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Abstract
Background  Cannabis use is on the rise yet the systematic molecular impact of key cannabinoid components 
on various tissues in diverse organisms remains incompletely understood. We aim to systematically elucidate the 
molecular pathways and networks affected by delta-9-tetrahydrocannabinol (THC) and cannabidiol (CBD) across 
species and tissue types.

Methods  We curated 105 THC- and CBD-related RNA sequencing (RNAseq) and microarray datasets from Gene 
Expression Omnibus (NCBI GEO) with a focus on mammalian species (human, non-human primate rhesus macaque, 
mouse, rat). Differentially expressed genes (DEGs) were identified using limma for microarrays and DESeq2 for RNAseq 
data, followed by a meta analysis to identify meta-DEGs. DEGs were analyzed for pathway enrichment using EnrichR, 
network regulation using Mergeomics key driver analysis, and disease associations using Mergeomics Marker Set 
Enrichment Analysis. Comparative analyses were conducted across compounds, datasets, species, and tissues.

Results  CBD datasets demonstrated more DEGs and enriched pathways across species and experimental conditions 
compared to THC. CBD datasets clustered more tightly by route of administration and species and were more 
frequently enriched for pathways related to zinc homeostasis, inflammation suppression, and cell cycle regulation. In 
contrast, THC signatures were more heterogeneous and did not exhibit consistent clustering, although consistently 
altered genes associated with antioxidant activity, neuronal myelination, synaptic signaling, and transcriptional 
regulation were identified across datasets. THC altered endocannabinoid signaling genes more often in brain tissues, 
while CBD affected this pathway more heavily in both central and peripheral tissues. Disease enrichment analyses 
revealed significant associations of CBD DEGs with lipid metabolism and body composition traits, while DEGs of both 
compounds showed links to neuropsychiatric disorders and type 2 diabetes.
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Introduction
Cannabis use for recreational and medicinal purposes 
has increased substantially over the past several years in 
the United States, likely due to broadening legalization 
of cannabis. By December 2018, medical cannabis was 
legalized in 33 states and D.C., while recreational use was 
permitted in 10 states and D.C. (Smart and Pacula 2019). 
In 2022, 30.7% of US high school seniors reported can-
nabis use in the past year, with 6.3% using it daily (Miech 
et al. 2023). Among adults, cannabis use increased from 
7.59% to 15.11% in 2013–2022 (Mattingly et al. 2024). 
Delta-9-tetrahydrocannabinol (THC) and cannabidiol 
(CBD) are the two most prominent cannabinoids in Can-
nabis sativa, comprising up to 40% of the plant’s extract 
(Maroon and Bost 2018; Pourseyed Lazarjani et al. 2020).
These compounds interact with the endocannabinoid 
system, a complex network of receptors and signaling 
molecules that regulate pain, mood, inflammation, and 
immune responses (Pertwee 2006). THC, the primary 
psychoactive component, exhibits therapeutic effects 
as an analgesic for cancer-related chronic pain and has 
demonstrated anti-invasive and anti-metastatic prop-
erties in cancer treatment (Pagano et al. 2022). CBD is 
non-psychoactive but still influences the brain and ner-
vous system (Batalla et al. 2021; Malabadi et al. 2023), is 
recognized for its potential in managing epilepsy, anxiety, 
and neurodevelopmental disorders, and is valued for its 
anti-inflammatory and antioxidant properties (Machado 
Bergamaschi et al. 2011).

While cannabinoids have demonstrated therapeu-
tic potential, concerns regarding their safety in terms 
of physical health, mental health, public safety, and the 
side effects have tempered their widespread acceptance 
(Machado Bergamaschi et al. 2011; Sachs et al. 2015). For 
instance, while some studies suggest that chronic daily 
use of up to 1500  mg/day is well tolerated in humans, 
others report both physical and mental side effects such 
as cognitive impairment, cardiovascular complications, 
and respiratory issues (Sachs et al. 2015). Additionally, 
cannabinoids have been linked to immune suppression, 
resulting in increased susceptibility to human immu-
nodeficiency virus—1 (HIV-1) infections and disease 
progression. Mental health effects are particularly con-
cerning, as cannabinoids may exacerbate bipolar disor-
der in predisposed individuals and increase the risk of 
temporary psychosis. In addition, cannabinoids also pose 

broader public health and safety concerns. Driving under 
the influence is associated with impaired motor func-
tion and a higher incidence of motor vehicle accidents. 
Frequent and heavy cannabis use during adolescence 
increases the risk of developing cannabis use disorder 
(CUD) (Zuo et al. 2022), while addiction and cannabis 
dependence may contribute to lower income, unemploy-
ment, and reduced life satisfaction (Sachs et al. 2015).

Therefore, understanding the precise molecular and 
biological mechanisms underlying the beneficial and 
adverse effects of THC and CBD is crucial for guiding 
safe use and developing strategies to mitigate health con-
cerns. At the transcriptomic level, studies have shown 
that cannabinoid-induced gene expression changes vary 
depending on tissue type, sex, age, and genetic back-
grounds, such as gene mutations (Zuo et al. 2022; Puigh-
ermanal et al. 2024; Shapira et al. 2023; Bilkei-Gorzo et al. 
2017). This variability has made it challenging to estab-
lish precision targets that differentiate the therapeutic vs 
adverse effects. This study systematically analyzes over 
100 transcriptomic datasets related to THC and CBD 
across species and tissue types from the Gene Expres-
sion Omnibus (GEO) (Edgar et al. 2002) (Fig.  1). Using 
transcriptomic data, we identified differentially expressed 
genes (DEGs) for each dataset and derived meta-DEGs 
for each cannabinoid through meta-analysis. We further 
investigated global regulatory patterns across datasets 
through clustering and correlation assessment as well as 
cannabinoid-specific effects through pathway and dis-
ease association analysis and network modeling. We also 
investigated the effects of THC and CBD on the endo-
cannabinoid system across the datasets. These integrative 
approaches allowed us to uncover consistent and unique 
patterns of gene regulation across studies to partition 
potential targets underlying beneficial vs. adverse effects 
of THC and CBD.

Materials & methods
Data curation
Transcriptomic data from previous studies were curated 
from the National Center for Biotechnology Informa-
tion’s Gene Expression Omnibus (NCBI GEO) (Edgar et 
al. 2002; Barrett et al. 2012). To identify THC-specific 
datasets, we queried GEO using the keywords “THC” 
and “Delta-9-tetrahydrocannabinol,” while CBD-specific 
datasets were retrieved using “CBD” and “Cannabidiol.” 

Conclusions  THC and CBD demonstrated distinct and largely non-overlapping transcriptomic responses, with CBD 
showing more coherent molecular effects across datasets. Our results underscore the potential therapeutic relevance 
of CBD to metabolic and psychiatric regulation, highlight the context-dependency of THC’s molecular actions, and 
offer molecular insights into the therapeutic and side effects of cannabinoids.
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Studies were included if they met the following crite-
ria: 1) the model organism was human, mouse, rat, or 
rhesus macaque to focus on mammalian species with 
higher translational potential; 2) the dataset was gener-
ated using cDNA microarrays or RNA sequencing; 3) a 
minimum sample size threshold of n = 3 per group for in 
vivo studies and n = 2 per group for in vitro studies was 
applied, allowing us to include most available studies 
while balancing data quality and comprehensiveness; 4) 
the study was not part of a subseries or superseries on 
GEO to avoid duplicate data. For studies testing multiple 

conditions, samples were grouped based on their match-
ing physiological and pathological background condi-
tions to ensure accurate differential expression analysis. 
Specifically, only control and treatment samples with 
shared conditions, such as prior chemical exposures, 
genetic mutations, and preexisting diseases, were ana-
lyzed together. This approach allowed for the assessment 
of treatment effects within comparable biological con-
texts while minimizing confounding factors. A total of 47 
datasets for THC and 58 datasets for CBD met the crite-
ria and were curated (Table S1).

Fig. 1  Overall study design. Datasets from THC and CBD exposure studies were curated from GEO and analyzed according to our established pipelines 
depending on whether they were cDNA microarray or RNAseq studies to detect differentially expressed genes (DEGs) across 4 mammalian species. Con-
trol chemicals, including PFOA, BPA, and estradiol, were processed similarly. Gene expression signatures were clustered using dimensionality reduction 
analysis and correlated using heatmaps derived from Spearman’s rank correlation coefficients. DEGs were then subjected to DEG meta-analysis, biological 
pathway enrichment, disease enrichment using Mergeomics, and key regulators in brain gene regulatory networks
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To validate that our data curation and analysis proce-
dures can identify THC and CBD-specific transcriptomic 
effects, we also included additional well-studied, non-
cannabinoid chemicals, including bisphenol A (BPA), 
perfluorooctanoic acid (PFOA), and estradiol, for com-
parison. Our previous studies of BPA and PFOA have 
revealed stable and consistent gene signatures for PFOA 
but more variable gene expression changes in response 
to BPA across studies, making them potential reference 
points to assess gene signature stability vs variability 
(Zamora et al. 2024; Diamante et al. 2021; Chen et al. 
2016). We also included estradiol, an endogenous bioac-
tive molecule with well-known biology, as a control to 
assess whether our analytical pipeline retrieves known 
biology. Gene expression data for these chemicals were 
obtained from GEO and processed using the same meth-
ods as described for THC and CBD. A total of 50 BPA 
datasets, 39 estradiol datasets, and 14 PFOA datasets 
were curated (Table S2).

Data download and preprocessing
Microarray data were downloaded from GEO using the 
GEOquery package (Davis and Meltzer 2007). As micro-
array data submitted to GEO are pre-processed and qual-
ity-controlled, we verified normalization and applied log2 
transformation before downstream analysis.

Raw RNA sequencing (RNA-seq) datasets were 
retrieved from NCBI’s Sequence Read Archive (SRA), 
quality-checked, and processed (Leinonen et al. 2010). 
FASTQ files were downloaded using the parallel-fastq-
dump wrapper, followed by quality control and pre-
processing. Trim Galore (v0.6.6) was used to remove 
low-quality bases from the 3’ end of reads (2015). Cut-
adapt (v2.1.0) (Martin 2011) was employed to remove 
adapter sequences. Reads shorter than 20 base pairs after 
trimming and adapter removal were filtered out to ensure 
data quality.

Reads were mapped to appropriate species-specific ref-
erence genomes using Salmon (v 1.9.0) (Patro et al. 2017). 
The reference genome assemblies used were GRCh38.108 
for Homo sapiens, GRCm39.108 for Mus musculus, mRat.
BN7.2.108 for Rattus norvegicus, and Mmul_10.108 for 
Macaca mulatta. Reference genomes for each species 
were indexed using the Salmon index tool to optimize 
alignment efficiency. Finally, transcript-level quantifica-
tion results from Salmon were imported and summa-
rized using the tximport package (v1.32.0) (Soneson et al. 
2016).

Differentially expressed gene (DEG) analysis
For each dataset, the treatment group (THC or CBD) 
was compared to its corresponding control group to 
identify DEGs using Linear Models for Microarray Data 
(LIMMA) for cDNA microarray datasets (Ritchie et 

al. 2015) and DESeq2 for RNA-seq datasets (Love et al. 
2014). Multiple testing was corrected using the Ben-
jamini-Hochberg (BH) method to obtain false discovery 
rate (FDR). For studies with multiple doses, baseline con-
ditions (e.g. prior chemical exposures, genetic mutations, 
and preexisting diseases), or time points, each variation 
was treated as an independent dataset to extract distinct 
DEG signatures for each dose, condition, and timepoint. 
DEGs were considered significant at an FDR < 5%. All 
gene labels were converted to their human orthologs to 
facilitate cross-species comparisons.

Clustering and correlation analysis of DEG gene signatures 
across datasets
To compare DEGs across studies, we combined the 
gene expression log fold changes from individual stud-
ies from the differential gene expression analysis. Since 
RNAseq and microarray experiments can produce log 
fold changes on different scales, we applied a rank-based 
normalization method to standardize values within a 
range of −1 (downregulated in the treatment group) to 
1 (upregulated in the treatment group) for each dataset. 
Specifically, we separately ranked positive and negative 
log fold changes within each dataset. Positive values were 
ranked in ascending order and scaled between 0 and 1 
(no change to most upregulated), while negative values 
were ranked in descending order and scaled between −1 
and 0 (most downregulated to no change). This approach 
preserves the relative magnitude of gene expression 
changes among genes while making the datasets com-
parable across studies and transcriptome platforms. To 
assess similarity and differences across datasets for THC 
and CBD through cluster analysis, we used the top 2,500 
most variable genes. For the analysis across all chemicals 
(THC, CBD, PFOA, BPA, estradiol), given the large num-
ber of datasets, we first selected genes present in at least 
70% of the 208 datasets before selecting the top 2,500 
most variable genes. Missing values in the DEG fold 
change table were imputed using the missForest R pack-
age (Stekhoven and Bühlmann 2012).

