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Abstract 1 

Many of the genetic loci associated with disease are expected to have context-dependent 2 

regulatory effects that are underrepresented in the transcriptomes of healthy, steady-state adult 3 

tissues. To understand gene regulation across diverse environmental conditions and cellular 4 

contexts, we treated a broad array of human cell types with three environmental exposures in 5 

vitro. With single-cell RNA-sequencing data from 1.4 million cells across 51 individuals, we 6 

identified hundreds of response expression quantitative loci (eQTLs) that are associated with 7 

inter-individual differences in regulatory changes following treatment with nicotine, caffeine, or 8 

ethanol in diverse cell types. We also identified dynamic regulatory effects that vary across 9 

differentiation trajectories in response to exposure. In contrast to steady-state eQTLs, and similar 10 

to disease risk loci, response eQTLs are enriched in distal enhancers and are regulating genes 11 

that experienced strong selective constraint, contain complex regulatory landscapes, and display 12 

diverse biological functions. We identified response eQTLs that coincide with disease-associated 13 

loci not explained by steady-state eQTLs. Our results highlight the complexity of genetic 14 

regulatory effects and suggest that our ability to interpret disease-associated loci will benefit 15 

from the pursuit of studies of gene-by-environment interactions in diverse biological contexts. 16 

 17 

Introduction 18 

Complex traits are modulated by a combination of genetic and environmental factors, where 19 

genetic effects act in a context-dependent manner1. Contexts are multi-dimensional and encompass 20 

not just spatial components, like the cell- or tissue-specific milieu; but temporal components, such 21 

as age; and external components, including exposures to a variety of environmental conditions. 22 

Genetic effects on gene regulation have been also shown to vary across different biological 23 

contexts, including tissue types2, cell states3, developmental stages4, and external perturbations5. 24 

Since dysregulation of gene expression in specific contexts can contribute to disease risk and 25 

progression, understanding how genetic effects operate across diverse conditions and contexts is 26 

essential. To do so, we need to expand the scope of eQTL studies to account for gene-by-27 

environment (GxE) interactions and study gene regulation in multi-dimensional contexts. We need 28 

to understand not just where, but when, and under what circumstances critical, disease-relevant 29 

regulatory events are taking place.  30 

However, studying gene regulation in humans in vivo presents significant challenges, particularly 31 

when investigating GxE interactions. A major hurdle lies in the sheer complexity of the problem: 32 

there are potentially millions of relevant environmental exposures, ranging from diet, pathogens, 33 

and toxins to stress and lifestyle factors, and thousands of distinct cellular contexts, each with 34 

unique regulatory landscapes influenced by cell type, developmental stage, and physiological state. 35 

Conceptually, this creates a vast, multi-dimensional matrix of GxE interactions, where each 36 

combination of cellular context and environmental exposure represents a coordinate that may 37 

influence gene regulation and, ultimately, disease risk. To fully understand how GxE interactions 38 

shape complex traits and disease, we need to systematically map this matrix. Only then can we 39 

begin to unravel how specific environmental factors impact gene regulation across diverse cellular 40 

contexts. Current experimental approaches, whether in model organisms or human in vitro cell-41 

based systems, only scratch the surface. Animal models allow for controlled in vivo studies and 42 

offer powerful tools for mechanistic insights, but their applicability to human biology is limited, 43 
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especially when considering the role of human-specific genetic variation that was shaped by 1 

unique demographic histories. In contrast, in vitro models using human cells provide a direct 2 

window into human gene regulation and are more amenable to controlled perturbation studies. 3 

However, in vitro studies have focused on a limited set of exposures and cell types, quite often 4 

using immune cells6–16 , leaving significant gaps in our understanding of how environmental 5 

factors impact gene regulation across many other disease-relevant cellular contexts. 6 

For many environmental exposures, we lack fundamental knowledge about which cell types are 7 

most responsive or critical for mediating their effects. This adds another layer of complexity, as it 8 

is often unclear where to focus experimental efforts. Compounding this challenge is the fact that, 9 

with current methods, each dynamic eQTL study typically investigates a single environmental 10 

perturbation in a single cellular context5,6,17,18. While these studies provide valuable insights, the 11 

pace of data generation is too slow to keep up with the scale of the problem.  Machine learning 12 

and AI models may eventually enable us to predict the effects of new environmental contexts. 13 

However, the success of such models will depend on the availability of high-quality, diverse 14 

datasets for training and evaluation. At present, we are far from achieving this goal. 15 

