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ABSTRACT OF THE DISSERTATION 

 

 

Development and Application of Data-Driven 

Computational Methods for Molecular Toxicology 

and Environmental Exposure Research 

 

 

by 

 

Thomas Joseph Kowal 

Doctor of Philosophy in Molecular Toxicology 

University of California, Los Angeles, 2025 

Professor Xia Yang, Chair 

 

 

Molecular and environmental toxicology research is currently heavily reliant on in vivo animal 

models, and the field seeks to develop and implement Novel Alternative Methods (NAMs) such 

as computational and in vitro approaches to drive efficient and translatable discoveries. Leveraging 

the ample species-, tissue-, and cell type-specific transcriptome datasets to gauge in vivo 

physiology, my dissertation research focused on developing data-driven computational approaches 

to understand toxicological and environmental exposures at a systems level and to guide in vitro 

model design to better mimic in vivo physiology. To establish proof-of-concept, Aim 1 of my 



 

 iii 

dissertation applied a transcriptomics data-driven approach to elucidate the systematic molecular 

impacts of the key cannabinoid components cannabidiol (CBD) and delta-9-tetrahydrocannabinol 

(THC) across species and tissues. Specifically, we curated 105 CBD- and THC-related 

transcriptomics datasets and analyzed them to detect differentially expressed gene signatures, 

enriched biological pathways, network regulation, and disease associations. CBD datasets across 

species and tissues showed relatively higher stability and reproducibility in targeting metabolic, 

anti-inflammatory, and cell cycle pathways, whereas THC studies showed highly variable genes, 

pathways, and networks indicative of context-specific molecular activities. Aim 2 of my 

dissertation expanded this data-driven approach to develop ToxiOmics, an open-access database 

and web tool to curate and analyze over 1000 transcriptomics datasets for 222 toxicologically 

relevant compounds across 29 tissues in four model organisms: human, mouse, rat, and rhesus 

macaque. We identified species-, tissue-, and dose-segregated gene signatures for each compound, 

allowing within and between chemical comparisons at gene, pathway, and network levels across 

studies to obtain systematic mechanistic insights and disease associations. Aim 3 of my 

dissertation compares transcriptomic profiles of cells from in vivo tissues with those of in vitro cell 

lines to guide the selection of cell lines that best resemble physiological cells to improve in vitro 

toxicological model paradigms. I curated and analyzed 214 transcriptomics datasets from 16 

human and mouse hepatic cell lines, and 7 single cell RNA sequencing in vivo human and mouse 

liver tissue datasets, to determine the physiological relevance of each cell line through gene, 

pathway, and network analyses. My analysis identified HepaRG as the cell line which best mimics 

in vivo hepatocyte gene expression profiles and provided biological insights into the key 

differences of some of the widely used hepatic cell lines from in vivo physiology. Overall, my 

dissertation projects leveraging hundreds to thousands of transcriptomic datasets derived 
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mechanistic insight of the toxicological effects of numerous environmental chemicals and 

contributed to the advancement of in silico and in vitro NAMs in toxicology research. 
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Chapter 1. Introduction 

At its core, the field of toxicology seeks to understand the adverse effects of chemical exposures 

on biological systems. Traditionally, studies in the field have been dominated by animal models 

which have provided valuable insights into toxicological mechanisms, dose-response 

relationships, and disease associations of toxicological exposures. However, the heavy reliance on 

in vivo animal testing presents important challenges that the field must overcome to continue to 

deliver accurate and translatable insights into human-relevant toxicological effects. Animal use 

comes with ethical concerns for animal welfare, high cost, and limited throughput due to the 

regulatory requirements and length of time required to observe toxicological effects. These 

concerns have inspired the philosophy of the “3 R’s,” which are the reduction of the number of 

animals used in an experiment, the refinement of experimental techniques to minimize harm to the 

animals and make the experiments efficient, and the replacement of in vivo animal studies 

altogether with alternative approaches where possible1,2. The increasing desire to improve the 

sustainability and ethicality of research through the reduction of animal use has driven the 

development of Novel Alternative Method (NAM) approaches in toxicology. These methods, 

which include in vitro models and computational in silico approaches, aim to accelerate discovery 

while improving reproducibility, translatability, and sustainability3,4. 

 The rise of big data in the biomedical sciences has presented the field with a unique 

opportunity to rapidly accelerate NAM development and adoption. My dissertation focuses on 

leveraging transcriptomics data, which captures perturbations in gene expression, to guide in silico 

and in vitro approaches to accelerate toxicology and environmental exposure research. The 

transcriptome has long been used as a gauge of cellular physiology and function, and as a first-line 

measurement of toxicity response, in toxicology research5–7. Thanks to the advent of big 

https://paperpile.com/c/ynlWwH/1tBBN+HimmB
https://paperpile.com/c/ynlWwH/UBLPI+Ixt9w
https://paperpile.com/c/ynlWwH/Zyt9x+PYpeU+bdgbF
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transcriptomics data in toxicology, we are able to view a holistic picture of the effects of 

toxicological perturbations. Big transcriptomics data has the power to elucidate direct molecular 

perturbations and higher-order regulatory processes through the capture of global gene expression 

patterns. Genetic research in the late 2010s led to a paradigm shift from viewing traits on a single-

gene basis to viewing them as the result of complex interactions in gene regulatory networks 

(GRNs). This model of phenotypic traits arising from complex interactions across an 

interconnected network of genes is known as the omnigenic model8,9. With unbiased 

transcriptomics data, we are able to assess toxicologically-induced perturbations in gene 

expression across the genome and leverage network biology to fully piece together the complex 

interactions leading to the observed phenotypic endpoints of toxicological exposures. 

 My dissertation seeks to contribute to the development and adoption of NAMs through the 

development and application of transcriptomics-based computational methods to study 

toxicological exposures and to guide in vitro model selection to deliver translatable results (Fig. 

1.1). The overarching goal of this work is to leverage existing big transcriptomics data to derive 

mechanistic insight into toxicological effects and advance in silico and in vitro NAM approaches.  

 As a case study for proof of concept of this transcriptomics data-driven approach to 

toxicological research, we conducted a study of cannabis to understand the beneficial versus 

adverse mechanistic actions. Cannabis sativa contains more than 100 biologically active 

cannabinoids10, of which cannabidiol (CBD) and Δ9-tetrahydrocannabinol (THC) have emerged 

as the most prominent due to their increasing medicinal and recreational uses in recent years11,12. 

THC is the primary psychoactive component and has demonstrated therapeutic benefits for pain 

management and cancer treatment13,14, while CBD is non-psychoactive and has been added to a 

variety of products advertised to induce calming sensations and reduce inflammation15,16. 

https://paperpile.com/c/ynlWwH/22UaS+aKBCY
https://paperpile.com/c/ynlWwH/nXeQf
https://paperpile.com/c/ynlWwH/vgT1P+vvnHH
https://paperpile.com/c/ynlWwH/71AV1+3PUOB
https://paperpile.com/c/ynlWwH/bvOjk+p0flR
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Widespread legalization initiatives in the United States have fueled a dramatic increase in cannabis 

use in both adolescents and adults17,18.  However, the effects of cannabinoids at the molecular level 

across tissues and exposure contexts remain incompletely understood despite their increasing use 

and exposure in the general population. To address this challenge, Aim 1 of this dissertation 

systematically analyzed more than 100 transcriptomic datasets related to THC and CBD across 

species and tissue types. By identifying differentially expressed genes (DEGs), enriched biological 

pathways, and regulatory networks, and integrating disease association analyses, this work 

provides a comprehensive overview of the molecular effects of cannabinoids. Importantly, it 

highlights how CBD exhibits relatively consistent modulation of metabolic, anti-inflammatory, 

and cell cycle pathways across contexts, whereas THC produces more variable signatures 

suggestive of highly context-specific actions. This analysis serves to clarify cannabinoid biology 

and illustrate the power of transcriptomics data-driven approaches to elucidate complex effects of 

toxicological exposures.  

 While the cannabinoid case study is an instructive case study of the transcriptomics data-

driven approach and addresses an area of particular contemporary relevance, the scope of 

toxicology extends much further. Worldwide populations are consistently exposed to an array of 

toxicologically relevant substances, including industrial chemicals, metals, persistent organic 

pollutants, endocrine disruptors, and psychoactive agents. Understanding their toxicological 

effects is critical in the regulatory space to develop guidelines for safe levels of exposure. To 

increase research throughput while addressing concerns about the traditional reliance on animal 

use, regulatory agencies such as the US National Toxicology Program (NTP) and the Interagency 

Coordinating Committee on the Validation of Alternative Methods (ICCVAM) have called for the 

development of NAM approaches in toxicity screening4. Several resources, including the 

https://paperpile.com/c/ynlWwH/qU8KO+EBxnl
https://paperpile.com/c/ynlWwH/Ixt9w
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Comparative Toxicogenomics Database (CTD)19 and Crowd Extracted Expression of Differential 

Signatures (CREEDS)20, have attempted to catalog toxicant-induced transcriptomics signatures. 

However, these resources are limited in that their reliance on literature curation induces bias, 

underlying raw data may be inaccessible, and community-submitted analyses may vary in quality 

and methodology. To overcome these gaps, Aim 2 of this dissertation developed ToxiOmics, a 

transcriptome-based database and web tool to query and understand the associations between 

toxicological exposures and human diseases. ToxiOmics applies a standardized, transcriptomics-

driven pipeline to over 1,000 transcriptomics datasets spanning 222 toxicologically relevant 

compounds across 29 tissues in humans, mice, rats, and rhesus macaques to generate species-, 

tissue-, dose-, and time-specific DEG and pathway signatures. ToxiOmics leverages pathway 

enrichment and network biology approaches, and integration with our existing Mergeomics21,22 

and PharmOmics23 tools to derive mechanistic insights, disease associations, and potential drug 

interactions from toxicological exposures. As demonstrated through our case study comparing 

legacy per- and polyfluoroalkyl substance (PFAS) compounds and the emerging replacement 

GenX, ToxiOmics allows researchers to identify conserved or divergent mechanisms of action 

between toxicants, infer concordant or discordant effects with pharmaceuticals, and explore 

regulatory subnetworks perturbed by exposures. We expect that   ToxiOmics will offer a powerful, 

unbiased data-driven platform to advance in silico NAM-based toxicological research across a 

broad spectrum of environmental exposures. 

 NAM approaches in toxicology are not limited to in silico computational methodologies. 

In vitro cell culture experiments also offer a rapid and relatively inexpensive way to predict in vivo 

toxicological outcomes. However, in vitro systems vary widely in their ability to replicate 

physiological responses, due to both the short-lived and donor-specific nature of primary cells and 

https://paperpile.com/c/ynlWwH/E7WsD
https://paperpile.com/c/ynlWwH/thLAV
https://paperpile.com/c/ynlWwH/usfoI+Jnxgu
https://paperpile.com/c/ynlWwH/bOEmp
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the genetic and epigenetic modifications acquired during the immortalization of cell lines. Thus, 

it is critical to select cell lines that balance experimental practicality and physiological relevance. 

Traditional approaches to cell line selection have focused on criteria like known genetic mutations, 

compatibility with specific assays, and surface markers24–27. However, these criteria do not 

necessarily capture global functional similarity to in vivo tissues. The transcriptome can be 

leveraged to provide a holistic measure of baseline cellular physiology and assess the physiological 

resemblance of cell lines to their corresponding in vivo cell types in both baseline physiology and 

toxicological response.  To this end, Aim 3 of this dissertation developed a transcriptomics-based 

framework to evaluate the physiological relevance of in vitro cell lines. We focused here on the 

liver, a central organ in xenobiotic metabolism and toxicological response, and curated and 

analyzed 214 transcriptomics datasets from 16 human and mouse hepatic cell lines along with 7 

single-cell RNA sequencing (scRNAseq) datasets from human and mouse liver tissues. Through 

gene-, pathway-, and network-level analyses at physiological baseline, we identified HepaRG as 

the cell line most closely resembling in vivo hepatocytes and documented key differences in other 

commonly used hepatic cell lines, providing insight into their strengths and limitations. This 

transcriptomics data-driving approach offers a generalizable strategy to guide in vitro cell line 

selection to model other tissues. This approach grounds cell line selection in data rather than 

arbitrary criteria, and in so doing promotes more translatable in vitro approaches to toxicity studies 

to advance the adoption of NAMs.  

 In summary, this dissertation illustrates how big transcriptomics data can be harnessed to 

advance NAM development and adoption in toxicology research. In Aim 1, we elucidate 

cannabinoid mechanisms by systematically analyzing gene expression effects of THC and CBD 

across species and tissues in order to differentiate between therapeutic versus potentially adverse 

https://paperpile.com/c/ynlWwH/1nPZs+tXQPg+8wFBl+pYPeU
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molecular pathways. In Aim 2, we build a community-serving infrastructure with ToxiOmics, a 

scalable open access resource which enables mechanistic comparisons across chemicals and 

studies. In Aim 3, we guide in vitro cell line selection to improve in vitro modeling by introducing 

a transcriptomics-based framework for evaluating the physiological relevance of immortalized cell 

lines which is generalizable from our liver case to other tissues. Together, this work advances the 

field of toxicology toward more efficient, ethical, and sustainable research in line with the 

philosophy of the “3 R’s.” Through the leverage of big transcriptomics data, we promote the 

development and adoption of NAMs which will reduce reliance on animal studies, enhance 

reproducibility, and provide tools to promote further research inquiry and guide regulatory and 

experimental decision-making.  
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1.1 Figures 

  

Figure 1.1. Dissertation overview of chapter contents. 
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Chapter 2. Comparative analysis of 105 datasets across species and tissues reveals higher 

variability in transcriptomic responses to THC than CBD 

2.1 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.28. In 2022, 30.7% of US high school seniors reported cannabis use in the past 

year, with 6.3% using it daily29. Among adults, cannabis use increased from 7.59% to 15.11% in 

2013-202230. Delta-9-tetrahydrocannabinol (THC) and cannabidiol (CBD) are the two most 

prominent cannabinoids in Cannabis sativa, comprising up to 40% of the plant’s extract31,32. These 

compounds interact with the endocannabinoid system, a complex network of receptors and 

signaling molecules that regulate pain, mood, inflammation, and immune responses33. THC, the 

primary psychoactive component, exhibits therapeutic effects as an analgesic for cancer-related 

chronic pain and has demonstrated anti-invasive and anti-metastatic properties in cancer 

treatment34. CBD is non-psychoactive but still influences the brain and nervous system35,36,  is 

recognized for its potential in managing epilepsy, anxiety, and neurodevelopmental disorders, and 

is valued for its anti-inflammatory and antioxidant properties37. 

While cannabinoids have demonstrated therapeutic potential, concerns regarding their 

safety in terms of physical health, mental health, public safety, and the side effects have tempered 

their widespread acceptance37,38. 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 issues38. 

Additionally, cannabinoids have been linked to immune suppression, resulting in increased 

https://paperpile.com/c/ynlWwH/FQRm
https://paperpile.com/c/ynlWwH/0jIo
https://paperpile.com/c/ynlWwH/62KO
https://paperpile.com/c/ynlWwH/WWQd+2hIW
https://paperpile.com/c/ynlWwH/hKWK
https://paperpile.com/c/ynlWwH/te5v
https://paperpile.com/c/ynlWwH/eYys+3w7E
https://paperpile.com/c/ynlWwH/KmGW
https://paperpile.com/c/ynlWwH/KmGW+T8rp
https://paperpile.com/c/ynlWwH/T8rp
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susceptibility to human immunodeficiency virus - 1 (HIV-1) infections and disease progression. 

Mental health effects are particularly concerning, as cannabinoids may exacerbate bipolar disorder 

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 function and a higher incidence of motor vehicle accidents. Frequent and heavy 

cannabis use during adolescence increases the risk of developing cannabis use disorder (CUD)39, 

while addiction and cannabis dependence may contribute to lower income, unemployment, and 

reduced life satisfaction38. 

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 concerns. At the transcriptomic level, studies have shown that 

cannabinoid-induced gene expression changes vary depending on tissue type, sex, age, and genetic 

backgrounds, such as gene mutations39–42. This variability has made it challenging to establish 

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 Expression Omnibus (GEO)43 (Fig. 2.1). Using transcriptomic data, we identified 

differentially expressed genes (DEGs) for each dataset. We further investigated global regulatory 

patterns across datasets through clustering and correlation assessment as well as cannabinoid-

specific effects through pathway and disease association analysis, and network modeling. We also 

investigated the effects of THC and CBD on the endocannabinoid 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. 

https://paperpile.com/c/ynlWwH/TmUi
https://paperpile.com/c/ynlWwH/T8rp
https://paperpile.com/c/ynlWwH/TmUi+2BSy+DgFz+BDwj
https://paperpile.com/c/ynlWwH/JTtA
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2.2 Materials and Methods 

Data curation 

Transcriptomic data from previous studies were curated from the National Center for 

Biotechnology Information’s Gene Expression Omnibus (NCBI GEO)43,44. 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.” Studies were included if they met the following criteria: 1) the model organism 

was human, mouse, rat, or rhesus macaque to focus on mammalian species with higher 

translational potential; 2) the dataset was generated 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 

matching physiological and pathological background conditions 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 analyzed together. 

This approach allowed for the assessment of treatment effects within comparable biological 

contexts while minimizing confounding factors. A total of 47 datasets for THC and 58 datasets for 

CBD met the criteria and were curated (Table S.2.1). 

To validate that our data curation and analysis procedures can identify THC and CBD-

specific transcriptomic effects, we also included additional well-studied, non-cannabinoids 

chemicals, including bisphenol A (BPA), perfluorooctanoic acid (PFOA), and estradiol, for 

comparison. Our previous studies of BPA and PFOA have revealed stable and consistent gene 

https://paperpile.com/c/ynlWwH/JTtA+E5L9
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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 variability45–47. We 

also included estradiol, an endogenous bioactive 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 methods as described for THC 

and CBD. A total of 50 BPA datasets, 39 estradiol datasets, and 14 PFOA datasets were curated 

(Table S.2.2). 

 

Data download and preprocessing 

Microarray data were downloaded from GEO using the GEOquery package48. As microarray data 

submitted to GEO are pre-processed and quality-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 processed49. FASTQ files were downloaded using the 

parallel-fastq-dump wrapper, followed by quality control and preprocessing. Trim Galore (v0.6.6) 

was used to remove low-quality bases from the 3’ end of reads50. Cutadapt (v2.1.0)51 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 reference genomes using Salmon (v 

1.10.0)52. 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 

https://paperpile.com/c/ynlWwH/7IKA+3qup+PC6C
https://paperpile.com/c/ynlWwH/2bwYK
https://paperpile.com/c/ynlWwH/as05
https://paperpile.com/c/ynlWwH/pE4Ah
https://paperpile.com/c/ynlWwH/D1S9X
https://paperpile.com/c/ynlWwH/MOFxT
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to optimize alignment efficiency. Finally, transcript-level quantification results from Salmon were 

imported and summarized using the tximport package (v1.32.0)53. 

