

iz
at

i

ci
al

iz
at

i

ci
al

iz
at

ci
al

iz
at

ec
ia

liz
at

ec
ia

liz
att

iotioat
itiat
io

n
tio

n
at

io
n

at
io

n

cytos
cytosskskososskelet

skele
oskeleto
oskeleto

ynaps
endoendoooosoososoooeeendosendo
ynapy py py p

mem
memmmbr

mbmbmbmbm
ERER

osol
osol

cytos
cytos
cytoso

toso
cytos
cytosssol

sos
yto
yto

cyto
cytos

spine
spinenene
spin
spine e

ne a
nee

spin
spi
spin
pp

cyty
cycycycyto
cytttpine

pine
spine
spineeee

golgi
golgigigi
golgi
golgiiigii
golg
gol
golgl ii
sppspiplgi

lgigi
golg
golgg
ggendo
endo
endo
endo
endo
endoococococ
endo
endo
endodooo
gogggggggolg
golggggggd
end
end
end
end
end
end

som
e

som
e

ribos
ribossos
ribos
ribossosomm
ribos
ribb

s
eeneee

on
e

on
e

ono
tiv

e 
zo

tiv
e 

zo
tiv

e 
zo

n
tiv

e 
zo

ac
t

ac
tcttac
t

ac
t

ac
ti

ac
ti

SVSVSVSSVSV

DCV
DCV
DCDCDCDCDCDCCVCV

aneanebrabraraa

cytocyto
tontontotoskeletskeleoskeletoteleteleoskeleto

oskeleto

EREREEEEEE

cytos
cytosoo

osol
osol
tosol
tosol

cytos
ytosoosoll

so
o

one
one
onene

ic zon
c zon

zone
zono eenee
zo
oll

soll
nene

o

om
e

om
e

m
e

m
e

dosom
osom
somomm

e
m

e
m

ribosom
ribosomom

e
om

e
om

e
om

e
omm

m
em

bran

m
ee

mm
e

extrin
extrinnssnsic

nsic
extrinsic
extrinsic
m

em
bra

m
em

bra
m

em
bra

m
em

brara ea
m

m

napm
em

b
m

bra
m

br
m

br
m

br
integ
integgral

gral
gg

integral
integral

m
em

bra
m

bra
m

bra
m

bra
ntegral
tegral

c
alal

m
em

bra
m

br
m

br
m

br
m

bra
brbrbr
cle

ptic 
ptic cleaaaaa

c cllll
CC

E
C

E
C

ptic cl
ptic cl
ptic cl
ptic cl
EE

cle
cle
cle
cle

synaptle p
C

M
C

M
C

M
C

M
C

M
C

MclclclclMM
CCC

E
C

M
E

C
M

synap
synap
synap
synap

CCC
M

C
M

C
M

C
M pppp

CCCCCC PP
S

D
P

S
DDDDD

ee

m
em

b
m

emm
b

m
br

an
e

m
br

an
e

m
br

an
e

m
br

an
e

m
br

an
e

m
br

an
e

m
br

an
e

m
br

an
e

ac
ell

ula
r

ac
ell

ula
r

int
ra

c
int

ra
c

ra
ceac
e

mmetri

mmetri

sy
mm

sy
mmmmmm

sy
mm

ysyy
F FF

ytoyto
IF cyt
IF cyt
IF cytoyt
IF cyy
FF

skskskeleto
skeleton
actinactinnnactinactinnn
keleto
kelet
kelet
kelet
kelet
kelet
kelettototototo
keleto
keleton
keleto
keleto

skeleto
skeleto
kelet
kelet
postpostposp ststpostpostkeleto

keleto
keleto
keleto
keleto
keleto
keleto
ppososo

ASA SA SSSSS
semememmeeee
soms yyyyearlyearlyearlyyyyyyysomesomesomesomesomesomesomeeeeeeee

yyrecycrecycrecycyrecyyclcycyc
hored
hored

anchanchhohohhmbran
mbr

ensicnsic
insns

extri
e

neeeee
brane
brane
brane
brane
brane
brane
braneeeeeeee

gral
gral

integr
integ
integra

egr
integggragmemb

membmbr
mbr
mbmb

SER
SERERERe appa

app
e appa

ppaaaa
m

em
bb

e
appa
appa
appa
appa
appa
appa
appapara

ara
ararararar

par
par
par
par
par
par
parzono

cytic z
cytic
cytic z
y

bra
b

emzon
zon
zon
zon
zon
zon
zon

cytic z
cytic
cytic z
cytic
cytic z
cytic z
cytic

zzzzzzzve
 

vetivtivt
ac

t
acc

tt
aa

v
an

e
an

e
aa

br
a

br
aaaan

enea
br

a
br

aaativ
e

tiv
e

tt
acacc

tt

cy
to

s
cy

to
sos
ol

os
ol

os
ol

os
y

os

an
e

an
e

m
br

an
m

br
anra
n

ra
n

lume
lumemen

men
umemememe

aneane

embra
embra

membran

membran
embra
embra

membran

membran

p
lumlummenmenmemenn

panchor
anchoredredoreor dd

embbextexttrintr sicsicnsmmmmmmmemememememememmememeememee
integintegggralralgralg

cytocytooskeoskeosooskeoskeF cytoIF cytoskelet
IF cytoskeletontonetonetkeletkeleetttonont

cytocytoytoyytoytoy oskeoskeskeskeskeooooooooo eeoskeoske
cytocytoo

cyto
actin cytoskelet

actin cytoskelettontonetotokeletkeletontonetetcytocytocytcytcytooskeskeskkskskkoskeoskeooo

