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ABSTRACT

Opioid dependence is a complex disorder influenced by multiple factors, including aging and genetic factors.
However, the underlying molecular mechanisms remain incompletely understood. This in silico study integrated
transcriptomic profiling, transcriptomic aging clock modeling, and GWAS analysis of brain samples to investigate
molecular mechanisms associated with opioid dependence. One-hundred sixty-one DEGs were identified,
including 147 upregulated and 14 downregulated genes in individuals with opioid dependence, which are involved
in immune and inflammatory pathways (TNF signaling pathway). Network centrality analysis highlighted CCL2,
CD44, THBS1, TIMP1, CD163, IL6, IL1B, and MYC as potential hub genes. FAM174B was downregulated in older
individuals with opioid dependence, whereas ZNF256 was upregulated in younger individuals. A transcriptomic
aging clock showed moderate predictive performance (r=0.686, MAE=5.16) and revealed significant differences in
age-prediction residuals between younger and older groups, suggesting altered age-related transcriptional states
in opioid dependence. Two genes (PHYH and LUCAT1) were strongly associated with age-prediction residuals. An
analysis of six GWAS studies identified 223 SNP associations, including genome-wide significant variants in
ADGRV1, OPRM1, CNIH3, RGMA, GPRIN3, GAPDHP15, SRP72P1, and CTCF-DT genes implicated in neuronal
signaling and opioid pharmacology. Together, these findings highlight immune pathways, neuronal signaling, and
aging-related molecular processes as key components of opioid dependence.

INTRODUCTION decades (>9 million people in 2020) [3] and has
continued increasing. It is related to a high risk

Opioid dependence, a brain manifestation caused by of overdose, infectious diseases, and psychiatric

chronic opioid abuse, is characterized by a chronic and
relapsing condition that is difficult to cure [1]. It remains
a major global public health crisis, with more than 60
million people globally reporting misuse of opioids [2].
Remarkably, the misuse of opioid drugs in the United
States has increased dramatically over the past two

comorbidities [4], contributing substantially to morbidity,
mortality, and socioeconomic burden [5].

Despite extensive research, the biological mechanisms
underlying opioid dependence remain incompletely
understood. Growing evidence suggests that opioid
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exposure induces widespread molecular alterations in
the brain and peripheral tissues, affecting neuronal
signaling (e.g., the brain’s reward system), innate and
adaptive immunity, and metabolic pathways (e.g., lipid
profile and glucose metabolism) [6—8]. Therefore,
further investigation of the molecular mechanisms
underlying opioid dependence is essential to improve
our understanding of its impact on human health and to
identify potential therapeutic targets.

Recent advances in transcriptomic technologies have
enabled systematic exploration of gene expression
changes related to substance use disorders. Bulk RNA
sequencing (RNA-seq) and single-nucleus transcrip-
tomic analyses studies have found transcriptional
alterations in pathways involved in neuroinflammation,
synaptic plasticity, and cellular stress responses in
individuals with opioid use disorder (OUD) [9, 10].
Opioid dependence induces gene expression changes
across key brain regions (e.g., cortex, amygdala,
midbrain, etc.) [11]. These alterations are frequently
linked to disruptions in circadian “molecular clock”
pathways (e.g., CLOCK/BMALTI) [12, 13]. Chronic
opioid exposure has been associated with glial
reprogramming, interferon signaling activation, and
persistent transcriptional changes during withdrawal
and abstinence, including sex-specific effects [14, 15].
Collectively, these findings suggest that opioid-induced
transcriptomic remodeling and circadian dysregulation
may contribute to long-term neurobiological alterations
underlying addiction and related phenotypes [16].
Furthermore, genome-wide association studies (GWAS)
have identified genetic variants associated with opioid
use disorder and related phenotypes, implicating genes
related to neuronal signaling and addiction-related
pathways [17]. However, integrating transcriptomic
signatures with genetic susceptibility remains an
ongoing challenge, and the molecular mechanisms
contributing to opioid dependence are not fully
characterized.

Aging represents another important factor influencing
susceptibility to addiction and drug-related pathologies
[18]. Emerging evidence suggests that substance use
may accelerate biological aging processes through
mechanisms involving inflammation, oxidative stress,
and mitochondrial dysfunction [19, 20]. Transcriptomic
aging clocks, which estimate biological age based on
gene expression patterns, have recently emerged as
powerful tools for assessing aging-related molecular
changes [21, 22]. These approaches provide an
opportunity to evaluate whether opioid dependence is
related to accelerated biological aging and to identify
genes that may contribute to this process. However,
transcriptomic aging clocks specific to OUD remain
underdeveloped. To address this gap, we constructed a

transcriptomic age clock using elastic net regression
trained on control samples and applied it to quantify age
acceleration in opioid-dependent individuals.

In this study, we performed an analysis combining
RNA-seq transcriptomic profiling, transcriptomic aging
clock modeling, and analysis of GWAS to investigate
the molecular landscape of opioid dependence. We first
identified differentially expressed genes (DEGs)
between healthy controls and individuals with opioid
dependence, identified the hub genes, and characterized
their functional pathways. We then constructed a
transcriptomic aging clock to evaluate transcriptomic
age-prediction residuals related to opioid dependence
and to identify key genes correlated with age-related
transcriptional states. Finally, we conducted an analysis
of published GWAS to identify genetic variants and
candidate genes associated with opioid dependence.
Together, these analyses provide a comprehensive
view of transcriptional alterations, aging-related
signatures, and genetic susceptibility underlying opioid
dependence. Because the transcriptomic dataset
analyzed in this study was obtained from OUD patients
while the GWAS studies reported opioid dependence,
we use the term “opioid dependence” throughout this
manuscript to refer broadly to opioid addiction—related
phenotypes.

RESULTS

Differentially expressed genes between healthy
controls and individuals with opioid dependence

To identify gene signatures associated with opioid
dependence, we reanalyzed brain bulk RNA-seq data
comparing healthy controls and individuals with opioid
dependence. We identified 161 DEGs, including 147
upregulated genes and 14 downregulated genes in the
opioid dependence group. A volcano plot illustrating the
distribution of DEGs and a heatmap of the top 30 most
significant genes are shown in Figure 1A, 1B.

To further characterize interaction patterns among
DEGs, protein—protein interaction (PPI) network
analysis was performed, followed by topological
analysis based on degree, betweenness, and closeness
centrality. We identified CCL2, CD44, THBSI, TIMPI,
CD163, IL6, ILIB, and MYC as highly connected nodes
(hub genes) within the network based on centrality
measures.

A significant enrichment in several biological pathways
and processes associated with immune and
inflammatory responses was found. Notably, pathways
including the TNF signaling pathway, inflammatory
response, and cytokine binding were significantly
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enriched, suggesting that immune and inflammatory
mechanisms may contribute to opioid dependence.
Disease enrichment analysis further indicated that these
genes were associated with respiratory-related diseases,
highlighting potential systemic effects of opioid
dependence (Figure 1D, 1E).

Age-related gene signatures in opioid dependence

We next examined gene expression differences between
younger (1848 years) and older (49-68 years)
individuals with opioid dependence compared with
healthy controls. Age groups were defined based on
chronological age while maintaining balanced sample
distribution and adequate statistical power between
groups. The transition at 48-49 years was selected
because it approximated the cohort’s median age and
reflects a midlife stage commonly associated with
aging-related molecular and transcriptomic alterations.
Healthy controls were initially stratified into younger
and older groups based on age; however, they were
combined for downstream analyses due to limited
sample size and served as a reference group for age-
matched comparisons.
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To identify age-related genes associated with opioid
dependence, we performed differential expression
analysis across the three groups (healthy control,
younger opioid dependence, and older opioid
dependence), focusing on genes showing significant
age-dependent differences. Genes were ranked based on
statistical significance (adjusted p-value) and effect
size. The top selected 30 age-related genes potentially
involved in opioid dependence are shown in Figure 2A.
Among these genes, FAMI174B (family with sequence
similarity 174 member b) expression was significantly
reduced in older individuals with opioid dependence
(Kruskal-Wallis rank sum test followed by Dunn post
hoc test, p-adjust = 0.0072), whereas ZNF256 (zinc
finger protein 256) expression was significantly
increased in younger individuals with opioid
dependence compared with healthy controls (p-adjust =
0.0118) (Figure 2B, 2C). FAMI174B has been
implicated in cellular homeostasis [23], whereas
ZNF256 is involved in transcriptional regulation [24],
suggesting potential roles in age-related gene expression
changes. These findings suggest that age-related
transcriptional differences may contribute to the
biological heterogeneity of opioid dependence.
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Figure 1. Differential gene expression analysis in opioid dependence. (A) Volcano plot showing differentially expressed genes (DEGs)
between opioid dependence and controls. Red dots indicate significant genes, and green dots indicate non-significant genes based on the
defined threshold. NS: not significant; FC: fold change. (B) Heatmap of the top 30 DEGs showing distinct expression patterns between the two
groups. Rows represent genes and columns represent samples; colors indicate relative expression levels. (C) Venn diagram of hub genes
identified using network centrality analysis, including degree, betweenness, and closeness. (D) Sankey and dot plots summarizing key findings
from enrichment analysis using ToppGene Suite. Dot size represents gene count. (E) Bar plot showing the top 7 diseases associated with DEGs

based on STRING v12.0 disease enrichment analysis.
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Transcriptomic aging clock in younger and older
opioid dependence