 

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 

datasets54 and DESeq2 for RNA-seq datasets55. Multiple testing was corrected using the 

Benjamini-Hochberg method to obtain false discovery rate (FDR). For studies with multiple doses, 

baseline conditions (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 studies 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). 

https://paperpile.com/c/ynlWwH/eJWvQ
https://paperpile.com/c/ynlWwH/hF7VX
https://paperpile.com/c/ynlWwH/Fj2fB
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This approach preserves the relative magnitude of gene expression changes among genes while 

making the datasets comparable 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 number 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 package56. We then applied UMAP for dimensionality 

reduction using Euclidean distance to visualize the clustering patterns across chemicals and 

datasets. 

As an alternative approach to assess similarity and differences across datasets, we used 

Spearman’s rank correlation analysis of the normalized gene expression fold change data to 

compute pairwise correlations among datasets. The pairwise correlation coefficients were further 

used to group datasets into clusters with similar gene regulation patterns. To identify consistent 

DEGs across datasets within each cluster in response to THC or CBD, we performed a meta-

analysis using the Robust Rank Aggregation (RRA) package (v1.2.1)57. Rank aggregation was 

conducted separately for up-regulated and down-regulated DEGs in each dataset cluster. 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 pattern across datasets by chance, with lower scores 

indicating greater consistency. 

 

Pathway enrichment analysis 

https://paperpile.com/c/ynlWwH/qxXR
https://paperpile.com/c/ynlWwH/2ksYF
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Pathway enrichment analysis was performed on the identified DEGs using EnrichR58. DEGs were 

compared against the Gene Ontology Biological Process (GOBP)59 databases to identify 

significantly enriched pathways. Pathways with an FDR < 5% and at least 5 overlapping DEGs 

were considered statistically significant. 

 

Weighted Key Driver Analysis (wKDA) for brain network modeling of THC and CBD DEGs 

To identify potential gene regulatory networks and network key drivers (KDs) underlying 

cannabis-induced brain effects, we applied Weighted Key Driver Analysis from the Mergeomics 

pipeline21,22. We conducted the analysis separately from THC- and CBD-treated brain datasets. 

Using a previously constructed brain Bayesian network based on large human and animal model 

omics studies in Mergeomics, we identified 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 Cytoscape60. 

 
Marker Set Enrichment Analysis (MSEA) for disease/trait association assessment 

MSEA in the Mergeomics package was used to identify the enrichment of THC or CBD DEGs for 

genetic associations with 101 genome-wide association studies (GWAS) of diseases and 

phenotypic traits21,22. Disease-associated genes were mapped using full summary statistics from 

the GWAS Catalog61, 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 random chance. 10,000 

permuted gene sets were generated for each DEG set. As detailed in Shu et al.21, 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 Benjamini-Hochberg (BH) 

https://paperpile.com/c/ynlWwH/LVMyZ
https://paperpile.com/c/ynlWwH/XMpF
https://paperpile.com/c/ynlWwH/Jnxgu+usfoI
https://paperpile.com/c/ynlWwH/hEJTa
https://paperpile.com/c/ynlWwH/Jnxgu+usfoI
https://paperpile.com/c/ynlWwH/M7AD
https://paperpile.com/c/ynlWwH/usfoI


 

 15 

correction. DEG sets were determined to be statistically significant for a given disease or trait if 

FDR < 5%. 

 

2.3 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 GEO43,48 (Table S.2.1). 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) studies, 50 mouse (Mus musculus) studies, and 18 rat (Rattus norvegicus) 

studies across 15 broad tissue categories (e.g. blood, brain, cancer, digestive, heart, immune, 

kidney, liver, lung, muscle, oral, placenta, skin, stem cell, and vasculature). Since the “overall 

cannabis use” datasets involved either cannabis smoke exposure or observational 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 pathological background conditions in 

both control and treatment groups, such as genetic mutations (e.g., Cox15, Ndufs4), preexisting 

diseases (e.g., SARS-CoV-2, Simian Immunodeficiency Virus (SIV) infection), and prior 

chemical exposures (e.g., 2'-3'-cGAMP, formoterol/budesonide treatment). Additionally, the 

datasets covered variations in study design, including differences in sex distribution, dose, route 

and duration of administration. The broad coverage of diverse conditions allows us to not only 

determine specific transcriptomic signatures for each condition but also assess the consistency and 

https://paperpile.com/c/ynlWwH/JTtA+2bwYK
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generalizability of cannabinoid-specific effects across datasets. After downloading and 

preprocessing the gene expression data, we conducted differential gene expression analysis. We 

then performed pathway enrichment and disease association analyses to characterize the broader 

transcriptomic effects of cannabinoids (Fig. 2.1) 

  

THC and CBD DEGs 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), perfluorooctanoic acid (PFOA), and estradiol, which have been 

associated with metabolic and reproductive functions, respectively. Both BPA and PFOA are 

endocrine-disrupting chemicals that influence cardiometabolic disease-related pathways21,60,61. 

Estradiol, a primary estrogen hormone, plays a role in reproductive and sexual function by 

regulating gene expression through estrogen receptors62,63. We selected these as comparative 

datasets because we expect them to be functionally distinct from THC and CBD, which can be 

reflected by different downstream genes and pathways. In total, we included 50 BPA datasets, 39 

estradiol datasets, and 14 PFOA datasets from GEO (Table S.2.2) and processed them using the 

same methodology as cannabinoids. 

We first compared the chemical-induced expression changes for all genes across all THC, 

CBD, BPA, estradiol, and PFOA datasets based on the similarities in the normalized log fold 

changes in gene expression changes between treatment and control groups using clustering 

analysis and visualized the datasets with UMAP. Agreeing with our hypothesis, most BPA, 

estradiol, and PFOA datasets each formed distinct clusters, supporting biological coherence within 

each chemical and differences between chemicals (Fig. 2.2A). These results suggest that 

https://paperpile.com/c/ynlWwH/usfoI+hEJTa+M7AD
https://paperpile.com/c/ynlWwH/qfnp+21HV
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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 stability of PFOA gene signatures45, most PFOA datasets clustered tightly 

in UMAP. In comparison, while BPA and estradiol datasets also formed distinct clusters in UMAP, 

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. These results 

suggest that the molecular mechanisms of the reference chemicals are more coherent and 

consistent across datasets and species, with PFOA showing the highest stability, whereas THC and 

CBD datasets showed less stable gene signatures in comparison. Additionally, we did not observe 

a distinct separation between datasets from RNA sequencing and microarray methods, indicating 

a minimal effect of the technical platform on gene signatures (Figure S.2.1A). 

We also observed that many tightly clustered datasets for the reference chemicals 

originated from the same study. For example, several BPA and estradiol microarray datasets were 

derived from GSE50705, where datasets shared the same experimental setup but differed in 

dosage. These datasets are clustered in the upper left corner of the UMAP plot (Fig. 2.2A). To 

mitigate the contribution of study-specific batch effects to the tight clustering of the chemicals, we 

averaged the log fold changes of each gene across datasets for each chemical from the same study, 

then performed dimensionality reduction again (Fig. S.2.1B). The clustering patterns remained 

consistent with the original analysis, confirming that study-related effects did not drive the 

observed trends in Fig. 2.2A. Specifically, when accounting for study effects, we found a stability 

ranking among the chemicals: PFOA exhibited the highest stability, followed by estradiol and 

BPA, with CBD and THC being highlighted as having the greatest variability. 

  

https://paperpile.com/c/ynlWwH/7IKA
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CBD gene signatures demonstrate tighter clustering and higher stability 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 although not strongly 

distinguishable (Fig. 2.2B). Notably, datasets from both RNAseq and microarray platforms were 

mixed, again supporting that the technological platform did not induce major differences in 

transcriptomic signatures (Fig. S.2.1C, S.2.1D, S.2.1E). 

Within the THC datasets, we found no distinct clustering patterns based on species (Fig. 

2.2C), route of administration (Fig. S.2.1F), or tissue type (Fig. S.2.1G), 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 tightly (Fig. 2.2D). However, these trends were 

not strong enough to indicate robust species-driven transcriptional signatures. Regarding the route 

of administration, in vitro (in medium) datasets tended to cluster at higher UMAP1 values, whereas 

in vivo (injection or ingestion) datasets were mainly positioned at lower UMAP1 values (Fig. 

S.2.1H). In the tissue-based UMAP (Fig. S.2.1I), 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 also contributed to their 

proximity. 
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Overall, the weak clustering patterns across species, tissues, and routes of administration 

suggest that these factors did not play a dominant role in shaping the global transcriptomic shifts 

induced by THC or CBD. However, CBD datasets displayed slightly greater clustering and 

stability compared to THC, indicating more consistent transcriptional responses across different 

conditions. 

            

CBD studies demonstrate different correlation patterns than THC datasets 

In addition to analyzing dataset clustering based on global gene expression changes through 

dimensional 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 

patterns of THC and CBD are less consistent compared to the reference chemicals (Fig. S.2.2). 

Next, we carried out clustering analyses separately for THC and CBD datasets based on 

the correlation patterns. In the THC correlation heatmaps, two major clusters of positively 

correlated datasets were observed: THC Cluster 1 in the upper left quadrant (11 datasets) and THC 

Cluster 2 in the lower right quadrant (6 datasets), both largely composed of brain-related datasets 

spanning multiple species. However, these two clusters exhibited moderate negative correlations 

with each other (Fig. 2.3). 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 datasets 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 
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injections escalating from 2.5 mg/kg to 10 mg/kg, the male dataset clustered in THC Cluster 1, 

while the female dataset appeared in THC Cluster 2. Additionally, multiple mouse brain datasets 

from GSE189821 (daily 10 mg/kg intraperitoneal injection) were distributed across both clusters: 

specifically, 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 

clusters 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 finding suggests that sex may 

influence THC-induced transcriptomic responses, this sex-based separation was not consistently 

observed across all THC datasets and hence any potential sex-specific effects are likely more 

nuanced and depending on tissue type or other conditions to be elucidated. 

CBD datasets formed four distinct clusters, with the two largest being CBD Cluster 1 in 

the upper left quadrant (17 datasets) and CBD Cluster 4 in the lower right quadrant (15 datasets) 

(Fig. 2.4). 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-specific clusters: CBD Cluster 2 included 7 mouse 

hypothalamus cell line datasets from GSE270378, and CBD Cluster 3 contained 5 mouse liver 

datasets from GSE261716, where datasets varied by CBD dosage and exposure time. 

  

CBD induces more transcriptional changes than THC 

To go beyond global transcriptomic patterns and focus on individual genes exhibiting significant 

changes in response to THC and CBD, we derived DEGs at FDR < 5%. Overall, CBD induced 
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more significant DEGs than THC (Fig. 2.5A, 2.5B). Most CBD datasets contain hundreds or 

thousands of DEGs, whereas THC datasets predominantly have fewer than 100 DEGs (Table 

S.2.3). 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. 

Other factors, including transcriptome platform, species, tissue, exposure type, duration, 

dosage, and sex, also influenced DEG counts. RNA-seq datasets generally yield more DEGs than 

microarray datasets (Fig. 2.5C). In vitro exposure studies of CBD exhibited higher numbers of 

DEGs than THC, while in vivo datasets show similar DEG distributions between CBD and THC 

(Fig. 2.5D). Examining species effects in CBD datasets, human in vitro cell line studies had the 

highest number of DEGs (Fig. 2.5E). 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 studies show the highest median number of DEGs 

in lung, muscle, cancer, immune, and kidney tissues (Fig. 2.5F). 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-specific effects (Fig. 2.5G). Additionally, as expected, the 

number of DEGs in CBD studies increases with both exposure time and dosage (Fig. S.2.3A, Fig. 

S.2.3B, Fig. S.2.3C for different studies). 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 differentially expressed genes (DEGs) in five datasets, including the 

mouse brain amygdala, dorsolateral striatum, ventral tegmental area (VTA), prefrontal cortex, and 

rat peripheral blood mononuclear cells (PBMCs) under LPS stimulation. In contrast, males showed 
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higher DEG counts in four datasets: the rat brain orbitofrontal cortex (under both LPS and saline 

treatments), rat PBMCs with saline, and the mouse brain nucleus accumbens (Fig. S.2.3D). This 

variability highlights the complexity of sex-specific factors in cannabinoid responses. 

  

CBD demonstrates higher consistency at gene and pathway levels across datasets 

To evaluate the consistency of differentially expressed genes (DEGs) across datasets, we applied 

two complementary approaches: 1. identifying consistent DEGs within correlation-based clusters, 

and 2. assessing individual DEG recurrence and directionality consistency. 

Cluster-Level Consistency: 

We used rank aggregation across datasets and identified consistently upregulated and 

downregulated DEGs within each correlation cluster (Fig. 2.3, 2.4)57. THC Cluster 1 contained 

relatively few DEGs, with 29 consistently upregulated genes, 18 consistently downregulated 

genes, and no significantly enriched pathways (Fig. 2.3, Table S.2.4A). Many consistent DEGs are 

related to neurodevelopment and brain functions. For example, upregulated genes include TBR1, 

a key regulator of cortical development62; NPTX2, neuronal pentraxin for synaptic plasticity63; 

neuropeptide S receptor NPSR1 in neuroendocrine cells64; ADRA2B, which regulates 

neurotransmitter norepinephrine65; ADORA2A, linked to anxiety, arousal, and sleep regulation66. 

Downregulated genes include FEZF1 for neuronal differentiation67; LHX5 associated with 

mammillary body development68; GPR50 for neural progenitor cell differentiation69; CACNA1B, 

a calcium channel subunit for neurotransmitter release70. THC Cluster 2 showed even lower 

consistency, with only two consistently downregulated genes, B Cell receptor CD7271 and 

presynaptic receptor GRM872, and no significant pathways (Fig. 2.3, Table S.2.4B). 

https://paperpile.com/c/ynlWwH/2ksYF
https://paperpile.com/c/ynlWwH/qfnp
https://paperpile.com/c/ynlWwH/21HV
https://paperpile.com/c/ynlWwH/Hxqb
https://paperpile.com/c/ynlWwH/3KWx
https://paperpile.com/c/ynlWwH/ByFY
https://paperpile.com/c/ynlWwH/CCM3
https://paperpile.com/c/ynlWwH/dx7x
https://paperpile.com/c/ynlWwH/XmdG
https://paperpile.com/c/ynlWwH/9UsI
https://paperpile.com/c/ynlWwH/g9AR
https://paperpile.com/c/ynlWwH/fcll
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In contrast, CBD Cluster 1 exhibited robust transcriptional changes, with 1,005 

consistently upregulated DEGs and 997 consistently downregulated DEGs (Fig. 2.4, Table 

S.2.5A). The upregulated pathways included negative regulation of growth, cellular response to 

zinc ions, response to ER stress, and inflammatory response. In contrast, the downregulated 

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 2.4, Table S.2.5B), but only the upregulated DEGs showed significantly 

enriched pathways, including negative regulation 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 clusters and their weak negative correlation. CBD Clusters 2 and 3 displayed more 

limited consistency. CBD Cluster 2 only had 2 consistent DEGs: cellular zinc sensor MTF1 

upregulated73 and SENP3 in Wnt signaling downregulated74 (Fig. 2.4, Table S.2.5C). CBD Cluster 

3 had 73 consistently upregulated DEGs, 77 downregulated DEGs, and two enriched upregulated 

pathways: cellular response to lipopolysaccharide and inflammatory response (Fig. 2.4, Table 

S.2.5D). 

Consistency in DEGs across Datasets: 

When evaluating consistency in DEGs across datasets, again we found CBD induced 

broader and more reproducible gene expression changes compared to THC (Fig. 2.6A, Table 

S.2.6A, Table S.2.6B). Among the 30 most frequently detected DEGs, 22 exhibited (>70%) a 

consistent direction of regulation, meaning that they were detected as either consistently 

upregulated or downregulated across datasets (Fig. 2.6A, Table S.2.6A). For example, SLC30A1, 

a zinc transporter75, was significantly upregulated in 23 CBD datasets and not downregulated in 

any. HMOX1 (heme oxygenase 1), a gene involved in oxidative stress response76, was significantly 

https://paperpile.com/c/ynlWwH/APlI
https://paperpile.com/c/ynlWwH/kUeq
https://paperpile.com/c/ynlWwH/7Esp
https://paperpile.com/c/ynlWwH/YwP3
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upregulated in 19 datasets while downregulated in only 4 CBD datasets. Some other frequent 

DEGs play a role in ion metabolism, such as downregulation of SLC39A10 for zinc transport77 and 

upregulation of MT2A and MT1E for metal detoxification and protection against oxidative stress78. 

In contrast, DEGs associated with THC were less frequently replicated across datasets, and 

the most recurrent genes appeared only three times across 46 datasets (Fig. 2.6A, Table S.2.6B). 

PRXL2A (peroxiredoxin-like 2A), an antioxidant protein that protects cells from oxidative stress79, 

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 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. 2.6B, 2.6C, Table S.2.7B), but CBD datasets 

showed recurring enriched pathways (Table S.2.7A). Consistent CBD pathways include the 

upregulation of the “metabolic pathway”  across 17 studies (Fig. 2.6B) and the “cellular response 

to zinc ion” pathway across  nine studies (consistent with the reproducibility  of DEGs SLC30A1 

and MT2A), and the downregulation of cell cycle, mRNA export, cancer, and mismatch repair 

pathways (Fig. 2.6C). 

  

Gene and pathway-level evidence for the endocannabinoid system in CBD and THC 

transcriptomic signatures 

Given the well-established interaction between cannabinoids and the endocannabinoid system 

(ECS)80,81, we anticipated enrichment of ECS-associated genes in the transcriptional signatures of 

https://paperpile.com/c/ynlWwH/itR9
https://paperpile.com/c/ynlWwH/VPCJ
https://paperpile.com/c/ynlWwH/kO8c
https://paperpile.com/c/ynlWwH/RdrZ+TAbG
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both CBD and THC. To systematically evaluate this, we curated a list of 135 ECS-associated genes 

using prior literature and established databases, including Gene Ontology Biological Process 

(GOBP) annotations59 and the DisGeNET database82,83 (Table S.2.9). 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 significantly regulated ECS genes compared to THC (Fig. 2.8A, Table S.2.10). 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. A cluster on the left side of Fig 2.8A, composed 

mainly of peripheral CBD datasets, exhibited some consistency in regulatory direction. For 

instance, consistently upregulated genes included SQSTM1, SLC6A9, and BEST1, while 

consistently downregulated genes included CALM2, KIAA2013, and SMC2. This limited degree of 

coherence suggests weak gene-level evidence for consistent ECS involvement in the 

transcriptomic effects of CBD and THC, although context-dependent, tissue-specific regulation of 

individual genes remains possible. 