aneane
mbrabraanan

m cSER
SER
SESESESER

ytic z
ytic z
ytic
y

ocy
ococyyytii

doc
d

cytic z

cytic z

cytic
cytic
cytic
cytic
cytic

docyt

docy
docy
docy
docy
docy
docy
ocyti
cyt

ocyt
cyt

ocyt
ocyt
cyt

ndos
dos

enene
m

br
m

br
m

bra
m

br
ne

endos
endos
ndos
ndos
ndos
ndos
ndos

end
end
end
end
end
end
end
end
end
end
end
end
end
end

m m
em

m
emmm

b
m

b
mm

ononio
n

io
n

ac
el

lu
la

ac
el

lu
laa

raraa

in
tra

c
in

tra
cacac

in
t

in onononononon

e
br

an
e

br
an

eee
br

a
br

a
in

si
c

ns
ic

ex
tri

n
ex

tri
nrin
s

rin
s

ex
t

ex
t

ononnnn ex
tri

ex
tri

nn
br

a
br

a
br

a
br

a
m

br
an

e
br

an
br

a
br

eg
ra

l
gr

al

in
te

gr
in

te
gr

nt
eg

ra
eg

r
in

te
g

in
te

ggg

br
a

brbbbbb

memmemmbmbmm
clingclingn mmmbmbmbmmememlinglinglinglinglinglingling

e

mbran

mbr egralral
egragra

integeg
nteggee

brane
brane
brane
brane
brane
brane
branenenenenenenenem

em
b

m
em

b
m

br
m

br
em

b
m

br
e

bran
ara
ara
ara
ara
ara
ara
arante

atus
atusuuu

brane
bbb

eeeeeee
aratus
ratus
ratus
ratus
ratus
ratus
ratus

aratus
ratus
ratus
ratus
ratus
ratus
ratus
ratus

aratus
ratus
ratus
ratus
ratus
ratus
ratus

aratus
ratus
ratus
ratus
ratus
ratussssssssssssssssaaaare

d
re

d
rerem

em
b

m
b

ttri
n

tri
si

c
si

c
nsm
e

m
e

m
e

m
e

m
e

m
e

m
e

m
em

b
m

em
b

m
em

b
m

em
b

m
em

b
m

em
b

m
em

b
m

em
m

e
m

e
m

e
m

e
m

e
m

eint
eg

r

int
eg

r
eg

ra
l

gr
al

eg
ra

eg
ra

memememmmmm

extrin
s

extrinn
sic

nsic
nsns

trini
sicsic

nsmemememeemb
emb

memb
memb

integ
integgral

gral
egrgr
tegggralral

gg
memmeeee

membmb
mminteintentegnteggralaggmememememememeembembembembembembemb
mememememememe

aneane
mbran
mbraranran

m
eendd
ee

ddnd
eemendo
ndodododododo

e

extri
extri
xtrin
xtrinneend

end
end
end
end
eememememmememmemememmememeneeeeeeeeeeeeeeeeendo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
endo
eneneneneneneneneneneeneeneeneneneeeneeneneenee

m
em

b
m

b
e

mm
inte
inte
nteg
nteggrala

ggme
m

e
m

e
m

e
m

e
m

e
m

e
m

em
b

m
em

b
m

em
b

m
em

b
m

em
b

m
em

b
m

em
b

m
em

m
e

m
em

m
e

m
em

m
em

m
e

an
ch

an
chhh

br
an

e
b

nn
ex

tr
i

e
neeeee

br
an

e
br

an
e

br
an

e
br

an
e

br
an

e
br

an
e

br
an

eeeeeeee gr
a

gr
a

in
te

g
in

te
ggrgr

bb nnextrie innebranebranebranebranebranebranebraneeeeeeee
braneb oohohoanchanchobranebranebranebranebranebranebraneeeeeeee

ee

m
bran

m
brintee

m
brane
brane

m
brane
brane

m
brane

m
brane
braneeeeeeee

membmb
mminteintenteg

nteggralaggmememememememememb
memb

emb
emb
emb
emb
emb

mememememememe

-log10 Q-value
too few genes
not significant
2
10
20
30
40
50
60
≥70

d

f

UC
OUD

Female-biased pathways in OUD vs. UCFemale-biased pathways in OUD vs. UCFemale-biased pathways in OUD vs. UCFemale-biased pathways in OUD vs. UCFemale-biased pathways in OUD vs. UC

Male-biased pathways in OUD vs. UCMale-biased pathways in OUD vs. UCMale-biased pathways in OUD vs. UCMale-biased pathways in OUD vs. UCMale-biased pathways in OUD vs. UC

1313131313

1414141414 1515151515

a neeanee
anene
neneneneneneneaaaa bbbbaaaaacc gral
gral
gra
gra
gggrgggg
sssssseeeeeeeeeeeeesssssssssssssssssssssssssssssssssssssssssss

oo
anch
anchhhem

b
m

b
m

bb
ns

icsi
c

s
m

e
mmmmmm

ememememememem
m

ee
m

ee
m

e
m

ee
a

egegg
ra

l
gr

al
grg

nc
ho

re
nc

ho
rrereor
e

or
e

ex
tri

ex
trxt
ri

xt
rimmmmm

egral
gral
gral
ral
ral
ral
ral
ral
rarala

grarararal
ralal
ral
ralala

egra
gra

egegggneenenenenenenenenenenenenenene

ononononononnonononoonnoonnonoonnonnonoonnoononoonoononoonooo

rr

ricric

skele
oskele ononntontonontononontotononontontontontooonoonontooonononnn

oskele onontontontonoonoonononnoontooononnn

oooooonnononnnnnonononnnnononnnnnononnooo
cycycycycycycyccycycyycyyyyyyyyyytoskoskkkoskoskoskkkkoskkoskeleteleleeleleleleleleleeeleeleleeeleeeeleeeee

on

cycycyycyyyyytoskkeleteleleleleleleeeleleleeeeeeeee
on

ccycyyccyyyyccycyycyyyccycyycycyycyy
onnononnnnnnonononoononononnnonononooooonononononnooo tic ep

nnsynanaaynannynaynynnnnynnnynyy
ticticticpticticticcccpticpticticicicctictictiiicc sepepsepsepsepsepsepsepsepsepsepseppsepepsepsepsepepsepsepsepsepsepsepsepepssesepsssss titttititiitittitittititititittt

nnsynaynynynynnnynyy
ticcticticticccccpticticctici seppsepsepsepsesepsepsepsepsepepepepsepsepepsesepseeps pepepssesess tittitiititttttitititt

tstststsynnynsynynynynynnynnnynynyyyyynnynsynynynynynynnynynyytsttsts
onnnnonooooooooo

skecytoskeleton
ytoskeleton

cccycycyytt
mmmmbmbmmbb
yyyymememememememeeeeeeee

braneb nsicsicnnexte eeeeebranebranebranebranebranebranebraneeeeeeee
memmemmbbmmbrbbrbrrr