To evaluate the potential impact of opioid dependence
on biological aging, we developed an elastic net—based
transcriptomic age-prediction model trained exclusively
on 21 healthy controls aged 30 to 68. We found that a
moderate positive correlation was observed between
predicted age and chronological age [r = 0.686, mean
absolute error (MAE) = 5.16 years, Figure 3A and
Supplementary  Figure 1], indicating moderate
predictive performance of the model. We next
compared age acceleration between younger and older
individuals with opioid dependence and healthy
controls. The mean chronological age was 50.2 + 9.1
years (range: 30—68) in healthy controls (n = 21), 36.3 +
8.5 years (range: 18-45) in the younger opioid
dependence group (n = 10), and 55.7 + 6.2 years (range:
49—67) in the older opioid dependence group (n = 11).
Transcriptomic  age-prediction  residuals  differed
significantly among the groups: 0 + 1 years (range: —2.3
to 2.6) in healthy controls, 14.6 + 4.9 years (range: 7.7
to 21.5) in the younger opioid dependence group, and
—7.2 £ 6.0 years (range: —20.6 to 1.6) in the older opioid
dependence group. These differences were statistically
significant (p < 0.0001; Figure 3B), suggesting that
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opioid dependence may influence transcriptomic aging-
associated signatures. Because the younger opioid
dependence group was not fully age-matched with
controls and the training cohort had a limited age
distribution, these residuals should be interpreted
cautiously. The observed differences may partially
reflect calibration or extrapolation effects in addition to
disease-associated transcriptional alterations, rather than
definitive measures of biological aging.

To further investigate the molecular correlates of
transcriptomic age-prediction residuals, we identified
genes significantly correlated with these residuals. The
top 30 age-associated genes with the largest absolute
coefficients in the final elastic net model are shown in
Figure 3C. To examine genes associated with age-
related transcriptional states, Spearman correlations
were calculated between each gene expression
(logCPM) and transcriptomic age-prediction residuals
across all samples. Among these, PHYH (phytanoyl-
CoA hydroxylase) in younger (r = 0.43) and LUCATI
(lung cancer-associated transcript 1) (r = 0.56) exhibited
correlations with age-prediction residuals (Figure 3D).
Specifically, PHYH was downregulated in older
individuals with opioid dependence compared to
younger opioid dependence (p-value = 0.072), whereas
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Figure 2. Differential gene expression analysis in younger and older individuals with opioid dependence. (A) Heatmap of the
top 30 differentially expressed genes (DEGs) showing expression patterns across younger and older individuals with opioid dependence and
healthy controls. (B, C) Boxplots showing the expression of the representative genes FAM174B (B) and ZNF256 (C) across the three groups.
Statistical significance was assessed using the Kruskal-Wallis test followed by Dunn's post hoc test with false discovery rate (FDR) correction.

p < 0.05; ns, not significant.
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LUCATI] was upregulated compared to older opioid
dependence (p-value = 0.032) and controls (p-value =
0.052) (Figure 3E).

GWAS analysis

To further investigate the genetic factors underlying
opioid dependence and to strengthen our transcriptomic
findings, we performed a comparative analysis of
previously published GWAS. Six independent GWAS
of opioid dependence met the predefined inclusion
criteria and were included in the analysis (Table 1). The
studies were published between 2015 and 2022 and
included a total of 362,176 participants, comprising
27,024 cases and 334,972 controls from six case—
control studies (Supplementary Table 1).

After quality-control filtering, 223 unique single
nucleotide polymorphism (SNP) associations were
identified across the genome (Figure 4A). Of these, 13
SNPs (5.8%) reached genome-wide significance (p < 5
x 107%), while 200 SNPs (89.7%) met the suggestive
threshold (p < 1 x 107°). The most significant

>
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association was observed for rs2366929, an intronic
variant within the ADGRV1 gene on chromosome 5 (p =
2 x 107, —logio(p) = 8.7, OR = 0.11). This SNP has
been shown as a novel locus for opioid dependence
[25]. ADGRVI (adhesion g protein-coupled receptor v1)
has been previously implicated in neurological function
and represents a compelling biological candidate for
addiction susceptibility [25].

The second most significant variant was rs9478500
located in OPRM1 on chromosome 6 (p = 3 x 107).
OPRM] encodes the mu-opioid receptor, the primary
molecular target of opioid drugs and a well-established
gene in opioid pharmacogenetics. Additional genome-
wide significant loci were identified in CNIH3,
RGMA, GPRIN3, GAPDHP15, SRP72P1, and CTCF-
DT (Table 2).

Significant associations were distributed across all
autosomes, with the highest density of SNPs observed
on chromosomes 5 (22 SNPs), 6 (20 SNPs), and 12 (18
SNPs) (Figure 4B). Genome-wide significant
associations (p < 5 x 10®) were identified on

C Direction [l Megatve [l Posiive

LINCO2102

5.7e-06

CV Performance (k=5):
MAE = 5.16 years
R'=0.471

r=0686

5e-05

-]

4.5¢.08

=

3

;

Accelerated Age (Years)

Cross-Validated Predicted Age (Years)
)

.20 Global p = 2.33e-.07

AC004076.1

PCOHBI2
ALET22TTA
ONECUT2
AC105450.1

ACO217232

E3 % ) wrol nce e
Chronological Age (Years) ‘ S:;ropm‘\d oep;‘{‘éir Opioid Depend=n®
0
PHYH
LUCAT4
Controk: r=0.138
44 Control: r=0.208 Young: r =0.333
Young: r = 0.43 3.0 Old: r = 0.555
Old: r=0.155 c
53 3
g $ 25
g, 8
= s
o
a o
E” 1 g 20
0
15
20 10 [ 10 20 -20 -10 0 10 20

Accelerated Age (Years) Accelerated Age (Years)

logCPM Expression
n w £ (4]

-

|
Coorf118 [ ]
ACO25265.1 1
VA1 ]
o] ]
cLice _—
LINC02351 I
LCTL I
CTSH I
FABPG I
MGMT ]
ANKRD2 I
FAM1748 I
25 00 25 50
Coefficient
LUCAT1 PHYH
Kruskal-Waliis p = 0.002
.. 40 Kruskal-Wallis p = 0.010
&
[ 2
2 35
i g
g 3.01
w
o =254
o £25
e %
© 2.04
g o
@
o
- r T 1.54 e
\ ce ce
contv f-‘o‘ e endef" " Depende“ contr ol on ende“ne
ol opt ol jiol
Younge’ owet qourget PP uer OF

Figure 3. Transcriptomic aging clock analysis in opioid dependence. (A) Correlation between predicted transcriptomic age and
chronological age using an elastic net regression model. Cross-validation was performed on the control group. CV: cross-validation; MAE:
mean absolute error. (B) Comparison of age-prediction residuals among healthy controls, younger, and older opioid dependence groups. (C)
A bar plot of the top 30 genes associated with age-prediction residuals identified by the transcriptomic aging clock. Negative: downregulated;
Positive: upregulated. (D) Correlation of key genes associated with age-prediction residuals across the three groups. (E) Boxplots showing
expression of key genes associated with age-prediction residuals across groups. Kruskal-Wallis tests followed by Dunn’s post hoc tests with

FDR correction. *p < 0.05; **p < 0.01; ***p < 0.001; ns, not significant.
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Table 1. Characteristics of GWAS cohorts.

PMID First Author Year Cases Controls Ancestry Top SNP Top Gene
31792237 Yang BZ 2019 2,112/2,603 1,331/2,341  European/African American rs2366929 ADGRV1
36207451 Gaddis N 2022 7,281/3,856 297,550/12,203 European/African American 1rs9478500 OPRM1
26239289 Nelson EC 2015 1,167 161 European rs10799590 CNIH3
31250797 Brick LA 2019 2,120 1,944 European rs1970606 GAPDHP15
32099098 Polimanti R 2020 1,207/3,211  6,111/11,589 European/African rs201123820 SRP72P1
34124712 Sherva R 2021 2,340/1,307 768/974 European/African American  rs4860439 LINC02619

SNP: single nucleotide polymorphisms.

chromosomes 1, 4, 5, 6, 15, 16, and 18. Chromosome 5
harbored the largest number of genome-wide significant
SNPs (n = 6), all mapping to the ADGRV1 gene region
(Figure 4B and Supplementary Table 2). Annotation of
the 223 SNPs revealed that the majority were located in
intronic regions, followed by intergenic variants (Figure
10).