To evaluate whether ECS pathway genes were overrepresented (enriched) among DEGs, 

we performed Fisher’s Exact Tests comparing the DEG lists to the ECS gene set. Significance was 

https://paperpile.com/c/ynlWwH/XMpF
https://paperpile.com/c/ynlWwH/IA59M+vE8S
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defined as p < 0.05, with p < 0.10 considered suggestive (Fig. 2.8B, 2.8C, Table S.2.10). Overall, 

CBD showed more datasets with significant or suggestive enrichment compared to THC. Notably, 

all THC datasets showing significant and suggestive ECS gene set enrichment originated from 

brain regions, including the rat orbitofrontal cortex, mouse amygdala, mouse dorsolateral striatum, 

and mouse medial prefrontal cortex (Table S.2.10). In contrast, approximately half of the 

significantly or suggestively enriched CBD datasets came from peripheral tissues and cell lines, 

including the mouse liver, human liver cell line, monocyte cell line, and microglial cell line. These 

findings support that THC’s regulatory effects are brain-specific, whereas CBD exhibits more 

pleiotropic effects across central and peripheral systems. 

In addition, we investigated pathways related to pain and inflammation, which are 

regulated by the endocannabinoid system33. However, no significant enrichment was found for the 

GOBP “sensory perception of pain pathway” and “response to pain pathway”59. However, the 

inflammatory response pathway was enriched among DEGs from two CBD datasets, 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 regulation 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 datasets21,22. KDs with a false discovery rate (FDR) < 0.05 were 

considered statistically significant. 

https://paperpile.com/c/ynlWwH/hKWK
https://paperpile.com/c/ynlWwH/XMpF
https://paperpile.com/c/ynlWwH/Jnxgu+usfoI
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For CBD-treated brain datasets, 14 significant KDs were identified (top 5 shown in Fig. 

2.7A; complete list in Table S.2.8). The KDs in the CBD network were derived from multiple 

brain cell lines, including mouse brain microglia, rat primary hippocampal neurons, and human 

neuroblastoma cells (Fig. 2.7A). Most KDs were involved in neural development 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. 2.7B; complete list in Table S.2.8), 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. 2.7B), suggesting 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 hippocampus, 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, 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 
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The endocannabinoid system plays a role in various health outcomes, including mood disorders, 

cardiovascular disease, stroke, cancer, diabetes, autoimmune conditions, and neurological 

disorders84. To further investigate the connection between cannabinoids and human health, we 

analyzed publicly available summary statistics from large-scale Genome-Wide Association 

Studies (GWAS) for more than 100 diseases or phenotypic traits using Marker Set Enrichment 

Analysis (MSEA) via the Mergenomics package21,22. This approach enabled us to assess whether 

signature genes from THC and CBD datasets were enriched for human disease/phenotype variants. 

DEGs from both cannabinoids showed significant associations with Schizophrenia, type 2 

diabetes (T2D), and depressive symptoms (Fig. 2.9). In addition, CBD transcriptomic signatures 

exhibited broader associations with lipid metabolism, including low-density lipoprotein (LDL), 

high-density lipoprotein (HDL), total cholesterol (TC), and triglycerides (TG), as well as with 

body composition traits such as waist circumference (WCadjBMI), hip circumference 

(HIPadjBMI), waist-to-hip ratio (WHRadjBMI), and height. In contrast, THC was linked only to 

WCadjBMI. Beyond metabolic and anthropometric 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 (Figure S.2.4A, S.2.4B, S.2.4C, S.2.4D). In the 

CBD datasets, key associations for CD included tumor suppressor CYLD85 and cytosolic receptor 

NOD2 (Fig. S.2.4A). Mutations or altered expression of NOD2 have been observed in CD 

patients86, and genetic studies have identified NOD2 locus polymorphisms and an independent 

involvement of the neighboring gene CYLD in CD87. For T2D, a key association for CBD DEGs 

was the Wnt signaling pathway transcription factor TCF7L2 (Fig S.2.4C). Carrying two copies of 

a common variant in this gene is associated with an approximately twofold increase in T2D 

https://paperpile.com/c/ynlWwH/82mH
https://paperpile.com/c/ynlWwH/Jnxgu+usfoI
https://paperpile.com/c/ynlWwH/1Zvf
https://paperpile.com/c/ynlWwH/CIZ3
https://paperpile.com/c/ynlWwH/Sf8g
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risk88,89. 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 locus90 (Fig. 

S.2.4D). In contrast, 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. 

  

2.4 Discussion 

In this study, we systematically analyzed over 100 publicly available transcriptomic datasets to 

understand the molecular effects of THC and CBD across species and tissue types. By examining 

both global and significant gene expression changes from microarray and RNA-sequencing data, 

we found highly variable gene signatures for these two cannabinoids compared to other exposures 

such as PFOA, BPA, and estradiol. We also identified DEGs,  pathways, network key drivers 

(KDs), and diseases/phenotypes associated with the significant DEGs. Our findings highlight 

significant variability in THC and CBD-induced transcriptional responses, with CBD 

demonstrating better consistency across studies, species, and central and peripheral tissue types 

compared to THC, which shows more dataset-specific effects in brain regions. 

Our broad dimensionality reduction and correlation analyses revealed that CBD and THC 

datasets were more scattered in contrast with other well-studied chemicals PFOA, BPA, and 

estradiol, which displayed stronger internal consistency across datasets. In addition, neither THC 

nor CBD datasets exhibited strong clustering in the UMAP or formed larger clusters in the 

correlation analyses across species and tissues. This finding suggests that cannabinoid-induced 

gene expression changes are highly variable depending on combinations of experimental 

conditions, genetic or disease backgrounds, and prior chemical exposures. These results highlight 

https://paperpile.com/c/ynlWwH/jeSS+1bFS
https://paperpile.com/c/ynlWwH/z3r2
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the challenge of defining a universal and predictable transcriptional signature for cannabinoids and 

align with previous literature indicating that cannabinoid effects depend on tissue, developmental 

stage, sex, and exposure conditions39,41,42,91. 

Our analyses on the DEGs and enriched pathways across datasets indicate that CBD has a 

more stable gene regulatory signature than THC. This regulatory stability agrees with CBD’s well-

characterized antioxidant, anti-inflammatory, and neuroprotective effects92,93. In particular, two 

major CBD-associated gene clusters (CBD Cluster 1 and CBD Cluster 4) exhibited hundreds to 

thousands of consistent DEGs, with both CBD clusters exhibiting upregulation in two pathways: 

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 studies have identified HMOX1 as the most upregulated gene and protein 

following CBD treatment. The proposed mechanism involves CBD-induced nuclear export and 

proteasomal degradation of transcriptional repressor BACH176. Another study suggests that CBD 

may influence HMOX1 levels through the Nrf2 pathway, which regulates antioxidant defenses94. 

These indicate that HMOX1 is linked to antioxidant and anti-inflammatory properties under the 

impact of CBD95. Notably, pathways related to metabolic regulation and cellular response to zinc 

ion were recurrently upregulated. Supporting 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 Zfp47296. Another study in 

autoimmune T cells found that CBD suppressed pro-inflammatory genes and enhanced oxidative 

stress-related genes, including SLC30A197. We now expand this finding to a much broader range 

of tissues and experimental conditions. Together, these results suggest that modulation of zinc 

homeostasis may be a key mechanism through which CBD exerts its antioxidant and anti-

https://paperpile.com/c/ynlWwH/TmUi+DgFz+BDwj+OzxV
https://paperpile.com/c/ynlWwH/ccdh+Is1w
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https://paperpile.com/c/ynlWwH/zPwI
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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-790198. 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 minimal gene-level and pathway-level consistency in 

dataset clusters and globally, reinforcing its more variable and context-dependent effects. The 

weaker transcriptional stability of THC may stem from its complex pharmacodynamics, 

particularly its biphasic effects on neural and immune signaling. Our analysis revealed several 

diverse central and peripheral nervous system targets of THC that may ultimately lead to these 

downstream differences in pathway enrichment. For example, among the most consistently 

enriched DEGs induced by THC was EGR2, which is associated with neuropathy and congenital 

hypomyelination of peripheral neurons99. A number of THC target DEGs were also associated 

with synaptic signaling in the brain, and the onset of epilepsy and intellectual deficits, including 

RPH3A100, KCNQ5101, and FRY102. Further, we also found that PER1 was among our most 

consistently detected DEGs, which is a primary circadian pacemaker which has implications on 

human behavior and cognition103. Some of these genes, such as FRY and EGR2, are associated 

with neuronal irregularities in region-specific targets (e.g. the cerebellum for FRY and peripheral 

neurons for EGR2). One possible explanation for the highly variable effects of THC lies in its high 

lipid solubility104, which may influence its distribution across datasets depending on adipose 

content and tissue composition. Additionally, physiological barriers such as the blood-brain and 

blood-testicular barrier restrict THC accumulation in the brain and testes during acute exposure, 

https://paperpile.com/c/ynlWwH/8ZWa
https://paperpile.com/c/ynlWwH/smw0
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and similar protective mechanisms may exist in other tissues as well105. These factors together may 

contribute to the heterogeneous effects of THC across individuals and biological contexts. 

We also observed heterogeneity in the brain network through KDA. While the CBD 

network based on DEGs from individual datasets had only 14 KDs, the THC network contained 

over 100 KDs. However, most of these THC KDs were significant in only one DEG dataset, further 

supporting the idea that THC induces region-specific effects in the brain. Additionally, KDA 

revealed that the molecular mechanisms activated in the brain differ between THC and CBD. 

Although both networks featured KDs involved in neuronal function and signal transduction, only 

two KDs, SLC17A7 and TAOK1, were shared between them. SLC17A7 encodes vesicular 

glutamate transporter 1 (VGLUT1), which facilitates glutamatergic neurotransmission106. 

Cannabinoids have been shown to influence glutamatergic signaling: CBD reduces neuronal 

activation in VGLUT+ neurons107, while cannabinol upregulates genes associated with 

glutamatergic synaptic function108. TAOK1 encodes a serine/threonin-protein that functions as a 

MAP kinase kinase kinase (MAP3K) and regulates MAPK signaling cascade109. Although direct 

evidence linking cannabis treatment to TAOK1 regulation is lacking, THC has been shown to 

modulate microRNAs that target mRNAs of proteins involved in MAPK signaling, including 

TAOK1110. 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. This 

divergence is consistent with our broader findings that THC and CBD regulate largely non-

overlapping gene sets and pathways across different tissue types. 

While the endocannabinoid system (ECS) is widely recognized as a primary target of 

phytocannabinoids such as THC and CBD80, our multi-dataset analysis revealed that ECS-

associated genes were regulated inconsistently across studies, both in direction and magnitude. 

https://paperpile.com/c/ynlWwH/U6O5
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These inconsistencies might reflect several underlying factors, including the 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 agonist at both cannabinoid receptors, 

while CBD exhibits negligible affinity for cannabinoid receptor 1 (CB1) and functions as a partial 

agonist at cannabinoid receptor 2 (CB2)111,112. Despite this gene-level variability, pathway-level 

enrichment analysis demonstrated that the ECS-related gene set were significantly enriched in 

several datasets, comparable in frequency to some of the top-ranking Gene Ontology Biological 

Process (GOBP) and KEGG pathways (Fig. 2.6B, 2.6C). Importantly, a clearer divergence 

between THC and CBD emerged when ECS enrichment was stratified by tissue type. ECS 

enrichment associated with THC was exclusively observed in brain-derived datasets, where CBD-

associated ECS enrichment was distributed more evenly across both central and peripheral 

systems, including immune-related cell types and liver tissue. This divergence 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 system113. Thus, THC’s higher binding 

affinity to CB1 compared to CB2 explains its brain-focused transcriptomic effects113, while CBD’s 

lack of CB1 binding and moderate activity at CB2 likely underlies its broader effects across 

peripheral and immune contexts. The observed significant ECS enrichment in CBD-treated 

immune and liver datasets aligns with this pharmacological profile. 

To further investigate the potential health implications of cannabis exposure, we performed 

Marker Set Enrichment Analysis (MSEA) to assess 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, 

https://paperpile.com/c/ynlWwH/ex4e+Dmxa
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aligning with prior studies indicating that CBD can modulate lipid profiles and holds therapeutic 

potential for managing lipid disorders114. CBD was also significantly associated with 

anthropometric traits, such as waist circumference, hip circumference, and height. A systematic 

review across multiple databases and registries reported that while cannabis use is generally 

associated with reductions in weight, waist circumference, and BMI, CBD specifically has been 

linked to increased body fat115. 

Both CBD and THC show association with multiple diseases, such as Schizophrenia, type 

2 diabetes (T2D), and depressive symptoms. The relationship between cannabis use and depression 

is particularly complex and potentially bidirectional. Studies relying on self-reported depressive 

symptoms suggest mixed short-term effects of cannabis use: a minority (20%) with increased 

depression and a majority (64%) with decreased depression116. However, a meta-analysis of 15 

studies found that even a single THC administration induces depression and anxiety with large 

effect sizes117. Conversely, extended cannabis abstinence has been associated with significant 

improvements of depressive symptoms118. Longitudinal data also suggest a bidirectional or 

reinforcing relationship, as baseline depression has been significantly associated with increased 

THC use in e-cigarettes 12 months later119. 

CBD and other non-psychoactive cannabinoids have been investigated in human clinical 

trials for their potential 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-dependent insulinotropic peptide (GIP), which plays a role in 

preserving pancreatic β-cell function in T2D patients120. CBD has also demonstrated beneficial 

effects and a safety profile in Schizophrenia, where patients treated with CBD for six weeks 

demonstrated lower levels of positive psychotic symptoms121. In another randomized clinical trial 

https://paperpile.com/c/ynlWwH/Yp6t
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comparing CBD with the antipsychotic amisulpride, both treatments led to significant clinical 

improvement; however, CBD had a markedly superior side-effect profile122. Thus, our MSEA 

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, multispecies, 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 cannabinoid exposure in a number of biological 

contexts, including in co-occurrence with diseases, on top of exposure to other relevant chemical 

agents, and in different tissues or regions within those tissues (e.g. several different 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 comprehensive nature of our analysis, however, some important limitations should be 

acknowledged. First, while we applied normalization techniques to minimize batch effects, 

residual variability may have influenced our findings. However, the same procedures were applied 

to the datasets from the reference chemicals, where coherent clustering and coherence across 

datasets were found. Therefore, 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 

cannabinoid studies tend to be small, with most groups consisting of only around three replicates. 

This limitation reflects the current state of the field and underscores the need for larger, more 

coordinated genomic studies. To mitigate the impact of limited sample size, we adopted a meta-

analytic strategy to integrate signatures across studies, enhancing robustness through aggregated 

https://paperpile.com/c/ynlWwH/YQcE
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evidence. Third, the use of bulk transcriptomic data precludes cell type-specific resolution, which 

is critical for understanding the differential effects of cannabinoids on distinct cell populations. 

Future studies employing single-cell RNA sequencing or spatial transcriptomics, when datasets 

are available, could provide deeper insights into the cellular specificity of cannabinoid-induced 

gene expression changes. Additionally, while we focused on gene expression data, post-

transcriptional and epigenetic modifications likely play a crucial role in cannabinoid-mediated 

effects. Integrating multi-omics approaches, including proteomics and metabolomics, could 

enhance our understanding of cannabinoid biology. Lastly, our study highlights the need for 

controlled, well-designed longitudinal studies to assess the long-term impact of THC and CBD 

exposure on human health. 

In summary, this study provides a comprehensive transcriptomic analysis of THC and CBD 

across species and tissue types. Our findings demonstrate that CBD exhibits greater transcriptional 

stability compared to THC, with more consistent effects on metabolic, cell cycle, and 

inflammatory pathways. In contrast, THC-induced gene expression changes are highly variable, 

complicating the identification of robust molecular signatures. These insights have important 

implications for the therapeutic use of cannabinoids and highlight the less predictive nature of the 

long-term biological effects of THC. As the legalization and medicinal use of cannabis continues 

to expand, a deeper understanding of its molecular mechanisms will be critical for optimizing its 

clinical applications while minimizing potential risks. 
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2.5 Figures 

 

Figure 2.1. 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. Control 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 
analyzed for biological pathway enrichment, key regulators in brain gene regulatory networks, and 
disease enrichment using Mergeomics.  
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Figure 2.2. 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 corresponds 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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Figure 2.3. 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 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. Two distinct clusters 
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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Figure 2.4. Hierarchical clustering reveals clusters of datasets with concordant gene 
expression signatures in response to CBD exposure. The log2 fold changes 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. Four distinct clusters 
of concordant CBD datasets are indicated, 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 
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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 representation 
of skin-derived datasets. Clusters 2 and 3 were composed of datasets derived from one murine 
hypothalamus study and one murine liver study, respectively. 
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Figure 2.5. 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 
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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 exposures. 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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Figure 2.6. 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 studies. 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 
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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. 
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Figure 2.7. 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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Figure 2.8. Correlation and overlap analysis reveals the extent of ECS gene involvement in 
CBD- and THC-induced transcriptome perturbations. A) The normalized 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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Figure 2.9. MSEA reveals associations between cannabinoid exposure and psychiatric, 
metabolic diseases. Marker set enrichment analysis (MSEA) from Mergeomics 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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Chapter 3. ToxiOmics: A Species- and Tissue-specific Gene Signature Database and Web 

Tool to Understand Toxicological Exposures and Disease Associations 

3.1 Introduction 

Decades of industrialization has led to increased exposures of disease-inducing, toxicologically 

relevant substances such as industrial chemicals, metals, hormones, and psychoactive agents. 

However, the extent of adverse health effects as well as the underlying mechanisms remain poorly 

understood. Although animal studies have been indispensable in advancing our understanding of 

the exposome,  the growing concerns for animal welfare and sustainability in chemical testing have 

led to numerous initiatives to develop and assess alternative methodologies to traditional animal 

studies by the National Toxicology Program Interagency Center for the Evaluation of Alternative 

Toxicological Methods (NICEATM) and the National Institute of Environmental Health Sciences’ 

Interagency Coordinating Committee on the Validation of Alternative Methods (ICCVAM)123,124. 

The overall goal of such initiatives is to develop and  adopt novel alternative method (NAM) 

approaches, such as in vitro and in silico approaches to toxicological exposure studies, to reduce 

the contemporary reliance on animal studies, and relegate them to use on a much more selective 

basis1,123,124.  