Dendrite

Axon
Astrocyte

Mitochondria

75 16 2 7

11982 9076 65 116

8257 6051 56 93

6 19 25 27 13

276 319
589

366
252

84

440

281
160

94

Neuron Glia
in B

oth
in F

em
ales only

in M
ales only

D1-Matrix D2-Matrix
D1-Striosome

D2-Striosome
D1/D2-Hybrid

Interneuron
Astrocytes

Endothelial
Microglia

Oligodendrocytes
Oligodendrocytes

Precursor

0

200

400

600

0

200

400

600

0

200

400

600

# 
of

 O
U

D
 v

s.
 U

C
 D

E
G

s 
by

 S
ex

 (
F

D
R

 <
 0

.0
5)

a

1111111111

1111122222

33333 44444
55555

77777

88888

99999

1010101010
1-MSN: DNA synthesis, & 
cellular response to heat 

stress

2-MSN: Rho GTPases

11-Neuron: DNA synthesis

8-Endothelia: 
Ciliopathy

3-Endothelia: 
PDGFR-beta & 
VEGF signaling 

pathways

4-All: Golgi 
apparatus, Genes 

differentially 
regulated in tumors 

& UV irradiation 

7-All: Cranial abnormality

10-Astrocyte & interneuron: Vesicular 
transport & projection regulation

5-Glia: Interferon 
response & NF-kb 
response to TNF 

6-Astrocyte: 
Synaptic regulation

9-MSN: Progressive 
spastic paraplegia

66666

# Genes

16
64
144
256
400

−4 −2 0 2 4

Pathway also enriched 
w/ sex interaction score

NES

14-Interneuron: 
Abnormal hairline

12-MSN & Microglia: 
Respiratory electron 
transport, TCA cycle, 
& neurodegenerative 

diseases

13-MSN: SLIT/ROBO 
signaling, Hedgehog 

signaling, & proteasome 
degradation

15-MSN: 
Abnormal CSF 

lactate level

16-Interneuron: 
Respiratory electron 

transport

1616161616

1212121212

c

Article https://doi.org/10.1038/s41467-024-45165-7

Nature Communications | (2024)15:878 9



expression of genes involved in synaptic regulation, particularly in
astrocytes (Fig. 6b; cluster 6), spanning both pre- and postsynaptic
compartments (Fig. 6d; Supplementary Data 1–S14, S15). In contrast,
male-biased molecular alterations in OUD were largely found in
microglia, MSNs, and interneurons (Fig. 6e; clusters 12, 15, 16), enri-
ched in mitochondrial pathways (Fig. 6f). Collectively, our evidence of
sex differences in cell type-specific molecular signaling suggests an
augmented, magnified glial cell response in females compared to
males with OUD.

Discussion
Using single nuclei transcriptomics technologies, we identified both
canonical neuronal and glial cell types in human striatum (e.g., D1-
MSNs andD2-MSNs), alongwith several of the less abundant cell types,
including subclasses of striatal interneurons and D1/D2-hybrid neu-
rons. We also characterized the expression of specific opioid receptor
and endogenous ligand subclasses across cell types, highlighting
expression patterns unique to human striatum. Our single nuclei
findings provide further insights into the specific cell types thatmay be
impacted in OUD, while highlighting several putative mechanisms in
human striatal neuronal and glial subtypes. A common theme that
emerged from our analyses was the involvement of processes related
to neuroinflammation and cell stress in OUD, including a broad
interferon response among glial cells and elevated DNA damage in
neurons. DNA damage markers were identified in both the striatum of
humans and monkeys, suggesting chronic opioid use associated with
OUD leads to augmented DNA modifications (e.g., single- and double-
stranded breaks, impaired DNA repair, and chromatin accessibility).
Proinflammatory signaling, the involvement of microglia-dependent
signaling in striatum, and alterations in synaptic signaling in OUD are
consistent with previous bulk transcriptomics findings from post-
mortem brains of individuals with OUD2,5,9.

Many of the genes and pathways enriched in specific striatal cell
types of individuals with OUD have been implicated in various pro-
cesses related to cell stress and senescence, DNA damage, and
inflammation. Opioids lead to persistent changes in neuronal activity
and synaptic plasticity within the striatum. Prolonged or repeated
alterations in neuronal activity combinedwith dysfunctionwithin DNA
repair pathways hampered by persistent cell stress (e.g., oxidative
stress) may lead to the accumulation of DNA damage. Neuronsmay be
particularly vulnerable to DNA damage105, in that breaks in the DNA
and subsequent DNA repair, allow neurons to respond rapidly at the
transcriptional level to changes in activity106,107. DNA integrity is critical
for neural cells to prevent insertions, deletions, or mutations that
ultimately have consequences on cell health and function. Our results
suggest elevated DNA damage in neurons of individuals with OUD,
particularly within striatal interneurons.

Several subclasses of striatal interneurons are found in striatum108,
with different transcriptional and physiological properties. We sepa-
rately clustered TH + , CCK+ , PTHLH+ , and SST+ interneurons in
human striatum. The functionality of interneurons in the striatum is

diverse, with several subclasses modulating the excitability and inhi-
bition of MSNs in response to various substances, including opioids109.
Although we were unable to reference the overall elevation of DNA
damage signature to a specific subset of interneurons, our findings
suggest striatal interneuronsmaybe particularly vulnerable to a loss of
DNA integrity and repair mechanisms in response to changes in neu-
ronal activity by opioids and related perturbations.

The DNA damage response in neurons can lead to a proin-
flammatory response in microglia and other glial cells13,84. In OUD,
there were a relatively large number of genes that were upregulated
specifically in microglia, enriched for genes involved in neuroin-
flammation. Microglial activation may propagate to other neural cell
types, evident by an increase in interferon responses. Indeed,we found
significantly upregulated interferon response in both neuronal and
glial cells of individuals with OUD. Interferon responsesmaymodulate
opioid actions in the brain and could be involved in the emergence of
symptoms of opioid withdrawal110.

Other relevant pathways to OUD included oxidative stress, mito-
chondrial respiration, and neuroprotection. The coordinated altera-
tions in the expression of genes involved in these pathwaysmay reflect
compensation to changes in neural activity impacted by opioid use.
For example, glutamatergic hyperactivity at striatal MSNs111 may cas-
cade towards excitotoxicity and elevated DNA damage112, both of
which have been recently associated with OUD113. GRM5 was specifi-
cally downregulated in astrocytes in OUD. GRM5 is transiently
expressed in astrocytes to detect and respond to extracellular gluta-
mate, suggesting downregulation in OUD may be due to changes in
glutamatergic activity in striatal neurons114. Alterations in other gluta-
matergic and GABAergic transcripts were also found in specific cell
types in OUD (e.g., downregulation of GRIA1 in astrocytes and upre-
gulation of GABRG2 in microglia). In parallel, enrichment of
neurodegenerative-related and neuronal activity markers in certain
striatal cells inOUDmay be a result of high energetic demandonMSNs
to maintain a hyperpolarized state, a possible mechanism of vulner-
ability of striatal MSNs proposed in Huntington’s disease115. We also
found OUD-associated changes in neuronal energetics with the
downregulation of nicotinamide riboside kinase 1, NMRK1, and the
basic helix-loop-helix family member e40, BHLHE40 (DEC1), both of
which are involved in regulating cellular metabolism, oxidative stress,
and inflammation81. Together, the broad set of changes in genes and
pathways associatedwith OUDwere associatedwith various processes
involved in cell stress.