UMAP non-linear dimensionality reduction to visualize 
dataset similarity
We applied UMAP for non-linear dimensionality reduc-
tion using Euclidean distance, which measures proximity 
or similarity between datasets and identify nearest neigh-
bors to visualize the similarity patterns across chemicals 
and datasets. It has been widely used in single-cell RNA-
seq analyses to visualize cells with similar gene expression 
patterns to define cell types and in bulk transcriptome 
meta-analysis to identify data clusters with consistent 
underlying biological features (Yang et al. 2021). In our 
study, UMAP serves as a complementary approach to 
visualize data similarity patterns and corroborate dataset 
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clusters identified through correlation-based clustering 
below.

Spearman correlation and hierarchical clustering
As an alternative approach to assess similarity and dif-
ferences across datasets, we used Spearman’s rank cor-
relation analysis of the normalized gene expression fold 
change data to compute pairwise correlations among 
datasets. Dataset clusters were subsequently defined 
through hierarchical clustering based on the correla-
tion dendrograms (i.e., datasets were defined to be in a 
cluster only if they shared the same dendrogram branch 
below a height cutoff greater than 2) and a requirement 
for a dominance of positive correlations between datasets 
within each cluster.

Consistent DEG analysis
To identify genes consistently differentially expressed 
across datasets within each cluster and across all datas-
ets in response to THC or CBD, we performed a meta-
analysis using the Robust Rank Aggregation (RRA) 
package (v1.2.1) (Kolde et al. 2012). For cluster-level 
analyses, rank aggregation was conducted separately for 
up- and downregulated genes within each dataset clus-
ter, whereas for the overall analysis, rank aggregation was 
applied across all DEGs from all datasets. Genes with 
an RRA score < 0.05 were considered robust, consistent 
DEGs, reflecting consistent differential expression across 
datasets within each cluster. The RRA score measures the 
probability of a gene achieving its observed ranking pat-
tern across datasets by chance, with lower scores indicat-
ing greater consistency.

Pathway enrichment analysis
Pathway enrichment analysis was performed on the iden-
tified DEGs using EnrichR (Chen et al. 2013). DEGs were 
compared against the Gene Ontology Biological Process 
(GOBP) (Ashburner et al. 2000) databases to identify sig-
nificantly enriched pathways. Pathways with an FDR < 5% 
and at least 5 overlapping DEGs were considered statisti-
cally significant.

Weighted Key Driver Analysis (wKDA) for brain network 
modeling of THC and CBD DEGs
To identify potential gene regulatory networks and net-
work key drivers (KDs) underlying cannabis-induced 
brain effects, we applied Weighted Key Driver Analysis 
from the Mergeomics pipeline (Ding et al. 2021; Shu et al. 
2016). We conducted the analysis separately from THC- 
and CBD-treated brain datasets. Using a previously con-
structed brain Bayesian network based on large human 
and animal model omics studies in Mergeomics, we iden-
tified nodes (genes) whose immediate subnetworks were 
enriched for the THC or CBD DEG sets at FDR < 0.05 as 

statistically significant KDs. Network visualizations were 
performed using Cytoscape (Shannon et al. 2003).

Marker Set Enrichment Analysis (MSEA) for disease/trait 
association assessment
MSEA in the Mergeomics package was used to iden-
tify the enrichment of THC or CBD DEGs for genetic 
associations with 101 genome-wide association stud-
ies (GWAS) of diseases and phenotypic traits (Ding et 
al. 2021; Shu et al. 2016). Disease-associated genes were 
mapped using full summary statistics from the GWAS 
Catalog (MacArthur et al. 2017), with single nucleotide 
polymorphisms (SNPs) assigned to genes within a 50 kb 
distance. MSEA employs a chi-square-like statistic with 
multiple quantile thresholds to assess whether a DEG 
set shows enrichment of disease SNPs compared to ran-
dom chance. 10,000 permuted gene sets were generated 
for each DEG set. As detailed in Shu et al. (Shu et al. 
2016), the enrichment statistics from the permutations 
were used to approximate a Gaussian distribution from 
which enrichment p-values were determined. FDR was 
estimated using the BH correction. DEG sets were deter-
mined to be statistically significant for a given disease or 
trait if FDR < 5%.

Results
Curation of transcriptomic datasets on cannabinoids 
across species and tissues
To investigate the impact of cannabinoids on gene 
expression, we obtained 108 transcriptomic datasets 
from GEO (Edgar et al. 2002) (Table S1). Specifically, we 
obtained 3 datasets for overall cannabis use, 58 for CBD, 
and 47 for THC, spanning 32 human (Homo sapiens) 
studies, 8 non-human primate (Macaca mulatta) stud-
ies, 50 mouse (Mus musculus) studies, and 18 rat (Rat-
tus norvegicus) studies across 15 broad tissue categories 
(e.g. blood, brain, cancer, digestive, heart, immune, kid-
ney, liver, lung, muscle, oral, placenta, skin, stem cell, 
and vasculature). Since the “overall cannabis use” datas-
ets involved either cannabis smoke exposure or observa-
tional studies in which other botanical compounds from 
the cannabis plant were not controlled for, we excluded 
them from our analysis to maintain our specific focus 
on the compounds THC and CBD. Notably, reflecting 
the focus on neurological effects of cannabinoids, brain-
related datasets accounted for nearly half of all studies.

Many studies included various physiological and path-
ological background conditions in both control and treat-
ment groups, such as genetic mutations (e.g., Cox15, 
Ndufs4), preexisting diseases (e.g., SARS-CoV-2, Sim-
ian Immunodeficiency Virus (SIV) infection), and prior 
chemical exposures (e.g., 2'−3'-cGAMP, formoterol/
budesonide treatment). Additionally, the datasets cov-
ered variations in study design, including differences in 
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sex distribution, dose, route and duration of administra-
tion. The broad coverage of diverse conditions allows us 
to not only determine specific transcriptomic signatures 
for each condition but also assess the consistency of 
cannabinoid-specific effects across datasets and evaluate 
study design factors that influence transcriptomic effects. 
After downloading and preprocessing the gene expres-
sion data, we conducted differential gene expression, 
pathway enrichment and disease association analyses to 
characterize the transcriptomic effects of cannabinoids 
(Fig. 1).

THC and CBD transcriptomic effects are distinct from other 
chemicals
To evaluate whether cannabinoids THC and CBD show 
distinct transcriptomic signatures compared to other 
chemicals, we incorporated 103 datasets from three well-
characterized chemicals, Bisphenol A (BPA), perfluo-
rooctanoic acid (PFOA), and estradiol, which have been 
associated with metabolic and reproductive functions, 
respectively. Both BPA and PFOA are endocrine-dis-
rupting chemicals that influence cardiometabolic dis-
ease-related pathways (Zamora et al. 2024; Diamante et 
al. 2021; Chen et al. 2016). Estradiol, a primary estrogen 
hormone, plays a role in reproductive and sexual function 
by regulating gene expression through estrogen receptors 
(Kovács et al. 2020; McCarthy 2008). We selected these 
as comparative datasets because we expect them to be 
functionally distinct from THC and CBD. In total, we 
included 50 BPA datasets, 39 estradiol datasets, and 14 
PFOA datasets from GEO (Table S2) and processed them 
using the same methodology as for the cannabinoids.

We first compared the chemical-induced expression 
changes for all genes across all THC, CBD, BPA, estra-
diol, and PFOA datasets by performing dimensionality 
reduction analysis using UMAP on the normalized log2 
fold changes of all genes. Agreeing with our hypothesis, 
most BPA, estradiol, and PFOA datasets clustered closer 
to one another within each chemical but further away 
from datasets of other chemicals in UMAP, support-
ing biological similarity of datasets within each chemi-
cal and differences between chemicals (Fig.  2A). These 
results suggest that comparative transcriptomics analysis 
captures gene expression patterns that likely reflect the 
different molecular mechanisms of different classes of 
chemicals. Agreeing with our previous observation on 
higher consistency of PFOA gene signatures (Zamora et 
al. 2024), most PFOA datasets clustered tightly in UMAP. 
In comparison, the distance between datasets for BPA or 
estradiol was larger than that for PFOA. Compared to 
these reference chemicals, THC and CBD datasets were 
more spread out in UMAP, suggesting less coherent tran-
scriptomic changes across THC and CBD datasets. Addi-
tionally, datasets from RNA sequencing and microarray 

platforms did not show separation in UMAP, indicating 
a minimal effect of the technical platform on gene signa-
tures (Fig. S1A).

We also observed that some datasets from the same 
study or experimental setup clustered closer, such 
as the BPA and estradiol microarray datasets from 
GSE50705, which were clustered in the upper left cor-
ner of the UMAP plot (Fig.  2A). To mitigate the con-
tribution of study-specific batch effects to the UMAP 
patterns, we used the average log fold changes of each 
gene across datasets for each chemical from the same 
study for dimensionality reduction again (Fig. S1B). The 
UMAP patterns remained consistent, confirming that 
study-related effects did not drive the observed trends 
in Fig. 2A: PFOA exhibited the highest similarity across 
datasets, followed by estradiol and BPA, while CBD and 
THC datasets were more dispersed in UMAP.

CBD gene signatures demonstrate tighter clustering across 
species and routes of administration compared to THC
To better assess the similarities and differences between 
THC and CBD datasets, we further clustered THC 
and CBD datasets excluding BPA, estradiol, and PFOA 
datasets. There was a subtle separation between THC 
and CBD datasets along the first UMAP dimension 
(UMAP1), indicating that their global transcriptional 
effects exhibit certain differences, however they were not 
strongly distinguishable (Fig. 2B). Notably, datasets from 
both RNAseq and microarray platforms were mixed, 
again supporting that the technological platform was 
not a major contributor to the UMAP patterns (Fig. S1C, 
S1D, S1E).

Within the THC datasets, we found no distinct cluster-
ing patterns based on species (Fig. 2C), route of admin-
istration (Fig. S1F), or tissue type (Fig. S1G), suggesting 
that these factors did not significantly influence global 
transcriptional profiles.

In contrast, CBD datasets exhibited weak species-
specific clustering. Along the second UMAP dimension 
(UMAP2), Homo sapiens and Mus musculus datasets 
showed subtle shifts, whereas Rattus norvegicus datasets 
clustered more closely (Fig. 2D). Regarding the route of 
administration, in vitro (in medium) datasets tended to 
cluster at higher UMAP1 values, whereas in vivo (injec-
tion or ingestion) datasets were mainly positioned at 
lower UMAP1 values (Fig. S1H). In the tissue-based 
UMAP (Fig. S1I), no clear clustering trends emerged 
across tissue types. However, datasets from the same 
study, such as the two heart datasets and two kidney 
datasets, clustered more closely, suggesting that study-
specific effects contributed to their proximity.

Overall, the weak clustering patterns across species, tis-
sues, and routes of administration in UMAP suggest that 
these factors did not play a dominant role in shaping the 
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global transcriptomic shifts induced by THC or CBD, but 
certain weak patterns were observed for CBD datasets.

CBD studies demonstrate different correlation patterns 
than THC datasets
In addition to analyzing dataset similarity patterns 
through dimensionality reduction using UMAP, we 
assessed correlation patterns in gene expression changes 
across all THC, CBD, BPA, estradiol, and PFOA datasets. 
A positive correlation (red) indicates that most genes are 
upregulated or downregulated concordantly between two 
datasets, whereas a negative correlation (blue) suggests 
discordance or opposite directions in gene regulation 

patterns. Results from this analysis are consistent with 
our UMAP clustering results in that the molecular pat-
terns of THC and CBD are less coherent compared to the 
reference chemicals (Fig. S2).