Gene-level analysis identified 15 genes harboring
genome-wide significant or suggestive variants
(Supplementary Table 3). ADGRVI showed the
strongest signal, with nine independent SNPs, followed

by OPRM1, which contained three significant genome-
wide variants. Other notable genes included RGMA,
CNIH3, GPRIN3, and GRIN2B, which are involved in
neuronal signaling, synaptic transmission, and neural
circuit development, and processes relevant to addiction
biology.

Odds ratios for associated variants ranged from 0.06 to
5.55 (median = 0.89), indicating generally modest effect
sizes consistent with the polygenic architecture of
opioid dependence (Figure 4D). Power analysis
demonstrated strong statistical power for detecting
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Figure 4. Overview of opioid dependence GWAS analysis. (A) Manhattan plot showing -logio(p-values) for all SNPs across
chromosomes. The orange dashed line indicates genome-wide significance (p = 5 x 1078), and the blue dashed line indicates suggestive
significance (p = 1 x 107%). The top 20 SNPs are labeled with gene names. (B) Chromosomal distribution of genome-wide significant SNPs
(blue) and top SNPs (orange) on chromosome 5. (C) Classification of variant contexts across the dataset. (D) Distribution of effect sizes (log,-
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Table 2. Genome-wide significant associations (p<5x 10°).

Study SNP Chr Position (bp) Gene Context  P-value —logi(p) Odds ratio
Yang BZ 1s2366929 5 90,730,817 ADGRV1 Intronic 2 x 107° 8.7 0.11
Gaddis N rs9478500 6 154,057,088 OPRM1 Intronic 3 %107 8.52 1.14
Nelson EC rs10799590 1 224,634,780 CNIH3 Intronic 4 %107 8.4 1.56
Brick LA rs1970606 6 58,042,294 GAPDHP15 Intronic 8 x 107 8.1 0.06
Brick LA rs1557219 6 58,044,647 GAPDHPI15 Intronic 9x 107 8.05 0.06
Gaddis N rs28386916 4 89,432,039 GPRIN3 Intronic 9x 107 8.05 0.17
Polimanti R rs201123820 18 49,498,978 SRP72P1 Intergenic 3 x 1078 7.52 5.55
Yang BZ rs2443066 5 90,739,000 ADGRV1 Intronic 4 %108 7.4 0.1
Yang BZ rs2460186 5 90,741,000 ADGRV1 Intronic 4 x 107% 7.4 0.1
Yang BZ 1s2460187 5 90,743,000 ADGRV1 Intronic 4 x 1078 7.4 0.1
Yang BZ rs2443065 5 90,757,000 ADGRV1 Intronic 4 x 107% 7.4 0.1
Yang BZ rs2443064 5 90,757,000 ADGRV1 Intronic 4 x 107% 7.4 0.1
Gaddis N rs13333582 16 67,515,644 CTCF-DT Intergenic 4 x 1078 7.4 0.8

common variant associations. Leave-one out sensitivity
analysis of the five most significant SNPs showed that
all remained genome-wide significant after sequential
removal of each study (Supplementary Table 4),
indicating that the results were not driven by any single
dataset.

DISCUSSION
Our study identified significant transcriptional
alterations and  transcriptomic  aging-associated

signatures associated with opioid dependence, high-
lighted age-related gene expression differences,
and revealed genetic variants linked to addiction
susceptibility. These findings provide a perspective on
the biological processes involved in opioid dependence.

We found that eight hub genes (CCL2, CD44, THBSI,
TIMPI, CD163, IL6, IL1B, and MYC) are implicated in
the pathogenesis of opioid dependence. For example,
chemokines and cytokines (CCL2, IL6, and ILIB)
play key roles in neuroinflammation and microglial
activation induced by chronic opioid exposure, which
can affect neuronal signaling and reward pathways [26].
CD163 and CD44 are related to immune cell activation
and migration [27, 28], reflecting immune dysregulation
associated with opioid dependence. Furthermore,
THBSI and TIMPI regulate extracellular matrix
remodeling [29, 30], and MYC controls transcriptional
and metabolic responses to cellular stress [31]. Our
enrichment analysis also highlights immune and
inflammatory pathways, including the TNF signaling
pathway and cytokine-related processes contributing to
the pathophysiology of opioid dependence. We also
found opioid dependence to be related to respiratory
dysfunction, which is well known as ‘opioid-induced

respiratory depression’, because opioids can depress the
central nervous system’s respiratory system, causing
irregular breathing, shallow, or slow breathing [32].
Together, these findings partly support the role of
neuroimmune signaling, inflammatory pathways, and
respiratory function in opioid dependence. Importantly,
our analysis also revealed age-related transcriptional
differences among individuals with opioid dependence.
Specifically, expression of FAMI174B was reduced in
older individuals with opioid dependence, whereas
ZNF256 was increased in younger individuals compared
with healthy controls. Although the functional roles of
these genes in addiction remain poorly understood,
these findings suggest that age may influence
transcriptional responses to opioid exposure [33]. Age-
dependent molecular changes could contribute to
heterogeneity in addiction susceptibility, treatment
responses, or disease progression [34].

Recent evidence indicates that substance use disorders,
including OUD, are associated with accelerated
aging-related molecular alterations. More recently,
brain-specific  epigenetic  clocks revealed that
OUD accelerates aging through distinct molecular
pathways, including transcriptional dysregulation,
neuroinflammation, and mitochondrial dysfunction [35].
Notably, these clocks showed that different substances
(opioids, alcohol, stimulants) drive aging via unique
mechanisms, yet share common pathways such as
oxidative stress and immune activation [35]. Parallel
transcriptomic studies have identified aging-related
gene expression signatures in SUDs, linking the FOS
gene family to premature aging [36], and single-nucleus
transcriptomics of striatum implicated DNA damage
and neurodegeneration in OUD [37]. However, most
work has relied on epigenetic clocks, and a trans-
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criptomic clock specifically trained for OUD has not
been developed. To address this gap, we constructed a
transcriptomic age clock using elastic net regression
trained exclusively on control samples and applied it to
an opioid-dependent cohort to identify age-related
transcriptional states and associated genes. We found
that transcriptomic age-prediction residuals showed a
moderate correlation with chronological age, indicating
the model's reliable performance. Importantly, we
observed significant differences in age acceleration
among groups. Younger individuals with opioid
dependence showed positive transcriptomic
age-prediction residuals, while older individuals
showed negative residuals relative to controls. Rather
than representing straightforward acceleration or
deceleration of biological aging, these findings may
reflect nonlinear transcriptomic remodeling associated
with opioid dependence. A key limitation of
transcriptomic age-prediction in bulk brain tissue is that
it reflects mixed cell populations rather than cell-
intrinsic aging. Thus, age-prediction residuals may be
influenced by opioid-associated changes in cellular
composition, including glial activation, immune
infiltration, and neuronal loss. These shifts, together
with neuroimmune and extracellular matrix remodeling,
can alter global expression profiles and bias
transcriptomic age estimates. Therefore, the observed
patterns likely reflect cellular composition changes
rather than intrinsic cellular aging.

Several factors may contribute to age-related
transcriptional ~ states, including disease-associated
alterations in brain cellular composition [38], such as
shifts in glial cell proportions [39], or selective neuron
loss [40]. Similar apparent “age deceleration” has been
reported in neurodegenerative conditions, where loss of
transcriptionally active neuronal populations leads to
an apparent reduction in predicted biological age
despite ongoing pathology [41]. Alternatively, chronic
opioid exposure may induce adaptive transcriptional
reprogramming in older individuals [42], partially
normalizing age-associated gene expression patterns.
Together, these findings suggest that opioid dependence
is associated with age-dependent and nonlinear
transcriptomic remodeling rather than uniform effects
on biological aging trajectories. More broadly, opioid
dependence may involve complex interactions among
neuroimmune activation, synaptic plasticity, and
adaptive transcriptional responses that differ across the
lifespan. Importantly, the younger opioid dependence
group was not fully age-matched with controls, which
may influence transcriptomic age-prediction residuals.
Therefore, the observed bidirectional pattern may reflect
not only opioid-associated transcriptional remodeling,
but also calibration effects, regression-to-the-mean, and
differences in underlying cellular composition across

age groups. On the other hand, the nonlinear age-
associated pattern observed in this study likely reflects
the coordinated influence of multiple biological aging
processes rather than a single linear trajectory. In
particular, age-related transcriptional changes may
involve concurrent activation of inflammatory and
immune-response pathways, alongside suppression of
homeostatic, metabolic, and vascular maintenance
programs. However, the current analysis does not
formally deconvolute distinct mechanistic aging axes.
Future studies incorporating pathway-level aging
frameworks will be required to determine which aging
programs are selectively activated or suppressed across
cell types.