Sexdifferences in the vulnerability to substanceuse, development
of substance use disorders, and treatment outcomes, along with the
biological response to drugs are evident from both preclinical and
clinical studies116–118. Our findings suggest sex-specific alterations in the
transcriptional response to opioids across striatal cell types. Based on
the transcriptional patterns, we found a more pronounced inflamma-
tory response associated with striatal microglia in females compared
to males with OUD, suggesting microglia in the human brain also
exhibit sex-specific responses to stress and substances119,120. In

Fig. 6 | Sex-biased transcriptional alterations in striatal cell types associated
with OUD. a Barplot showing the number of differentially expressed genes (DEGs)
detected by cell type in sex-specific differential analyses comparing unaffected
individuals and individuals with OUD. The bar plots show significant DEGs in only
female individuals, in only male individuals, or in both groups (FDR<0.05).
bNetworkplot of significant clusters and enrichedpathways as in Figs. 2b, c and 4b,
c. Here, enriched pathways include only DEGs calculated within female individuals
if less significant than those calculated within male individuals. Pathways with a
square point are also enriched using an alternate calculation of a sex-interaction
score. c Boxplots showing sex- and cell type-specificity of differential expression of
FKBP5. The boxplot labels the log2(counts permillion) normalized gene expression
values regressing out covariates and surrogate variables. Each point is a biological
replicate colored by diagnosis (*PDx within Sex < 0.05; **PDx within Sex < 0.01; ***PDx within

Sex < 0.001, two-sided limma regression, exact P-values reported in Supplementary
Data 1–S12). Each data point consists of N = 22 caudate and putamen samples from
M = 12 individuals. d A sunburst plot representing curated synaptic gene sets from
SynGO from genes enriched in cluster 6, a female-biased set of pathways enriched
in astrocytes. e A network plot as in (b); however, displaying the male-biased
pathways. f Diagram showing the male biased DEGs that are components of the
electron transport chain, including genes involved in mitochondrial functions
(NDUFA4, NDUFB7, and NDUFA13 of complex I of mitochondrial respiratory chain;
UQCR11 and UQCRQ of complex II; and COX6B1 of complex IV). Schematics in (f)
created using BioRender.com. Source data are provided as a Source Data file.
Boxplots in 6 C are plotted asmedian, the 25% and 75% percentiles, and non-outlier
maxima and minima.
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addition, we identified the upregulation of FKBP5 as a potential female-
specific factor in several glial subtypes in OUD. FKBP5 acts as a co-
chaperone of the glucocorticoid receptor activated in response to
stress, with major implications in the pathology of several psychiatric
disorders and the impact of stress on substance withdrawal, craving,
and relapse121,122. Further, the transcriptional alterations within micro-
glia, oligodendrocytes, and astrocytes in female individuals with OUD
were significantly enriched for FKBP5 target genes identified in rodents
administered opioids. Genes related to synaptic functions were also
enriched in astrocytes of females, while enrichment was mostly in
MSNs and interneurons in male individuals with OUD, suggesting sex-
specific alterations of striatal neuronal and glial cell signaling in opioid
addiction.

Several limitations of our resource stem from challenges of pro-
filing single cell transcriptomes in postmortem human brains. While
thenuclear transcriptome correlates onwholewith the transcriptomes
of other subcellular compartments, there are notable differences in
mRNA trafficking within certain neural cell types and synapses. Fur-
thermore, the nuclear transcriptome does not capture post-
transcriptional regulation. Further, the sex-biased differential expres-
sion in OUD is likely influenced by cultural and behavioral factors that
are confounded with biological sex. Lastly, while this resource will be
useful to identify the consequences of OUD in the postmortem brain
transcriptome, integration of our findings with other types of
approaches from genetics to functional genomics in clinical cohorts to
animal models of opioid addiction could contribute to a greater
understanding of opioid addiction and aid in the realization of treat-
ment strategies.

Methods
Human individuals
Postmortem human brain samples were obtained, following consent
from the next of kin, during autopsies conducted by the Allegheny
County Office of the Medical Examiner (Pittsburgh, PA). Consent was
obtained from next-of-kin and procedures were approved by the
University of Pittsburgh’s committee for Oversight of Research and
Clinical Training Involving Decedents and Institutional Review Board
for Biomedical Research. An independent committee of clinicians
made consensus, lifetime DSM-IV diagnoses for each individual using
the results of an expanded psychological autopsy, including struc-
tured interviews with family members and review of medical records,
as well as toxicological and neuropathological reports123. The same
approach was used to confirm the absence of lifetime psychiatric and
neurologic disorders in the unaffected comparison individuals. All
procedures were approved by the University of Pittsburgh Committee
for Oversight of Research and Clinical Training Involving Decedents
and Institutional Review Board for Biomedical Research. Each indivi-
dual meeting diagnostic criteria for OUD at the time of death (n = 6)
was matched with an unaffected comparison individual (n = 6) for sex
and as closely as possible for age and PMI (see Supplementary
Data 1–S5). The duration of illness for each individual with OUD was at
least four years prior to death.

For all individuals, the caudate and putamen were identified on
fresh-frozen coronal tissue blocks using anatomical landmarks and
tissue was collected via cryostat, using an approach that minimizes
contamination from white matter and other striatal subregions and
ensures RNA preservation. Fresh-frozen, right hemisphere coronal
tissue blocks containing the body of the caudate and putamen, inclu-
sive of plates 24–30 in the rostro-caudal axis, were included for ana-
lysis. The rostral face of eachblockwas scoredusing a #11 scalpel blade
while mounted in the cryostat. Sections were cut at 40 µm thickness,
and each striatal subregion from an individual section was placed into
its respective collection tube until a total of volume of ~50 mm3 was
collected from each region. This approach minimizes contamination
from white matter and other striatal subregions and ensures RNA

preservation. The medial-lateral border between the caudate and
putamenwas scored to exclude the internal capsule. The lateral border
of the putamen was defined by the external capsule. The ventral bor-
der of the caudate and putamen was defined by the anterior thalamic
radiation of the internal capsule or the anterior commissure.