Next, we carried out hierarchical clustering analyses 
separately for THC and CBD datasets to derive hierarchi-
cal correlation dendrograms (Figs. 3 and 4) based on the 
correlation values in gene expression changes between 
datasets, which defined multiple dataset clusters. In the 
THC correlation heatmaps, two major clusters of posi-
tively correlated datasets were observed: THC Cluster 1 
in the upper left quadrant (11 datasets) and THC Clus-
ter 2 in the lower right quadrant (6 datasets), both largely 

Fig. 2  UMAP clustering reveals instability in DEG signatures across tissues in THC and CBD. Gene expression signatures were clustered using UMAP by 
the normalized log2 fold change induced in each gene between the treatment and control groups for THC and CBD, as well as the reference endocrine 
disrupting chemicals PFOA, BPA, and estradiol. Across all these chemicals, the top 2,500 most variable genes by log2 fold change were included in this 
analysis. Dots in the plot correspond to individual DEG signatures. In A-B the color of the dot corresponds to the chemical, and the shape of the dot cor-
responds to the species. A PFOA (purple), BPA (green), and estradiol (yellow) all form relatively tight clusters on the left-hand side of the plot. THC (blue) 
and CBD (pink) signatures are more widely spread, indicating a higher degree of variability in the DEG signatures curated for this study. B THC (blue) and 
CBD (pink) exhibit subtle separation along the UMAP1 dimension, indicating weak differences between these two chemicals in their DEG signatures. In 
C-D the color of the dot corresponds to the species. C Within THC signatures, signatures derived from experiments on all four model organisms clustered 
together with no sharp distinction among any of them, revealing that none of the species has a species-specific response in their THC-associated DEG 
signatures. D Within CBD signatures, mouse datasets and human datasets show subtle shifts along the UMAP2 dimension, and rat datasets cluster tightly, 
revealing that CBD exhibits weak species-specific effects on gene signatures
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composed of brain-related datasets spanning multiple 
species. However, these two clusters exhibited moderate 
negative correlations with each other (Fig. 3). This result 
suggests that THC gene signatures from the brain could 
be partitioned into distinct patterns with each pattern 
showing consistency across studies. Notably, some data-
sets with the same experimental designs but differing 

in sex were assigned to different clusters. For instance, 
in GSE273695, which analyzed rat blood samples with 
daily intraperitoneal injections escalating from 2.5  mg/
kg to 10 mg/kg, the male dataset clustered in THC Clus-
ter 1, while the female dataset appeared in THC Clus-
ter 2. Additionally, multiple mouse brain datasets from 
GSE189821 (daily 10  mg/kg intraperitoneal injection) 

Fig. 3  Hierarchical clustering reveals clusters of datasets with concordant gene expression signatures in response to THC exposure. The log2 fold changes 
across the genome for each THC dataset were used to calculate Spearman’s correlation coefficients between datasets, perform hierarchical clustering 
analysis, and identify coherent clusters. The results are shown in the heatmap. Red hues indicate concordant gene signatures (e.g. both datasets have 
their genes changing in the same direction and by a similar magnitude) while blue hues indicate discordant gene signatures. We focus on datasets that 
are under the same main cluster branch (highlighted in blue in the top cluster dendrogram) and show dominant positive correlations. Two distinct clus-
ters of concordant THC datasets are indicated, with cluster 1 containing 11 datasets in the upper left quadrant and cluster 2 containing 6 datasets in the 
lower right quadrant. Both clusters are composed mostly of brain-related datasets and contain datasets derived from multiple species. These two clusters 
exhibited moderate negative correlations with each other
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were distributed across both clusters: the male amygdala 
dataset was placed in THC Cluster 2, while the female 
amygdala dataset fell into THC Cluster 1. However, this 
separation of male and female samples into different clus-
ters was not observed in all datasets. For example, rat 

prefrontal cortex datasets of both sexes in GSE273695 
were all assigned to THC Cluster 1. While this find-
ing suggests that sex may influence THC-induced tran-
scriptomic responses, this sex-based separation was not 
consistently observed across all THC datasets and hence 

Fig. 4  Hierarchical clustering reveals clusters of datasets with concordant gene expression signatures in response to CBD exposure. The log2 fold chang-
es across the genome for each CBD dataset across were used to calculate Spearman’s correlation coefficients and perform hierarchical clustering analysis. 
The results are shown in the heatmap. Red hues indicate concordant gene signatures (e.g. both datasets have their genes changing in the same direction 
and by a similar magnitude) while blue hues indicate discordant gene signatures. We focus on datasets that are under the same main cluster branch 
(highlighted in pink in the top cluster dendrogram) and show dominant positive correlations. Four distinct clusters of concordant CBD datasets are in-
dicated, with cluster 1 containing 17 datasets in the upper left quadrant, cluster 2 containing 7 datasets in the center-left region, cluster 3 containing 5 
datasets in the central right region, and cluster 4 containing 15 datasets in the lower right quadrant. Both cluster 1 and cluster 4 contained datasets from 
multiple species and tissue types. Cluster 1 is purely in vitro datasets where cluster 4 has a mixture of multiple exposure routes and a high representa-
tion of skin-derived datasets. Clusters 2 and 3 were composed of datasets derived from one murine hypothalamus study and one murine liver study, 
respectively

 



Page 10 of 23Liu et al. Journal of Cannabis Research            (2026) 8:13 

any potential sex-specific effects are likely more nuanced 
and depending on tissue type or other conditions to be 
elucidated.

For CBD datasets, hierarchical correlation dendro-
grams revealed four distinct clusters, with the two largest 
being CBD Cluster 1 in the upper left quadrant (17 data-
sets) and CBD Cluster 4 in the lower right quadrant (15 

Fig. 5 (See legend on next page.)
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datasets) (Fig. 4). These clusters were primarily composed 
of in vitro experiments and included datasets from three 
species: human, mouse, and rat. CBD Cluster 1 featured 
a mixture of tissues, with prominent representation from 
immune, cancer, and brain. In contrast, approximately 
half of the datasets in CBD Cluster 4 were from the skin. 
Two smaller clusters were observed in the central region 
of the plot, representing study-and tissue-specific clus-
ters: CBD Cluster 2 included 7 mouse hypothalamus cell 
line datasets from GSE270378, and CBD Cluster 3 con-
tained 5 mouse liver datasets from GSE261716, where 
datasets varied by CBD dosage and exposure time.

Overall, the correlation-based clustering analysis 
of THC and CBD datasets revealed two brain-related 
dataset clusters for THC and four clusters for CBD that 
showed distinct patterns of transcriptomic changes.

CBD induces more significant DEGs than THC
To go beyond global transcriptomic patterns and focus 
on individual genes exhibiting significant changes in 
response to THC and CBD, we focused to significant 
DEGs at FDR < 5%. Overall, CBD induced more signifi-
cant DEGs (thousands; Fig. 5A) than THC (mostly < 100 
DEGs; Fig.  5B) (Table S3). Kolmogorov–Smirnov (KS) 
tests of the distributions of DEG counts across datasets 
confirmed that both upregulated and downregulated 
gene counts differed significantly between THC and 
CBD.

To assess the contribution of the various study design 
factors to the DEG findings, we assessed the effects of 
chemical type (THC vs CBD), transcriptome platform 
(RNAseq vs microarray), species, tissue, exposure type 
(in vivo vs in vitro), duration, dosage, and sex. Multiway 
ANOVA analysis showed the strongest significant effect 
of chemical type (more DEGs for CBD than THC), fol-
lowed by statistically significant effects of tissue, species, 
and platform (Table S4). RNA-seq datasets generally 
yield more DEGs than microarray datasets (Fig.  5C). 
Both in vitro and in vitro exposure studies of CBD 

exhibited higher numbers of DEGs than THC (Fig. 5D). 
Examining species effects in CBD datasets, human in 
vitro cell line studies had the highest number of DEGs 
(Fig.  5E). For THC datasets, where the most DEG-rich 
studies are in vivo, mouse studies generate the largest 
number of significant DEGs, followed by non-human 
primate and rat studies. At the tissue level, CBD stud-
ies show the highest median number of DEGs in lung, 
muscle, cancer, immune, and kidney tissues (Fig.  5F). 
For THC, while no tissue exhibits a notably high median 
DEG count, the brain had the greatest variation in DEG 
numbers across studies, likely due to brain region-spe-
cific effects (Fig. 5G). Additionally, as expected, the num-
ber of DEGs in CBD studies increases with both exposure 
time and dosage (Fig. S3A, S3B, S3C for different stud-
ies). For THC, no study specifically examined both time 
points and dosage variations. Unlike time and dosage, 
sex had a notable but inconsistent effect on DEG counts. 
Among 10 THC datasets with identical experimental 
designs differing only by sex, females exhibited more 
DEGs in five datasets, including the mouse brain amyg-
dala, dorsolateral striatum, ventral tegmental area (VTA), 
prefrontal cortex, and rat peripheral blood mononuclear 
cells (PBMCs) under LPS stimulation. In contrast, males 
showed higher DEG counts in four datasets: the rat brain 
orbitofrontal cortex (under both LPS and saline treat-
ments), rat PBMCs with saline, and the mouse brain 
nucleus accumbens (Fig. S3D). This variability highlights 
the complexity of sex-specific factors in cannabinoid 
responses. Additional sensitivity analysis using subsets of 
THC and CBD datasets matched by exposure route (Fig. 
S4A), platform (Fig. S4B), and sex (Fig. S4C) confirmed 
that the higher number of DEGs for CBD than THC were 
not due to the study design imbalances between the two 
chemicals.

To further assess whether the differences in DEG num-
bers between THC and CBD were a function of sample 
size and hence statistical power of the curated datasets, 
we examined the correlation between the sample sizes 

(See figure on previous page.)
Fig. 5  DEG results indicate CBD induces more DEGs across tissues and identify factors affecting the number of observed DEGs across studies. The number 
of DEGs observed across datasets was quantified according to chemical exposure and the potential confounding variables of sequencing platform, route 
of exposure, species, and tissue. A A bar plot showing the number of DEGs detected in each THC dataset analyzed. Four datasets had hundreds of DEGs 
and approximately half of the datasets had at least ten, while very low or zero DEG counts were observed in approximately half of the studies. B A bar plot 
showing the number of DEGs detected in each CBD dataset analyzed. Nearly one third of datasets demonstrated more than 1,000 DEGs, and a significant 
portion of datasets also resulted in hundreds of DEGs. A small number of datasets with ten or fewer DEGs was also observed. C A dot plot showing the 
amount of DEGs observed in each study for CBD (left) and THC (right), colored according to the sequencing platform used to derive each dataset. In 
general, RNAseq datasets are more sensitive to DEGs, and more are observed in these studies than in cDNA microarray studies of the same chemical ex-
posures. D A dot plot showing the amount of DEGs observed in each study for CBD (left) and THC (right), colored according to whether the study design 
used an in vivo or in vitro exposure model. CBD datasets with in vitro exposure paradigms exhibit more DEGs while THC datasets with in vivo exposures 
exhibit more DEGs. E A dot plot showing the amount of DEGs observed in each study of CBD (left) and THC (right), colored according to the species used 
in each study. CBD human and mouse datasets exhibited higher numbers of DEGs than rat datasets, while THC mouse datasets exhibited the most DEGs 
with slightly fewer in rat and macaque models. F-G Dot plots showing the number of DEGs for CBD (F) and THC (G) datasets, colored according to the 
tissue examined in each dataset. CBD exhibited high numbers of DEGs in all tissues except the heart and kidney, with consistently high numbers of DEGs 
observed in the liver, lung, immune cells, and cancer cell line models across tissues. THC consistently exhibited high numbers of DEGs in brain datasets 
with far fewer DEGs in the rest of the tissues, suggesting brain-specific gene perturbation effects
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of each study and the number of DEGs detected. We 
found no significant correlation between the sample 
size and DEG number for THC (r = 0.035, p = 0.817; Fig. 
S5A), CBD (r = −0.021, p = 0.873; Fig. S5B), or all datas-
ets combined (r = −0.082, p = 0.873; Fig. S5C). Therefore, 
the observed variation in DEG number is not driven by 
sample size differences within our curated data.

CBD demonstrates higher consistency at gene and 
pathway levels across datasets
To evaluate the consistency of DEGs across datasets 
for each cannabinoid, we applied three complemen-
tary approaches: 1. identifying consistent DEGs within 
correlation-based clusters, 2. assessing individual DEG 
recurrence and directionality consistency across datasets, 
and 3. performing meta-analytical aggregation of DEGs 
across all datasets.