We also found several key genes correlated strongly
with  age-related transcriptional states (PHYH,
LUCATI). LUCATI and PHYH are of particular interest
due to their known roles in inflammatory regulation and
lipid metabolism, respectively—processes closely
linked to aging biology [43—45]. Although these genes
are not established canonical markers of aging or opioid
dependence, their significant association with age-
related transcriptional states in our dataset suggests they
may represent novel contributors to aging-related
molecular alterations in opioid use. Dysregulation of
these pathways has been widely implicated in aging-
related neurological disorders. Together, these findings
raise the possibility that chronic opioid exposure may
contribute to altered molecular aging, potentially
through mechanisms involving metabolic dysregulation,
oxidative stress, and inflammatory signaling. Several
hub genes identified in our transcriptomic analysis,
including CCL2, IL6, ILIB, and CDI63, are key
regulators of neuroinflammatory responses that have
also been implicated in aging-related processes [46—48].
The convergence of aging-associated genes and
inflammatory hub genes in our analysis suggests that
neuroimmune dysregulation may represent an important
biological link between opioid dependence and
biological brain aging. These results highlight the
potential utility of transcriptomic aging clocks for
understanding how substance use disorders influence
aging-related transcriptional states and for identifying
molecular targets to mitigate the long-term neurological
consequences of opioid exposure.

In addition to transcriptomic analyses, our GWAS
analysis identified genetic variants associated with
opioid dependence across multiple independent studies.
The most significant association was observed in
ADGRVI1, a gene encoding an adhesion G protein-
coupled receptor involved in neuronal signaling.
Previous studies have implicated ADGRVI in synaptic
organization and neuronal communication, suggesting
that alterations in this gene may influence neural
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circuits relevant to addiction [49, 50]. Another key
locus was identified in OPRM1 (opioid receptor mu 1),
which encodes the p-opioid receptor, the primary
pharmacological target of opioid drugs. Variants in
OPRM]I have long been associated with opioid
sensitivity, dependence risk, and treatment outcomes,
supporting the biological relevance of our findings [51].
Similar to other studies, we also found that variants in
CNIH3 (cornichon homolog-3) are a protective factor
against the pathophysiology of opioid dependence [52].
Importantly, we found additional loci that were
identified in genes such as RGMA (repulsive guidance
molecule a) [53], GPRIN3 (G protein-regulated inducer
of neurite outgrowth 3) [54], and GRIN2B (glutamate
ionotropic NMDA receptor subunit 2b) [55], further
highlighting the importance of synaptic signaling and
neuronal plasticity in addiction biology.

Limitations

This study integrated multiple complementary
approaches, including transcriptomic analysis, transcrip-
tomic age-prediction modeling, and genetic association
data, providing a more comprehensive view of opioid
dependence than any single method alone, which may
contribute to opioid dependence through both regulatory
and genetic mechanisms. However, several limitations
should be considered. The transcriptomic analysis was
based on a relatively modest sample size, which may
limit the detection of subtle expression changes. The
control cohort was older on average than the younger
opioid dependence group, which may introduce bias in
transcriptomic age estimation and contribute to
extrapolation-related residual effects. In addition,
potential confounding factors, including variability in
opioid exposure history, polysubstance use, smoking
status, comorbid medical or psychiatric conditions,
medication use, postmortem interval, and lifestyle-
related factors, were not uniformly available across
datasets and may have influenced the observed
transcriptomic and aging-associated signatures. The
RNA-seq dataset was derived from bulk tissue,
preventing the identification of cell-type—specific
transcriptional alterations. Although we stratified
individuals into “younger (18-48)” and “older (49-68)”
groups, the overall age range was relatively limited,
with the “older” group not representing advanced aging.
As a result, the observed age-related effects may not
fully capture transcriptional changes associated with
more advanced aging, and different patterns might
emerge in cohorts with a broader age distribution.
Unlike  chronological age, biological age is
physiological and functional, which is not necessarily
chronological. Our transcriptomic aging clock was
modeled based on chronological age due to the
unavailability of sufficient physiological data in our

datasets. Future studies using single-cell transcriptomics
or spatial transcriptomic approaches and a reliable
model of biological age could provide deeper insights
into the cellular mechanisms underlying opioid
dependence. Furthermore, the GWAS analysis relied on
previously reported associations from published studies
rather than raw genotype data, which limited the ability
to perform full genome-wide statistical modeling and
fine-mapping analyses.

CONCLUSIONS

Our analysis identified key hub genes that may
contribute to the neuroimmune and inflammatory
mechanisms underlying opioid dependence and aging.
Importantly, the application of a transcriptomic aging
clock revealed age-related molecular alterations and
suggests that opioid dependence may be associated with
altered transcriptomic age-prediction patterns in an age-
dependent manner. Together, these findings provide
new insights into the molecular basis of opioid
dependence and highlight candidate genes and aging-
related pathways that warrant further investigation.

MATERIALS AND METHODS
Differential expression analysis

In this in silico study, the RNA-seq dataset was selected
from the Gene Expression Omnibus (GEO) using the
following criteria: (i) Human subjects with well-
characterized opioid dependence diagnosis; (ii)
Availability of raw RNA-seq counts and associated
metadata (etc., age and opioid use); (iii) Inclusion of
both healthy controls and opioid dependence
individuals; (iv) Sample size sufficient for differential
expression analysis (=5 per group); (v) Publicly
accessible data in a peer-reviewed dataset. Based on
these criteria, GSE194368 was selected, comprising 42
samples (21 controls, 21 individuals with opioid
dependence), which were further subdivided by age into
younger and older opioid dependence groups.

Raw counts were analyzed in R (v4.5.2) using DESeq2
[56]. Genes with low expression (total counts <10
across all samples) were removed. Differential
expression analysis was performed using the standard
DESeq2 workflow with Control as the reference group,
and p-values were adjusted using the Benjamini—
Hochberg false discovery rate (FDR). Genes with
adjusted p < 0.05 and |log> fold change| > 1 were
considered differentially expressed.

Variance-stabilizing transformed counts were used for
visualization, including principal component analysis,
heatmaps, and volcano plots. Enrichment analysis of
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DEGs was performed using STRING v12.0 and
ToppGene Suite, examining KEGG pathways and Gene
Ontology categories. Hub genes were identified by
using network centrality analysis, including three
indicators (degree, betweenness, and closeness) [57]. To
construct the protein—protein interaction (PPI) network,
the list of candidate genes was uploaded to the STRING
database (Search Tool for the Retrieval of Interacting
Genes/Proteins), and interactions with a confidence
score > 0.4 were retrieved. The resulting PPI network
was then imported into Cytoscape (version 3.10.4) for
further analysis. Within Cytoscape, network topology
analysis was performed using the CytoHubba plugin to
calculate degree, betweenness, and closeness centrality
for each node. Genes with higher centrality values were
considered to play more important roles in the network
and were defined as hub genes. While such nodes may
reflect increased connectivity and potential biological
relevance within the network context, hub status is
derived from network structure and does not, by itself,
establish causal regulatory function. A Venn diagram
was subsequently used to identify the overlapping genes
among the top-ranked candidates from each centrality
metric, and these common genes were selected as the
final hub genes.

Transcriptomic aging clock

RNA-seq count data (GSE194368) and corresponding
metadata were imported into R (v4.5.2). Counts were
converted to integers, and genes with at least 1 count
per million (CPM) in >5 samples were retained using
the edgeR package. Library sizes were normalized with
the trimmed mean of M-values (TMM) method, and
logy-transformed CPM (logCPM) values were used for
all downstream analyses.

The clock was trained exclusively on the 21 control
samples. First, within the control group, the correlation
between each gene’s logCPM expression and chrono-
logical age was calculated using Pearson’s correlation.
Genes with |correlation| > 0.1 and a false discovery rate
(FDR) < 0.3 (Benjamini-Hochberg correction) were
selected as age-related features. If fewer than 20 genes
met these criteria, the top 100 genes by absolute
correlation were used. This set of genes formed the
feature space for elastic net regression.