Isolation of nuclei from human postmortem brain tissue and
library preparation
Nuclei were isolated from 24 biospecimens of frozen human post-
mortem brain tissue (12 individuals (Unaffected/OUD) x 2 brain
regions = 24 samples). Samples weighing 10–15mgwere homogenized
using ~10 strokes per glass pestle in 7mL glass douncers with 5mL
nuclei isolation medium containing DAPI. Homogenate was filtered
using a 40um mesh strainer (Fisher Scientific #48680). Nuclei were
sorted for DAPI fluorescence using a BD FACS Aria at the Boston Uni-
versity Flow Cytometry Core. Approximately 100,000 nuclei were
sorted into 7ul of 0.04% bovine serum albumin (Millipore Sigma
#126615) in phosphate buffered saline (ThermoFisher #10010031).
Nuclei were counted using a hemocytometer and assessed for con-
centration and debris. 7000 nuclei were targeted per sample except
for one sample with lower concentration where 5000 nuclei were
targeted. The 10x Chromium process was performed and next gen-
eration sequencing libraries were prepared using the 10x genomics
single cell 3’ gene expression dual index kit.

Libraries were sequenced at the Boston University Single Cell
Sequencing Core. The pool of snRNA-seq libraries were sequenced on
7 Next-seq P3 flow cells with an intermediate re-pooling scheme to
optimize for 50–80% sequencing saturation, > 8000 average UMI per
cell. Between sequencing runs, we preliminarily aligned the sequen-
cing reads as outlined below to assess quality per sample and estimate
the number of viable nuclei and sample complexity. We identified two
samples, C-13291 and C-612, to have low QC metrics due to wetting
failures, mean UMI per cell < 1000 and estimated # cells > 50,000.
These samples were excluded from subsequent re-pooling and further
analyses (Supplementary Data 1–S1: tab STARsolo QC).

Nonhuman primate subjects
Eight adult rhesus macaque monkeys (macaca mulatta) weighing
between 6.0 and 13.0 kg served as subjects in the present study. Sub-
jects lived individually in stainless-steel enclosures under a 12 h light-
dark cycle with side and front visual access to other conspecifics. All
subjects had continuous access to water and were fed a diet of High
Protein Monkey chow (Purina Mills International, Brentwood, MO),
fresh fruit, and vegetables. Environmental enrichment (mirrors, toys,
foraging boards, music, etc.) was also provided daily. Subject health
and well-being were monitored daily by trained technical and veter-
inary staff. Animal husbandry and research was conducted in accor-
dance with the guidelines provided by the Institute of Laboratory
Animal Resources as adopted and promulgated by the U.S. National
Institutes of Health. The facility is licensed by the U.S. Department of
Agriculture and all experimental protocols were approved by the
Institutional Animal Care and Use Committee at McLean Hospital.

Chronic morphine dosing in nonhuman primate subjects
Four subjects (3 male, 1 female; mean age: 12 years, range: 9–18 years)
received daily morphine treatment for 5 months (see below); four
additional subjects, matched for age, weight, and sex, served as
experimental controls (3 male, 1 female; mean age: 14 years, range:
11–21 years). Control subjects had a history of nicotine or cocaine
exposure but were drug free for ~1 year prior to tissue collection. The
metadata for nonhuman primate subjects are listed in Supplemental
Supplementary Data 1–S26.

Eachmorphine-treated subjectwas trained to come to the front of
the enclosure for twice daily intramuscular (IM) injections (< 0.5 cc) of
morphine sulfate (NIDA Drug Supply Program) dissolved in 0.9%
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saline. Injections were administered at 09:30 and 17:00 h. A gradual
dosing escalationmethod (0.5 log unit increase every 3 days) was used
to achieve the terminal dosage of 9mg/kg/day (i.e., 4.5mg/kg, BID).
This dosage was selected to produce moderate opioid
dependence124,125. All subjects received approximately 1500mg of
morphine over the 5–6-month period of chronic dosing. On the last
day and approximately 3 h following the last IM morphine injection,
each subject received an IM injection of ketamine (10mg/kg) followed
by 5.0ml IV of a pentobarbital-based euthanasia solution (Beuthana-
sia-D).

Rhesus brain tissue preparation
After sacrifice, brains were rapidly dissected into slabs and frozen on
metal plates in liquid nitrogen vapor. Time between animal sacrifice
and tissue freezing was between 1 and 2 h for all animals. Brains were
kept stored at −80 °C until punching, when they were punched on a
microtome with guidance from a macaque anatomist (Dr. S. Haber).
Punches were stored at −80C until the day of nuclear isolation and
encapsulation.

Single nucleus RNA sequencing in rhesus brain tissue
Nuclei were isolated as in previous studies126, with minor modifica-
tions. Punches were placed into buffer HB (0.25M sucrose, 25mMKCl,
5mM MgCl2, 20mM Tricine-KOH pH 7.8, 1mM DTT, 0.15mM sper-
mine, 0.5mM spermidine, protease inhibitors) and placed in a Dounce
homogenizer for 10 strokes each with loose and tight pestles. A 5%
IGEPAL solutionwas added to afinal concentration of 0.3% followedby
five additional dounce strokes, then the lysate was filtered through a
40μm strainer. Nuclei were mixed with an equal volume of 50%
iodixanol and then layered on top of an iodixanol gradient of 40% and
30% layers in a 2mL dolphin microcentrifuge tube. Nuclei were spun
by centrifuging at 10,000 x g for 4min at 4 °C and then collected by
aspiration at the interfaceof the 30% and 40% iodixanol layers. Nuclear
concentration and prep quality were ascertained by loading on a
hemocytometer and were diluted to a concentration of 80–100K and
15% iodixanol with Buffer HB prior to loading on InDrops v3 platform.
Single-nuclei suspensions were encapsulated into droplets, lysed, and
the RNA within each droplet was reverse-transcribed using a unique
nucleotide barcode127. Approximately 6000 nuclei, in two batches of
3000 nuclei each were processed per library and sequenced on Illu-
mina NovaSeq S2 chips (at a density of approximately 20,000 reads/
nucleus).