Cluster-level consistency
We used rank aggregation to identify consistently upreg-
ulated and downregulated DEGs across datasets within 
each dataset cluster based on hierarchical cluster analysis 
(Figs.  3  and  4) (Kolde et al. 2012). THC Cluster 1 con-
tained relatively few DEGs, with 29 consistently upregu-
lated genes, 18 consistently downregulated genes, and no 
significantly enriched pathways (Fig.  3, Table S5). Many 
consistent DEGs are related to neurodevelopment and 
brain functions. For example, upregulated genes include 
TBR1, a key regulator of cortical development (Hevner et 
al. 2001); NPTX2, neuronal pentraxin for synaptic plas-
ticity (Zhou et al. 2023); neuropeptide S receptor NPSR1 
in neuroendocrine cells (Pulkkinen et al. 2014); ADRA2B, 
which regulates neurotransmitter norepinephrine (Xie et 
al. 2018); ADORA2A, linked to anxiety, arousal, and sleep 
regulation (Hohoff et al. 2020). Downregulated genes 
include FEZF1 for neuronal differentiation (Shimizu et al. 
2010); LHX5 associated with mammillary body develop-
ment (Heide et al. 2015); GPR50 for neural progenitor cell 
differentiation (zahid Khan and He 2016); CACNA1B, a 
calcium channel subunit for neurotransmitter release 
(Szymanowicz et al. 2024). THC Cluster 2 showed only 
two consistently downregulated genes, B Cell receptor 
CD72 (Wu and Bondada 2002) and presynaptic receptor 
GRM8 (Scherer et al. 1997), and no significant pathways 
(Fig. 3, Table S6).

In contrast, CBD Cluster 1 exhibited robust transcrip-
tional changes, with 1,005 consistently upregulated DEGs 
and 997 consistently downregulated DEGs (Fig. 4, Table 
S7). The upregulated pathways included negative regula-
tion of growth, cellular response to zinc ions, response 
to ER stress, and inflammatory response. The downreg-
ulated pathways were primarily related to development, 
ECM organization, and sprouting angiogenesis, and 
skin development. CBD Cluster 4 had 251 consistently 

upregulated DEGs and 283 downregulated DEGs (Fig. 4, 
Table S8), but only the upregulated DEGs showed sig-
nificantly enriched pathways, including negative regu-
lation of growth and cellular response to zinc ions. The 
absence of strong downregulated pathways in Cluster 4 
may explain the separation between the two large clus-
ters and their weak negative correlation. CBD Clusters 2 
and 3 displayed more limited consistency. CBD Cluster 
2 only had 2 consistent DEGs: upregulation of cellular 
zinc sensor MTF1 (Andrews  2001) and downregulation 
of SENP3 in Wnt signaling (Wang et al. 2024) (Fig.  4, 
Table S9). CBD Cluster 3 had 73 consistently upregulated 
DEGs, 77 downregulated DEGs, and two enriched upreg-
ulated pathways: cellular response to lipopolysaccharide 
and inflammatory response (Fig. 4, Table S10).

Consistency in DEGs across datasets
We next retrieved recurring significant DEGs derived 
from individual studies, again findings more reproducible 
DEGs for CBD compared to THC across studies (Fig. 6A, 
Table S11-12). We note that we did not enforce direc-
tional consistency in the DEGs in this analysis due to the 
well-documented context-specific dynamic and feedback 
regulation of genes where the same exposure can induce 
opposite changes between tissues, cell types, dosage, 
and duration (Ayala-Sumuano et al. 2013; Iravani et al. 
2017; Jodynis-Liebert and Kujawska 2020; López-Maury 
et al. 2008; Noirrit-Esclassan et al. 2021; Piechota et al. 
2025; Soumier and Sibille 2014). Among the 30 most fre-
quently detected CBD DEGs, 22 exhibited (> 70%) a con-
sistent direction of regulation, meaning that they were 
detected as either consistently upregulated or downregu-
lated across datasets (Fig.  6A, Table S11). For example, 
SLC30A1, a zinc transporter (Ryu et al. 2008), was sig-
nificantly upregulated in 23 CBD datasets and not down-
regulated in any. HMOX1 (heme oxygenase 1), a gene 
involved in oxidative stress response (Casares et al. 2020), 
was significantly upregulated in 19 datasets while down-
regulated in only 4 CBD datasets. Some other frequent 
DEGs play a role in ion metabolism, such as downregu-
lation of SLC39A10 for zinc transport (Ren et al. 2023) 
and upregulation of MT2A and MT1E for metal detoxifi-
cation and protection against oxidative stress (Schulkens 
et al. 2014).

In contrast, DEGs associated with THC were less fre-
quently replicated across datasets, and the most recur-
rent genes appeared only three times across 46 datasets 
(Fig.  6A, Table S12). PRXL2A (peroxiredoxin-like 2 A), 
an antioxidant protein that protects cells from oxida-
tive stress (Chen et al. 2019), was downregulated in 
three datasets. Other THC-associated upregulated genes 
included BPGM in red blood cell metabolism, COL1A2 
for collagen synthesis, microtubule-binding protein FRY, 
a potassium channel gene KCNQ5, circadian regulator 
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Fig. 6  Meta-analysis reveals highly represented gene and pathway perturbations across cannabinoid exposure signatures. A Recurrent genes that were 
detected as DEGs across CBD and THC exposure datasets are plotted on this bar graph. CBD tended to induce more DEGs and thus has recurrent genes 
that appear more often across datasets. THC had more variable gene perturbation effects and thus fewer genes were identified across multiple stud-
ies. Numbers of studies in which the genes appear as up- or downregulated DEGs are shown in each bar according to the color legend. B-C Recurrent 
pathways that were detected based on the enrichment analysis of the DEGs for CBD (B) and THC (C). The bars are colored based on whether the pathway 
was up- or downregulated according to the color legend, and the length of the bars indicates the number of exposure datasets in which the pathway 
was significantly enriched

 



Page 14 of 23Liu et al. Journal of Cannabis Research            (2026) 8:13 

PER1, RALGAPA2 for intracellular signaling, and XRCC2 
for DNA repair.

We also performed pathway enrichment analysis of 
the significant DEGs for each dataset and summarized 
the frequency of significant pathways across datasets. 
Again, THC studies exhibited minimal pathway-level 
consistency (Fig.  6B, C, Table S13), but CBD datasets 
showed recurring enriched pathways (Table S14). Con-
sistent CBD pathways include the upregulation of the 
“metabolic pathway” across 17 studies (Fig. 6B) and the 
“cellular response to zinc ion” pathway across nine stud-
ies (consistent with the reproducibility of DEGs SLC30A1 
and MT2A), and the downregulation of cell cycle, mRNA 
export, cancer, and mismatch repair pathways (Fig. 6C).

DEG consistency through rank aggregation
To complement the above analyses, we also performed 
a meta-analytical Robust Rank Aggregation regard-
less of regulatory direction (Kolde et al. 2012), revealing 
917 THC meta-DEGs and 2505 CBD meta-DEGs with a 
RRA score < 0.05. For CBD, the top 10 CBD-associated 
DEGs were MT2A, HMOX1, MT1E, SLC3A2, DDIT3, 
EGR1, SLC30A1, MT1X, MT1F, and TRIB3 (Table S15). 
Nearly all these genes were also among the top 30 recur-
rent DEGs in individual studies, whereas newly identified 
meta-DEG, transcriptional regulator EGR1 (O’Donovan 
et al. 1999), also showed consistent differential expres-
sion in 16 individual CBD datasets.

For top 10 meta-DEGs in THC, only COL1A2 is 
overlapped with the top DEGs identified by individual 
occurrences (Fig. 6A, Table S15). Most of the newly iden-
tified THC meta-DEGs encode transcriptional regulators, 
including members of the zinc-finger family (ZNF544, 
ZNF442, ZNF720, ZNF300, ZNF699) (Cassandri et al. 
2017) and the FOS family (FOS, FOSB) (Milde-Langosch 
2005), suggesting that THC exposure predominantly 
influences transcriptional regulatory pathways. Other 
top THC meta-DEGs include VWF (platelet function 
and blood clotting) (Ruggeri 2003) and cyclin-dependent 
kinase inhibitor CDKN1A (Ouellet et al. 2006).

Gene and pathway-level evidence for the endocannabinoid 
system in CBD and THC transcriptomic signatures
Given the well-established interaction between canna-
binoids and the endocannabinoid system (ECS) (Tan et 
al. 2025; Wu 2019), we anticipated enrichment of ECS-
associated genes in the transcriptional signatures of 
both CBD and THC. To systematically evaluate this, we 
curated a list of 135 ECS-associated genes using prior lit-
erature and established databases, including Gene Ontol-
ogy Biological Process (GOBP) (Ashburner et al. 2000) 
and the DisGeNET database (Piñero et al. 2016;  2020) 
(Table S16). This gene set includes metabolic enzymes 
involved in endocannabinoid degradation (i.e. FAAH, 

MGLL, ABHD6, ABHD12, PTGS2) and biosynthesis (i.e. 
NAPEPLD, DAGLA, DAGLB) of key ligands, such as 
2-arachidonoylglycerol (2-AG) and anandamide (AEA). 
It also encompasses cannabinoid receptors (i.e. CRN1, 
CRN2, GPR55, TRPV1), neurotransmitter receptors (i.e. 
DRD2, DRD4, HTR1A, SSTR4), or nicotinic acetylcholine 
receptors (i.e. CHRNA2, CHRNA3, CHRNA5, CHRNA6, 
CHRNA7, CHRNAB3), endocannabinoid transporters 
(i.e. FABP1, FABP3, FABP5, FABP7), and transcriptional 
regulators (i.e. PPARA, EP300, FOXP2).

We examined the regulation of ECS genes identified 
as DEGs and found that more CBD datasets had signifi-
cantly regulated ECS genes compared to THC (Fig. 7A). 
In addition, THC datasets generally exhibited fewer ECS 
DEGs than CBD datasets. Notably, most THC datasets 
with significant ECS gene regulation were brain-derived, 
whereas CBD datasets predominantly originated from 
peripheral tissues. However, few genes exhibited consis-
tency across studies in significance and direction. This 
limited degree of coherence suggests context-dependent, 
tissue-specific regulation of individual genes.

To evaluate whether ECS pathway genes were over-
represented among DEGs, we performed Fisher’s Exact 
Tests comparing the DEG lists to the ECS gene set. Sig-
nificance was defined as p < 0.05, with p < 0.10 considered 
suggestive (Fig. 7B, C, Table S17). Overall, CBD showed 
more datasets (across peripheral and central tissues and 
cell lines) with significant or suggestive enrichment com-
pared to THC (all from brain regions).

In addition, we investigated pathways related to pain 
and inflammation, which are regulated by the endocan-
nabinoid system (Pertwee 2006). However, no significant 
enrichment was found for the GOBP “sensory perception 
of pain pathway” and “response to pain pathway” (Ash-
burner et al. 2000). However, the inflammatory response 
pathway was enriched among DEGs from two CBD data-
sets, both derived from monocyte-derived dendritic cell 
lines.

THC- and CBD-induced brain network modeling identifies 
unique key drivers
We next focused on the brain datasets on THC and CBD 
to identify key similarities and differences in the regu-
lation of cannabis-induced transcriptomic alterations 
in the brain. We applied weighted key driver analysis 
(wKDA) to DEG sets from THC- and CBD-treated brain 
datasets to identify potential key drivers (KDs) using a 
Bayesian gene regulatory network previously constructed 
from dozens of human and mouse brain datasets (Ding 
et al. 2021; Shu et al. 2016). For CBD-treated brain data-
sets, 14 significant KDs were identified at FDR < 5% (top 
5 shown in Fig. 8A; complete list in Table S18). The KDs 
in the CBD network were derived from multiple brain 
cell lines, including mouse brain microglia, rat primary 
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hippocampal neurons, and human neuroblastoma cells 
(Fig.  8A). Most KDs were involved in neural develop-
ment and synaptic functions, such as SH3GL2, DPYSL5, 
JPH3, SLC17A7, and GRIN3B (MMT00076709). Other 
KDs were associated with signal transduction and kinase 
activity (PRKCA, TAOK1, and ADRBK1), membrane 
transport (SLC9A3R1), metabolism (PPP1R3B), gene 
regulation (USF1), and immune responses and cancer 
(SLAMF8, SRC, and KIAA0100).