 The rise of big data and systems biology approaches has underscored the utility of gene 

expression (transcriptomics) data to inform toxicological mechanisms and toxicants’ relations to 

diseases7,125–128. Early efforts to catalog toxicant-induced transcriptomic effects in response to a 

variety of toxicant exposures include the Comparative Toxicogenomics Database (CTD)19, which 

aggregates the results of toxicant-induced differential gene expression analyses on a per-study 

basis in a centralized fashion, and the Crowd Extracted Expression of Differential Signatures 

(CREEDS)20, which is a collection of community-supplied differential expression analyses in 

https://paperpile.com/c/ynlWwH/4lnty+qzXTV
https://paperpile.com/c/ynlWwH/1tBBN+4lnty+qzXTV
https://paperpile.com/c/ynlWwH/bdgbF+QDHhy+Bk2If+Dlwzi+uJNPs
https://paperpile.com/c/ynlWwH/E7WsD
https://paperpile.com/c/ynlWwH/thLAV
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response to perturbations with various drugs and toxicants. However, the CTD is constructed based 

on mining the literature for differentially expressed genes (DEGs) in response to toxicological 

exposures19,129. This leads to an inherent bias and selective reporting for genes of interest in 

particular studies and the under-reporting of all significant DEGs in response to toxicological 

exposures. Likewise, CREEDS is a crowdsourcing effort 20 with inconsistent analytical 

methodologies, biases from individual analysts, and the lack of explicit focus on and limited data 

coverage for toxicological exposures. Due to these limitations that potentially lead to the under-

coverage of toxicologically relevant genes and pathways, a new analytical methodology is needed 

to comprehensively identify and catalog toxicant-induced DEGs. Building on our recently 

established PharmOmics23, which utilized a data-driven analytical pipeline to comprehensively 

curate and reanalyze high throughput transcriptomics data and catalog DEGs across species and 

tissues in response to pharmaceutical drug exposures. We have further tested the platform in pilot 

toxicogenomics studies for various endocrine disruptors45 and cannabinoid exposures (Chapter 1). 

As an extension of the previous work, we now establish ToxiOmics, to utilize a data-driven 

analytical pipeline to determine toxicologically relevant DEGs and catalog them for query and 

downstream analysis by community users. The application of this data-driven pipeline has allowed 

the comprehensive cataloging and analysis across existing studies of various species, tissue types, 

dosage, and sample sizes to maximize power, evaluate reproducibility, and assess biological 

variability23. This pipeline allows the segregation of toxicologically-relevant gene expression 

signatures by species, dose, and tissue type, enabling the compilation of highly refined and 

organized information to accelerate toxicology research. 

 We also construct an open access interrogable web tool which allows cross-species and 

cross-tissue comparisons of transcriptomics signatures in response to toxicological exposures on 

https://paperpile.com/c/ynlWwH/E7WsD+HfLIa
https://paperpile.com/c/ynlWwH/thLAV
https://paperpile.com/c/ynlWwH/bOEmp
https://paperpile.com/c/ynlWwH/7IKA
https://paperpile.com/c/ynlWwH/bOEmp
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both a per-study and inter-study basis, as well as the integration of network biology to elucidate 

toxicological effects, represents a significant advance in the field and a possible building block for 

further NAMs in toxicology.  

 

3.2 Methods 

Overall study design 

The current version of ToxiOmics curated 304 studies of 222 toxicologically relevant compounds, 

whose raw sequencing data were posted to the Gene Expression Omnibus1301,075 species-, tissue-

, dose-, and time-segregated transcriptomics and pathway enrichment signatures. These data cover 

29 tissues across 4 species (humans, mice, rats, and rhesus macaques). From these data, we also 

derived species- and tissue-specific meta transcriptomics signatures across doses and time points 

to understand the generalizable effects of toxicological exposures. We have compiled these data 

into ToxiOmics and constructed an analytical web tool to leverage network biology through 

integration with our existing Mergeomics21,22 (designed for disease network modeling) and 

PharmOmics23 (designed for drug repositioning and drug toxicity prediction) tools. Integration of 

these tools derives gene regulatory networks (GRNs) perturbed by toxicological exposures, infers 

concordant and discordant mechanisms of action between toxicologically relevant compounds, 

and infers potential adverse effects between common toxicological exposures and pharmaceutical 

therapeutics. We demonstrate these utilities through a comparative analysis of legacy 

perfluoroalkyl substances (PFAS) and emerging “GenX” PFAS. 

 

Data curation and inclusion 

https://paperpile.com/c/ynlWwH/sUoZM
https://paperpile.com/c/ynlWwH/usfoI+Jnxgu
https://paperpile.com/c/ynlWwH/bOEmp
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We developed a semi-automated pipeline combining automated search with manual checking to 

identify relevant datasets with appropriate chemical treatments. The automated process first 

extracts datasets containing chemical names or abbreviations in CTD with associated PubMed 

Identifier (PMID) and GEO Series (GSE) accession numbers to confirm dataset availability in 

GEO. Additionally, some chemicals of interest were individually queried in GEO according to 

nomenclature in the CDC’s Toxic Substance Portal. GSE accession numbers identified by the 

automated process were manually checked to validate labels and exclude unusable false positive 

detected datasets. The resulting curated datasets met the following criteria for inclusion: 1) 

transcriptome data type (either cDNA microarray or RNA sequencing (RNASeq)); 2) derived from 

humans, mice, rats, or rhesus macaques to focus on mammalian species with translational value; 

3) sample size of at least two replicates in each of the control and treatment groups (most in vitro 

studies involve duplicates per group and most in vivo studies involve 3 biological replicates per 

group); 4) not a duplicate entry on GEO (e.g. not part of a superseries or subseries). Studies with 

multiple species, tissues, doses, and time points were stratified into individual signatures if they 

satisfied the prior criteria. 

 

Transcriptome download and processing 

Microarray data were obtained directly from GEO using the GEOquery R package48. Dataset 

metadata were processed, and cell lines and tissues were reannotated using the BRENDA Tissue 

Ontology131. Term processing followed the methodology described by Chen et al.23 As microarray 

data submitted to GEO are pre-processed and quality-controlled, the resulting expression matrices 

were only checked for normalization and log2-transformed if necessary for downstream analysis.  

https://paperpile.com/c/ynlWwH/2bwYK
https://paperpile.com/c/ynlWwH/HO3av
https://paperpile.com/c/ynlWwH/bOEmp
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RNAseq data were downloaded from the NCBI Sequence Read Archive (SRA)132 using 

the parallel-fastq-dump wrapper133 to retrieve FASTQ files. Quality control was performed using 

Trim Galore (v 0.6.6)50 and Cutadapt (v 2.1.0)51 in the Anaconda134 environment. Briefly, Trim 

Galore was used to trim low-quality base calls at the 3’ end of reads, followed by adapter sequence 

removal using Cutadapt. Short read sequences (< 20 bp) were filtered out.  

The Salmon package (v 1.10.0)52 was used to map sequencing reads to appropriate 

reference genomes (human: GRCh38.p13135, mouse: GRCm39136, rat: Rnor_6.0137, rhesus 

macaque: Mmul_10138) and quantify mapped reads. The R package Tximport (v 1.22.0)53 was used 

to import and summarize Salmon quantification results. Transcripts with fewer than one mean 

count across replicates were filtered out.  

 

Differential gene expression analysis of stratified and meta transcriptomics signatures 

For studies with multiple doses and/or time points, each dose and time was treated as a separate 

dataset to derive dose- and time-specific transcriptomics signatures. For single signatures, DEG 

analysis was performed by high performing gold-standard DEG analysis tools appropriate for 

different data types139. Linear Models for Microarray Data (LIMMA)54 was used for microarrays 

and DESeq255 was used for RNAseq data to infer DEGs at FDR < 0.05.  

We further conducted meta-analysis to derive consensus DEGs for each chemical by 

species and tissue (e.g. across doses and time points), which likely represent generalizable targets 

of exposure across conditions,  using the RobustRankAggreg R package57 to perform robust rank 

aggregation. Briefly, genes were ranked by the magnitude of their log2 fold changes to determine 

the most significantly altered genes in each signature. Then, robust rank aggregation was applied 

https://paperpile.com/c/ynlWwH/113WY
https://paperpile.com/c/ynlWwH/mUdAH
https://paperpile.com/c/ynlWwH/pE4Ah
https://paperpile.com/c/ynlWwH/D1S9X
https://paperpile.com/c/ynlWwH/13HnG
https://paperpile.com/c/ynlWwH/MOFxT
https://paperpile.com/c/ynlWwH/p9pjj
https://paperpile.com/c/ynlWwH/bR2Hb
https://paperpile.com/c/ynlWwH/ixbF3
https://paperpile.com/c/ynlWwH/N0u9a
https://paperpile.com/c/ynlWwH/eJWvQ
https://paperpile.com/c/ynlWwH/3QF7u
https://paperpile.com/c/ynlWwH/hF7VX
https://paperpile.com/c/ynlWwH/Fj2fB
https://paperpile.com/c/ynlWwH/2ksYF
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and genes at FDR < 0.05 were taken as meta-DEGs. The overall workflow of the data curation, 

signature generation, and integration into ToxiOmics is shown in Fig. 3.1. 

 

Pathway enrichment analysis 

To better understand the biological processes represented by the tissue-specific DEGs, pathway 

enrichment analysis of DEGs was performed on DEGs derived from single and meta signatures. 

Kyoto Encyclopedia of Genes and Genomes (KEGG)140 and Gene Ontology Biological Processes 

(GOBP)141, and DisGeNET82 pathway databases were used to functionally annotate the DEGs. 

First, to ensure consistency in pathway annotation across species, the gene symbols of mouse, rat, 

and rhesus macaque DEGs were converted to human ortholog symbols using ortholog information 

from the HGNC consortium142. Enrichment analysis was then performed on all significant DEGs 

using the EnrichR R package58. Biological pathways meeting the FDR < 0.05 threshold were 

incorporated into the ToxiOmics database. 

 

Assessment of concordance and discordance in transcriptomic response to exposures across 

studies  

To compare the species-, tissue-, dose-, and time-stratified transcriptomic responses in ToxiOmics, 

we assessed the correlative relationship in transcriptomic changes between studies and generated 

correlation-based clustering heatmaps. Briefly, the normalized log2FC values for all genes from 

each stratified transcriptome dataset are compiled into a dataframe in R, during which process the 

genes of each signature are converted to human orthologs using HCOP gene symbols for each 

species143. The resulting dataframe, containing the normalized log2FC values across studies, is 

then used to calculate non-parametric Spearman’s rank correlation coefficients between pairs of 

https://paperpile.com/c/ynlWwH/2qCgf
https://paperpile.com/c/ynlWwH/XgZAx
https://paperpile.com/c/ynlWwH/IA59M
https://paperpile.com/c/ynlWwH/pZteN
https://paperpile.com/c/ynlWwH/LVMyZ
https://paperpile.com/c/ynlWwH/esL8l
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transcriptomics datasets. These correlation coefficients are used to generate unsupervised clusters 

and heatmaps using the R package ComplexHeatmap144, where datasets with similar 

transcriptomic patterns are clustered closer to each other.  

 

Gene regulatory network key driver analysis 

Previously, we constructed species- and tissue-specific GRNs from gene expression data, eQTLs 

from GTEx, and tissue-specific transcription factor and target gene pairs utilizing the 

Reconstructing Integrative Bayesian Networks (RIMBANet) tool145. Following the selection of 

the appropriate species- and tissue-specific Bayesian GRN that match the exposure study design, 

unweighted key driver analysis (KDA) is performed on DEG signatures. KDA is performed using 

the associated function from Mergeomics21,22. KDA detects potential key drivers (KDs) of 

toxicological DEG signatures based on the topology of the constructed Bayesian GRNs. A KD is 

defined as a gene connected to a significantly larger number of input signature genes compared to 

the expected number for a randomly selected network gene within a given GRN based on a Chi-

square-like statistic21.  KDs and input DEG signatures within the tissue-specific GRN are 

visualized using Cytoscape60. 

 

Measurement of DEG signature similarity between exposures 

We used two different approaches to assess the similarity between the transcriptomic signatures 

of toxicologically relevant compounds, as developed in PharmOmics23. The first approach is based 

on signature overlaps and uses a signed Jaccard score. The signed Jaccard score takes as input the 

upregulated genes in the first chemical signature (a1), the upregulated genes in the second 

chemical signature (b1), the downregulated genes in the first chemical signature (a2), and the 

https://paperpile.com/c/ynlWwH/gkKGP
https://paperpile.com/c/ynlWwH/uEw59
https://paperpile.com/c/ynlWwH/usfoI+Jnxgu
https://paperpile.com/c/ynlWwH/usfoI
https://paperpile.com/c/ynlWwH/hEJTa
https://paperpile.com/c/ynlWwH/bOEmp
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downregulated genes in the second chemical signature (b2), and is calculated according to the 

following formula: 

𝐽(𝐴, 𝐵) =
|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵|

 

𝑠𝑖𝑔𝑛𝑒𝑑	𝐽𝑎𝑐𝑐𝑎𝑟𝑑	𝑠𝑐𝑜𝑟𝑒 = 𝐽(𝑎1, 𝑏1) + 𝐽(𝑎2, 𝑏2) − 𝐽(𝑎1, 𝑏2) − 𝐽(𝑎2, 𝑏1) 

The second method, as also established in PharmOmics23, uses a distance measure derived from 

the mean of the shortest path lengths between network key drivers of the first chemical gene 

signature (A) and the second chemical gene signature (B) in a given Bayesian GRN based on a 

key driver analysis from Mergeomics21,22 as described above. The distance measure is calculated 

according to: 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒	(𝐵, 𝐴) = 	
1
‖𝐴‖

∑!∈#min𝑏	 ∈ 𝐵	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒	(𝑏, 𝑎) 

This distance measure, described in PharmOmics, is adapted from a previous study using protein 

interaction networks146. 

 

Web server implementation 

To allow easy data access and use of ToxiOmics, we have created a freely accessible web tool 

deployed on the same Apache server used to host Mergeomics21,22 and PharmOmics23. Integration 

with these resources allows for the use of the Mergeomics computational pipeline for integrative 

analysis of multi-omics datasets to derive disease-associated pathways, networks, and network 

regulators, and previously constructed Bayesian networks to conduct Key Driver Analysis (KDA) 

using our ToxiOmics DEG signatures.  

 

The ToxiOmics tool contains functions to query and view exposure DEGs and pathways, assess 

disease associations, and compare chemical DEG signatures using gene overlap-based and 

https://paperpile.com/c/ynlWwH/bOEmp
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network-based approaches. The gene overlap-based approach using a signed Jaccard score, and 

the network-based approach using network repositioning, apply the same methodology as was 

used in the respective analytical methods described above and in PharmOmics23. The web server 

allows for the selection of toxicologically relevant compounds to compare, and for the uploading 

of custom gene sets of interest to carry out these analyses to determine toxicologically relevant 

compounds that are enriched for gene sets of interest to the end user. 

 

3.3 Results 

Constructing the ToxiOmics database from species-, tissue-, dose-, and time-stratified DEG 

signatures of toxicologically relevant compounds 

As illustrated in Fig. 3.2, we began with a list of 222 toxicologically relevant compounds cross-

referenced between CTD and GEO. Our curated compounds encompass an array of toxicologically 

relevant exposures, including but not limited to persistent organic pollutants like perfluoroalkyl 

substances (PFAS), endocrine disrupting chemicals, air pollutants, metals, pesticides, and 

psychoactive compounds. These compounds were selected based on their presence in CTD with 

citations that also had associated GSE accession numbers in GEO for raw data access. The 

resulting GSE accession numbers were checked for suitability for inclusion based on our criteria, 

and subsequently analyzed to detect DEGs and enriched pathways in a species-, tissue-, dose-, and 

time-stratified fashion. Numbers of datasets, species and tissue coverage information, and platform 

and exposure type information are shown in Fig. 3.3. The stratified DEG signatures were also used 

to compute species- and tissue-specific meta-DEG signatures across doses and times of exposure 

to catalog the generalizable, conserved transcriptomic effects of toxicants across conditions. 

Inspection of the datasets indicated more human-derived signatures than any of the other species 

https://paperpile.com/c/ynlWwH/bOEmp


 

 60 

(Fig. 3.3A), a higher coverage for the liver relative to other tissues (Fig. 3.3B), slightly more in 

vitro than in vivo study designs (Fig. 3.3C), and a higher number of cDNA microarray-derived 

signatures than RNASeq signatures (Fig. 3.3D). This higher representation of microarray datasets 

is not particularly surprising, as cDNA microarray was the dominant technology in gene 

expression studies prior to the adoption of RNASeq in the more recent decade147.  

 

Web server implementation 

To allow easy access and use of the ToxiOmics database, we have implemented it with our existing 

Mergeomics21,22 and PharmOmics23 tools to provide chemical DEG and pathway signature query, 

species- and tissue-level comparison, comparison between chemicals using gene overlap- and 

network-based approaches, and chemical GRN visualization (Fig. 3.4). The ToxiOmics web server 

contains three main functions. First, both stratified and meta DEG and pathway signatures can be 

queried, and species- and tissue-level comparative analyses to determine similarities and 

differences between chemicals can be conducted. Second, chemicals can be compared in more 

detail via an overlap-based and correlation-based approach. In this function, chemicals can be 

compared for transcriptomic effect similarity based on the degree of overlap of their up- and 

downregulated DEGs using the signed Jaccard score approach established in PharmOmics23. 

Chemicals can also be compared using a global correlation -based approach by calculating 

Spearman’s correlation coefficient across the changes (logFCs) of all genes for each chemical and 

performing hierarchical clustering analysis. The resulting clustering patterns, along with the 

relative similarity of each study based on the measured perturbations in gene expression, are output 

as heatmaps. The third function of the ToxiOmics web server utilizes a network-based approach 

to compare chemicals to each other and to pharmaceutical drugs from PharmOmics. This Bayesian 

https://paperpile.com/c/ynlWwH/6e7qr
https://paperpile.com/c/ynlWwH/usfoI+Jnxgu
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GRN distance measure-based approach, outlined in our methods and described in detail in 

PharmOmics23, assesses the subnetworks impacted by chemical-induced transcriptomic changes, 

and can be used to infer concordant or discordant effects based on the directionality of within-

subnetwork genes impacted by each chemical exposure. These features are all showcased in the 

following case study comparing legacy PFAS chemicals, which are being phased out due to their 

pollutant and chronic health effects148–152, with emerging replacement “GenX” shorter-chain PFAS 

chemicals153 

 

PFAS as a use-case for ToxiOmics 

PFAS are a class of persistent organic pollutants which have been used in a variety of industrial 

applications154. Elevated PFAS exposure levels are associated with numerous disorders including 

hypercholesterolemia, hepatic steatosis, thyroid disease, ulcerative colitis, and cancers of the liver, 

kidney, breast, and testes155. The fluorocarbon bonds of PFAS make them highly resistant to 

degradation and enable accumulation in the liver, kidney, bone, and blood, with a slow serum 

elimination half-life of 4-5 years156. PFAS generally fall into two categories. “Legacy” PFAS 

include representative compounds perfluorooctanoate (PFOA), perfluorononanoate (PFNA), and 

perfluorooctane sulfonate (PFOS). This category of PFAS was widely adopted in applications 

including food packaging and firefighting foam before their toxicological risk profiles were 

properly understood, leading to a significant lag in toxicity evaluation and exposing the population 

to then-unknown health risks151,157. After the toxic effects were identified, these compounds were 

phased out and replaced with the ostensibly safer “GenX” compounds such as 

hexafluoropropylene oxide dimer acid (HFPO-DA). While GenX compounds are more rapidly 

https://paperpile.com/c/ynlWwH/bOEmp
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broken down due to their shorter fluorocarbon chains, they have been found to exhibit toxic effects 

in their own right158 and are potential precursors of legacy PFAS159. 