Single nuclei RNAseq data processing
We aligned single nuclei RNA-seq (snRNA-seq) reads to the human
genome (GRCh38.p13) or rhesus macaque genome (rheMac10) for
each output with the turn-key single-cell transcriptomics method
STARsolo, which is folds faster than the CellRanger pipeline and
equally accurate (v2.7.9a)128. For themacaque samples, we used a set of
gene annotations by mapping the human gene annotations to the
rheMac10 genome using the liftoff tool129. These alternate rheMac10
gene annotations are deposited to Carnegie Mellon University’s Kil-
thub repository resource (https://kilthub.cmu.edu/articles/dataset/
Alternate_gene_annotations_for_rat_macaque_and_marmoset_for_
single_cell_RNA_and_ATAC_analyses/21176401).We chose parameters
for the STARsolo UMI quantification to closely replicated the 10X Cell-
Ranger pipeline v6 and use the filtered genome and gene annotation
available from 10X Genomics (https://support.10xgenomics.com/
single-cell-gene-expression/software/downloads/latest, Human refer-
ence 2020-A). We ran STARsolo to allow for pre-mRNA gene counts as
well as exonic counts for nuclear RNA and to separately count introns
and exons for RNA velocity analyses, (--soloFeatures GeneFull Velo-
cyto). We used the following parameters to correct cell barcodes, de-
duplicate transcripts by their uniquemolecular identifier (UMI), assign
UMI counts to genes, and pre-filter cells that are likely empty droplets

(--soloType Droplet --soloCBmatchWLtype 1MM --soloCellFilter Emp-
tyDrops_CR --soloMultiMappers EM --soloUMIdedup 1MM_CR). We
pre-processed the UMI gene x cell count matrix to reduce inherent
biases in the technology. We identified likely ambient RNA con-
tamination with SoupX130, empty droplets with DropletQC131, doublets
with scds132, and damaged nuclei with miQC133. For each of these ana-
lyses, each sample (GEM well) was analyzed separate from each other.
We ran SoupX to estimate the fraction of ambient RNA from both raw
and unfiltered UMI count matrices from STARsolo and perform
ambient RNA removal aware of the cell clusters in the filtered matrix.
For just the SoupX analyses, we clustered the cells with Seurat v4134

with FindClusters (algorithm = 2, resolution = 0.5). For DropletQC, we
used the intronic and exonic UMI counts per cell per gene from
STARsolo to get the fraction of intronic UMI per cell (referred to as the
nuclear fraction).We identifiedemptydropletswithdefaultDropletQC
parameters (nf_rescue = 0.50, umi_rescue = 1000). We identified dro-
plets with scds’s hybrid algorithm using the function cxds_bcds_hybrid
to estimate doublet scores and called doublets on cells with scds.hy-
brid_score > 1.0. We identified damaged cells with high percentage of
mitochondrial UMI counts using only miQC which uses a Bayesian EM
algorithm to learn the relationship betweenmitochondrial UMI counts
and number of captured genes. We used the posterior probability
cutoff of 0.75 to call damaged cells by miQC.

To combine cells together across samples,wenormalized theUMI
counts with the variance-stabilizing SCTransform and glmGamPoi on
each sample135,136 and jointly embedded cells across samples with
reciprocal PCA integration134, as outlined in https://satijalab.org/
seurat/articles/integration_rpca.html. In this joint embedding, we
over-clustered the dataset with FindClusters(algorithm = 2, resolution
= 1)and removed any cluster with more than 10% of cells flagged by
miQC, scds, or DropletQC as low-quality biased-clusters in the data.

Labeling striatum cells with amacaque snRNA reference dataset
We annotated our cells from the human or monkey striatum to a
recently published high-resolution snRNA-seq reference dataset of the
non-human primate striatum34 using Seurat v4. We downloaded the
monkey snRNA-seq processed, annotated gene UMI counts for all cells
andMSNs fromGSE167920. He, Kleyman et al. had aligned the snRNA-
seq reads to the rheMac10 genomeusing the GRCh38 gene annotation
liftover to rheMac10, so the gene-wise labels represent the UMI counts
on the rheMac10 genome most orthologous to human. For both full
nuclei and MSN subset datasets, we re-processed the macaque cells
with SCTransform, glmGamPoi, and reciprocal PCA with default
parameters as above to enable label transfer using the most recent
integration algorithms in Seurat.

To transfer cell annotations from the referencemacaque striatum
dataset to the human or macaque striatum cells, we performed two
label transfers at increasing resolutions: one with all cells and another
with just MSNs. As He, Kleyman et al. described the differences
between transcriptionally and anatomically distinct MSN subtypes are
subtle, sowe split the annotations into two steps to optimally annotate
the cells. The first label transfers the cell classes (Oligodendrocytes,
MSNs, Interneurons, etc.) from themacaque to thehumandatasetwith
the Seurat functions FindTransferAnchors (reduction = ‘rpca’) and
TransferData. Next, we identified cells or cell clusters thatwere labeled
as MSNs and transferred MSN subtype labels (D1.Striosome,
D2.Striomsome, etc.) from themacaque tohumandatasets.Wefiltered
out cells where the cell class or cell subtype labels havemaxprediction
scores less than0.5 as these tend to represent noisy predictions due to
low quality cells from either dataset. We confirmed accurate label
transfer at the cell class and cell subtype levels with published marker
genes and similar proportions across individuals and samples.

Even with the robust cutoffs that we applied to this dataset to
remove likely lowquality or doublet cells; we founda residual subset of
the data that contain these cells. Upon clustering, doublet cells tended
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to project into the UMAP space as long streaks between two well-
defined cell types. Low-quality cell types would project into the UMAP
space as amorphous cell types without clear boundaries. Using these
embedding features, we selected these clusters with Seurat’s Find-
Clusters(resolution = 1) function, confirmed that they have the indi-
cative QC metrics, and removed them from analyses.

Annotating interneurons with mouse marker genes
To demonstrate the high resolution of our datasets, we annotated the
striatal interneuron using previously characterized mouse markers of
these subtypes108. We sub-clustered the interneurons labeled by the
macaque dataset and annotated them manually as interneuron sub-
types best labeled by the marker genes TH, PTHLH, SST, or CCK. The
previously publishedmacaque snRNA-seq dataset had too fewof these
interneurons sampled from N = 2 monkeys, so these subtypes were
under-represented to be sub-clustered. In this study, we sampledmore
broadly from N = 12 individuals (human) or N = 8 individuals (rhesus
macaque).While these interneuron subtypes are clearly distinct in this
dataset and in the neural circuits, they still are under-represented to
power certain downstream. For these analyses, we analyze these cells
together as “Interneurons”.

Differential gene and cellular state expression analysis
in humans
To investigate the gene expression differences in OUD and unaffected
individuals, we used the pseudo-bulk aggregation of gene expression
profiles. Many have shown that pseudo-bulk-based case-control dif-
ferential expression analyses robustly detect gene-level differences
with lower false discovery due to repeated measures from single cells
of the same individual137–139. The raw UMI counts were added together
from the same individual, brain region, and cell type to create the
pseudo bulk profiles. We aggregate the interneuron subtypes together
as “Interneurons”. We filtered out pseudo-bulk profiles aggregated
frommore than20 cells.Wefiltered outmitochondrial, ribosomal, and
low-expressing geneswith less than 5 averageUMI counts.We retained
20,203 genes and 210 pseudobulk profiles to apply the voom-limma
method140 for differential gene expression analyses and the sva
method to construct surrogate variables to identify un-modeled
sources of transcriptomic variation. These statistical methods toge-
ther addressed several challenges in analyzing cell type differential
expression across multiple axes of meaningful biological variation: 1)
accounting for correlated pseudo-bulk samples shared across indivi-
duals with the duplicateCorrelation (block = Subject.ID), 2) estimating
quality weights for adjusting for cell type proportions with the func-
tion voomWithQualityWeights, and 3) calculating un-modeled varia-
tion in high-dimensional single cell data with the sva()function. To plot
the gene expression profiles, we used the normalized counts per mil-
lion (CPM) of each pseudobulk profile corrected for the batch effects
and surrogate variables unrelated to the OUD diagnosis using the
cleaning function (https://github.com/LieberInstitute/jaffelab). For
heatmap visualizations of the gene expression profiles, we also
z-normalized the corrected expression profile of each gene grouped
by cell type, since gene expression is highly cell-type specific.