A five-fold cross-validation (CV) was performed on the
control samples to evaluate the model and tune
hyperparameters. For each fold, the training set was
used to optimize the elastic net mixing parameter o
(0.1-0.9, step 0.1) via an inner three-fold CV [58],
selecting the a that minimized the mean squared error.
A model was then trained on the training fold using the
chosen o and the A that minimized the inner-CV error,

and predictions were made on the held-out test fold
[59]. The cross-validated performance was summarized
using mean absolute error (MAE), Pearson’s correlation
(r), and the coefficient of determination (R?). After CV,
the median o across the five folds was selected. A final
elastic net model was trained on all 21 control samples
using this a, with A chosen by five-fold CV on the full
control set. Coefficients with non-zero values were
retained. The final model was applied to all 42 samples
(control and opioid-dependent) to obtain predicted ages.
Accelerated age was calculated as predicted age minus
chronological age.

Differences in age-related transcriptional states among
groups (Control, Younger Opioid Dependence, Older
Opioid Dependence) were assessed using a conditional
approach: normality of residuals within groups was
tested with Shapiro-Wilk, and homogeneity of
variances with Bartlett’s test. If both assumptions were
met, one-way ANOVA was wused; otherwise,
Kruskal-Wallis was applied. Pairwise comparisons were
performed using either t-tests (with pooled SD) or
Wilcoxon rank-sum tests, correspondingly, and p-values
were not adjusted for multiple comparisons in the
graphical output.

The top 30 genes with the largest absolute coefficients in
the final elastic net model were selected for visualization.
Heatmaps of their scaled logCPM expression were
generated with sample annotations for group and age. For
the nine most influential genes (by absolute coefficient),
boxplots were constructed with Kruskal-Wallis global
tests, and pairwise comparisons were evaluated with
Dunn’s test using Benjamini-Hochberg correction;
significance (p-adjust < 0.05) was indicated in the plots.
Scatter plots of expression versus chronological age were
created for each group, with Pearson correlation
coefficients shown.

To identify genes associated with age-related
transcriptional ~states, Spearman correlations were
calculated between each gene’s logCPM expression and
the continuous age-prediction residual variable across all
samples. The top six genes (by absolute correlation) were
visualized with boxplots (Kruskal-Wallis + Dunn’s test
with FDR correction) and scatter plots of expression
versus accelerated age, stratified by group. Spearman
correlation coefficients were reported for each group.

Comparative analysis of publicly available genome-
wide association studies

We conducted a comparative analysis of GWAS on
opioid dependence by accessing data from the NHGRI-
EBI GWAS Catalog (www.ebi.ac.uk/gwas). The search
was performed on 03/09/2026 using the terms “opioid
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http://www.ebi.ac.uk/gwas

dependence,” “heroin dependence,” and “opioid use
disorder.” Studies were included if they met the
following criteria: (1) case control study, (2) genome-
wide association study design, (3) phenotype of opioid
dependence or opioid use disorder, (4) human subjects,
(5) published in peer-reviewed journals, and (6) reported
summary statistics including effect sizes and p-values
(Supplementary Figure 2). For each study, information
including SNP identifier, chromosome position,
associated gene, p-value, odds ratio, and risk allele
frequency was extracted and compiled. SNPs with
missing genomic coordinates or p-values were excluded.
Genome-wide significance was defined as p < 5 x 1078,
and suggestive significance as p < 1 x 107,
Chromosomal distribution and genomic context of SNPs
were assessed using GWAS Catalog annotations. Effect
sizes were summarized using odds ratios (OR), and effect
size distributions were evaluated using logy-transformed
OR values. Sensitivity analysis was performed using a
leave-one-out approach for the five most significant
SNPs to assess the robustness of associations.

Statistical analysis

All analyses were conducted in R (v4.5.2). Packages
used in this study included DESeq2, edgeR, limma,
glmnet, tidyverse, ggplot2, pheatmap, patchwork,
ggpubr, and FSA. Multiple testing correction was
performed using the Benjamini—Hochberg FDR method.

Data availability

This study utilized publicly available datasets
GSE194368 and EFO_0005611. All data generated or
analyzed during this study are included in this article
and its Supplementary Tables. Additional processed
results, including differential expression outputs,
enrichment analyses, aging-clock results, and GWAS
summary tables, are available from the corresponding
author upon reasonable request.

Code availability

No custom software was developed for this study. All
analyses were performed using publicly available
bioinformatics tools as described in the Materials and
Methods section. Software packages, analytical
workflows, and key parameters are reported to ensure
reproducibility. The scripts used for transcriptomic age-
prediction modeling and GWAS analyses are provided
as a Supplementary Code file.

Abbreviations

CMP: count per million; DEGs: differentially expressed
genes; FDR: false discovery rate; GEO: Gene Expression

Omnibus; GWAS: genome-wide association studies;
MAE: mean absolute error; OUD: opioid use disorder;
PPI: protein—protein interaction; RNA-seq: RNA
sequencing; SNP: Single Nucleotide Polymorphism.

AUTHOR CONTRIBUTIONS

Hai Duc Nguyen: conceptualization, methodology,
software, data curation, formal analysis, investigation,
writing. Mary Peace McRae: writing. Sangkyu Kim:
methodology, writing. Woong-Ki Kim: conceptuali-
zation, supervision, writing.

CONFLICTS OF INTEREST
The authors declare that they have no conflicts of interest.
FUNDING

This work was conducted at the Tulane National
Biomedical Research Center (TNBRC RRID:
SCR_008167) and supported by the TNBRC P51 Base
Grant (P510D011104) from the National Institutes of
Health.

REFERENCES

1. Van den Brink W, Haasen C. Evidenced-based
treatment of opioid-dependent patients. Can J
Psychiatry. 2006; 51:635-46.
https://doi.org/10.1177/070674370605101003
PMID:17052031

2. United Nations Office on Drugs and Crime. World Drug
Report 2021 Booklet 3 - Drug market trends: Opioids,
Cannabis. 2021. [cited 2026 Mar 12].
www.unodc.org/unodc/en/data-and-analysis/wdr-
2021 booklet-3.html

3. Keyes KM, Rutherford C, Hamilton A, Barocas JA,
Gelberg KH, Mueller PP, Feaster DJ, El-Bassel N, Cerda
M. What is the prevalence of and trend in opioid use
disorder in the United States from 2010 to 20197 Using
multiplier approaches to estimate prevalence for an
unknown population size. Drug Alcohol Depend Rep.
2022; 3:100052.
https://doi.org/10.1016/j.dadr.2022.100052
PMID:35783994

4. Shearer RD, Shippee ND, Virnig BA, Beebe TJ,
Winkelman TN. Characteristics and co-morbidities
associated with hospital discharges for opioid and
methamphetamine co-use, United States 2016-2019.
Drug Alcohol Depend Rep. 2024; 10:100219.
https://doi.org/10.1016/j.dadr.2024.100219
PMID:38356919

5. Zhang J, Liu R, Wang X, Zhang L, Pei W, Hou J, Li S.
Global burden, socioeconomic disparities, and

WWWw.aging-us.com

926

AGING


https://doi.org/10.1177/070674370605101003
https://pubmed.ncbi.nlm.nih.gov/17052031
http://www.unodc.org/unodc/en/data-and-analysis/wdr-2021_booklet-3.html
http://www.unodc.org/unodc/en/data-and-analysis/wdr-2021_booklet-3.html
https://doi.org/10.1016/j.dadr.2022.100052
https://pubmed.ncbi.nlm.nih.gov/35783994
https://doi.org/10.1016/j.dadr.2024.100219
https://pubmed.ncbi.nlm.nih.gov/38356919

10.

11.

12.

spatiotemporal dynamics of opioid use disorder
mortality and disability: a comprehensive analysis from
the global burden of disease study 2017-2021. BMC
Public Health. 2025; 25:3254.
https://doi.org/10.1186/s12889-025-24541-y
PMID:41034814

Johnson EO, Fisher HS, Sullivan KA, Corradin O,
Sanchez-Roige S, Gaddis NC, Sami YN, Townsend A,
Teixeira Prates E, Pavicic M, Kruse P, Chesler EJ, Palmer
AA, et al. An emerging multi-omic understanding of the
genetics of opioid addiction. J Clin Invest. 2024;
134:172886.

https://doi.org/10.1172/JC1172886 PMID:39403933

Williams 1A, Clemens KJ. Emerging evidence of a link
between inflammation and the neuropathology of
prenatal opioid exposure. Curr Opin Neurobiol. 2024;
89:102924.
https://doi.org/10.1016/j.conb.2024.102924
PMID:39366149

Byanyima JI, Li X, Vesslee SA, Kranzler HR, Shi Z, Wiers
CE. Metabolic profiles associated with opioid use and
opioid use disorder: a narrative review of the
literature. Curr Addict Rep. 2023; 10:581-93.
https://doi.org/10.1007/s40429-023-00493-4
PMID:37982033

Wei J, Lambert TY, Valada A, Patel N, Walker K, Lenders
J, Schmidt CJ, Iskhakova M, Alazizi A, Mair-Meijers H,
Mash DC, Luca F, Pique-Regi R, et al. Single nucleus
transcriptomics of ventral midbrain identifies glial
activation associated with chronic opioid use disorder.
Nat Commun. 2023; 14:5610.
https://doi.org/10.1038/s41467-023-41455-8
PMID:37699936