Due to the relatively understudied nature of the emerging GenX PFAS compounds, we 

sought to gain mechanistic insight based on the comparison of their transcriptomic effects to those 

of the legacy PFAS compounds. In ToxiOmics, 21 signatures derived from 8 GSEs were curated 

for legacy PFAS, and 5 signatures derived from 2 GSEs for GenX. Among these, mouse liver 

studies dominate. We began by comparing the meta DEG and pathway signature sizes for the 

mouse liver using the first function of ToxiOmics (Fig. 3.5). At the DEG level, GenX had the 

highest number of both total and unique meta DEGs, with PFOA having the next highest numbers 

(Fig. 3.5A). At the pathway level, however, PFOA had the highest number of both total and unique 

perturbed pathways(Fig. 3.5B). These comparison results suggest high degrees of perturbation 

exhibited by both GenX and PFOA.  

 To further investigate potential similarities in transcriptomic perturbations upon exposure 

to legacy and emerging GenX PFAS, we then conducted a correlation analysis using the second 

function of ToxiOmics to assess concordance of changes (logFC) in global gene expression 

between chemicals (Fig. 3.6) using Spearman’s correlation and hierarchical clustering analysis. 

The clustering heatmap revealed a large central cluster of PFOA and HFPO-DA (GenX) 

transcriptomics signatures across doses and developmental stages (e.g. effects on the maternal vs. 

fetal livers after in utero exposure to HFPO-DA) (Fig. 3.6, boxed in blue). By comparison, other 

PFAS chemicals showed weaker correlations and clustering with PFOA and HFPO-DA (Fig. 3.6, 

boxed in green), but retained positive correlations, indicating weaker similarity in transcriptomic 

perturbations of the murine liver. 

https://paperpile.com/c/ynlWwH/1Wv22
https://paperpile.com/c/ynlWwH/A09pq
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At the pathway level (Fig. 3.7), PPAR signaling and lipid metabolism are strongly 

perturbed across all the PFAS compounds, with additional alterations in insulin signaling and 

resistance, and FoxO signaling and cell cycle alterations. These results are consistent with the 

documented effects of PFAS exposure160,161. PFAS exposure has also been associated with insulin 

resistance and diabetes onset in epidemiological studies162–164. Perturbations in cell cycle 

regulation and FoxO signaling are associated with cancer165–168, and are consistent with the status 

of PFAS as potential hepatocarcinogens. The enrichment for these pathways not just in the legacy 

PFAS, but also in the relatively understudied GenX, indicating that similar mechanisms of toxicity 

and disease mediation may be at play. 

To evaluate network level similarity or differences across PFAS chemicals, we leveraged 

the integration of ToxiOmics with Mergeomics to conduct key driver analysis (KDA). We took 

the top 300 DEGs by FDR (all genes had FDR < 0.05) in the murine liver meta DEG signature of 

each compound, converted to human ortholog gene symbols, and conducted KDA as outlined in 

Mergeomics using the Bayesian human liver GRN21,22. This analysis revealed 12 key drivers 

(KDs), with 9 of those KDs being detected as DEGs in multiple PFAS compounds, and 10 of them 

being shared KDs across multiple PFAS compounds (Fig. 3.8). These KDs reveal significant 

shared biological perturbations induced in both legacy PFAS and GenX exposures. Among the 

most significant KDs in both legacy PFAS and GenX exposures were VNN1, an oxidative stress 

sensor heavily implicated in hepatic gluconeogenesis and PPARα-driven lipid metabolism169–171, 

and PEX11A, a peroxin with significant roles in PPAR-mediated lipid metabolism and the reaction 

to oxidative stress172–174.  

The other KDs shared between the legacy PFAS and GenX are also largely involved in 

lipid metabolism, and perturbations in their expression as detected here are linked to the 

https://paperpile.com/c/ynlWwH/LKIlO+5VWzZ
https://paperpile.com/c/ynlWwH/1hO7m+AqWGo+VQBLg
https://paperpile.com/c/ynlWwH/uyqzD+S4Gap+fvo7G+uwNIx
https://paperpile.com/c/ynlWwH/usfoI+Jnxgu
https://paperpile.com/c/ynlWwH/3GuFJ+nC3vl+cU5Td
https://paperpile.com/c/ynlWwH/07dO1+aOUAV+Aa57q
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progression of associated liver diseases. ACOT2, a shared KD between all four compounds, drives 

mitochondrial fatty acid oxidation175, regulates Acyl-CoA metabolism which initiates fatty acid 

metabolism176, and is associated with abnormal lipid metabolism and worse outcomes for cancer 

patients177. CD36 has been thoroughly linked to lipid metabolism and deposition178,179, so much 

so that the degree of its involvement has drawn the attention of researchers as a potential target for 

therapeutic intervention to counteract Non-Alcoholic Fatty Liver Disease (NAFLD)180,181. Our 

network analysis also implicates CIDEC as a discordant KD between the legacy PFAS and GenX, 

as this gene was shared between only the three legacy PFAS compounds (Fig. 3.8). However, 

CIDEC has a number of relevant functional associations implicated in both the legacy PFAS and 

GenX which indicate a concordant mechanism. CIDEC has been documented to have functional 

associations with lipid droplet formation and lipid deposition182,183, PPARα signaling in the 

development of hepatosteatosis184, PPARγ in lipid droplet aggregation in the liver185, and 

triglyceride accumulation in adipocytes186. Taken together, these results indicate that both legacy 

PFAS and GenX increase the risk of liver disease through lipid metabolism, specifically through 

PPARα- and PPARγ-mediated processes.    

 Finally, several of the KDs have also been implicated in liver fibrosis and cancer. The 

shared KDs DECR1 and SLC22A5 have been linked to liver fibrosis and non-alcoholic 

steatohepatitis (NASH)187 and liver cancer-relevant intercellular transport188, respectively. TAT, a 

legacy PFAS-specific KD (Fig. 3.8), has been shown to enhance hepatocarcinogenesis 

pathways189,190. Another legacy PFAS-specific KD, WEE1, has been associated with liver cancer 

and cisplatin resistance in vitro191,192. These findings are consistent with epidemiological studies 

which have associated increased PFAS levels with higher incidences of liver cancer and thus raised 

concern about PFAS as potential hepatocarcinogens193,194.  

https://paperpile.com/c/ynlWwH/Awpgh
https://paperpile.com/c/ynlWwH/Up4rU
https://paperpile.com/c/ynlWwH/ojRFb
https://paperpile.com/c/ynlWwH/PKg4I+MyWVV
https://paperpile.com/c/ynlWwH/ovoYA+jMExi
https://paperpile.com/c/ynlWwH/ONU0L+HyBWA
https://paperpile.com/c/ynlWwH/VypdG
https://paperpile.com/c/ynlWwH/ulIk2
https://paperpile.com/c/ynlWwH/mF7i9
https://paperpile.com/c/ynlWwH/bv9FX
https://paperpile.com/c/ynlWwH/L98nJ
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Leveraging PFAS mechanistic insights from ToxiOmics to predict potential interactions with 

therapeutic drugs 

Due to the ubiquity of PFAS exposure in the human population195–197, we sought to determine 

whether PFAS exposure interacts with certain pharmaceutical drugs used to treat diseases 

associated with the major PFAS target pathways. Thus, we focused on Pioglitazone, a PPARγ 

agonist used to treat type II diabetes198,199, and sought to leverage the third function of ToxiOmics 

and the integration of ToxiOmics with PharmOmics23 to examine network level concordance 

between PFAS and Pioglitazone. Adapting the network-based repositioning approach described in 

PharmOmics23, we utilized the third function of ToxiOmics to assess the similarity between the 

Pioglitazone liver meta signature and the liver meta signature of the legacy PFAS compound 

PFOA. The resulting human liver GRN, with shared member genes enlarged, is shown in Fig. 3.9. 

Genes altered in opposite directions by pioglitazone and PFOA included the PFOA KDs TAT and 

CD36 (Figs. 3.8, 3.9), APOA5, which has been associated with NAFLD200–202, and genes with 

associations to abnormalities in lipid metabolism and hepatic steatosis including CTH203,204, 

ITIH3205, CDO1206, and ME1207. The identification of these oppositely-altereded shared network 

member genes in the liver GRN by PFOA and pioglitazone implicate potential antagonistic effects 

that may reduce the efficacy of pioglitazone treatment in individuals with high levels of PFOA 

exposure. 

 

3.4 Discussion 

Here, we introduce ToxiOmics, a transcriptome-based database and web tool to systematically 

catalog and analyze transcriptomic signatures of toxicologically relevant exposures. We curated 

species-, tissue-, dose-, and time-stratified DEG and pathway signatures for 222 compounds and 

https://paperpile.com/c/ynlWwH/09k0l+rQHie+C3myg
https://paperpile.com/c/ynlWwH/ujOfG+qwUCX
https://paperpile.com/c/ynlWwH/bOEmp
https://paperpile.com/c/ynlWwH/bOEmp
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https://paperpile.com/c/ynlWwH/jeZgX+Z01f7
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determined species- and tissue-level meta DEG and pathway signatures. By integrating these with 

advanced systems biology approaches including network analysis from Mergeomics21,22, gene 

overlap- and network-based signature comparison approaches from PharmOmics23, and gene 

signature comparison, we provide a framework for mechanistic toxicology research and 

translational discovery. Our proof-of-concept application of ToxiOmics to PFAS chemicals 

illustrates the utility of this resource in elucidating conserved and diverging mechanisms of 

toxicity, identifying KDs perturbed by legacy PFAS and emerging GenX exposure, and evaluating 

potential chemical-drug interactions. 

 Our first major contribution is the assembly of a large-scale, curated resource of toxicant-

induced transcriptomic signatures. Drawing on CTDand GEO, we identified 222 toxicologically 

relevant compounds with sufficient transcriptomics data to be incorporated into ToxiOmics. These 

compounds spanned diverse chemical classes and covered many categories of high toxicological 

relevance, including persistent organic pollutants, endocrine disruptors, metals, pesticides, air 

pollutants, and psychoactive compounds (Fig. 3.2). 

 The curated database revealed several patterns reflective of the broader history of 

toxicogenomics research. Notably, there was a higher representation of human and liver datasets 

relative to other species and tissues, which is the result of the extensive use of in vitro human cell 

line studies in toxicogenomics research208,209,210. The enrichment of liver datasets relative to other 

tissues reflects the liver’s central role in xenobiotic metabolism which has made it the target of 

toxicologists. These species and tissue biases highlight both the strengths and limitations of 

currently available transcriptomics datasets, as although human and liver models provide rich, 

translatable data for specific mechanistic insights, coverage gaps exist for other species and tissues. 

https://paperpile.com/c/ynlWwH/usfoI+Jnxgu
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 Nevertheless, the computation and inclusion of species- and tissue-specific meta signatures 

across doses and timepoints represents a significant advantage in understanding the broad effects 

of toxicological exposures. These meta signatures capture more robust transcriptional responses 

that are conserved across variable exposure conditions, demonstrating the core biology at play in 

these toxicological perturbations. We previously successfully applied this approach in 

PharmOmics, and meta analyses in general have long been used to enhance cross-study signal 

detection. Our application of this principle to toxicological exposures provides a new opportunity 

to derive consensus, data-driven toxicogenomic signatures and overcome experimental 

heterogeneity.  

 In this work, we used PFAS as a ToxiOmics case study to demonstrate the resource’s 

capacity for mechanistic toxicology research. Murine hepatic meta-signatures showed that GenX 

produced the most DEGs and clustered tightly with PFOA across doses and developmental stages, 

with PFOS and PFNA showing weaker positive associations. These results are consistent with 

reports that PFOA and GenX elicit similar hepatic and intestinal histopathology, and liver 

metabolic and intestinal mucosal barrier impairments in mice211, and suggest that shorter-chain 

replacement PFAS are not mechanistically safer than their longer-chain legacy PFAS counterparts. 

Integrating ToxiOmics with Mergeomics KDA21,22 prioritized KDs, most of which were shared 

across compounds, linked to PPARα- and PPARγ-mediated lipid metabolism (e.g. VNN1, 

PEX11A, ACOT2, CD36) and processes central to PFAS-associated liver  phenotypes212–215. 

CIDEC appeared to be legacy PFAS-specific, however its functions in lipid droplet aggregation, 

PPARγ-driven triglyceride accumulation, and steatosis align with the same lipid-centric 

mechanism182–185. Cancer-related KDs (e.g. WEE1, TAT) further support epidemiologic 

associations between PFAS and hepatocellular carcinoma193,194,216,217. Pathway enrichment 

https://paperpile.com/c/ynlWwH/hwI5c
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highlighted PPAR signaling, lipid metabolism, insulin signaling and resistance, FoxO signaling, 

and cell cycle regulation. These align with dysfunctional lipid metabolism218, diabetes and insulin 

resistance219,220, and cancer193, which are concerning amid rising metabolic disease prevalence and 

the prevalence of PFAS exposure221. Finally, via PharmOmics23 integration, we demonstrated that 

PFOA and the PPARγ agonist pioglitazone display oppositely directed subnetworks, highlighting 

how environmental exposures might antagonize or synergize with therapies and motivating 

targeted follow-up experiments. 

 As a whole, ToxiOmics serves as a powerful resource to derive toxicological insight and 

motivate future follow-up experiments. Our data-driven approach to derive comprehensive 

species-, tissue-, dose-, time-stratified and cross-dose, cross-tissue meta DEG signatures that 

consider global gene expression is unique over existing toxicogenomics resources, whose reliance 

on the literature and crowdsourcing introduces potential biases and limitations associated with 

selective gene reporting. The integration of ToxiOmics with our other multiomics tools enables 

researchers to leverage network biology to more thoroughly understand and compare the effects 

of toxicants to each other, and identify potential synergistic and antagonistic effects of the 

combination of therapeutic drug treatments with high environmental toxicological exposure 

burdens that may warrant future experimental investigation. The overlap-based approaches to 

exposure comparisons also invite users to query gene sets of interest to identify relevant associated 

toxicological exposures, thereby guiding future comparative mechanistic study. ToxiOmics 

represents a significant advance in the application of transcriptomics data-driven approaches to 

studying toxicology with broad applications to fully leverage this data type. 

Despite the advances made by ToxiOmics, we must acknowledge some potential 

limitations. The reliance on publicly available GEO datasets introduces potential biases toward 

https://paperpile.com/c/ynlWwH/O3x1c
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certain species, tissues, and platforms, as demonstrated by the higher prevalences of human, liver, 

and microarray datasets. While we determined meta DEG and pathway signatures in an attempt to 

mitigate the issue, differences in dose, duration, and experimental conditions will naturally lead to 

variability in DEG signatures which remains, especially in relatively poorly represented chemicals, 

species, and tissues. Further, although we employ cross-species ortholog mapping to enhance 

cross-species comparison, interspecies differences in toxicodynamics and toxicokinetics 

complicate the direct extrapolation of ToxiOmics data to human health outcomes222. Finally, 

ToxiOmics currently only incorporates transcriptomics data, leaving open questions about 

toxicological perturbations at other omics layers including the metabolome, proteome, and 

epigenome. In light of these challenges, future versions of ToxiOmics will expand data and 

chemical coverage to include more relevant RNAseq studies conducted since the explosion in 

popularity of the method, and further integrate with our Mergeomics and PharmOmics tools while 

also expanding into other omics layers to enable further understanding of the multiomic effects of 

toxicological exposures. Additionally, due to the reliance of studies of single-chemical exposures, 

ToxiOmics will also be expanded to account for exposures to toxicant mixtures to better reflect 

the real conditions in which human populations are exposed to toxicants.  

Overall, ToxiOmics represents a novel toxicogenomics resource enabling the systematic 

exploration and comparison of the transcriptomic responses to toxicants. Integration with our 

Mergeomics and PharmOmics tools enables powerful analytical capabilities to glean insight into 

the GRN perturbations of toxicant exposures, compare toxicants to each other and to 

pharmaceutical drugs, and detect toxicants enriched for various biological pathway gene sets. By 

making ToxiOmics publicly available, we aim to catalyze further mechanistic toxicology research, 

support risk assessment, and foster translational applications to identify human health outcomes 

https://paperpile.com/c/ynlWwH/o172f
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associated with toxicological exposures. Ultimately, ToxiOmics represents a step toward more 

integrative, systems biology data-driven approaches to toxicogenomics research which will be 

fully realized through iterative expansion and integration across omics layers. 
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3.5 Figures 

 

 

Figure 3.1. ToxiOmics analytical workflow. ToxiOmics signatures are derived from either 
cDNA microarray or RNAseq experiments. Microarray datasets are analyzed using our limma 
pipeline while RNASeq datasets are analyzed using our Salmon-DESeq2 pipeline to detect DEGs, 
which are used for downstream pathway enrichment and network based analysis, and included for 
use in the other comparative analyses enabled by the ToxiOmics web server. 
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Figure 3.2. Chemical classes included in ToxiOmics. This is an overview of the important 
toxicologically relevant classes of chemical compounds contained in the ToxiOmics database. 
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Figure 3.3. ToxiOmics signature coverage summaries. ToxiOmics contains 1,075 stratified 
DEG signatures derived from 304 studies posted to GEO of 222 toxicologically relevant 
compounds across 4 species and 29 tissues. A) The number of signatures associated with each 
species included in ToxiOmics. B) The number of signatures associated with each tissue type 
included in ToxiOmics. C) The number of signatures associated derived from either in vitro or in 
vivo exposure types in ToxiOmics. D) The number of signatures derived from either cDNA 
microarray or RNAseq experiments in ToxiOmics. 
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Figure 3.4. An overview of the data contained within ToxiOmics and the functional 
applications of the web tool. ToxiOmics derives species-, tissue-, dose-, and time-stratified DEG 
signatures from publicly available transcriptomics data associated with toxicologically relevant 
exposures. ToxiOmics also derives species- and tissue-specific meta DEG signatures to capture 
the robust transcriptomic effects across doses and lengths of exposure. These signatures are used 
to determine biologically enriched pathways and compare toxicants to each other using overlap-, 
coexpression-, and network-based approaches. Users can also supply gene sets of interest to 
determine toxicologically relevant compounds in which the gene sets are enriched. Integration 
with Mergeomics and PharmOmics enables the visualization of key driver networks and the 
prediction of potential interactions between toxicants and pharmaceutical drugs. 
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Figure 3.5. Comparison of murine liver meta DEG and pathway signatures for legacy PFAS 
compounds and GenX. The murine liver meta DEG and pathway signatures for the legacy PFAS 
compounds PFOA, PFNA, and PFOS, and the emerging replacement shorter-chain PFAS 
compound GenX were pulled from ToxiOmics. A) Comparison of the meta DEG signature sizes 
reveals that GenX has the most unique DEGs, followed by PFOA. GenX and PFOA share the 
highest number of DEGs out of any pair of compounds, and several hundred DEGs are observed 
in all four PFAS compounds, indicating relatively similar transcriptomic effects. B) Comparison 
of the meta pathway sizes reveals that both GenX and PFOA have high numbers of uniquely 
perturbed pathways in the murine liver. More than 50 pathways are perturbed in all four PFAS 
compounds, again highlighting relatively similar transcriptomic effects. 