To accelerate progress in mapping GxE interactions, there is a need for scalable approaches that 16 

can efficiently profile the effects of environmental exposures across a wide range of cell types. In 17 

this study, we leveraged heterogeneous differentiating cultures (HDCs) derived from human 18 

induced pluripotent stem cells (iPSCs) as a flexible and scalable system for investigating GxE 19 

interactions across diverse cellular contexts. HDCs offer a unique advantage: as iPSCs 20 

differentiate, they give rise to a complex mixture of cell types spanning all three germ layers, 21 

creating a dynamic and diverse cellular environment19. This diversity allows us to capture cell 22 

type–specific responses to environmental treatments without the need to isolate or engineer each 23 

cell type individually. While each experiment still focuses on a single environmental exposure at 24 

a time, the HDC system enables us to observe GxE effects across many distinct cell types 25 

simultaneously, significantly expanding the scope of GxE mapping compared to standard 26 

experimental approaches. 27 

To demonstrate the utility of this strategy, we treated HDCs from 51 genetically diverse individuals 28 

with chemicals corresponding to three common, disease-relevant environmental exposures: 29 

ethanol, caffeine, and nicotine. Our experimental design enabled us to systematically profile GxE 30 

interactions across a broad spectrum of cell types for each exposure, capturing both shared and 31 

context-specific genetic effects. With this multi-context framework, we then explored the 32 

underlying mechanisms driving context-dependent gene regulation. We identified hundreds of 33 

treatment-specific and temporally dynamic eQTLs that would be missed in steady-state or single-34 

cell-type studies. By characterizing the genetic architecture of these context-responsive loci, we 35 

uncovered how genetic variation, cell type identity, and environmental factors converge to shape 36 

gene expression. We further examined response eQTL overlap with disease-associated loci, 37 

shedding light on how GxE interactions contribute to disease risk. 38 

 39 

Results 40 

We generated HDCs from the iPSCs of 51 unrelated Yoruba individuals from Ibadan, Nigeria 41 

(YRI). Starting on Day 2 after HDC formation, we subjected HDCs to chronic, repetitive treatment 42 

with either nicotine, caffeine, ethanol, or vehicle control (see Methods; Fig1A). On Day 21, we 43 

dissociated HDCs and multiplexed samples from each individual and condition in equal 44 

proportions in preparation for single-cell RNA-sequencing using the 10X platform (see Methods). 45 
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We recorded extensive metadata at every stage of sample collection and processing (TableS1). 1 

Following rigorous quality control and filtering, we retained data from 1,416,512 high-quality cells 2 

from 191 HDC samples (FigS1) yielding a median of 5799 cells per sample and 6447 unique 3 

molecular identifier (UMI) counts per cell. 4 

 5 

Treatment-dependent effects on cell type composition and cell states  6 

We started exploring the effects of each treatment by characterizing cellular heterogeneity within 7 

control and treated HDCs. To do so, we first compiled a reference list of cell type markers based 8 

on two previous large single-cell RNA sequencing datasets: the human fetal cell atlas from Cao et 9 

al. and the first-trimester fetal brain atlas from Braun et al. (TableS2). Using this curated reference 10 

list and a clustering-free multivariate statistical method20, we annotated a total of 1,394,531 11 

(98.4%) cells to 34 cell types (Methods and FigS2). We used multiple approaches to evaluate our 12 

annotation results to indicate that our approach is robust and that the annotations are largely 13 

consistent with unsupervised clustering (Methods and FigS3).   14 

 15 
Figure 1. Overview of the study design and dataset.  16 
(A) A panel of 51 YRI iPSC lines were formed into 3D aggregates and differentiated simultaneously as HDCs. HDCs 17 
were separately exposed to nicotine, caffeine, and ethanol starting Day 2. On Day 21, scRNA-seq data were collected 18 
from control HDCs and treated HDCs. 19 
(B) Cell type proportion in HDCs across individual lines and conditions. HDCs include cell types from epithelium 20 
(red), ectoderm (green), mesoderm (blue), endoderm (orange), undifferentiated iPSCs (purple), and unassigned cells 21 
(gray). 22 
(C) Pseudotime distribution (top) and relative cell proportion in control versus ethanol (bottom) in the neuronal 23 
differentiation trajectory. 24 
(D)  Visualization of the differentiation trajectory from iPSCs to neurons in control versus ethanol, shown in a shared 25 
UMAP embedding. Cells not assigned to the neuronal trajectory are shown in gray. 26 
 27 

 28 

We observed substantial inter-individual variation in cell type composition among control HDCs 29 

(Fig1B). Most lines were dominated by ectodermal cell types, consistent with previous studies, 30 

which have reported that iPSCs are prone to differentiating into neuronal cells21–23, even in directed 31 
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differentiations for non-neuronal lineages24. We also observed clear differences in cellular 1 

composition across treatment conditions, indicating treatment effects on cellular differentiation 2 

and abundance (Fig1B).  3 

 4 

We further examined the effects of treatment on cell state. As HDCs contain a complex mix of cell 5 

states, we reasoned that grouping cells into broad, mutually exclusive cell types may have limited 6 

our ability to detect subtle treatment-induced changes in cell abundance. Thus, we modelled cell 7 

states as overlapping neighborhoods on a K-nearest neighbors (KNN) graph25. Rather than 8 

assigning cells to predefined clusters, this approach allows cells to have partial membership in 9 

multiple ‘neighborhoods’ that represent fine-grained latent cell states. Considering each treatment 10 

independently, we tested for differential abundance of cells from control and treated HDCs in each 11 

neighborhood. For example, to assess the effects of ethanol on cell state, we assigned control and 12 

ethanol-treated cells to 10,860 neighborhoods, 6,038 of which showed evidence of differential 13 

abundance between control and treated HDCs at a 5% false discovery rate (FDR) (FigS4A). 14 