Seney ML, Kim SM, Glausier JR, Hildebrand MA, Xue X,
Zong W, Wang J, Shelton MA, Phan BN, Srinivasan C,
Pfenning AR, Tseng GC, Lewis DA, et al. Transcriptional
Alterations in Dorsolateral Prefrontal Cortex and
Nucleus Accumbens Implicate Neuroinflammation and
Synaptic Remodeling in Opioid Use Disorder. Biol
Psychiatry. 2021; 90:550-62.
https://doi.org/10.1016/j.biopsych.2021.06.007
PMID:34380600

Brynildsen JK, Mace KD, Cornblath EJ, Weidler C,
Pasqualetti F, Bassett DS, Blendy JA. Gene
coexpression patterns predict opiate-induced brain-
state transitions. Proc Natl Acad Sci USA. 2020;
117:19556-65.
https://doi.org/10.1073/pnas.2003601117
PMID:32694207

Mehranfard N, Ghasemi M, Saboory E. Disrupted
circadian rhythms and opioid-mediated adverse
effects: Bidirectional relationship and putative
mechanisms. J Neuroendocrinol. 2025; 37:e70065.

13.

14.

15.

16.

17.

18.

19.

20.

https://doi.org/10.1111/jne.70065
PMID:40619210

Partch CL, Green CB, Takahashi JS. Molecular
architecture of the mammalian circadian clock. Trends
Cell Biol. 2014; 24:90-9.
https://doi.org/10.1016/j.tcb.2013.07.002
PMID:23916625

Shelton MA, Horan N, Xue X, Maturin L, Eacret D,
Michaud J, Singh N, Williams BR, Gamble MC, Seggio
JA, Fish MK, Phan BN, Tseng GC, et al. Sex-Specific
Concordance of Striatal Transcriptional Signatures of
Opioid Addiction in Human and Rodent Brains. Biol
Psychiatry Glob Open Sci. 2025; 5:100476.
https://doi.org/10.1016/].bpsgos.2025.100476
PMID:40248277

Delorme TC, Sambare S, Williams BR, Gamble MC,
Carrette LL, Solberg Woods LC, Maturin L, Palmer AA,
George O, Logan RW. Sex-specific transcriptional
signatures of oxycodone persist during withdrawal and
abstinence in the suprachiasmatic nucleus of
heterogeneous stock rats. Addict Neurosci. 2025;
17:100240.
https://doi.org/10.1016/j.addicn.2025.100240
PMID:41477436

Sullivan KA, Kainer D, Lane M, Cashman M, Miller JI,
Garvin MR, Townsend A, Quach BC, Willis C, Kruse P,
Gaddis NC, Mathur R, Corradin O, et al., and VA Million
Veteran Program. Multiomic Network Analysis
Identifies Dysregulated Neurobiological Pathways in
Opioid Addiction. Biol Psychiatry. 2025; 98:11-22.
https://doi.org/10.1016/j.biopsych.2024.11.013
PMID:39615775

Kember RL, Vickers-Smith R, Xu H, Toikumo S, Niarchou
M, Zhou H, Hartwell EE, Crist RC, Rentsch CT, Davis LK,
Justice AC, Sanchez-Roige S, Kampman KM, et al., and
Million Veteran Program. Cross-ancestry meta-analysis
of opioid use disorder uncovers novel loci with
predominant effects in brain regions associated with
addiction. Nat Neurosci. 2022; 25:1279-87.
https://doi.org/10.1038/s41593-022-01160-z
PMID:36171425

Koechl B, Unger A, Fischer G. Age-related aspects of
addiction. Gerontology. 2012; 58:540—4.
https://doi.org/10.1159/000339095 PMID:22722821

Bachi K, Sierra S, Volkow ND, Goldstein RZ, Alia-Klein N.
Is biological aging accelerated in drug addiction? Curr
Opin Behav Sci. 2017; 13:34-9.
https://doi.org/10.1016/j.cobeha.2016.09.007
PMID:27774503

Balbona JV, Jeffries P, Gorelik AJ, Nelson EC, Bogdan R,
Agrawal A, Johnson EC. Examining the causal genetic
effects of substance use on aging. medRxiv. 2024;
2024.10.14.24315472.

WWWw.aging-us.com

927

AGING


https://doi.org/10.1186/s12889-025-24541-y
https://pubmed.ncbi.nlm.nih.gov/41034814
https://doi.org/10.1172/JCI172886
https://pubmed.ncbi.nlm.nih.gov/39403933/
https://doi.org/10.1016/j.conb.2024.102924
https://pubmed.ncbi.nlm.nih.gov/39366149
https://doi.org/10.1007/s40429-023-00493-4
https://pubmed.ncbi.nlm.nih.gov/37982033
https://doi.org/10.1038/s41467-023-41455-8
https://pubmed.ncbi.nlm.nih.gov/37699936
https://doi.org/10.1016/j.biopsych.2021.06.007
https://pubmed.ncbi.nlm.nih.gov/34380600
https://doi.org/10.1073/pnas.2003601117
https://pubmed.ncbi.nlm.nih.gov/32694207
https://doi.org/10.1111/jne.70065
https://pubmed.ncbi.nlm.nih.gov/40619210
https://doi.org/10.1016/j.tcb.2013.07.002
https://pubmed.ncbi.nlm.nih.gov/23916625
https://doi.org/10.1016/j.bpsgos.2025.100476
https://pubmed.ncbi.nlm.nih.gov/40248277
https://doi.org/10.1016/j.addicn.2025.100240
https://pubmed.ncbi.nlm.nih.gov/41477436
https://doi.org/10.1016/j.biopsych.2024.11.013
https://pubmed.ncbi.nlm.nih.gov/39615775
https://doi.org/10.1038/s41593-022-01160-z
https://pubmed.ncbi.nlm.nih.gov/36171425
https://doi.org/10.1159/000339095
https://pubmed.ncbi.nlm.nih.gov/22722821
https://doi.org/10.1016/j.cobeha.2016.09.007
https://pubmed.ncbi.nlm.nih.gov/27774503

21.

22.

23.

24.

25.

26.

27.

28.

29.

https://doi.org/10.1101/2024.10.14.24315472
PMID:39484246

Qi H, Zhao H, Li E, Lu X, Yu N, Liu J, Han J. DeepQA: A
Unified Transcriptome-Based Aging Clock Using Deep
Neural Networks. Aging Cell. 2025; 24:e14471.
https://doi.org/10.1111/acel.14471 PMID:39757434

Srour L, Bejaoui Y, She J, Alam T, El Hajj N. Deep aging
clocks: Al-powered strategies for biological age
estimation. Ageing Res Rev. 2025; 112:102889.
https://doi.org/10.1016/j.arr.2025.102889
PMID:40902671

Chen J, Zhang X, DelLaughter DM, Trembley MA, Saifee
S, Xiao F, Chen J, Zhou P, Seidman CE, Seidman JG, Pu
WT. Molecular and Spatial Signatures of Mouse
Embryonic Endothelial Cells at Single-Cell Resolution.
Circ Res. 2024; 134:529-46.
https://doi.org/10.1161/CIRCRESAHA.123.323956
PMID:38348657

Han ZG, Zhang QH, Ye M, Kan LX, Gu BW, He KL, Shi SL,
Zhou J, Fu G, Mao M, Chen SJ, Yu L, Chen Z. Molecular
cloning of six novel Kriippel-like zinc finger genes from
hematopoietic cells and identification of a novel
transregulatory domain KRNB. J Biol Chem. 1999;
274:35741-8.
https://doi.org/10.1074/jbc.274.50.35741
PMID:10585455

Yang BZ, Zhou H, Cheng Z, Kranzler HR, Gelernter J.
Genomewide Gene-by-Sex Interaction Scans ldentify
ADGRV1 for Sex Differences in Opioid Dependent
African Americans. Sci Rep. 2019; 9:18070.
https://doi.org/10.1038/s41598-019-53560-0
PMID:31792237

Green JM, Sundman MH, Chou YH. Opioid-induced
microglia reactivity modulates opioid reward,
analgesia, and behavior. Neurosci Biobehav Rev. 2022;
135:104544.
https://doi.org/10.1016/j.neubiorev.2022.104544

PMID:35090951

Graversen JH, Moestrup SK. Drug Trafficking into
Macrophages via the Endocytotic Receptor CD163.
Membranes (Basel). 2015; 5:228-52.
https://doi.org/10.3390/membranes5020228

PMID:26111002

Baaten BJ, Li CR, Bradley LM. Multifaceted
regulation of T cells by CD44. Commun Integr Biol.
2010; 3:508-12.

https://doi.org/10.4161/cib.3.6.13495 PMID:21331226

Li F, Curry TE Jr. Regulation and function of tissue
inhibitor of metalloproteinase (TIMP) 1 and TIMP3 in
periovulatory rat granulosa cells. Endocrinology. 2009;
150:3903-12.

https://doi.org/10.1210/en.2008-1141

PMID:19389837

30.