 

 76 

 
 

Figure 3.6. Clustering analysis reveals transcriptomic similarities between legacy PFAS 
compounds Perfluorooctanoic acid (PFOA), Perfluorooctane sulfonic acid (PFOS), 
Perfluorononanoic acid (PFNA), and Hexafluoropropylene oxide dimer acid (HFPO-DA, 
“GenX”) across doses, durations of exposure, and developmental stages. This heatmap shows 
the correlation in global gene expression patterns across stratified signatures associated with each 
PFAS compound cataloged in ToxiOmics. Spearman’s rank correlation coefficients were used to 
assess the correlation between signatures, and hierarchical clustering was performed to order the 
signatures based on how similar they are to each other. Redder hues indicate signatures in which 
the magnitude and direction of the changes in the expression of all genes are more similar, while 
bluer hues indicate dissimilarity. The tight central cluster, surrounded by a blue box, contains 
PFOA and GenX stratified signatures, indicating a high degree of similarity between these two 
compounds relative to the rest of the legacy PFAS. This central cluster also includes GenX 
signatures derived from different developmental stages of mice, indicating potentially preserved 
transcriptomic responses to GenX exposure across life stages. A slight extension of this cluster, 
indicated with the green box, includes the other legacy PFAS compounds PFOS and PFNA. This 
close ordering after hierarchical clustering, combined with their red hued heatmap cells, indicate 
transcriptomic similarity between these compounds, PFOA, and GenX, albeit to a lesser degree 
than PFOA and GenX have to each other. 
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Figure 3.7. Pathway enrichment analysis reveals shared biological pathway perturbations 
elicited by the transcriptomic response to both legacy PFAS and GenX exposure in the 
murine liver. The murine liver meta DEG signatures of each PFAS compound were used for 
pathway enrichment analysis of KEGG and GO pathways with EnrichR. Pathways with a lower 
FDR are shown in darker red hues, and the size of the circle corresponds to the significance of 
EnrichR’s Enrichment Score metric. Significant pathways shared between legacy PFAS 
compounds and GenX include PPAR signaling, lipid metabolism processes, pathways related to 
insulin resistance, and signaling and cell cycle pathways related to cancer. 
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Figure 3.8. Key driver analysis reveals shared key drivers of the transcriptomic response to 
both legacy PFAS and GenX exposure in the murine liver. The top 300 murine liver meta DEGs 
by FDR were used as inputs for KDA via Mergeomics integration in ToxiOmics. Network nodes 
are colored according to the chemical compounds for which they were detected as murine liver 
meta DEGs. Larger nodes are key drivers, and their border color indicates the chemical compounds 
for which they are key drivers. Of the 12 detected key drivers, 7 are key drivers in the 
transcriptomic response to perturbation by each of the 4 PFAS compounds, suggesting a high 
degree of similarity in the transcriptomic response between the legacy PFAS compounds and 
GenX. 
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Figure 3.9. Network-based comparative analysis highlights potential antagonistic effects 
between PFOA exposure and pioglitazone treatment. Through integration with PharmOmics, 
both the murine liver meta DEG signature and the pioglitazone human meta DEG signature were 
mapped to the Bayesian human liver GRN. The murine liver meta DEG signature was first 
converted to human ortholog gene symbols prior to the analysis. Using the network distance metric 
outlined in PharmOmics, the signatures were compared to identify subnetworks perturbed by each 
signature and examine their degree of overlap. Shared network member genes are enlarged, and 
genes are colored according to the signature in which they are meta DEGs. The labels of genes 
that are expressed in the same direction are colored in grey, while those of genes expressed in 
opposite directions are colored in black. The labels of non-shared genes are colored in grey to 
emphasize the shared genes that are expressed in different directions. The difference in direction 
of expression in the meta signature indicates that the transcriptomic responses in these subnetworks 
are potentially antagonistic between PFOA and pioglitazone exposure/treatment, prioritizing these 
genes for further study to examine whether a true antagonistic effect is elicited. 
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Chapter 4. Computational Integration of In Vivo Single Cell and In Vitro Bulk 

Transcriptomics Across 221 Human and Mouse Datasets Differentiates Physiological versus 

Non-Physiological Hepatic Cell Lines for Hepatotoxicity Screening 

4.1 Introduction 

In recent years, the field of toxicology has pursued the implementation of novel alternative method 

(NAM) approaches to increase the sustainability and ethicality of biomedical research4,223,224. One 

area of intense NAM focus has been the development of in vitro experimental paradigms as 

alternatives to traditional animal testing225,226. However, the selection of suitable in vitro models 

for toxicity testing is a challenge with many important considerations. 

         In vitro cell culture utilizes either primary cells or immortalized cell lines. Primary cells, 

which come directly from donor tissues, are known for their ability to maintain in vivo functionality 

within a limited timeframe (e.g., gluconeogenesis within 48 hours for primary hepatocytes) and 

are a great proxy for studying in vivo processes in vitro227–229. However, primary cells are short-

lived, highly variable between donors, and not a renewable resource, making it difficult to replicate 

experiments and to test the cells under multiple or prolonged conditions. One solution to this 

challenge is immortalized cell lines, which have been modified to proliferate indefinitely and can 

be maintained for a long period of time230. However, the immortalization processes, such as genetic 

modification or the introduction of external agents to growth media, are known to induce 

functional modification that differentiates immortalized cell lines from in vivo tissue231. Therefore, 

the higher replicability derived from cell lines must be balanced against the functional deficiencies 

induced through immortalization. 

To select immortalized cell lines for in vitro studies, common considerations include the 

presence of key marker genes or genetic abnormalities of interest, the developmental stage of the 

https://paperpile.com/c/ynlWwH/Ixt9w+hQRX+wpnX
https://paperpile.com/c/ynlWwH/nZJs+8bRJ
https://paperpile.com/c/ynlWwH/kgvk+JeRj+xWB6
https://paperpile.com/c/ynlWwH/84JA
https://paperpile.com/c/ynlWwH/WL5p
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tissue from which the immortalized cell lines were established, the up- or down-regulation of 

specific biological processes of interest, and compatibility with experimental procedures or 

assays24–27. In addition to these criteria, it is also important to consider the baseline physiological 

and toxicological relevance of the cell lines. Incorporating cell lines which are both maximally 

compatible with experimental conditions and optimally reflective of in vivo physiology and 

toxicological responses will lead to more impactful and translatable in vitro toxicity studies. 

         The transcriptome is an informative gauge of cellular function. Changes in gene expression 

patterns have long been used to elucidate the molecular and functional effects of chemical 

compounds in exposure studies, as differentially expressed genes (DEGs) may be used to identify 

important cellular and gene regulatory processes altered by exposure to toxicants7. As proof-of-

concept, transcriptome-based drug exposure signatures have proven to be effective and accurate 

to guide drug repositioning and drug toxicity studies23,232,233. Resemblance of in vitro models to in 

vivo cells at the level of the transcriptome helps ensure both functional relevance at baseline and 

extrapolation of differential expression results from in vitro studies to the in vivo context. 

Therefore, herein we propose and develop a novel, transcriptomics-driven approach to in vitro 

model selection which seeks to identify immortalized cell lines which most closely resemble the 

basal transcriptome patterns of their corresponding in vivo cell types. Due to the liver being both 

the driver of chemical clearance in the body and a target of many toxic agents, we use hepatic cell 

types to demonstrate this approach. The utilization of this computational approach to identify an 

in vitro model for the liver and extrapolation to other tissues will guide the future development of 

accurate, efficient, human-relevant, and cost-effective in vitro models for toxicology studies and 

further the pursuit of NAM approaches to toxicological and general biomedical research with 

improved physiological relevance and translational value. 

https://paperpile.com/c/ynlWwH/1nPZs+tXQPg+8wFBl+pYPeU
https://paperpile.com/c/ynlWwH/bdgbF
https://paperpile.com/c/ynlWwH/bOEmp+oGyR+LNU4
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4.2 Methods 

Data curation 

A total of 214 transcriptomic datasets of hepatic cell lines and primary cells were queried and 

curated from the Gene Expression Omnibus (GEO). We found datasets involving the following 

immortalized cell lines: human hepatocytes (HepaRG, HepG2, Hep3B, Huh7), human hepatic 

stellate cells (LX2, TWNT4), human cholangiocytes (HuCCT1, EGI1, KKU213, TFK1, KKU100, 

NHC), mouse hepatocytes (AML12, Hepa1-6, Hepa1c1c7), and mouse Kupffer cells (KUP5). 

Datasets from primary human and mouse hepatocytes, hepatic stellate cells, and Kupffer cells were 

also considered. For each cell line and primary cell type, the total numbers and technical platforms 

(RNA sequencing [RNAseq] or cDNA microarray) of datasets curated are shown in Tables S.4.1 

(summary information detailing cell type, species, and platform) and S.4.2 (full GEO accession 

numbers, platform, sample size, etc.). Datasets were checked to select the control group (e.g., 

exposure to an empty vehicle or inert control agent) to reflect baseline physiology. As reference 

in vivo cell type gene expression data, 7 single cell RNA sequencing (scRNAseq) datasets from 

human (4 studies) and mouse (3 studies) liver tissue were curated from published liver studies234–

240 and the Single Cell Portal241. A summary of the scRNAseq data sources is shown in Table S.4.3. 

In total, 221 bulk and scRNAseq studies were included in our analysis. 

  

Data download and pre-processing 

Microarray data that had undergone pre-processing and quality control were downloaded from 

GEO using the GEOquery package48. We verified that microarray data were normalized and log2-

transformed prior to downstream analysis. Raw RNAseq datasets were downloaded from NCBI’s 

Sequence Read Archive (SRA)132, quality checked, and processed in the Anaconda 

https://paperpile.com/c/ynlWwH/mXL1+MjxN+LcTh+Dbly+nshS+eKWk+KaTv
https://paperpile.com/c/ynlWwH/mXL1+MjxN+LcTh+Dbly+nshS+eKWk+KaTv
https://paperpile.com/c/ynlWwH/o8uw
https://paperpile.com/c/ynlWwH/2bwYK
https://paperpile.com/c/ynlWwH/113WY
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environment134. FASTQ files were retrieved from SRA using the parallel-fastq-dump wrapper133. 

We performed quality control on the FASTQ files using Trim Galore (v 0.6.6) to trim the 3’ end 

of reads with low quality base calls50 and Cutadapt (v 2.1.0) to remove adapter sequences51, 

followed by the removal of short sequences (<20 bp). 

  

Transcript mapping for RNAseq studies 

Control samples from each RNAseq dataset were mapped to the corresponding species-specific 

reference genome using Salmon (v 1.10.0)52; Homo sapiens GRCh38.p13 genome assembly135 

was used for human cell lines and the Mus musculus GRCm39 genome assembly136 was used for 

mouse cell lines. Reference species genomes were built using the “index” tool within the Salmon 

package. Tximport (v 1.22.0) was employed to import and summarize the gene expression 

quantification results in R prior to downstream analysis53. 

  

scRNAseq data processing 

For each reference scRNAseq dataset from human and mouse livers, raw count data from control 

samples (e.g. healthy adult human or wild type unexposed mouse) were normalized using the 

NormalizeData function in Seurat (v 5.1.0)242 unless the dataset was otherwise specified to have 

already been normalized. Due to the sparsity of scRNAseq data, read counts of zero in these single 

cell expression matrices were replaced with NA before read counts were averaged on a per-gene 

basis. The resulting average counts per gene across all cells (i.e., pseudobulk) from each hepatic 

cell type within each scRNAseq dataset source were used for comparison with the microarray and 

bulk RNAseq studies of the cell lines. 

  

https://paperpile.com/c/ynlWwH/13HnG
https://paperpile.com/c/ynlWwH/mUdAH
https://paperpile.com/c/ynlWwH/pE4Ah
https://paperpile.com/c/ynlWwH/D1S9X
https://paperpile.com/c/ynlWwH/MOFxT
https://paperpile.com/c/ynlWwH/p9pjj
https://paperpile.com/c/ynlWwH/bR2Hb
https://paperpile.com/c/ynlWwH/eJWvQ
https://paperpile.com/c/ynlWwH/3GMb
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Data harmonization across platforms 

As datasets from three technical platforms (bulk RNAseq, microarray, scRNAseq) were used in 

our analysis, data comparability was an important issue. To alleviate the issue, we chose to use 

rank-based quantile normalization for each dataset to harmonize data across platforms, as gene 

expression ranks are less dependent on the quantification range and technical variability of 

platforms and rank-based quantile normalization ensures all datasets follow the same distribution. 

Quantile normalization across all microarray, bulk RNAseq, and scRNAseq datasets was 

performed using the normalize.quantiles function from the preprocessCore R package243. 

Accordingly, rank-based statistics was used in downstream analysis. 

  

Assessment of global gene expression similarity across datasets for each cell type 

To assess similarity and differences across datasets and cell lines within each cell type, quantile-

normalized gene expression levels for each dataset (i.e., the mean expression values for individual 

genes across samples within each dataset) were compiled into a dataframe in R. We then used two 

different approaches to assess similarity/difference between datasets. First, we calculated non-

parametric Spearman’s rank correlation coefficient between pairs of transcriptomic datasets. These 

correlation coefficients were used to make heatmaps using the R package ComplexHeatmap144, 

where datasets with similar transcriptomic patterns are clustered closer to each other. Second, we 

performed nonlinear dimension reduction using uniform manifold approximation and projection 

(UMAP)244 on the following genes: 1) the ~2500 most highly variable genes across all datasets 

and 2) genes classified as cell type marker genes curated from PanglaoDB245. Missing values were 

imputed using the missForest R package246 before carrying out UMAP. Based on the clustering 

https://paperpile.com/c/ynlWwH/9H9E
https://paperpile.com/c/ynlWwH/gkKGP
https://paperpile.com/c/ynlWwH/yo1L
https://paperpile.com/c/ynlWwH/HgVb
https://paperpile.com/c/ynlWwH/C5El


 

 85 

results from both approaches, we determined the cell lines with the highest similarity in gene 

expression patterns to the in vivo human and mouse cells from scRNAseq for each cell type. 

  

Differential gene expression and pathway analysis to obtain cell line signatures 

Differentially expressed genes (DEGs) between each cell line and their corresponding in vivo cell 

type (e.g. HepaRG vs in vivo human hepatocytes, LX2 vs in vivo human hepatic stellate cells, etc.) 

were determined using the Wilcoxon Rank Sum test. To derive the physiological gene signatures 

for each cell type, we compared the datasets sharing similar expression patterns to the in vivo 

human and mouse cells with those from other dissimilar cell lines. Genes with Benjamini-

Hochberg corrected p-value < 0.05, representing a false discovery rate (FDR) of <5% were 

considered DEGs. 

         Following DEG determination, pathway enrichment analysis was performed using 

EnrichR58, using pathways from the KEGG247, GO Biological Process141, and DisGeNET 248 

databases. Pathways were considered significantly enriched if they met the FDR < 0.05 threshold 

and had at least 5 genes overlapping with the input DEG lists.  These DEGs and pathways reflect 

main biological functions that differ between cell lines and physiological states. 

  

Network analysis of DEGs to identify key drivers and network visualization 

To understand the regulatory relations among DEGs and identify potential regulators, DEGs from 

each cell line were used to perform key driver analysis (KDA) using Mergeomics21 and cell-type 

specific gene regulatory networks (GRNs). KDA detects key drivers (KDs), genes which are 

connected to significantly more DEGs compared to the expected number for a randomly selected 

network gene within a given GRN using a Chi-square-like statistic21. KDs are potential network 

https://paperpile.com/c/ynlWwH/LVMyZ
https://paperpile.com/c/ynlWwH/dA7w
https://paperpile.com/c/ynlWwH/XgZAx
https://paperpile.com/c/ynlWwH/nmEBC
https://paperpile.com/c/ynlWwH/usfoI
https://paperpile.com/c/ynlWwH/usfoI
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regulators of the DEGs. Cell type-specific GRNs were constructed from human and mouse liver 

scRNAseq data using SCING249. For human cell line DEGs, human cell type SCING networks 

were used for KDA analysis, while mouse liver GRNs and mouse cell type SCING networks were 

used for KDA analysis for mouse cell line DEGs. Cytoscape60 was used to visualize the network 

of the top KDs and DEGs in their network neighborhoods. 

  

Hepatotoxicity application study: assessment of tetrachlorodibenzodioxin (TCDD) 

transcriptomic response in hepatocytes 

To evaluate whether the transcriptome-based cell line selection agrees with hepatotoxicity 

findings, we curated three datasets covering TCDD exposure in HepaRG, HepG2, and in vivo 

hepatocytes. The datasets were GSE122518250 (microarray) for HepaRG, GSE293127251 

(RNASeq) for HepG2, and a time-course scRNAseq study of TCDD exposure in mice252 curated 

from the Single Cell Portal. For the HepaRG and HepG2 datasets, gene expression data were 

downloaded and DEGs were determined using limma for the HepaRG microarray and DESeq2 for 

the HepG2 RNAseq. The in vivo DEG signature of TCDD from the scRNAseq study of TCDD 

exposure in mice252 were previously determined by the study authors using DESeq2 and were 

downloaded from the Single Cell Portal. Subsequent pathway analysis on all sets of DEGs was 

performed using EnrichR as described above. We then compared the DEGs and pathways across 

datasets to assess similarity and difference between cell lines and in vivo hepatocytes in TCDD-

induced gene signatures. 