Despite the lack of consistent DEGs and pathways 
across THC-treated brain datasets, we identified a total 
of 176 significant KDs based on DEGs from individual 
datasets (top 5 shown in Fig.  8B; complete list in Table 

S18), among which SLC17A7 and TAOK1 were shared 
KDs between THC and CBD. Notably, most THC KDs 
were found to be significant in only a single DEG dataset 
rather than across multiple datasets (Fig.  8B), suggest-
ing that THC may exert brain region-specific effects on 
gene regulation. KDs in the THC network were identified 
from multiple animal models, including the mouse hip-
pocampus, mouse amygdala, mouse microglia, and rat 
orbitofrontal cortex. A majority of THC-associated KDs 
were involved in neuronal functions, signal transduction, 
structural integrity, and metabolic functions. Notably, 
some KDs with known neuronal roles include SLC17A7, 
RTN4R, RTN4RL1, RTN4RL2, NEUROD2, NEUROD6, 

Fig. 7  Correlation and overlap analysis reveals the extent of ECS gene involvement in CBD- and THC-induced transcriptome perturbations. A The nor-
malized log2 fold changes of the ECS genes detected as significant DEGs in each study are shown in this heatmap, with more highly upregulated genes 
shown in red hues and more highly downregulated genes shown in blue hues. Clusters of studies with similar directional changes of each gene indicate 
that the genes are consistently affected by CBD and THC exposure across datasets, and these results indicate ECS gene involvement in CBD- and THC-
induced gene perturbations across studies. B-C Fisher’s exact test was performed to determine if the ECS gene set is significantly enriched in each CBD 
and THC dataset. The number of datasets derived from brain and peripheral tissue datasets that showed significant enrichment of the ECS gene set at a 
significant (p < 0.05, B) and suggestive (p < 0.10, C) threshold is shown in each table
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Fig. 8 (See legend on next page.)
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NGB, CAMK2A, ADCY1, SYT1, DLGAP1, DLGAP3, 
NTS, RGS14, GAD2, and CNIH3.

CBD and THC DEGs are associated with neuropsychiatric 
disorders while CBD is associated with more metabolic 
traits
The endocannabinoid system plays a role in various 
health outcomes, including mood disorders, cardiovascu-
lar disease, stroke, cancer, diabetes, autoimmune condi-
tions, and neurological disorders (Lowe et al. 2021). To 
investigate whether the THC and CBD DEGs identified 
from our study are enriched for human disease/pheno-
type variants, we obtained publicly available summary 
statistics from large-scale Genome-Wide Association 
Studies (GWAS) for more than 100 diseases or phe-
notypic traits and performed Marker Set Enrichment 
Analysis (MSEA) in the Mergeomics package (Ding et al. 
2021; Shu et al. 2016).

DEGs from both cannabinoids showed significant asso-
ciations with Schizophrenia, type 2 diabetes (T2D), and 
depressive symptoms (Fig.  9). In addition, CBD tran-
scriptomic signatures exhibited broader associations 
with lipid metabolism, including low-density lipopro-
tein (LDL), high-density lipoprotein (HDL), total choles-
terol (TC), and triglycerides (TG), as well as with body 
composition traits such as waist circumference (WCad-
jBMI), hip circumference (HIPadjBMI), waist-to-hip ratio 
(WHRadjBMI), and height. In contrast, THC was linked 
only to WCadjBMI. Beyond metabolic and anthropomet-
ric traits, CBD was associated with Crohn’s disease (CD) 
and coronary artery disease (CAD).

To identify the genes most strongly linked to disease-
associated SNPs, we examined the top genes from the 
significantly enriched datasets (Fig. S6A, S6B, S6C, S6D). 
In the CBD datasets, key associations for CD included 
tumor suppressor CYLD (Massoumi 2011) and cyto-
solic receptor NOD2 (Fig. S6A). Mutations or altered 
expression of NOD2 have been observed in CD patients 
(Negroni et al.  2018), and genetic studies have iden-
tified NOD2 locus polymorphisms and an indepen-
dent involvement of the neighboring gene CYLD in CD 
(Elding et al. 2011). For T2D, a key association for CBD 
DEGs was the Wnt signaling pathway transcription fac-
tor TCF7L2 (Fig. S6C). Carrying two copies of a common 
variant in this gene is associated with an approximately 
twofold increase in T2D risk (Bosque-Plata et al. 2021; 
Weedon 2007). CBD DEGs CDKN2A and CDKN2B were 

also among the top CAD-associated GWAS candidates, 
which are located adjacent to the lead CAD-linked SNP 
on the 9p21 locus (Zivotić et al. 2019) (Fig. S6D). In con-
trast, THC showed more moderate levels of association 
between DEGs and disease-related SNPs. Of note, this 
analysis mainly focuses on overlaps between CBD/THC 
DEGs with genetic associations of diseases and does not 
implicate increases or decreases in disease risks.

Discussion
In this study, we systematically analyzed over 100 pub-
licly available transcriptomic datasets to understand the 
molecular effects of THC and CBD across species, tissue 
types, and experimental platforms. We found that datas-
ets for these two cannabinoids showed less coherent pat-
terns compared to other exposures such as PFOA, BPA, 
and estradiol, suggesting context-specific transcriptomic 
responses. We also identified DEGs, pathways, network 
regulators, and diseases/phenotypes associated with the 
significant DEGs. Our findings highlight differential tran-
scriptional responses between THC and CBD, with CBD 
demonstrating better consistency across studies, species, 
and central and peripheral tissue types than THC, which 
shows more dataset-specific effects in brain regions.

Our broad dimensionality reduction analysis revealed 
that CBD and THC datasets were more scattered in 
contrast with other well-studied chemicals PFOA, BPA, 
and estradiol, which displayed stronger internal similar-
ity across datasets. In addition, neither THC nor CBD 
datasets formed larger clusters in the correlation analyses 
across species and tissues. Indeed, study design factors 
such as species, tissue, sex and experimental platforms 
all showed strong influence on the DEGs detected. These 
results highlight the challenge of defining a universal 
transcriptional signature for cannabinoids and align with 
previous literature indicating that cannabinoid effects 
depend on tissue, developmental stage, sex, and exposure 
conditions (Zuo et al. 2022; Shapira et al. 2023; Bilkei-
Gorzo et al. 2017; Martin 1986).

Comparing CBD to THC, our analyses on the DEGs 
and enriched pathways across datasets indicate that CBD 
has a more consistent gene regulatory signature than 
THC across datasets, and the genes and pathways also 
agree with CBD’s well-characterized antioxidant, anti-
inflammatory, and neuroprotective effects (Al-Khazaleh 
et al. 2024; Atalay et al. 2019). In particular, two major 
CBD-associated gene clusters (CBD Cluster 1 and CBD 

(See figure on previous page.)
Fig. 8  Key driver analysis identifies key regulatory genes in the perturbation effects of CBD and THC. Gene regulatory networks were constructed using 
key driver analysis from Mergeomics for CBD (A) and THC (B) brain exposure datasets. The colors of the network nodes indicate datasets in which the gene 
was a DEG, as described by the color legends. A Brain dataset key drivers for CBD were primarily related to neural development and synaptic functions and 
were consistently detected across datasets from multiple model organisms and brain regions. B Brain dataset key drivers for THC were primarily related 
to neuronal functions, signal transduction, structural integrity, and metabolic functions but were less consistently detected across different datasets, as 
most were uniquely DEGs in specific studies
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Fig. 9  Marker set enrichment analysis (MSEA) reveals associations between cannabinoid exposure and psychiatric, metabolic diseases. MSEA from Mer-
geomics was performed on the DEGs from each dataset to identify disease associations based on marker genes for each disease. Only diseases or traits 
with at least one significantly associated dataset are shown. More highly associated diseases are shown with redder hues, and significant associations are 
starred. Psychiatric conditions, including schizophrenia and depression, and metabolic conditions, such as type 2 diabetes, were detected as significant 
associations with both CBD and THC exposure
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Cluster 4) exhibited hundreds to thousands of consistent 
DEGs, with both CBD clusters exhibiting upregulation 
in negative regulation of growth and cellular response 
to zinc ions. CBD was associated with higher frequency 
of consistent DEGs across datasets, such as HMOX1, 
SLC30A1, MT2A, and SLC39A10. Previous in vitro stud-
ies have identified HMOX1 as the most upregulated 
gene and protein following CBD treatment via CBD-
induced nuclear export and proteasomal degradation of 
transcriptional repressor BACH (Casares et al. 2020). 
Another study suggests that CBD may influence HMOX1 
levels through the Nrf2 pathway, which regulates anti-
oxidant defenses (Ekiner et al. 2022). These indicate that 
HMOX1 is linked to the antioxidant and anti-inflamma-
tory properties of CBD (Baswan et al.  2020). Notably, 
pathways related to metabolic regulation and cellular 
response to zinc ion were recurrently upregulated. Sup-
porting this finding, a previous study in BV-2 microglial 
cells reported that CBD upregulated zinc-related genes 
(Mt2, Ndrg1, Mmp23) and zinc transporters SLC30A1 
and SLC39A4 while downregulating SLC39A10 and 
ZFP472 (Juknat et al. 2012). Another study in autoim-
mune T cells found that CBD suppressed pro-inflam-
matory genes and enhanced oxidative stress-related 
genes, including SLC30A1 (Kozela et al. 2016). We now 
expand this finding to a much broader range of tissues 
and experimental conditions. Together, these results sug-
gest that modulation of zinc homeostasis may be a key 
mechanism through which CBD exerts its antioxidant 
and anti-inflammatory effects. The cell cycle and cancer 
pathway were top downregulated pathways across CBD-
associated datasets. Prior studies have shown that CBD 
can arrest the cell cycle in the G0/G1 phase and promote 
cell death in gastric cancer cell lines, such as SGC-7901 
(Pagano et al. 2021). Our study of around 50 datasets 
highlighting this pathway across studies further highlight 
the potential anti-cancer role of CBD in addition to its 
metabolic and immunomodulatory effects.

In contrast, THC datasets exhibited lower levels of 
gene and pathway consistency across datasets, reinforc-
ing its context-dependent effects. The weaker transcrip-
tional consistency of THC may stem from its complex 
pharmacodynamics, particularly its biphasic effects on 
neural and immune signaling. Despite the lack of strong 
gene level consistency, the recurrent DEGs are involved 
in central and peripheral nervous system functions. For 
example, among the most consistent DEGs induced by 
THC was EGR2, which is associated with neuropathy and 
congenital hypomyelination of peripheral neurons (Nag-
arajan et al. 2001). A number of THC target DEGs were 
also associated with synaptic signaling in the brain, and 
the onset of epilepsy and intellectual deficits, including 
RPH3A (Pavinato et al. 2023), KCNQ5 (Wei et al. 2022), 
and FRY (Paulraj et al. 2019). Further, PER1 was among 

the most consistently detected DEGs, which is a primary 
circadian pacemaker which has implications on human 
behavior and cognition (Lim et al. 2012). FRY and EGR2 
are associated with neuronal irregularities in region-
specific targets (e.g. the cerebellum for FRY and periph-
eral neurons for EGR2). One possible explanation for the 
highly variable effects of THC lies in its high lipid solubil-
ity (Chayasirisobhon 2020), which may influence its dis-
tribution across datasets depending on adipose content 
and tissue composition. Additionally, physiological barri-
ers such as the blood–brain and blood-testicular barrier 
restrict THC accumulation in the brain and testes during 
acute exposure, and similar protective mechanisms may 
exist in other tissues as well (Huestis 2007). These factors 
together may contribute to the heterogeneous effects of 
THC across individuals and biological contexts.

We also observed differential network properties of 
CBD and THC in the brain. The CBD network had only 
14 KDs orchestrating DEGs across datasets. By con-
trast, the THC network contained over 100 KDs, most 
of which were significant for only one DEG dataset, fur-
ther supporting that THC induces region-specific effects 
in the brain. Additionally, only two KDs, SLC17A7 and 
TAOK1, were shared between them. SLC17A7 encodes 
vesicular glutamate transporter 1 (VGLUT1), which 
facilitates glutamatergic neurotransmission (Reimer 
2013). Cannabinoids have been shown to influence glu-
tamatergic signaling: CBD reduces neuronal activation 
in VGLUT + neurons (Nedelescu et al. 2022), while can-
nabinol upregulates genes associated with glutamatergic 
synaptic function (Trainito et al. 2024). TAOK1 encodes 
a serine/threonin-protein that functions as a MAP kinase 
kinase kinase (MAP3K) and regulates MAPK signal-
ing cascade (Fang et al. 2020). Although direct evidence 
linking cannabis treatment to TAOK1 regulation is lack-
ing, THC has been shown to modulate microRNAs that 
target mRNAs of proteins involved in MAPK signaling, 
including TAOK1 (Simon et al. 2016). The limited overlap 
in KDs between the two networks highlights the distinct 
molecular and cellular mechanisms through which THC 
and CBD exert their effects in the brain and is in line with 
our broader findings that THC and CBD regulate largely 
non-overlapping genes and pathways across tissues.