We calculated the differential expression in OUD vs. unaffected
comparison individuals for two sets of hypotheses:
1. What is the differential expression in each cell type averaged

across brain regions and sex?
2. What is the differential expression within the subset of female or

male individuals?
3. What is the differential expression interaction between sex

and OUD?

To achieve these comparisons, we used one linear model with a
nested variable capturing the interaction between cell type, OUD
diagnosis, Sex, and Region, Celltype_Dx_Sex_Region. The nested

variable allowed for contrasting subsets of the data to calculate dif-
ferential expression for each family of hypotheses at different cell type
resolutions:

Gene expression∼0+Celltype Dx Sex Region+Age+PMI +RIN

+GDR+23SVs,

(GDR: gene detection rate, SV: surrogate variables). We estimated
the effect of OUD vs. unaffected individuals across each annotated cell
type, across neuronal subtypes (Neuron), across glial types (Glia), and
across all cell types (All). For the first set of hypotheses at the anno-
tated cell type level, we used the simple contrast CelltypeA_OUD_Sex?
_Region? - CelltypeA_UC_Sex?_Region?with samples fromboth Sex and
Regions to obtain the average effect across those variables (?, the
wildcard placeholder for F, M, Caudate, or Putamen). For the second
set hypotheses, we only included individuals within each Sex to obtain
the effect of OUD vs. unaffected within each sex subset. For the third
set of hypotheses, we use the following contrast: (Cellty-
peA_OUD_SexF_Region? - CelltypeA_UC_SexF_Region?) - (Cellty-
peA_OUD_SexM_Region? - CelltypeA_UC_SexM_Region?).

We calculated the differential expression in chronic morphine
exposure vs. non-morphine treat rhesus macaque subjects. We used
one linear model with a nested variable capturing the interaction
between cell type, morphine treatment and matching stats.

Gene expression∼0+Celltype Tx+Pair + SVs:

We estimated the effect of morphine treatment vs. no-morphine
individuals across each annotated cell type, across neuronal subtypes
(Neuron), across glial types (Glia), and across all cell types (All). For the
first set of hypotheses at the annotated cell type level, we used the
simple contrast CelltypeA_morphine - CelltypeA_control.

Gene set enrichment analyses
We identified pathways that are differentially altered in OUD using
gene set enrichment analyses with themolecular signatures database55

and the fgsea and msigdbr R-packages141. We included the hallmark
gene pathways, curated gene sets from BioCarta, KEGG, Canonical
Pathways, Reactome, and WikiPathways, and ontology gene sets. We
also downloaded and included curated pathways from SynGO in
enrichment analyses142. We report the full list of enriched pathways
corrected for multiple hypotheses within each set of hypotheses in
Supplementary Data 1–S7. We clustered redundant/related pathways
using custom R-scripts and the igraph R-package creating networks of
pathways connected by overlapping genes143,144 (igraph.org). We
visualized the clustered pathways using igraph functions and report
both clustered and singleton pathways alongside each figure in Sup-
plementar Data 1–S7, S9, and S11. For the interaction score for calcu-
lating pathway-enrichments between female- and male-biased
pathway analyses, we used the log2(fold-change) and the p-values
from the OUD v. UC effect within differential analysis of males or
females to calculate an interaction score: sign(log2FCF) * (-log10(p-
valueF)) - sign(log2FCM) *(-log10(p-valueM)). We overlapped enriched
pathways using this calculation vs. the pathways enriched in the
standard OUD v. UC in females or males to further support the inter-
pretation of female- or male- biased pathways.

To intersect the genes found to bedifferentially expressed inOUD
within females and males, we also compared to differentially expres-
sed genes identified by microarray studies of striatum of male mice
exposed to drugs104. Piechota et al. identified from hierarchical clus-
tering 2 main gene signatures that became pronounced time-lapsed
sincedrugexposure, A andB,with subsets of the secondB1, B2, andB3.
We identified the human orthologs of these gene sets and performed
GSEA as above on the differentially expressed genes identified across
the full cohort, on the subset of female and male individuals, or the

Article https://doi.org/10.1038/s41467-024-45165-7

Nature Communications | (2024)15:878 13

https://github.com/LieberInstitute/jaffelab


caudate and putamen samples.We report themain findings in the text
and the full set of enrichments in Supplementary Data I–S16.

Transcription factor-gene regulatory network analyses
The single nuclei RNA-seq dataset in this study provides a resource
to generate gene pathways. To discover pathways from our single
cell RNA-seq, we applied the pySCENIC Protocol to build tran-
scription factor (TF)- gene regulatory networks47,145. To potentially
capture individual-specific TF-gene regulatory relationships, we ran
the GRNBoost2 with multiprocessing to infer TF-gene relationships
from the pySCENIC package on each individual separately145,146. To
speed up the GRNBoost2 run time, and reduce bias by cell type
proportion, we down-sampled oligodendrocytes (~60% of all cells)
to the next most prevalent cell type, Astrocytes (~8%), reducing the
GRNBoost2 run time by 50%. Furthermore, we subset the ~20k genes
that are expressed and analyzed in the pseudobulk differential
expression analysis further reducing GRNBoost2 runtime by 30%.
Since GRNBoost2 is a stochastic method, we ran this step 3–4 times
for each individual and selected the TF-gene relationships that were
reproducible > 80% across runs. Similarly, to aggregate the TF-gene
relationships across individuals, we aggregated TF-gene relation-
ships that were detected in 80% of 12 individuals. Across these
aggregation steps, we averaged the importance scores for selected
TF-gene relationships. We selected likely direct TF-gene relation-
ships by filtering relationships where the gene’s promoter contain
the TF’s binding motifs using the cisTarget method implement in
pySCENIC package using the pre-built TF-motif promoter binding
databases for human accessed from (https://resources.aertslab.
org/cistarget/databases/ in January 2023)47. We report the list of
discovered TF-gene relationships in the Supplementary Data 1–S17.