 

 

 

https://paperpile.com/c/ynlWwH/o2RX
https://paperpile.com/c/ynlWwH/hEJTa
https://paperpile.com/c/ynlWwH/1FZLw
https://paperpile.com/c/ynlWwH/yTs4m
https://paperpile.com/c/ynlWwH/GXRiv
https://paperpile.com/c/ynlWwH/GXRiv
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4.3 Results 

UMAP and correlation heatmap analyses reveal gene expression similarity/dissimilarity 

between in vivo liver cell types, cell lines, and primary cells for each hepatic cell type 

We first aimed to identify optimal in vitro models for each hepatic cell type by examining the 

overall similarity/dissimilarity in basal gene expression patterns between in vivo liver cells, in vitro 

cell lines, and primary cells. Cell lines that closely mimic the basal gene expression patterns of 

their corresponding in vivo cell types are expected to better capture physiological states.  

For hepatocytes, UMAP clustering of the 4 human and 3 murine hepatocyte cell lines, 

human and murine primary hepatocytes, and human and murine in vivo hepatocyte data derived 

from a total of 168 studies (see Tables S.4.1 and S.4.3 for studies for each cell line) revealed 

segregation of the datasets into multiple clusters (Fig. 4.1A). The UMAP plot showed five 

discernable clusters for the Huh7 cell line (lower left quadrant), a sparse mixture of Hep3B and 

HepG2 datasets (lower center of the plot), HepaRG and the physiological cells containing in vivo 

hepatocytes and primary cells (center of the plot highlighted by a dotted circle), the murine cell 

lines (lower right quadrant), and a distinct subcluster of HepG2 datasets (upper right quadrant). In 

general, different datasets from each hepatocyte cell line tended to cluster together despite 

differences in study source, lab and experimental settings, media, and control vector used, 

indicating robust cell line-specific basal gene expression patterns that are less influenced by batch 

effects and environmental influence. However, there were 2 cell lines, Hep3B and Huh7, that were 

spread more widely across the UMAP, suggesting that the gene expression patterns of these cell 

lines are less stable and more variable between datasets. While environmental factors related to 

the experimental conditions of different studies may be a contributing factor to this phenomenon, 

the unique disparity among datasets corresponding to these cell lines rather than blanket instability 
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across all cell lines examined was notable. We also observed a high degree of similarity between 

the HepaRG cell line and the in vivo human hepatocytes, which also clustered with primary human 

hepatocytes (Fig. 4.1A, circled in red), indicating that HepaRG has a high degree of similarity in 

basal transcriptome to physiological hepatocytes. 

Out of this total clustering of all hepatocyte studies used in this analysis, the murine cell 

lines clustered together distinctly from the human cell lines in the lower right quadrant (Fig. 4.1A) 

but notably were more distant from their corresponding in vivo mouse hepatocyte reference data 

than the HepaRG data was from the human hepatocyte reference data. This suggests that the 

murine hepatocyte cell lines are more transcriptomically distinct from their corresponding in vivo 

murine hepatocytes than the HepaRG cell line is from in vivo human hepatocytes. Spearman 

correlation-based heatmap analysis also supports the UMAP results (Fig. S.4.3), as stronger 

correlations in gene expression patterns were observed between HepaRG and in vivo hepatocytes 

compared to other cell lines. Therefore, our clustering results using two methods support that the 

HepaRG cell line shares the most similar gene expression pattern with the in vivo and primary 

hepatocytes compared to other commonly used cell lines, forming a transcriptomic basis for 

utilizing this cell line as an optimal model for human hepatocytes in vitro. 

The same clustering analysis was also performed for hepatic stellate cells (HSCs) and 

cholangiocytes, for which sufficient datasets were available for meta-analysis. UMAP clustering 

of 2 human HSC cell lines (LX2 and TWNT4), human and mouse primary HSCs, and in vivo 

human and mouse HSCs from a total of 27 studies (see Tables S.4.1 and S.4.3 for details) revealed 

a lack of distinct clusters in the plot (Fig. 4.1B), reflecting weaker transcriptomic distinction 

between cell lines for HSCs than there were for hepatocytes (Fig. 4.1B). As such, a clear 

determination of a “better” cell line could not be definitively made based solely on the clustering 
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of their basal transcriptome profiles. Two of the LX2 cell line datasets clustered closely with the 

human and mouse in vivo HSCs and the primary mouse HSCs (Fig. 4.1B, circled in red), but this 

pattern was not observed for the entire set of LX2 datasets. Additionally, TWNT4 had just 2 

datasets to consider versus the 11 available for LX2, and the addition of more data, when available, 

could alter these interpretations. 

Similar to the HSC cell lines, UMAP clustering of human cholangiocyte cell lines and 

human and mouse in vivo cholangiocytes from a total of 26 studies (see Tables S.4.1 and S.4.3) 

revealed a lack of distinct clusters (Fig. 4.1C). Pearson correlation heatmaps for both HSCs and 

cholangiocytes (Fig. S.4.4 and S.4.5) show a high degree of positive correlation across the datasets 

for each cell type, and the hierarchical clustering revealed a lack of distinct clusters of cell lines. 

Therefore, both the UMAP and Pearson correlation and hierarchical clustering analyses reveal a 

lack of distinction between in vitro cell lines and in vivo cells in the non-parenchymal cell types, 

in contrast to what was observed for the hepatocyte cell lines. While these results may suggest that 

the in vitro cell lines for HSCs and cholangiocytes are reasonably similar to in vivo cells, the lack 

of distinct patterns could also be the result of markedly less data for these non-parenchymal cell 

types which limited the power to derive definitive conclusions. 

  

Experimental condition differences do not explain the distinct HepG2 subclusters 

We noted that the most widely used HepG2 cell line split into two distinct subclusters based on 

basal gene expression values, neither of which was closely clustered with in vivo hepatocyte 

references (Fig. 4.1A). Thus, we investigated whether any known confounding factors found in 

the metadata of the contributing studies might explain the emergence of the two HepG2 subclusters 

(Fig. 4.2).  We found that studies using Minimum Essential Medium (MEM) cluster together in 
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the top sub-cluster, however many studies using Dulbecco’s Modified Essential Medium (DMEM) 

also cluster among them in addition to comprising the lower sub-cluster (Fig. 4.2A). The choice 

of control experimental condition (e.g., addition of control vehicle, scrambled siRNA, etc.) also 

did not lead to distinct patterns (Fig. 4.2B). While there may be an effect introduced by the 

profiling platform (Fig. 4.2C), there were only two studies that utilized microarrays and the 

RNASeq datasets also split into two subclusters; therefore, this effect is not definitive. Stock 

sources also did not explain this difference, as nearly all studies used HepG2 cells obtained from 

the American Type Culture Collection. Overall, confounding factors readily identifiable from the 

metadata of the contributing studies fail to explain the emergence of the distinct HepG2 subclusters 

derived from their basal gene expression patterns. Other unreported factors, such as passage 

number, could contribute to the sub-clustering. Our finding on the two distinct clusters across 

studies of the most widely used hepatic cell line HepG2 and the dissimilarity of HepG2 to in vivo 

hepatocytes, suggests that its function has diverged within the cell line and away from the in vivo 

hepatocyte functions. 

 

DEG analysis reveals transcriptomic similarities and differences between cell lines and in 

vivo cell types 

To further assess the similarity or difference between each cell line and its corresponding in vivo 

cell type, we utilized the non-parametric Wilcoxon Rank Sum test to determine significant DEGs 

between the two groups - more DEGs indicate stronger differences and vice versa. A summary of 

the number of DEGs detected for each cell line against its corresponding species-matched in vivo 

cell type is shown in Table 4.1.  Based on DEG numbers, among human hepatocyte cell lines, 

Hep3B and HepRG had fewer DEGs and HepG2 and Huh7 had more DEGs compared to in vivo 
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hepatocytes, generally agreeing with the UMAP and correlation clustering results. However, 

despite the strong clustering results indicating similar basal gene expression patterns in HepaRG 

and in vivo hepatocyte data, HepaRG had the second fewest DEGs (861 genes) and Hep3B had 

the fewest DEGs (700 genes). The seeming discrepancy from the clustering results can be 

explained by the fact that the UMAP and clustering analyses were based on the set of the most 

variable genes and hepatocyte marker genes which are not necessarily DEGs. The murine cell 

lines’ higher numbers of DEGs are consistent with the observed clustering pattern in which they 

appeared farther away from the murine reference data than HepaRG did from the human reference 

data (Fig. 4.1A). 

         Analysis of HSC (LX2, TWNT4) and cholangiocyte (HuCCT1, EGI1, NHC, TFK1, 

KKU100, KKU213) cell lines against their respective in vivo cell types revealed no significant 

DEGs. This agrees with the lack of distinct clusters in the UMAP and correlation analysis above. 

Alternatively, this may be due to the relative lack of statistical power (1-12 datasets each versus 

26-37 datasets for the human hepatocyte cell lines) for these cell types as they are not studied to 

the same degree that hepatocyte cell lines are, and the higher degree of within-cell-line variance 

also reduced the power to detect significant DEGs. 

         We then sought to highlight the genes and pathways in both HepaRG and the in vivo 

hepatocyte data that most closely recapitulate physiological liver function and that differ between 

the physiological data and non-HepaRG cell line data. We compared human and mouse 

physiological (in vivo, primary hepatocyte, and HepaRG cell line) data with those from the sub-

optimal (non-HepaRG) cell line models to identify 7,075 DEGs. DEGs with physiological and 

toxicological relevance include CYP2E1, which plays a critical role in ethanol and drug 

metabolism and associated liver injury253; SAA1 and ITIH4, which have roles in platelet 

https://paperpile.com/c/ynlWwH/VhIeM
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aggregation during the immune response254 and extracellular matrix stabilization255, and whose 

dysregulation contributes to the onset and progression of liver fibrosis in response to liver injury; 

RDH16, which has roles in retinol metabolism and de novo fatty acid synthesis and whose 

dysregulation contributes to the onset and progression of hepatocellular carcinoma256. The altered 

expression of these genes in the non-HepaRG cell lines suggest that these cell lines deviate from 

the physiological metabolic and immune functions of hepatocytes. 

  

Pathway analysis to assess functional differences in immortalized cell lines 

The DEGs detected for each cell line were assessed for pathway enrichment using EnrichR to 

further determine the functional impact of the DEGs on the cell lines that differentiates them from 

their corresponding in vivo cell types. DEGs from most of the cell lines were highly enriched for 

cancer, cell cycle, and viral related pathways (Table 4.1, Fig. 4.3), which is consistent with their 

status as immortalized cancer cells or their derivation from patients infected with hepatitis or 

permissiveness to hepatitis viral infection257,258. These features likely make them more appropriate 

for cancer and virology studies. Protein ubiquitination, a key process involved in protein 

degradation and numerous diseases259, appeared as a shared enriched pathway from the DEGs of 

several cell lines, further highlighting functional alterations in commonly used cell lines. For 

HepaRG, differences in lysosomal and autophagy processes set this cell line apart from the 

physiological cells, potentially limiting HepaRG as a model for studying these pathways in 

hepatocytes. Xenobiotic metabolism pathway was enriched in DEGs of other cell lines but not in 

HepaRG DEGs, which is further evidence that the core toxicological functions assessed in high-

throughput hepatotoxicity screening studies are more accurately reflected in HepRG. This is 

https://paperpile.com/c/ynlWwH/VdRGM
https://paperpile.com/c/ynlWwH/YtsLO
https://paperpile.com/c/ynlWwH/b6xf8
https://paperpile.com/c/ynlWwH/pOF7l+Y3flG
https://paperpile.com/c/ynlWwH/bvThm
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substantiated by HepaRG being well known to preserve cytochromes P450s that are key genes in 

xenobiotic metabolism260–262. 

Similar to the DEG analysis, the pathway enrichment analysis for the core hepatic 

physiology comparison (in vivo and primary hepatocytes and HepaRG vs. non-HepaRG cell lines) 

supports that pathways critical to normal liver physiology are enriched in physiological cells but 

altered in the other cell lines. These include immune responses, waste clearance, various metabolic 

processes including fatty acid oxidation, cholesterol metabolism, and PPAR signaling. Notably, 

circadian regulation of gene expression was identified as a differential pathway response, as cells 

in culture do not maintain synchronized circadian rhythms without external “training” stimuli, 

while healthy intact livers do263. This is an important consideration in toxicology as the timing of 

toxicological exposures determines the severity of their impact based on the specific biological 

pathways that are activated at a given point in the circadian cycle263,264. 

  

Gene regulatory network analysis reveals subnetworks altered in hepatocyte cell lines and 

key regulators 

To understand the regulation of the DEGs, we conducted key driver analysis using Mergeomics to 

detect key regulator genes (Key Drivers or KDs) that may drive the differences between 

physiological hepatocytes and cell lines using the DEGs from 1) physiological hepatocytes as 

compared to all the non-physiological cell lines and 2) each non-physiological hepatocyte cell line 

compared to their in vivo counterpart. We then visualized the corresponding subnetworks of top 

KDs to understand the network interactions among DEGs. We conducted these analyses using a 

single-cell hepatocyte GRN to assess the cell lines in the specific context of modeling hepatocytes 

in vitro. In the comparison of the physiological hepatocytes versus the non-physiological cell lines 

https://paperpile.com/c/ynlWwH/vyzsd+ZkuGz+U8Mti
https://paperpile.com/c/ynlWwH/hDi0y
https://paperpile.com/c/ynlWwH/hDi0y+7pEMT
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mapped to the single cell hepatocyte GRN, 5 KDs were detected: EEF1A1, DCXR, APOE, TPT1, 

and PEBP1 (Fig. 4.4). EEF1A1 has been linked to oncogenesis and cancer progression265, and 

changes in lipid droplet size and hepatocyte lipotoxicity266,267. DCXR, which reduces dicarbonyl 

compounds and thus has high relevance to carbohydrate metabolism and detoxification268, has 

been linked to poor prognosis in human hepatocellular carcinoma patients upon altered 

expression269. APOE is a classic regulator of hepatocyte physiology, with roles in regulating low 

and very low density lipoprotein secretion by the liver270,271, protection against hepatitis C virus-

induced liver disease272, and serving as a pathological marker of non-alcoholic fatty liver disease 

and hepatitis B and C by complexing with C1q in the classical complement cascade273. TPT1 is an 

oncogene, with known roles in cancer progression and migration in various tissues including the 

liver274–276. Taken together, along with the presence of toxicologically relevant DEGs such as 

PON3, ALDH6A1, and CYB5A in the single cell hepatocyte subnetwork, these results demonstrate 

alterations in core physiology related to metabolism, toxicological clearance, and cancer 

progression in the immortalized non-physiological hepatocyte cell lines. 

         In the subnetwork associated with comparison of each cell line-specific DEGs, which 

shared no connections with the subnetwork associated with the physiological hepatocytes, we 

obtained even sparser results with just one KD detected in one cell line, CALM1 (Fig 4.4). This 

indicates that the cell lines do not have thoroughly connected subnetworks of DEGs, and instead 

the differential effects in their basal transcriptomes are more isolated. CALM1, or calmodulin 1, is 

an exosome-related gene whose aberrant expression has been linked to the progression of cancers 

of the liver277,278. Interestingly, despite mapping all cell lines’ DEGs to the single cell hepatocyte 

GRN, the network is dominated by HepG2 DEGs, and the CALM1 KD is detected as a KD for 

HepG2 DEGs. The several RPL genes are ribosomal proteins with roles as cancer markers and in 
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the regulation of apoptosis279. SLC25A3 is a mitochondrial solute carrier protein with critical roles 

in nutrient homeostasis and waste removal, with direct relevance to toxicological clearance280,281. 

SERBP1 and XRCC5 have both been linked to cancer metastasis in the liver282,283. Taken together, 

it is not surprising to see so many cancer marker genes highly represented in the subnetwork 

considering the cancerous origin of the HepG2 cell line. However, the cohesive nature of the 

cancer marker DEGs, combined with the inclusion of the proximal (by network distance) 

toxicologically-relevant SLC25A3, cautions the use of HepG2 as a physiologically relevant model 

of hepatocyte metabolism and toxicological response. 

  

Hepatotoxicity case study supports toxicological response is better preserved in HepaRG 

The above analyses support that the HepaRG cell line showed better similarity to in vivo 

hepatocytes based on basal gene expression patterns compared to other cell lines. We next sought 

to evaluate whether the baseline transcriptomic similarity between HepaRG and in vivo 

hepatocytes translated into HepaRG exhibiting a more similar toxicological response to in vivo 

hepatocytes, as this will inform the utility of this approach to in vitro cell line selection for 

hepatotoxicity studies. To this end, we curated 3 transcriptomic datasets from 24-hour 

tetrachlorodibenzodioxin (TCDD) exposure studies - one in HepaRG (GSE122518, 10 nM, 

microarray)250, one in HepG2 (GSE293127, 100 nM, bulk RNAseq)251, and the third in a mouse 

model252 (scRNAseq, 30 mg/kg, DEGs extracted from Single Cell Portal (SCP2482)). We expect 

that the DEGs from HepaRG would be more similar to those from the hepatocytes of the in vivo 

mouse scRNAseq studies compared to HepG2. We found 252 DEGs from the HepaRG study, 667 

DEGs from the in vivo hepatocytes, and 1840 DEGs from HepG2 (Table 4.2). The differences in 

DEG numbers are likely at least in part due to differences in the sequencing platforms and the 
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dosage. With these limitations in mind, we assessed the overlap in the up- and downregulated 

DEGs derived from each cell line with those of the in vivo hepatocytes using Fisher’s Exact Test. 

The HepaRG DEGs in response to 24hr TCDD exposure showed stronger overlap with the 

in vivo DEGs (fold enrichment=3.73, Fisher’s exact test p=7.33e-8), particularly the upregulated 

DEGs (fold enrichment=8.26, p=4.57e-10) than the HepG2 DEGs (fold enrichment=1.84 and 

p=7.30e-8 for overall DEGs; fold enrichment=2.78 and p=1.78e-5 for upregulated DEGs) (Table 

4.2). By contrast, downregulated DEGs in HepG2 showed better overlap with the in vivo DEGs. 

However, while upregulated DEGs overlapping between HepaRG and in vivo hepatocytes 

included many cytochrome P450 genes directly involved in detoxification, only two of the 

downregulated DEGs (SLC12A2 and GNMT overlapping between HepG2 and in in vivo 

hepatocytes (Fig. S.4.6) are relevant to detoxification. These results suggest that HepaRG may 

better recapitulate the hepatocyte toxicological response to TCDD. 