While the endocannabinoid system (ECS) is widely rec-
ognized as a primary target of phytocannabinoids such 
as THC and CBD (Tan et al. 2025), our multi-dataset 
analysis revealed that ECS-associated genes were regu-
lated inconsistently across studies, both in direction and 
magnitude. These inconsistencies might reflect tissue-
specific expression of ECS components as well as distinct 
pharmacological profiles of THC and CBD. For example, 
in terms of binding affinity, THC acts as a partial ago-
nist at both cannabinoid receptors, while CBD exhibits 
negligible affinity for cannabinoid receptor 1 (CB1) and 
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functions as a partial agonist at cannabinoid receptor 
2 (CB2) (Zou and Kumar 2018; Shahbazi et al. 2020). 
Despite this gene-level variability, pathway-level analysis 
demonstrated that the ECS-related gene set was signifi-
cantly enriched in brain-derived datasets for THC and in 
both central and peripheral datasets (immune-related cell 
types and liver tissue) for CBD (Fig.  6B, C). This diver-
gence likely reflects differences in receptor affinity and 
expression patterns. CB1 is abundantly expressed in the 
brain and to a lesser extent in select peripheral tissues, 
whereas CB2 is predominantly found in immune cells 
and exhibits limited expression in the central nervous 
system (Schönke et al. 2020). Thus, THC’s higher bind-
ing affinity to CB1 compared to CB2 explains its brain-
focused transcriptomic effects (Schönke et al. 2020), 
while CBD’s lack of CB1 binding and moderate activity at 
CB2 likely underlies its broader effects across peripheral 
and immune contexts.

To further investigate the potential health implica-
tions of cannabis exposure, we assessed whether gene 
expression profiles associated with THC and CBD were 
enriched for genetic markers of human diseases. CBD-
responsive genes showed significant enrichment for 
markers related to cholesterol and lipid metabolism 
traits, aligning with prior studies indicating that CBD can 
modulate lipid profiles and holds therapeutic potential 
for managing lipid disorders (Wiciński et al. 2023). CBD 
was also significantly associated with anthropometric 
traits, such as waist circumference, hip circumference, 
and height. A systematic review across multiple data-
bases and registries reported that while cannabis use is 
generally associated with reductions in weight, waist cir-
cumference, and BMI, CBD specifically has been linked 
to increased body fat (Reis et al. 2024).

Both CBD and THC show association with Schizophre-
nia, type 2 diabetes (T2D), and depressive symptoms. 
The relationship between cannabis use and depression is 
particularly complex and potentially bidirectional. Stud-
ies relying on self-reported depressive symptoms sug-
gest mixed short-term effects of cannabis use: a minority 
(20%) with increased depression and a majority (64%) 
with decreased depression (Li et al. 2020). However, a 
meta-analysis of 15 studies found that even a single THC 
administration induces depression and anxiety with large 
effect sizes (Hindley et al. 2020). Conversely, extended 
cannabis abstinence has been associated with significant 
improvements of depressive symptoms (Lucatch et al. 
2020). Longitudinal data also suggest a bidirectional or 
reinforcing relationship, as baseline depression has been 
significantly associated with increased THC use in e-cig-
arettes 12 months later (Clendennen et al. 2023).

CBD and other non-psychoactive cannabinoids have 
been investigated in human clinical trials for their poten-
tial therapeutic benefits in T2D and Schizophrenia. 

Indeed, a randomized clinical trial showed that CBD 
reduced circulating resistin, a hormone associated 
with insulin resistance, and increased glucose-depen-
dent insulinotropic peptide (GIP), which plays a role in 
preserving pancreatic β-cell function in T2D patients 
(Jadoon et al. 2016). CBD has also demonstrated benefi-
cial effects and a safety profile in Schizophrenia, where 
patients treated with CBD for six weeks demonstrated 
lower levels of positive psychotic symptoms (McGuire et 
al. 2018). In another randomized clinical trial comparing 
CBD with the antipsychotic amisulpride, both treatments 
led to significant clinical improvement; however, CBD 
had a markedly superior side-effect profile (Leweke et al. 
2012). Thus, our disease relevance results, supported by 
human clinical evidence, highlight the broad therapeutic 
potential of cannabinoids, especially CBD, in metabolic 
and psychiatric diseases and underscore the relevance of 
cannabinoid-responsive genes in the genetic architecture 
of complex traits.

Here, we have conducted a comprehensive, multispe-
cies, multitissue investigation of the metabolic effects 
of THC and CBD. One of the primary strengths of our 
study was the use of highly heterogeneous datasets, with 
variations in experimental design, dosing regimens, and 
sample characteristics. This allowed us to consider can-
nabinoid exposure in a number of biological contexts, 
including in co-occurrence with diseases, on top of expo-
sure to other relevant chemical agents, and in different 
tissues or regions within those tissues (e.g. several differ-
ent brain regions were covered by our datasets). Meta-
analysis across species allows us to consider the maximal 
amount of data from translatable model organisms so we 
can draw human-relevant conclusions. Despite the com-
prehensive nature of our analysis, however, some impor-
tant limitations should be acknowledged. First, while 
we applied normalization techniques to minimize batch 
effects, residual variability may have influenced our find-
ings. However, the same procedures were applied to the 
datasets for the reference chemicals, where coherent clus-
tering and coherence across datasets were found. There-
fore, our findings are less likely due to technical artifacts 
but are more likely the results of intrinsic activities of the 
compounds examined. Second, the sample sizes for can-
nabinoid studies tend to be small, with most groups con-
sisting of only around three replicates and many datasets 
did not reveal significant DEGs. This limitation reflects 
the current state of the field and underscores the need for 
larger, more coordinated genomic studies. We adopted a 
meta-analytic strategy to integrate signatures across stud-
ies, enhancing robustness through aggregated evidence. 
Third, the use of bulk transcriptomic data precludes cell 
type-specific resolution, which is critical for understand-
ing the differential effects of cannabinoids on distinct cell 
populations. Future studies employing single-cell RNA 
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sequencing or spatial transcriptomics, when datasets 
are available, could provide deeper insights into the cel-
lular specificity of cannabinoid-induced gene expression 
changes. Additionally, while we focused on gene expres-
sion data, post-transcriptional and epigenetic modifica-
tions likely play a crucial role in cannabinoid-mediated 
effects. Integrating multi-omics approaches, including 
proteomics and metabolomics, could enhance our under-
standing of cannabinoid biology. Last but not least, the 
existing datasets for THC and CBD are not balanced, 
with more in vitro data for CBD and more in vivo data 
for THC, which may confound some of our conclusions. 
Although sensitivity analysis to compare the two com-
pounds in subsets of datasets with more comparable con-
ditions confirmed the main conclusions, there is a need 
for more balanced and comprehensive studies to increase 
dataset coverage and density for cannabinoids to validate 
our findings. Additional gene perturbation studies are 
also needed to validate the network regulators identified.

In summary, this study provides a comprehensive tran-
scriptomic analysis of THC and CBD across species and 
tissue types. Our findings demonstrate that CBD exhib-
its greater transcriptional consistency across datasets 
compared to THC, and affects metabolic, cell cycle, and 
inflammatory pathways. In contrast, THC-induced gene 
expression changes are more context-dependent. These 
insights have important implications for the therapeutic 
use of cannabinoids and suggests the need for more care-
ful monitoring of the biological effects of THC. As the 
legalization and medicinal use of cannabis continues to 
expand, a deeper understanding of its molecular mecha-
nisms will be critical for optimizing its clinical applica-
tions while minimizing potential risks.

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​
g​/​​1​0​.​​1​1​8​6​​/​s​​4​2​2​3​8​-​0​2​5​-​0​0​3​6​1​-​0.

Supplementary Material 1: Supplement Table 1. Summary of publicly 
available cannabis-related transcriptomic datasets. Supplement Table 
2. Summary of cannabis-related and reference transcriptomic datasets. 
Supplement Table 3. Summary of number of DEGs in each dataset. 
Supplement Table 4. Multi-way ANOVA of chemical and experimental fac-
tors on DEG counts. Supplement Table 5. THC Cluster 1 cluster-level DEG 
summary. Supplement Table 6. THC Cluster 2 cluster-level DEG summary. 
Supplement Table 7. CBD Cluster 1 cluster-level DEG summary. Supple-
ment Table 8. CBD Cluster 4 cluster-level DEG summary. Supplement Table 
9. CBD Cluster 2 cluster-level DEG summary. Supplement Table 10. CBD 
Cluster 3 cluster-level DEG summary. Supplement Table 11. Frequency of 
DEGs across CBD datasets. Supplement Table 12. Frequency of DEGs across 
THC datasets. Supplement Table 13. Frequency of pathways across THC da-
tasets. Supplement Table 14. Frequency of pathways across CBD datasets. 
Supplement Table 15. p-value aggregated meta-DEGs across THC and 
CBD datasets. Supplement Table 16. ECS-associated genes and reference 
sources. Supplement Table 17. Fisher’s exact tests results between DEG 
lists and ECS-associated genes. Supplement Table 18. Key driver analysis 
results for THC and CBD datasets.

Supplementary Material 2: Supplementary Figures.

Acknowledgements
Not applicable.

Authors’ contributions
R.L., T.K., X.Y., and M.B. designed and directed the project. R.L, T.K., C.C, T.O., and 
E.N. curated the data. R.L., T.K., and S.Y. conducted the analysis and prepared 
figures. R.L., T.K., J.L., H.C., X.Y., and M.B. wrote the manuscript. All authors read 
and approved the final manuscript.

Funding
The authors received no specific funding for this work.

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1Department of Integrative Biology and Physiology, University of 
California, Los Angeles, Los Angeles, CA 90095, USA
2Interdepartmental Program of Bioinformatics, University of California, Los 
Angeles, Los Angeles, CA, USA
3Environmental and Molecular Toxicology Interdepartmental PhD 
Program, University of California, Los Angeles, Los Angeles, CA, USA
4Department of Anesthesiology, University of California, Los Angeles, Los 
Angeles, CA, USA
5Department of Molecular and Medical Pharmacology, University of 
California, Los Angeles, Los Angeles, CA, USA

Received: 9 June 2025 / Accepted: 7 November 2025

References
Al-Khazaleh AK, Zhou X, Bhuyan DJ, Münch GW, Al-Dalabeeh EA, Jaye K, et al. 

The neurotherapeutic arsenal in Cannabis sativa: insights into anti-neuroin-
flammatory and neuroprotective activity and potential entourage effects. 
Molecules. 2024;29(2):410.

Andrews GK. Cellular zinc sensors: MTF-1 regulation of gene expression. Biometals 
2001;14:223–37. 

Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene ontol-
ogy: tool for the unification of biology. Nat Genet. 2000;25(1):25–9.

Atalay S, Jarocka-Karpowicz I, Skrzydlewska E. Antioxidative and anti-inflammatory 
properties of cannabidiol. Antioxidants. 2019;9(1):21.

Ayala-Sumuano JT, Velez-delValle C, Beltrán-Langarica A, Marsch-Moreno M, Her-
nandez-Mosqueira C, Kuri-Harcuch W. Glucocorticoid paradoxically recruits 
adipose progenitors and impairs lipid homeostasis and glucose transport in 
mature adipocytes. Sci Rep. 2013;3(1):2573.

Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, et al. NCBI 
GEO: archive for functional genomics data sets—update. Nucleic Acids Res. 
2012;41(D1):D991–5.

Baswan SM, Klosner AE, Glynn K, Rajgopal A, Malik K, Yim S, et al. Therapeutic 
potential of cannabidiol (CBD) for skin health and disorders. Clin Cosmet 
Investig Dermatol. 2020;13:927–42. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​2​1​4​7​​/​C​​C​I​D​.​S​2​8​6​4​1​1.

Batalla A, Bos J, Postma A, Bossong MG. The impact of cannabidiol on human brain 
function: a systematic review. Front Pharmacol. 2021;11:618184.

Bilkei-Gorzo A, Albayram O, Draffehn A, Michel K, Piyanova A, Oppenheimer H, et 
al. A chronic low dose of Δ 9-tetrahydrocannabinol (THC) restores cognitive 
function in old mice. Nat Med. 2017;23(6):782.

del Bosque-Plata L, Martínez-Martínez E, Espinoza-Camacho MÁ, Gragnoli C. The 
role of TCF7L2 in type 2 diabetes. Diabetes. 2021;70(6):1220–8.

Casares L, García V, Garrido-Rodríguez M, Millán E, Collado JA, García-Martín A, et 
al. Cannabidiol induces antioxidant pathways in keratinocytes by targeting 
BACH1. Redox Biol. 2020;28:101321.

https://doi.org/10.1186/s42238-025-00361-0
https://doi.org/10.1186/s42238-025-00361-0
https://doi.org/10.2147/CCID.S286411


Page 22 of 23Liu et al. Journal of Cannabis Research            (2026) 8:13 

Cassandri M, Smirnov A, Novelli F, Pitolli C, Agostini M, Malewicz M, et al. Zinc-
finger proteins in health and disease. Cell Death Discov. 2017;3(1):1–12.