31

32.

33.

34,

35.

36.

37.

38.

Pefialoza HF, Gheware A, Gupta A, Watza D, Kumari A,
Gonzalez-Ferrer S, Xiong Z, Wang X, Gibson G, Bhojraj
P, van der Geest R, Kim JS, Jin BR, et al. Megakaryocyte
and platelet thrombospondin-1 regulates matrix
remodeling by stabilizing basement membrane
COL6A1 in lung injury. Nat Commun. 2026; 17:3844.
https://doi.org/10.1038/s41467-026-70489-x
PMID:41820365

Ahuja P, Zhao P, Angelis E, Ruan H, Korge P, Olson A,
Wang Y, Jin ES, Jeffrey FM, Portman M, Maclellan WR.
Myc controls transcriptional regulation of cardiac
metabolism and mitochondrial biogenesis in response
to pathological stress in mice. J Clin Invest. 2010;
120:1494-505.

https://doi.org/10.1172/JCI38331 PMID:20364083

Tas B, Kalk NJ, Lozano-Garcia M, Rafferty GF, Cho P,
Kelleher M, Moxham J, Strang J, Jolley CJ. Undetected
Respiratory Depression in People with Opioid Use
Disorder. Drug Alcohol Depend. 2022; 234:109401.
https://doi.org/10.1016/j.drugalcdep.2022.109401
PMID:35306391

Henriques ART, Silva JP, Carvalho F. The impact of
opioids on the hallmarks of ageing. Mech Ageing Dev.
2024; 222:111994.
https://doi.org/10.1016/j.mad.2024.111994
PMID:39326463

Zhao J, Xin X, Xie GX, Palmer PP, Huang YG. Molecular
and cellular mechanisms of the age-dependency of
opioid analgesia and tolerance. Mol Pain. 2012; 8:38.
https://doi.org/10.1186/1744-8069-8-38
PMID:22612909

Zhou Z, Yuan Q, Mash DC, Goldman D. Substance-
specific and shared transcription and epigenetic
changes in the human hippocampus chronically
exposed to cocaine and alcohol. Proc Natl Acad Sci
USA. 2011; 108:6626—31.
https://doi.org/10.1073/pnas.1018514108
PMID:21464311

Onisiforou A, Zanos P, Georgiou P. Molecular
signatures of premature aging in Major Depression and
Substance Use Disorders. Sci Data. 2024; 11:698.
https://doi.org/10.1038/s41597-024-03538-z
PMID:38926475

Phan BN, Ray MH, Xue X, Fu C, Fenster RJ, Kohut SJ,
Bergman J, Haber SN, McCullough KM, Fish MK,
Glausier JR, Su Q, Tipton AE, et al. Single nuclei
transcriptomics in human and non-human primate
striatum in opioid use disorder. Nat Commun. 2024;
15:878.

https://doi.org/10.1038/s41467-024-45165-7
PMID:38296993

Jin K, Yao Z, van Velthoven CT, Kaplan ES, Glattfelder K,
Barlow ST, Boyer G, Carey D, Casper T, Chakka AB,

WWWw.aging-us.com

AGING


https://doi.org/10.1101/2024.10.14.24315472
https://pubmed.ncbi.nlm.nih.gov/39484246
https://doi.org/10.1111/acel.14471
https://pubmed.ncbi.nlm.nih.gov/39757434
https://doi.org/10.1016/j.arr.2025.102889
https://pubmed.ncbi.nlm.nih.gov/40902671
https://doi.org/10.1161/CIRCRESAHA.123.323956
https://pubmed.ncbi.nlm.nih.gov/38348657
https://doi.org/10.1074/jbc.274.50.35741
https://pubmed.ncbi.nlm.nih.gov/10585455
https://doi.org/10.1038/s41598-019-53560-0
https://pubmed.ncbi.nlm.nih.gov/31792237
https://doi.org/10.1016/j.neubiorev.2022.104544
https://pubmed.ncbi.nlm.nih.gov/35090951
https://doi.org/10.3390/membranes5020228
https://pubmed.ncbi.nlm.nih.gov/26111002
https://doi.org/10.4161/cib.3.6.13495
https://pubmed.ncbi.nlm.nih.gov/21331226
https://doi.org/10.1210/en.2008-1141
https://pubmed.ncbi.nlm.nih.gov/19389837
https://doi.org/10.1038/s41467-026-70489-x
https://pubmed.ncbi.nlm.nih.gov/41820365/
https://doi.org/10.1172/JCI38331
https://pubmed.ncbi.nlm.nih.gov/20364083
https://doi.org/10.1016/j.drugalcdep.2022.109401
https://pubmed.ncbi.nlm.nih.gov/35306391
https://doi.org/10.1016/j.mad.2024.111994
https://pubmed.ncbi.nlm.nih.gov/39326463/
https://doi.org/10.1186/1744-8069-8-38
https://pubmed.ncbi.nlm.nih.gov/22612909
https://doi.org/10.1073/pnas.1018514108
https://pubmed.ncbi.nlm.nih.gov/21464311
https://doi.org/10.1038/s41597-024-03538-z
https://pubmed.ncbi.nlm.nih.gov/38926475
https://doi.org/10.1038/s41467-024-45165-7
https://pubmed.ncbi.nlm.nih.gov/38296993

39.

40.

41.

42.

43.

44,

45.

46.

Chakrabarty R, Clark M, Departee M, et al. Brain-wide
cell-type-specific transcriptomic signatures of healthy
ageing in mice. Nature. 2025; 638:182-96.
https://doi.org/10.1038/s41586-024-08350-8
PMID:39743592

Balasubramanian P, Branen L, Sivasubramanian MK,
Monteiro R, Subramanian M. Aging is associated with
glial senescence in the brainstem - implications for age-
related sympathetic overactivity. Aging (Albany NY).
2021; 13:13460-73.
https://doi.org/10.18632/aging.203111
PMID:34038388

Richard MB, Taylor SR, Greer CA. Age-induced
disruption of selective olfactory bulb synaptic circuits.
Proc Natl Acad Sci USA. 2010; 107:15613-8.
https://doi.org/10.1073/pnas.1007931107
PMID:20679234

Upadhyay J, Maleki N, Potter J, Elman I, Rudrauf D,
Knudsen J, Wallin D, Pendse G, McDonald L, Griffin M,
Anderson J, Nutile L, Renshaw P, et al. Alterations in
brain structure and functional connectivity in
prescription opioid-dependent patients. Brain. 2010;
133:2098-114.

https://doi.org/10.1093/brain/awg138
PMID:20558415

Owens F, Carbajal C, Rodriguez M, El-Hage N.
Epigenetic mechanisms of HIV and opioid-induced
neuropathology: Potential therapies and interventions.
Mol Ther. 2025; 33:5965-95.
https://doi.org/10.1016/j.ymthe.2025.09.028
PMID:40958413

Vierbuchen T, Agarwal S, Johnson JL, Galia L, Lei X,
Stein K, Olagnier D, Gaede Kl, Herzmann C, Holm CK,
Heine H, Pai A, O'Hara Hall A, et al. The IncRNA LUCAT1
is elevated in inflammatory disease and restrains
inflammation by regulating the splicing and stability of
NR4A2. Proc Natl Acad Sci USA. 2023;
120:e2213715120.
https://doi.org/10.1073/pnas.2213715120
PMID:36577072

Xu Q, Liu D, Zhu LQ, Su Y, Huang HZ. Long non-coding
RNAs as key regulators of neurodegenerative protein
aggregation. Alzheimers Dement. 2025; 21:e14498.
https://doi.org/10.1002/alz.14498

PMID:39936251

Zhenggi Q, Zezhi G, Lei J, He Q, Jinyao P, Ying A.
Prognostic role of PHYH for overall survival (OS) in
clear cell renal cell carcinoma (ccRCC). Eur J Med
Res. 2021; 26:9.
https://doi.org/10.1186/s40001-021-00482-1
PMID:33468235

Javanmehr N, Saleki K, Alijanizadeh P, Rezaei N.
Microglia dynamics in aging-related neurobehavioral

47.

48.

49.

50.

51.

52.

53.