         Finally, we compared the biological pathways enriched by the up- and downregulated 

DEGs of each cell type (Fig. S.4.7). HepaRG and in vivo hepatocyte upregulated DEGs were 

enriched for pathways known to be affected by TCDD including xenobiotic metabolism by 

Cytochrome P450 and steroid hormone biosynthesis284–286. HepG2, however, was more enriched 

for pathways and processes related to cellular structure and matrix organization among the 

upregulated DEGs. Interestingly, these pathways were downregulated in HepaRG and in vivo 

hepatocytes, further supporting the divergence of HepG2 from physiological hepatocytes. These 

results are also consistent with the well-characterized differences in HepG2 size and structure from 

in vivo hepatocytes287. 
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Overall, both the DEG and pathway comparisons across TCDD studies support that beyond 

better transcriptomic alignment at baseline, in a hepatotoxicity setting HepaRG better recapitulates 

the in vivo gene expression changes induced by the toxicant TCDD than does HepG2. 

  

4.4 Discussion               

A core challenge in toxicology research is balancing experimental feasibility with physiological 

relevance when selecting in vitro cell line models. The widely used human hepatocyte cell lines - 

HepG2, Hep3B, Huh7, and HepaRG – have been selected for use based on a variety of factors that 

have more to do with experimental feasibility and historical momentum than physiological 

relevance. These factors include the presence of key marker genes of interest, the developmental 

stage of the tissue from which cell lines were established, up- or downregulation of biological 

processes of interest, and compatibility with experimental procedures or assays24–27. While these 

factors are important to ensure the smooth execution of experiments, the value of those 

experiments diminishes substantially if the cell lines chosen do not accurately recapitulate in vivo 

physiology. The result of this is that many widely used cell lines fail to recapitulate fundamental 

aspects of hepatocyte biology, reducing the translational value of the resulting experiments.  

 To address this challenge, we applied a cross-platform transcriptomic comparison 

approach leveraging over 200 datasets from both human and murine sources. Our analysis revealed 

that HepaRG most closely resembles both human and mouse hepatocytes and primary hepatocytes, 

supporting its recognition as the most physiologically relevant immortalized hepatocyte model. 

HepaRG also captured TCDD-induced transcriptional responses more faithfully than the most 

commonly used HepG2 cell line, particularly for the upregulated genes. HepG2 exhibited greater 

divergence from in vivo transcriptional responses and performed better in capturing downregulated 

https://paperpile.com/c/ynlWwH/1nPZs+tXQPg+8wFBl+pYPeU
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rather than upregulated responses, but the toxicological relevance of the downregulated genes was 

relatively low. Other commonly used cell lines such as Hep3B and Huh7 demonstrated further 

divergence in baseline physiological transcriptomics, with enrichment of pathways more relevant 

to cancer and viral infection than to normal liver physiology. Together, these results underscore 

the need for careful selection of cell lines to balance physiological relevance and recapitulation of 

toxicological responses. 

 Our transcriptomic comparisons consistently demonstrated that the HepaRG cell line most 

closely resembles in vivo liver tissue and primary hepatocytes across both human and mouse 

sources. These results provide molecular support for prior reports lauding HepaRG’s superior 

physiological fidelity over other cell lines, particularly in its ability to accurately induce 

cytochrome P450 enzymes, which are essential for xenobiotic metabolism260–262. Thanks to its 

aligned basal gene expression with that of in vivo hepatocytes, HepaRG offers a strong platform 

for in vitro toxicity screening where translatability is a priority. 

 In evaluating toxicological response, HepaRG again proved advantageous. When assessing 

transcriptional responses to TCDD exposure, HepaRG showed a stronger concordance with in vivo 

hepatocytes than did HepG2. While HepG2 produced more total DEGs, at least partially due to 

the higher dose and superior sequencing platform employed in the curated studies, the HepaRG 

upregulated DEGs exhibited significantly better overlap with in vivo upregulated DEGs. This 

suggests that HepaRG more faithfully captures TCDD-induced transcriptional perturbations. 

These findings highlight HepaRG as the preferred choice for modeling toxicant-induced 

hepatocyte transcriptional perturbations in vitro.  

 Despite its widespread adoption as a “default” hepatocyte cell line, our analysis emphasizes 

several limitations of HepG2. Historically, HepG2 has been favored due to its experimental 

https://paperpile.com/c/ynlWwH/vyzsd+ZkuGz+U8Mti
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tractability, robust growth, and compatibility with high throughput screening. However, there have 

been some concerns regarding the fact that they have been shown to differ in their sensitivity to 

genotoxic compounds due to alterations in the expression levels of cytochrome P450 enzymes 

from primary human hepatocytes288. Our analysis demonstrates that HepG2 diverges substantially 

from in vivo hepatocytes at the basal transcriptomic level. Particularly, several genes related to 

glucose and lipid metabolism were perturbed. While these differences have been leveraged to 

study hyperglycemia and glucose intolerance289, the stark divergence from core liver physiology 

emphasizes the relatively poor physiological relevance of the HepG2 cell line.  

 Our analysis also revealed incredible inconsistency in HepG2 basal transcriptomics across 

studies, as we observed distinct subclusters in our clustering analysis. We were not able to isolate 

consistent batch effects across studies that could explain this phenomenon. In our opinion, the 

most likely explanation for the subclusters is from differences in the passage number of the HepG2 

cells used, as passage number is known to affect the gene expression patterns and physiological 

processes of in vitro cells290–292. Specifically, with HepG2, the phenomenon of altered gene 

expression and toxicological clearance enzymes with increasing passage number has been 

reported293. Unfortunately, passage number often is not reported in the methods of in vitro studies, 

and this case highlights the need for comprehensive detailing of such information for replicability 

reasons. As demonstrated by our HepG2 results, neglecting to consider cell line stability under 

maintenance conditions may lead to significant deviations from physiological relevance. 

 In the toxicological response comparison, HepG2 showed partial utility in that its TCDD-

induced downregulated DEGs aligned more closely with the in vivo response than those of 

HepaRG. However, it showed weaker overlap in the upregulated genes and the overall DEG sets, 

supporting the selection of HepaRG over HepG2. These results suggest that HepG2 may retain 
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partial relevance in studying gene downregulation, but overall caution its use due to its divergence 

between datasets and less transcriptomic similarity to human and mouse tissue and primary 

hepatocytes compared to HepaRG. 

 Compared to HepaRG and HepG2, Hep3B and Huh7 demonstrated further transcriptomic 

divergence from in vivo hepatocytes and deficits in core hepatocyte physiology. Our analysis 

revealed that Hepatitis B, Wnt signaling, and apoptosis pathways were enriched among Hep3B-

specific DEGs that differ from in vivo hepatocytes. Huh7 demonstrated enrichment for Hepatitis 

C and lipid metabolism pathways relative to baseline in vivo hepatocytes. While these findings 

highlight deviations from core liver physiology, they are consistent with some of the applications 

in which these cell lines are applied. Hep3B, which lacks the p53 tumor suppressor gene and 

harbors integrated Hepatitis B viral DNA, is commonly used for studies of cancer-related 

signaling, apoptosis, and Hepatitis B viral studies294–298. Huh7, known to be permissive to Hepatitis 

C replication, is frequently used in studies of Hepatitis C299–301. Huh7 also contains abnormal 

intracellular lipid droplets and therefore has been used in studies of altered hepatocyte lipid 

composition302. Taken together, these results indicate that these other hepatocyte cell lines may be 

more suitable as models in oncology or virology research than in translatable toxicological 

contexts. These results reinforce the importance of context-specific cell line selection and highlight 

the limitations of relying on convenience or historical precedence in hepatocyte in vitro model 

choice.  

 Beyond hepatocytes, our analysis also revealed insight about non-parenchymal cell lines 

corresponding to HSC and cholangiocyte cell types. Our clustering analysis did not reveal an 

optimal cell line candidate for HSCs or cholangiocytes in the same way that the hepatocyte cell 

lines did for hepatocytes with HepaRG. Additionally, the DEG analysis showed relatively small 
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perturbations, failing to generate very much meaningful insight. This is likely due to a combination 

of comparatively poor data availability (far fewer studies of non-parenchymal cell lines were 

available for curation), small sample sizes in those few studies, and high variance between them. 

More data is needed to apply this approach to generate meaningful insight about non-parenchymal 

cells. 

 Overall, our transcriptomics data-driven approach has enabled the large-scale cross-

comparison of immortalized liver cell lines to guide in vitro cell line selection based on 

physiological resemblance to their corresponding in vivo cell types. Our analysis has produced 

results that underscore some of the biological considerations for the application of specific cell 

lines in specific experimental contexts, and demonstrate the advantage of using the HepaRG cell 

line for toxicology studies. This approach is able to consider data across sequencing platforms and 

experimental conditions to identify immortalized cell lines that best represent their corresponding 

in vivo cell types, and offers a facile method for experimenters to identify optimal cell lines for 

modeling other tissue types in vitro by leveraging existing data. However, we must acknowledge 

the inherent limitation is that the strength of this approach is directly related to the amount of data 

available for each cell line and in vivo cell type. Without sufficient data, reliable statistical analysis 

cannot be performed, and while trends may be able to be identified, the confidence in cell line 

selection decreases without as much statistical confidence. This phenomenon was exemplified by 

our findings with the non-parenchymal cell line analysis, which did not reveal an optimal cell line 

candidate for HSCs or cholangiocytes in the same way that the hepatocyte cell lines did for 

hepatocytes with HepaRG. To further improve in vitro modeling in toxicology, we advocate for 

the combination of this approach with 3D experimental methods such as spheroids to allow cells 

to better preserve their in vivo form and function while including cells that best resemble baseline 
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in vivo physiology. Additionally, the development of additional cell lines that more broadly cover 

genetic diversity will be critical to obtain population-wide translatable in vitro toxicity screening 

results. Overall, baseline transcriptomics comparison offers a valuable, data-driven approach to 

guide in vitro cell line selection for different purposes to obtain translatable results from in vitro 

screening studies. 
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4.5 Figures 
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Fig. 4.1. UMAP reveals immortalized cell lines that closely resemble hepatic cell types at the 
level of the basal transcriptome. For hepatocyte (A), HSC (B), and cholangiocyte (C) datasets 
curated in this study, the top 2,500 most variable genes after quantile normalization across datasets 
and the curated marker genes for each cell type were taken for clustering analysis using UMAP. 
Missing basal expression values were imputed using MissForest in R prior to performing UMAP. 
Each point on each plot corresponds to a GSE Accession Number’s basal gene expression values 
in the control samples. Points on each plot are colored according to the corresponding cell line as 
shown in each color key.   
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Fig. 4.2. UMAP rules out several likely confounding variables as explanations for the 
emergence of distinct HepG2 subclusters. The hepatocyte cell line UMAP plot from Fig. 4.1A 
was annotated according to the medium (A), control (B), and sequencing platform (C) information 
found in the methods sections of each study curated for HepG2. Dots on the plots corresponding 
to HepG2 studies are colored according to the appropriate information. Notably, no distinct 
patterns emerge indicating subclusters based on any of these most-likely confounding variables.  
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Fig. 4.3. Pathway enrichment results elucidate perturbed pathways and highlight relevant 
human diseases among hepatocyte cell lines. Pathway enrichment analysis was conducted with 
EnrichR using the set of all significant DEGs identified above. The lists of DEGs were analyzed 
against the GO Biological Process, KEGG, and DisGeNET databases. Pathways with a lower FDR 
are shown in darker red hues, and the size of the circle corresponds to the significance of EnrichR’s 
Enrichment Score. A) GOBP and KEGG pathway enrichment results for the comparison of 
HepaRG and physiological hepatocytes against the other hepatocyte cell lines reveals key 
biological pathways enriched in physiological hepatocytes relative to immortalized hepatocyte cell 
lines, highlighting important physiological distinctions from popular in vitro hepatocyte models. 
B) GOBP and KEGG pathway enrichment results for each cell line relative to in vivo hepatocytes 
reveal shared and distinct pathways enriched across cell lines, highlighting differences from core 
hepatocyte physiology. C) DisGeNET disease enrichment results for each cell line relative to in 
vivo hepatocytes reveal human diseases for which the basal transcriptome of each cell line are 
enriched, highlighting relevant potential applications of each cell line in human disease research.  
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Fig. 4.4. Key driver analysis reveals key regulators driving the differences in core hepatocyte 
physiology from immortalized hepatocyte cell lines. The top 300 DEGs determined by the 
Wilcoxon Rank-Sum Test were used to conduct KDA using Mergeomics. The resulting key drivers 
at FDR < 0.05 were mapped onto the single cell hepatocyte GRN from SCING. Key drivers from 
the comparison of HepaRG and physiological hepatocyte (e.g. primary hepatocytes and in vivo 
single cell reference data from human and mouse) gene expression against the other hepatocyte 
cell lines, and for each cell line relative to physiological hepatocytes, were mapped onto the single 
cell hepatocyte GRN to highlight key regulators driving core hepatocyte physiology that are altered 
in the other cell lines. Network nodes are colored according to the cell line(s) in which the genes 
are DEGs, and the KD border color indicates the cell line for which the gene is a KD. Network 
nodes that are grey were not detected as DEGs in the Wilcoxon Rank-Sum Test but were still 
detected as KDs. Despite being mapped onto the same network, the physiologically relevant and 
cell line-specific perturbed hepatocyte subnetworks did not overlap. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 109 

4.6 Tables 
 
Table 4.1. DEG number and top pathway enrichment results enable comparison between 
hepatocyte cell lines and in vivo hepatocyte basal gene expression data. Global basal gene 
expression data was used to perform DEG analysis using the Wilcoxon Rank-Sum Test. DEGs in 
each cell line relative to in vivo hepatocytes were determined at FDR < 0.05. Log2 fold change 
values were also determined using the quantile normalized expression values of each dataset, and 
the top 5 up- and downregulated genes by Log2FC are shown. All DEGs were used for pathway 
enrichment analysis using EnrichR. The top 5 enriched pathways are also shown.  
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Table 4.2. Fisher’s Exact Test overlap statistics potentially indicate HepaRG as better 
capturing the toxicological response to TCDD exposure than HepG2, but highlight the 
importance of experimental context in cell line selection. Three time-matched exposure studies 
to TCDD were curated to assess the transcriptomic responses in HepaRG (GSE122518), HepG2 
(GSE293127), and in vivo mouse hepatocytes (SCP2482). Fisher’s Exact Test was performed 
between the sets of upregulated, downregulated, and total DEGs for each cell line against those of 
the in vivo hepatocytes. HepaRG showed more significant enrichment in the upregulated genes, 
while HepG2 showed a higher capture rate of the total in vivo DEGs and more significant 
enrichment in the downregulated genes.  
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Chapter 5. Conclusions and Future Directions 

This dissertation sought to contribute to the advancement of the field of toxicology by aiding in 

the development and adoption of NAM approaches to toxicological research. Specifically, we 

developed and applied big transcriptomics data-driven approaches to better understand 

toxicologically relevant exposures using both in silico and in vitro approaches consistent with the 

goals of NAM development. Across the three aims, I showcased the utility of large-scale 

computational analyses in generating mechanistic insights across toxicologically relevant 

compounds, providing resources for translational toxicology, and guiding in vitro experimental 

design. Together, these studies emphasize the value of leveraging hundreds to thousands of 

publicly available transcriptomics datasets to drive both scientific discovery and practical 

improvements in experimental design as well as to evaluate reproducibility and variability across 

studies. 

In Aim 1, we conducted a comprehensive multi-species, multi-tissue transcriptomic meta 

analyses of the cannabinoids THC and CBD to date. This study revealed fundamental differences 

in their transcriptional stability across species and tissues, with CBD eliciting more consistent 

effects on metabolic, inflammatory, and cell cycle pathways, while THC responses were more 

highly variable and context-dependent. These findings provide a molecular framework for 

balancing the discordant therapeutic potential with the potential health risks of cannabinoids, and 

highlights how the integration of diverse transcriptomics datasets can overcome individual study 

limitations to extract robust, generalizable biological signatures.  

Aim 2 expanded this principle in the development of ToxiOmics, an open access database 

and web tool cataloging the transcriptomic signatures for 222 toxicologically relevant compounds 

across species and tissues to enable the research community to understand the generalizable and 
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context-specific activities of toxicants. Our PFAS case study demonstrated the translational power 

of ToxiOmics to show that GenX and legacy PFAS compounds share PPAR-mediated lipid 

metabolism-centric mechanisms that carry implications for steatosis, insulin resistance, and 

potentially carcinogenesis. Beyond providing mechanistic insights, ToxiOmics enables cross-

chemical comparisons via overlap-, coexpression-, and network-based approaches, and enables the 

exploration of potential toxicant-drug interactions via integration with PharmOmics. ToxiOmics 

represents a scalable platform for mechanistic toxicology and hypothesis generation to help focus 

future research through the exploration of cataloged and user-supplied data which will help 

community users generate data-driven hypotheses and plan informed mechanistic and validation 

experiments.  

Finally, Aim 3 addressed the physiological fidelity of in vitro models in recapitulating in 

vivo cellular functions and toxicological responses. Through the comparison of 16 hepatic cell 

lines with in vivo physiological human and mouse liver cells, we demonstrated that HepaRG most 

accurately recapitulates core hepatocyte physiology, while other widely used cell lines such as the 

most prevalent HepG2 diverge in core metabolic pathways and show high variability across 

studies. This analysis provides a transcriptomics-based big data-driven framework for guiding in 

vitro cell line selection, emphasizing the need to balance physiological relevance with 

experimental compatibility while underscoring the strong influence that in vitro cell line selection 

has over toxicological inference.  

Together, these aims support the development and advancement of NAM approaches by 

offering both conceptual frameworks and practical resources. We have shown that publicly 

available transcriptomics data can be leveraged to extract robust, generalizable molecular insights 
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across diverse biological contexts, build scalable platforms for toxicogenomics research, and guide 

sensible selection of physiologically relevant in vitro models.  

Several future directions arise from this work, particularly in the case of ToxiOmics. First, 

the inclusion of other omics data types such as proteomics, metabolomics, and epigenomics will 

enhance mechanistic resolution and provide a more complete biological picture of the effects of 

toxicological perturbation than transcriptomics will alone. Second, the development of a pipeline 

to account for mixtures of toxicological exposures will enable ToxiOmics to more accurately 

reflect real exposures faced by real people. Finally, in the case of the cell lines, the incorporation 

of this transcriptomics-guided approach with 3D cell culture techniques will enable researchers to 

better preserve in vivo physiology both at the level of individual cells and at the level of the culture 

as a whole, as the preservation of physical cell dynamics will allow cells to connect and 

communicate in a fashion that more accurately represents their in vivo alignment.  

Overall, this dissertation establishes the value of big transcriptomics data-based, systems-

level approaches for advancing mechanistic understanding, improving model selection in toxicity 

studies, and building translational in silico resources for toxicologists. Through the pairing of 

computational innovation with experimental relevance, this work contributes to the ongoing efforts 

in the field to shift toward data-driven, ethical, sustainable, and human-relevant toxicological 

science. 
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