Chayasirisobhon S. Mechanisms of action and pharmacokinetics of cannabis. Perm 
J. 2020;25:19–200.

Chen EY, Tan CM, Kou Y, Duan Q, Wang Z, Meirelles GV, et al. Enrichr: interactive and 
collaborative HTML5 gene list enrichment analysis tool. BMC Bioinformatics. 
2013;14:1–14.

Chen Y, Shu L, Qiu Z, Lee DY, Settle SJ, Que Hee S, et al. Exposure to the BPA-
substitute bisphenol S causes unique alterations of germline function. PLoS 
Genet. 2016;12(7):e1006223.

Chen YF, Wei YY, Yang CC, Liu CJ, Yeh LY, Chou CH, et al. Mir-125b suppresses 
oral oncogenicity by targeting the anti-oxidative gene PRXL2A. Redox Biol. 
2019;22:101140.

Clendennen SL, Smith J, Sumbe A, Chen B, Wilkinson AV, Harrell MB. Symptoms of 
depression and anxiety and subsequent use of nicotine and THC in electronic 
cigarettes. Subst Use Misuse. 2023;58(5):591–600.

Davis S, Meltzer PS. GEOquery: a bridge between the Gene Expression Omnibus 
(GEO) and BioConductor. Bioinformatics. 2007;23(14):1846–7.

Diamante G, Cely I, Zamora Z, Ding J, Blencowe M, Lang J, et al. Systems toxicoge-
nomics of prenatal low-dose BPA exposure on liver metabolic pathways, gut 
microbiota, and metabolic health in mice. Environ Int. 2021;146:106260.

Ding J, Blencowe M, Nghiem T, Ha SM, Chen YW, Li G, et al. Mergeomics 2.0: a web 
server for multi-omics data integration to elucidate disease networks and 
predict therapeutics. Nucleic Acids Res. 2021;49(W1):W375–87.

Edgar R, Domrachev M, Lash AE. Gene expression omnibus: NCBI gene expression 
and hybridization array data repository. Nucleic Acids Res. 2002;30(1):207–10.

Ekiner SA, Gęgotek A, Skrzydlewska E. The molecular activity of cannabidiol in the 
regulation of Nrf2 system interacting with NF-κB pathway under oxidative 
stress. Redox Biol. 2022;57:102489.

Elding H, Lau W, Swallow DM, Maniatis N. Dissecting the genetics of complex 
inheritance: linkage disequilibrium mapping provides insight into Crohn 
disease. Am J Hum Genet. 2011;89(6):798–805.

Fang CY, Lai TC, Hsiao M, Chang YC. The diverse roles of TAO kinases in health and 
diseases. Int J Mol Sci. 2020;21(20):7463.

Heide M, Zhang Y, Zhou X, Zhao T, Miquelajáuregui A, Varela-Echavarría A, et al. 
Lhx5 controls mamillary differentiation in the developing hypothalamus of 
the mouse. Front Neuroanat. 2015;9:113.

Hevner RF, Shi L, Justice N, Hsueh YP, Sheng M, Smiga S, et al. Tbr1 regulates dif-
ferentiation of the preplate and layer 6. Neuron. 2001;29(2):353–66.

Hindley G, Beck K, Borgan F, Ginestet CE, McCutcheon R, Kleinloog D, et al. Psychi-
atric symptoms caused by cannabis constituents: a systematic review and 
meta-analysis. Lancet Psychiatry. 2020;7(4):344–53.

Hohoff C, Kroll T, Zhao B, Kerkenberg N, Lang I, Schwarte K, et al. ADORA2A varia-
tion and adenosine A1 receptor availability in the human brain with a focus 
on anxiety-related brain regions: modulation by ADORA1 variation. Transl 
Psychiatry. 2020;10(1):406.

Huestis MA. Human cannabinoid pharmacokinetics. Chem Biodivers. 
2007;4(8):1770.

Iravani M, Lagerquist M, Ohlsson C, Sävendahl L. Regulation of bone growth 
via ligand-specific activation of estrogen receptor alpha. J Endocrinol. 
2017;232(3):403–10.

Jadoon KA, Ratcliffe SH, Barrett DA, Thomas EL, Stott C, Bell JD, et al. Efficacy 
and safety of cannabidiol and tetrahydrocannabivarin on glycemic and 
lipid parameters in patients with type 2 diabetes: a randomized, double-
blind, placebo-controlled, parallel group pilot study. Diabetes Care. 
2016;39(10):1777–86.

Jodynis-Liebert J, Kujawska M. Biphasic dose-response induced by phytochemi-
cals: experimental evidence. J Clin Med. 2020;9(3):718.

Juknat A, Rimmerman N, Levy R, Vogel Z, Kozela E. Cannabidiol affects the 
expression of genes involved in zinc homeostasis in BV-2 microglial cells. 
Neurochem Int. 2012;61(6):923–30.

Kolde R, Laur S, Adler P, Vilo J. Robust rank aggregation for gene list integration and 
meta-analysis. Bioinformatics. 2012;28(4):573–80.

Kovács T, Szabó-Meleg E, Ábrahám IM. Estradiol-induced epigenetically 
mediated mechanisms and regulation of gene expression. Int J Mol Sci. 
2020;21(9):3177.

Kozela E, Juknat A, Gao F, Kaushansky N, Coppola G, Vogel Z. Pathways and gene 
networks mediating the regulatory effects of cannabidiol, a nonpsychoactive 
cannabinoid, in autoimmune T cells. J Neuroinflammation. 2016;13:1–19.

Krueger F, James F, Ewels P, Afyounian E, Weinstein M, Schuster-Boeckler B, 
Hulselmans G, & sclamons. FelixKrueger/TrimGalore: v0.6.10 - add default 

decompression path (0.6.10). Zenodo: 2023. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​
o​.​7​5​9​8​9​5​5.

Leinonen R, Sugawara H, Shumway M, International Nucleotide Sequence 
Database Collaboration. The sequence read archive. Nucleic Acids Res. 
2010;39(suppl_1):D19-21.

Leweke F, Piomelli D, Pahlisch F, Muhl D, Gerth C, Hoyer C, et al. Cannabidiol 
enhances anandamide signaling and alleviates psychotic symptoms of 
schizophrenia. Transl Psychiatry. 2012;2(3):e94–e94.

Li X, Diviant JP, Stith SS, Brockelman F, Keeling K, Hall B, et al. The effectiveness of 
cannabis flower for immediate relief from symptoms of depression. Yale J Biol 
Med. 2020;93(2):251.

Lim AS, Chang A, Shulman JM, Raj T, Chibnik LB, Cain SW, et al. A common 
polymorphism near PER1 and the timing of human behavioral rhythms. Ann 
Neurol. 2012;72(3):324–34.

López-Maury L, Marguerat S, Bähler J. Tuning gene expression to changing envi-
ronments: from rapid responses to evolutionary adaptation. Nat Rev Genet. 
2008;9(8):583–93.

Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion 
for RNA-seq data with DESeq2. Genome Biol. 2014;15:1–21.

Lowe H, Toyang N, Steele B, Bryant J, Ngwa W. The endocannabinoid system: 
a potential target for the treatment of various diseases. Int J Mol Sci. 
2021;22(17):9472.

Lucatch AM, Kloiber SM, Meyer JH, Rizvi SJ, George TP. Effects of extended canna-
bis abstinence in major depressive disorder. Can J Addict. 2020;11(3):33–41.

MacArthur J, Bowler E, Cerezo M, Gil L, Hall P, Hastings E, et al. The new NHGRI-EBI 
catalog of published genome-wide association studies (GWAS Catalog). 
Nucleic Acids Res. 2017;45(D1):D896-901.

Machado Bergamaschi M, Helena Costa Queiroz R, Waldo Zuardi A, Crippa AS. 
Safety and side effects of cannabidiol, a Cannabis sativa constituent. Curr 
Drug Saf. 2011;6(4):237–49.

Malabadi RB, Kolkar K, Chalannavar R. Δ9-tetrahydrocannabinol (THC): the major 
psychoactive component is of botanical origin. Int J Innov Sci Res Rev. 
2023;5(3):4177–84.

Maroon J, Bost J. Review of the neurological benefits of phytocannabinoids. Surg 
Neurol Int. 2018;9:91. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​1​0​3​​/​s​​n​i​.​s​n​i​_​4​5​_​1​8.

Martin BR. Cellular effects of cannabinoids. Pharmacol Rev. 1986;38(1):45–74.
Martin M. Cutadapt removes adapter sequences from high-throughput sequenc-

ing reads. Embnet J. 2011;17(1):10–2.
Massoumi R. CYLD: a deubiquitination enzyme with multiple roles in cancer. 

Future Oncol. 2011;7(2):285–97.
Mattingly DT, Richardson MK, Hart JL. <Text>Prevalence of and trends in current 

cannabis use among US youth and adults, 2013–2022</Text>. Drug Alcohol 
Depend Rep. 2024;12:100253.

McCarthy MM. <Text>Estradiol and the developing brain</Text>. Physiol Rev. 
2008;88(1):91–134.

McGuire P, Robson P, Cubala WJ, Vasile D, Morrison PD, Barron R, et al. 
<Text>Cannabidiol (CBD) as an adjunctive therapy in schizophrenia: 
a multicenter randomized controlled trial</Text>. Am J Psychiatry. 
2018;175(3):225–31.

Miech RA, Johnston LD, Patrick ME, O’Malley PM, Bachman JG, Schulenberg JE. 
Monitoring the future national survey results on drug use, 1975–2022: 
secondary school students. Inst Soc Res. 2023.

Milde-Langosch K. <Text>The Fos family of transcription factors and their role in 
tumourigenesis</Text>. Eur J Cancer. 2005;41(16):2449–61.

Nagarajan R, Svaren J, Le N, Araki T, Watson M, Milbrandt J. <Text>EGR2 mutations 
in inherited neuropathies dominant-negatively inhibit myelin gene expres-
sion</Text>. Neuron. 2001;30(2):355–68.

Nedelescu H, Wagner GE, De Ness GL, Carroll A, Kerr TM, Wang J, et al. 
<Text>Cannabidiol produces distinct U-shaped dose-response effects on 
cocaine-induced conditioned place preference and associated recruitment 
of prelimbic neurons in male rats</Text>. Biological Psychiatry Global Open 
Science. 2022;2(1):70–8.

Negroni A, Pierdomenico M, Cucchiara S, Stronati L. NOD2 and inflammation: 
current insights. J Inflamm Res. 2018;11:49–60. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​2​1​4​7​​/​J​​I​R​.​S​
1​3​7​6​0​6.

Noirrit-Esclassan E, Valera MC, Tremollieres F, Arnal JF, Lenfant F, Fontaine C, et 
al. <Text>Critical role of estrogens on bone homeostasis in both male 
and female: from physiology to medical implications</Text>. Int J Mol Sci. 
2021;22(4):1568.

O’Donovan KJ, Tourtellotte WG, Millbrandt J, Baraban JM. <Text>The EGR family of 
transcription-regulatory factors: progress at the interface of molecular and 
systems neuroscience</Text>. Trends Neurosci. 1999;22(4):167–73.

https://doi.org/10.5281/zenodo.7598955
https://doi.org/10.5281/zenodo.7598955
https://doi.org/10.4103/sni.sni_45_18
https://doi.org/10.2147/JIR.S137606
https://doi.org/10.2147/JIR.S137606


Page 23 of 23Liu et al. Journal of Cannabis Research            (2026) 8:13 

Ouellet S, Vigneault F, Lessard M, Leclerc S, Drouin R, Guerin SL. Transcriptional 
regulation of the cyclin-dependent kinase inhibitor 1A (p21) gene by NFI in 
proliferating human cells. Nucleic Acids Res. 2006;34(22):6472–87.

Pagano C, Navarra G, Coppola L, Bifulco M, Laezza C. Molecular mechanism of can-
nabinoids in cancer progression. Int J Mol Sci. 2021;22(7):3680.

Pagano C, Navarra G, Coppola L, Avilia G, Bifulco M, Laezza C. Cannabinoids: thera-
peutic use in clinical practice. Int J Mol Sci. 2022;23(6):3344.

Patro R, Duggal G, Love MI, Irizarry RA, Kingsford C. Salmon provides fast and bias-
aware quantification of transcript expression. Nat Methods. 2017;14(4):417–9.