54.

and neuroinflammatory diseases. J
Neuroinflammation. 2022; 19:273.
https://doi.org/10.1186/s12974-022-02637-1

PMID:36397116

Song Y, Shen H, Schenten D, Shan P, Lee PJ, Goldstein
DR. Aging enhances the basal production of IL-6 and
CCL2 in vascular smooth muscle cells. Arterioscler
Thromb Vasc Biol. 2012; 32:103-9.
https://doi.org/10.1161/ATVBAHA.111.236349
PMID:22034510

Guan F, Wang R, Yi Z, Luo P, Liu W, Xie Y, Liu Z, Xia Z,
Zhang H, Cheng Q. Tissue macrophages: origin,
heterogenity, biological functions, diseases and
therapeutic targets. Signal Transduct Target Ther.
2025; 10:93.
https://doi.org/10.1038/s41392-025-02124-y
PMID:40055311

Zhou P, Meng H, Liang X, Lei X, Zhang J, Bian W, He N,
Lin Z, Song X, Zhu W, Hu B, Li B, Yan L, et al. ADGRV1
Variants in Febrile Seizures/Epilepsy With Antecedent
Febrile Seizures and Their Associations With Audio-
Visual Abnormalities. Front Mol Neurosci. 2022;
15:864074.
https://doi.org/10.3389/fnmol.2022.864074
PMID:35813073

Gller BE, Zorin M, Linnert J, Nagel-Wolfrum K,
Wolfrum U. The adhesion GPCR ADGRV1 controls
glutamate homeostasis in hippocampal astrocytes
supporting neurons. Acta Neuropathol Commun. 2026;
14:98.

https://doi.org/10.1186/s40478-026-02282-2
PMID:42002803

Tagi MM, Faisal M, Zaman H. OPRM1 A118G
Polymorphisms and Its Role in Opioid Addiction:
Implication on Severity and Treatment Approaches.
Pharmgenomics Pers Med. 2019; 12:361-8.
https://doi.org/10.2147/PGPM.5198654
PMID:31819591

Nelson EC, Agrawal A, Heath AC, Bogdan R, Sherva R,

Zhang B, Al-Hasani R, Bruchas MR, Chou YL, Demers
CH, Carey CE, Conley ED, Fakira AK, et al. Evidence of
CNIH3 involvement in opioid dependence. Mol
Psychiatry. 2016; 21:608-14.
https://doi.org/10.1038/mp.2015.102

PMID:26239289

Tang J, Zeng X, Li H, Ju L, Feng J, Yang J. Repulsive
Guidance Molecule-a and Central Nervous System
Diseases. Biomed Res Int. 2021; 2021:5532116.
https://doi.org/10.1155/2021/5532116
PMID:33997000

Karadurmus D, Rial D, De Backer JF, Communi D, de
Kerchove d'Exaerde A, Schiffmann SN. GPRIN3 Controls

WWWw.aging-us.com

AGING


https://doi.org/10.1038/s41586-024-08350-8
https://pubmed.ncbi.nlm.nih.gov/39743592
https://doi.org/10.18632/aging.203111
https://pubmed.ncbi.nlm.nih.gov/34038388
https://doi.org/10.1073/pnas.1007931107
https://pubmed.ncbi.nlm.nih.gov/20679234
https://doi.org/10.1093/brain/awq138
https://pubmed.ncbi.nlm.nih.gov/20558415
https://doi.org/10.1016/j.ymthe.2025.09.028
https://pubmed.ncbi.nlm.nih.gov/40958413
https://doi.org/10.1073/pnas.2213715120
https://pubmed.ncbi.nlm.nih.gov/36577072
https://doi.org/10.1002/alz.14498
https://pubmed.ncbi.nlm.nih.gov/39936251
https://doi.org/10.1186/s40001-021-00482-1
https://pubmed.ncbi.nlm.nih.gov/33468235
https://doi.org/10.1186/s12974-022-02637-1
https://pubmed.ncbi.nlm.nih.gov/36397116
https://doi.org/10.1161/ATVBAHA.111.236349
https://pubmed.ncbi.nlm.nih.gov/22034510
https://doi.org/10.1038/s41392-025-02124-y
https://pubmed.ncbi.nlm.nih.gov/40055311
https://doi.org/10.3389/fnmol.2022.864074
https://pubmed.ncbi.nlm.nih.gov/35813073
https://doi.org/10.1186/s40478-026-02282-2
https://pubmed.ncbi.nlm.nih.gov/42002803/
https://doi.org/10.2147/PGPM.S198654
https://pubmed.ncbi.nlm.nih.gov/31819591
https://doi.org/10.1038/mp.2015.102
https://pubmed.ncbi.nlm.nih.gov/26239289
https://doi.org/10.1155/2021/5532116
https://pubmed.ncbi.nlm.nih.gov/33997000

55.

Neuronal Excitability, Morphology, and Striatal-
Dependent Behaviors in the Indirect Pathway of the
Striatum. J Neurosci. 2019; 39:7513-28.
https://doi.org/10.1523/JNEUROSCI.2454-18.2019
PMID:31363062

Harvey AC, Bglcho U, Main BS, Nykjer A, Holm MM,
Nissen P, Kjeergaard M, Poulsen H. Grin2b 3'UTR is
necessary for synaptic plasticity and spatial learning.
Proc Natl Acad Sci USA. 2026; 123:€2518282123.
https://doi.org/10.1073/pnas.2518282123
PMID:41706899

58.

59.

https://doi.org/10.4137/grsb.s702
PMID:19787083

Lei J, Xin Z, Liu N, Ning T, Jing Y, Qiao Y, He Z, Jiang M,
Yang Y, Zhang Z, Zhao L, Li J, Lv D, et al. Senescence-
resistant human mesenchymal progenitor cells counter
aging in primates. Cell. 2025; 188:5039-61.e35.
https://doi.org/10.1016/j.cell.2025.05.021
PMID:40516525

Muralidharan C, Zakar-Polydk E, Adami A, Abbas AA,
SharmaY, Garza R, Johansson JG, Atacho DA, Renner E,
Palkovits M, Kerepesi C, Jakobsson J, Pircs K. Human

56. Love MI, Huber W, Anders S. Moderated estimation of Brain Cell-Type-Specific Aging Clocks Based on Single-
fold change and dispersion for RNA-seq data with Nuclei Transcriptomics. Adv Sci (Weinh). 2025;
DESeq2. Genome Biol. 2014; 15:550. 12:e061009.
https://doi.org/10.1186/s13059-014-0550-8 https://doi.org/10.1002/advs.202506109
PMID:25516281 PMID:40878446

57. Koschitzki D, Schreiber F. Centrality analysis methods
for biological networks and their application to gene
regulatory networks. Gene Regul Syst Bio. 2008;

2:193-201.
www.aging-us.com 930 AGING


https://doi.org/10.1523/JNEUROSCI.2454-18.2019
https://pubmed.ncbi.nlm.nih.gov/31363062
https://doi.org/10.1073/pnas.2518282123
https://pubmed.ncbi.nlm.nih.gov/41706899
https://doi.org/10.1186/s13059-014-0550-8
https://pubmed.ncbi.nlm.nih.gov/25516281
https://doi.org/10.4137/grsb.s702
https://pubmed.ncbi.nlm.nih.gov/19787083
https://doi.org/10.1016/j.cell.2025.05.021
https://pubmed.ncbi.nlm.nih.gov/40516525
https://doi.org/10.1002/advs.202506109
https://pubmed.ncbi.nlm.nih.gov/40878446

SUPPLEMENTARY MATERIALS
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Supplementary Figure 1. Transcriptomic aging clock performance in opioid dependence. (A) Correlation between predicted
transcriptomic age and chronological age in control and opioid groups using an elastic net regression model without cross-validation. (B)
Correlation between predicted transcriptomic age and chronological age in the control group (in-sample) and opioid group (out-of-
sample or cross-validated) using an elastic net model with 5-fold cross-validation performed on the control samples. CV, cross-validation;
MAE, mean absolute error.
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Supplementary Figure 2. Flow diagram for GWAS study selection.

WWWw.aging-us.com

931

AGING



Supplementary Tables

Please browse Full Text version to see the data of Supplementary Tables 1-3.

Supplementary Table 1. Data characteristics for GWAS meta-analysis.

Supplementary Table 2. Chromosomal distribution of associations.

Supplementary Table 3. Top associated genes involved in opioid dependence.

Supplementary Table 4. Statistical power analysis from GWAS meta-analysis.

Study Year Cases Controls Power (OR=1.5, MAF=(.2)

Yang BZ 2019 4715 3672 100.00%

Gaddis N 2022 11137 309753 100.00%

Nelson EC 2015 1167 161 10.70%

Brick LA 2019 2120 1944 97.20%

Polimanti R 2020 4418 17700 100.00%

Sherva R 2021 3647 1742 99.90%

META-ANALYSIS 27204 334972 100.00%
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Supplementary Code file

Please browse Full Text version to see the data of Supplementary Code file.
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