Analyses of cellular activation of gene sets
We calculated the level of activity of each collection of gene sets
with the AUCell method47 on the list of TF-gene regulatory networks
or custom gene sets (described below). For the TF-gene relation-
ships identified above, we calculated the differentially active TF-
gene modules between unaffected and OUD individuals by creating
the pseudobulk average of each TF-module by individual, brain
region, and cell type. We performed linear regressions to assess the
effect of OUD diagnosis accounting for covariates RIN, Age, Sex,
Region, and number of aggregated cells. We corrected multiple
testing of the OUD effect on TF-gene module activity across all cell
types and TF modules and reported the full cell type by sample
linear regression are reported in Supplementary Data 1–S8. We
similarly performed a similar pseudobulk average at the biological
sample level aggregating over individual and brain regions. We
visualized the significant TF-gene module activity differences set at
FDR < 0.05 in glia and neurons and of selectmodules with the igraph
R-package (igraph.org).

In addition to the TF-gene relationships, we assessed the state
of DNA damage in OUD using two published gene signatures of DNA
damage13. The neuronal DNA damage signatures were collected by
Welch et al. from fluorescence activated sorting of mouse brain
nuclei gated for NeuN + :gH2AX+ nuclei. Using the human orthologs
of these mouse genes, we scored our single nuclei RNA-seq datasets
with the AUCell method to study the differences in DNA damage
gene signatures between unaffected and OUD individuals or no-
morphine or chronic morphine treated rhesus macaques. We
applied the same pseudobulk average of DNA damage scores and
reported the linear regression interaction between OUD and cell
type in DNA damage signatures in Supplementary Data 1–S10. We
similarly applied the same pseudobulk average of DNA damage
scores and report the linear regression interaction between chronic
morphine exposure and cell type regressing out the match pair in
DNA damage signatures.

High-dimensional weighted gene co-expression network analy-
sis (hdWGCNA)
hdWGCNA was used to further analyze gene co-expression networks
across striatal cell types147. Each of 6 cell types of interest (D1-Strio-
some, D2-Striosome, D1-Matrix, D2-Matrix, D1-D2 hybrid and micro-
glia) was used as input. Gene expression data was SCT transformed.
Each dataset was then collapsed into a single metacell. Softpower was
selected for each of the metacell to construct gene co-expression
networks. The gene modules were identified using unsupervised
clustering via theDynamic TreeCut algorithmwithdefault settings. For
each module, Top 100 hub genes for each module were identified.
Metascape (metascape.org)148 was used for pathway analysis on mod-
ules from co-expression gene networks by each cell type (Fig. S11;
Data 1–S18). Eigengene of identified modules was correlated with
“traits” (in our case, OUD, Sex, Race and RIN, number of features,
number of RNA count and percent of mitochondrial RNA) using
Pearson correlation. Modules with significant correlation (p < 0.05)
with OUD were used for downstream analysis (Data 1–S21, S22),
especially, modules significant with OUD (Figs. S9, 10, 11; Data 1–S18,
S19) were prioritized. For cell types with no module uniquely corre-
latedwith OUD, hub genes from all OUD trait correlatedmodules were
used as input for pathway analysis (Data 1–S23–S25).

Statistical analyses
We corrected for multiple hypotheses testing in this study using the
false discovery rate (FDR) less than alpha = 0.05. In different
expression analyses, we perform FDR correction across all cell types
tested. Similarly for gene set enrichment analysis and AUCell
pseudobulk analyses, we perform FDR correction across all path-
ways and differentially expressed genes across cell types. We
computed the FDR correction with the swfdr R package which
increases power by leveraging Storey’s q-value and modeling the
relationship of null P-values and independent variables such as the
average logCPM or the number of genes in a pathway149,150. In dif-
ferential gene expression analyses, we calculated the FDR within
each cell type comparison (adj.P.Val.Within) and between all cell
type comparisons (adj.P.Val.Between). We report the more con-
servative correction between cell types in the main text and figures,
adj.P.Val.Between. Measured metrics (gene expression counts,
quality control metrics) or derived metrics (AUCell gene activity
scores) are repeated measurements of the same cohort of human
individuals or rhesus macaque subjects. Metrics that are differen-
tially expressed across multiple cell type conditions are reported
and summarized at the largest significant adjusted P-value and
lowest effect size magnitude. Genes or metrics that are only sig-
nificantly differentially expressed across one cell type are reported
with exact adjusted P-values and effect sizes rounded to 2 sig-
nificant digits. Exact P-values and effect sizes are reported in the
supplementary data. All statistical analyses performed use two-
sided test statistics.

For human samples, linear regressions of differential AUCell
modules, or other quality control metrics at the pseudobulk analyses
were performed across biospecimens (N = 22 biospecimens) control-
ling for relevant covariates including brain region extracting the
interaction between OUD diagnosis with cell type. The general linear
model for this linear regression for sample level is

∼Dx+Age+PMI +RIN+ Sex and for cell type level is

∼Dx : Celltype +Celltype +Age+ PMI+RIN

where we extracted the interaction term to determine OUD diagnosis-
specific changes in a cell type. For rhesus macaque samples, linear
regressions of differential expression and differential AUCell modules
were performed across biospecimens (N = 8biospecimens) controlling
for matched pair grouping variable, which accounts for sex, age, and
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weight. The general model for this linear regression at the individual
level is

Value∼Tx+ Pair and for cell type level is Value

∼Celltype : Tx+Celltype +Pair:

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The raw sequencing reads and annotated Seurat objects for both
human and rhesus macaque studies are uploaded to GEO under
SuperSeries accession number GSE233279. A browsable webportal of
the human dorsal striatum single nuclei transcriptomes are on the CZ
CellxGene Discovery webportal (https://cellxgene.cziscience.com/
collections/cec4ef8e-1e70-49a2-ae43-1e6bf1fd5978). Source data are
provided in unified file for manuscript.

Code availability
Single nuclei RNA-seq data processing anddownstream analyses of the
human dorsal striatum in this paper are collected in the github repo-
sitory (https://github.com/pfenninglab/Logan_Striatum_snRNA-seq)
and deposited at https://doi.org/10.5281/zenodo.10433681. Single
nuclei RNA-seq processing and downstream analyses of the rhesus
macaque nucleus accumbens in this paper are collected in the github
repository (https://github.com/pfenninglab/McLean_chronic_opioid_
monkey_snRNA-seq) and deposited at https://doi.org/10.5281/
zenodo.10433683. Source data are provided in unified file for
manuscript.
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