Paulraj P, Bosworth M, Longhurst M, Hornbuckle C, Gotway G, Lamb AN, et al. A 
novel homozygous deletion within the FRY gene associated with nonsyn-
dromic developmental delay. Cytogenet Genome Res. 2019;159(1):19–25.

Pavinato L, Stanic J, Barzasi M, Gurgone A, Chiantia G, Cipriani V, et al. Missense 
variants in RPH3A cause defects in excitatory synaptic function and are 
associated with a clinically variable neurodevelopmental disorder. Genet 
Med. 2023;25(11):100922.

Pertwee RG. The pharmacology of cannabinoid receptors and their ligands: an 
overview. Int J Obes. 2006;30(1):S13-8.

Piechota M, Zieba M, Borczyk M, Golda S, Hajto J, Skupio U, et al. A cross-tissue 
transcriptomic approach decodes glucocorticoid receptor-dependent links 
to human metabolic phenotypes. BMC Genomics. 2025;26(1):462.

Piñero J, Bravo À, Queralt-Rosinach N, Gutiérrez-Sacristán A, Deu-Pons J, Centeno 
E, et al. DisGeNET: a comprehensive platform integrating information 
on human disease-associated genes and variants. Nucleic Acids Res. 
2016;45(D1):D833–9. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​9​3​​/​n​​a​r​/​g​k​w​9​4​3.

Piñero J, Ramírez-Anguita JM, Saüch-Pitarch J, Ronzano F, Centeno E, Sanz F, et 
al. The DisGeNET knowledge platform for disease genomics: 2019 update. 
Nucleic Acids Res. 2020;48(D1):D845–55.

Pourseyed Lazarjani M, Torres S, Hooker T, Fowlie C, Young O, Seyfoddin A. Methods for 
quantification of cannabinoids: a narrative review. J Cannabis Res. 2020;2:1–10.

Puighermanal E, Luna-Sánchez M, Gella A, van der Walt G, Urpi A, Royo M, et 
al. Cannabidiol ameliorates mitochondrial disease via PPARγ activation in 
preclinical models. Nat Commun. 2024;15(1):7730.

Pulkkinen V, Ezer S, Sundman L, Hagström J, Remes S, Söderhäll C, et al. Neuropep-
tide S receptor 1 (NPSR1) activates cancer-related pathways and is widely 
expressed in neuroendocrine tumors. Virchows Arch. 2014;465:173–83.

Reimer RJ. SLC17: a functionally diverse family of organic anion transporters. Mol 
Aspects Med. 2013;34(2–3):350–9.

Reis MG, Ferreira AJ, Sohouli MH, Taimeirão DR, Vieira RAL, Guimarães NS. Effect of 
cannabis and subproducts on anthropometric measures: a systematic review 
and meta-analysis. Int J Obes. 2024;48(1):44–54.

Ren X, Feng C, Wang Y, Chen P, Wang S, Wang J, et al. SLC39A10 promotes malig-
nant phenotypes of gastric cancer cells by activating the CK2-mediated 
MAPK/ERK and PI3K/AKT pathways. Exp Mol Med. 2023;55(8):1757–69.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers differential 
expression analyses for RNA-sequencing and microarray studies. Nucleic 
Acids Res. 2015;43(7):e47–e47.

Ruggeri ZM. Von Willebrand factor. Curr Opin Hematol. 2003;10(2):142–9.
Ryu MS, Lichten LA, Liuzzi JP, Cousins RJ. Zinc transporters ZnT1 (Slc30a1), Zip8 

(Slc39a8), and Zip10 (Slc39a10) in mouse red blood cells are differentially 
regulated during erythroid development and by dietary zinc deficiency. J 
Nutr. 2008;138(11):2076–83.

Sachs J, McGlade E, Yurgelun-Todd D. Safety and toxicology of cannabinoids. 
Neurotherapeutics. 2015;12(4):735–46.

Scherer SW, Soder S, Duvoisin RM, Huizenga JJ, Tsui LC. The human metabotropic 
glutamate receptor 8 (GRM8) gene: a disproportionately large gene located 
at 7q31.3–q32.1. Genomics. 1997;44(2):232–6.

Schönke M, Martinez-Tellez B, Rensen PC. Role of the endocannabinoid system 
in the regulation of the skeletal muscle response to exercise. Curr Opin 
Pharmacol. 2020;52:52–60.

Schulkens IA, Castricum K, Weijers EM, Koolwijk P, Griffioen AW, Thijssen VL. Expres-
sion, regulation and function of human metallothioneins in endothelial cells. 
J Vasc Res. 2014;51(3):231–8.

Shahbazi F, Grandi V, Banerjee A, Trant JF. Cannabinoids and cannabinoid recep-
tors: the story so far. IScience. 2020;23(7):101301. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​i​s​
c​i​.​2​0​2​0​.​1​0​1​3​0​1.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape: a 
software environment for integrated models of biomolecular interaction 
networks. Genome Res. 2003;13(11):2498–504.

Shapira G, Israel-Elgali I, Grad M, Avnat E, Rachmany L, Sarne Y, et al. Hippocampal 
differential expression underlying the neuroprotective effect of delta-9-tetra-
hydrocannabinol microdose on old mice. Front Neurosci. 2023;17:1182932.

Shimizu T, Nakazawa M, Kani S, Bae YK, Shimizu T, Kageyama R, et al. Zinc finger 
genes Fezf1 and Fezf2 control neuronal differentiation by repressing Hes5 
expression in the forebrain. Development. 2010;137(11):1875–85.

Shu L, Zhao Y, Kurt Z, Byars SG, Tukiainen T, Kettunen J, et al. Mergeomics: multidi-
mensional data integration to identify pathogenic perturbations to biological 
systems. BMC Genomics. 2016;17:1–16.

Simon L, Song K, Vande Stouwe C, Hollenbach A, Amedee A, Mohan M, et al. 
Δ9-tetrahydrocannabinol (Δ9-THC) promotes neuroimmune-modulatory 
microRNA profile in striatum of simian immunodeficiency virus (SIV)-infected 
macaques. J Neuroimmune Pharmacol. 2016;11:192–213.

Smart R, Pacula RL. Early evidence of the impact of cannabis legalization on canna-
bis use, cannabis use disorder, and the use of other substances: findings from 
state policy evaluations. Am J Drug Alcohol Abuse. 2019;45(6):644–63.

Soneson C, Love MI, Robinson MD. Differential analyses for RNA-seq: transcript-
level estimates improve gene-level inferences. F1000Res. 2016;4:1521.

Soumier A, Sibille E. Opposing effects of acute versus chronic blockade of frontal 
cortex somatostatin-positive inhibitory neurons on behavioral emotionality 
in mice. Neuropsychopharmacology. 2014;39(9):2252–62.

Stekhoven DJ, Bühlmann P. Missforest—non-parametric missing value imputation 
for mixed-type data. Bioinformatics. 2012;28(1):112–8.

Szymanowicz O, Drużdż A, Słowikowski B, Pawlak S, Potocka E, Goutor U, et al. A 
review of the CACNA gene family: its role in neurological disorders. Diseases. 
2024;12(5):90.

Tan Y, Xia H, Song Q. Research mapping of cannabinoids and endocannabinoid 
system in cancer over the past three decades: insights from bibliometric 
analysis. Front Pharmacol. 2025;16:1540619.

Trainito A, Muscarà C, Gugliandolo A, Chiricosta L, Salamone S, Pollastro F, et al. 
Cannabinol (CBN) influences the ion channels and synaptic-related genes in 
NSC-34 cell line: a transcriptomic study. Cells. 2024;13(18):1573.

Wang P, Yang L, Guo Y, Qi S, Liang J, Tian G, et al. SENP3 mediates the activation of 
the Wnt/β-catenin signaling pathway to accelerate the growth and metasta-
sis of oesophagal squamous cell carcinoma in mice. Funct Integr Genomics. 
2024;24(2):40.

Weedon M. The importance of TCF7L2. Diabet Med. 2007;24(10):1062–6.
Wei AD, Wakenight P, Zwingman TA, Bard AM, Sahai N, Willemsen MH, et al. Human 

KCNQ5 de novo mutations underlie epilepsy and intellectual disability. J 
Neurophysiol. 2022;128(1):40–61.

Wiciński M, Fajkiel-Madajczyk A, Kurant Z, Gryczka K, Kurant D, Szambelan M, et al. 
The use of cannabidiol in metabolic syndrome—an opportunity to improve 
the patient’s health or much ado about nothing? J Clin Med. 2023;12(14):4620.

Wu J. Cannabis, cannabinoid receptors, and endocannabinoid system: yesterday, 
today, and tomorrow. Acta Pharmacol Sin. 2019;40(3):297–9.

Wu HJ, Bondada S. Positive and negative roles of CD72 in B cell function. Immunol 
Res. 2002;25:155–66.

Xie W, Cappiello M, Meng M, Rosenthal R, Zhang W. ADRA2B deletion variant and 
enhanced cognitive processing of emotional information: a meta-analytical 
review. Neurosci Biobehav Rev. 2018;92:402–16.

Yang Y, Sun H, Zhang Y, Zhang T, Gong J, Wei Y, et al. Dimensionality reduction by 
UMAP reinforces sample heterogeneity analysis in bulk transcriptomic data. 
Cell Rep. 2021;36(4):109442. ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​1​0​​​1​​​6​/​j​​.​c​e​l​​​r​e​p​​.​​​2​0​2​1​.​1​0​9​4​4​2.

zahid Khan M, He L. The emerging role of GPR50 receptor in brain. Biomed Phar-
macother. 2016;78:121–8.

Zamora Z, Wang S, Chen YW, Diamante G, Yang X. Systematic transcriptome-wide 
meta-analysis across endocrine disrupting chemicals reveals shared and 
unique liver pathways, gene networks, and disease associations. Environ Int. 
2024;183:108339.

Zhou J, Wade SD, Graykowski D, Xiao MF, Zhao B, Giannini LA, et al. The neuronal 
pentraxin Nptx2 regulates complement activity and restrains microglia-medi-
ated synapse loss in neurodegeneration. Sci Transl Med. 2023;15(689):eadf0141.

Zivotić I, Djurić T, Stanković A, Milasinovic D, Stankovic G, Dekleva M, et al. CDKN2B 
gene expression is affected by 9p21. 3 rs10757278 in CAD patients, six 
months after the MI. Clin Biochem. 2019;73:70–6.

Zou S, Kumar U. Cannabinoid receptors and the endocannabinoid system: signal-
ing and function in the central nervous system. Int J Mol Sci. 2018;19(3):833.

Zuo Y, Iemolo A, Montilla-Perez P, Li HR, Yang X, Telese F. Chronic adolescent expo-
sure to cannabis in mice leads to sex-biased changes in gene expression net-
works across brain regions. Neuropsychopharmacology. 2022;47(12):2071–80.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1093/nar/gkw943
https://doi.org/10.1016/j.isci.2020.101301
https://doi.org/10.1016/j.isci.2020.101301
https://doi.org/10.1016/j.celrep.2021.109442

	﻿Comparative analysis of 105 datasets across species and tissues reveals differential transcriptomic responses to cannabinoids THC and CBD
	﻿Abstract
	﻿Introduction
	﻿Materials & methods
	﻿Data curation
	﻿Data download and preprocessing
	﻿Differentially expressed gene (DEG) analysis
	﻿Clustering and correlation analysis of DEG gene signatures across datasets
	﻿UMAP non-linear dimensionality reduction to visualize dataset similarity
	﻿Spearman correlation and hierarchical clustering


	﻿Consistent DEG analysis
	﻿Pathway enrichment analysis
	﻿Weighted Key Driver Analysis (wKDA) for brain network modeling of THC and CBD DEGs
	﻿Marker Set Enrichment Analysis (MSEA) for disease/trait association assessment
	﻿Results
	﻿Curation of transcriptomic datasets on cannabinoids across species and tissues
	﻿THC and CBD transcriptomic effects are distinct from other chemicals
	﻿CBD gene signatures demonstrate tighter clustering across species and routes of administration compared to THC
	﻿CBD studies demonstrate different correlation patterns than THC datasets
	﻿CBD induces more significant DEGs than THC
	﻿CBD demonstrates higher consistency at gene and pathway levels across datasets
	﻿Cluster-level consistency
	﻿Consistency in DEGs across datasets
	﻿DEG consistency through rank aggregation


	﻿Gene and pathway-level evidence for the endocannabinoid system in CBD and THC transcriptomic signatures
	﻿THC- and CBD-induced brain network modeling identifies unique key drivers
	﻿CBD and THC DEGs are associated with neuropsychiatric disorders while CBD is associated with more metabolic traits
	﻿Discussion
	﻿References