 15 

To interpret the results, we tested for enrichment of discrete cell types within each neighborhood. 16 

We observed that most neighborhoods enriched with cells from ethanol-treated HDCs are 17 

dominated by iPSCs and mesoderm-derived cell types. In contrast, neighborhoods enriched with 18 

cells from control HDCs are populated largely by neuronal cells (FigS4B), consistent with 19 

previous work showing that ethanol inhibits neuronal differentiation26–28. We repeated the same 20 

analyses for HDCs treated with caffeine and nicotine. We found that hepatoblasts, epicardial fat 21 

cells, vascular endothelial cells, and stromal cells are more abundant in response to caffeine, while 22 

iPSCs and neuronal cells are less abundant (FDR < 0.05; FigS4C-D). We did not observe a 23 

significant effect of nicotine on either cell type abundance or cell state (FigS4E-F).  24 

 25 

Our HDC dataset captures the continuum from naive to terminally differentiated cell states along 26 

multiple lineages, offering an opportunity to study gene regulation as a dynamic process. To 27 

directly model these continuous changes in cell state, we performed trajectory inference using 28 

Palantir29, which reconstructs the progression from stem-cell-like to terminal cell states, and 29 

assigns each cell a continuous pseudotime reflecting its position along this path. Using this 30 

approach, we identified 7 differentiation trajectories, towards epicardial fat cells, hepatoblasts, 31 

retinal neurons, neurons, vascular endothelial cells, ENS glias, and retinal pigment cells (FigS5A 32 

and TableS3). We assessed the inferred trajectories using marker genes expression. For example, 33 

hepatoblasts and epicardial fat cell trajectories share early and intermediate cells before the 34 

bifurcation of the mesoderm and endoderm differentiation trajectories (FigS5B), and their naïve, 35 

intermediate, and terminal state marker gene expression matches expected trends (FigS5C). 36 

Trajectory analysis of treated and control cells reinforces and expands upon our KNN-based 37 

analyses of cell state changes. For instance, ethanol-treated samples have a pronounced 38 

redistribution of cells along pseudotime in the neuronal trajectory, resulting in an enrichment of 39 

cells in earlier differentiation states and depletion of later-stage neuronal cells compared to controls 40 

(Fig1C-D), corroborating the KNN findings. Thus, trajectory analysis offers a dynamic view of 41 

treatment impact.  42 

 43 

Widespread transcriptional effects of the treatments 44 

Next, we considered the effect of the treatments on gene expression within cell type. To 45 

characterize shared and treatment-specific effects on transcription, we performed differential 46 

expression analysis using the 25 HDC lines for which control and treated cells were cultured in 47 
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parallel (see Methods). Using data from 25 cell types we annotated with high confidence (FigS6), 1 

we identified 10,023, 6,789, and 1,738 differentially expressed genes (DEGs) between control 2 

cells and cells treated with either ethanol, caffeine, or nicotine, respectively (FDR < 0.05; 3 

TableS4). The proportion of DEGs varies from 0.03% to 39% across cell types (FigS7), indicating 4 

that the different treatments (environmental exposures) have distinct regulatory effects in different 5 

cellular contexts. We found that DEGs are engaged in a variety of biological processes, with 6 

variation across cell types and treatments (FigS8A). Notably, genes known to be involved in the 7 

cellular response to toxic substances are strongly activated in hepatoblasts in response to all three 8 

treatments (normalized enrichment score (NES) = 1.8 to 2.6; FigS8B). We also observed 9 

transcriptional responses to treatment that recapitulate findings from previous studies. For 10 

example, in iPSCs, ethanol induces a transcriptional network enriched in cell proliferation genes 11 

(NES = 2.3, FDR < 4x10-11). Hepatic differentiation genes, such as AFP and HNF4A, are highly 12 

and specifically upregulated in response to caffeine in hepatoblasts (AFP: (logFC) = 3.1, FDR < 13 

0.007; HNF4A: logFC = 1.6, FDR < 0.004), consistent with prenatal effects of caffeine 14 

in rodents30. Finally, genes relevant to fibrosis and apoptosis were activated in cardiomyocytes in 15 

response to nicotine (NES = 2.2, FDR< 3.7x10-5), reiterating findings from previous in vitro 16 

studies31,32.  17 

 18 

Regulatory effects of eQTLs are responsive to treatments 19 

Having characterized global transcriptional responses to each of the three treatments, we sought 20 

to explore how treatment-induced transcriptional changes are shaped by the interaction between 21 

genotype and environment (the treatments). To identify genetic effects on gene expression 22 

(eQTLs), including both treatment-dependent eQTLs (response eQTLs) and standard (i.e., non-23 

response) eQTLs, we considered data from a subset of 14 cell types that are represented by at least 24 

30 individuals (see Methods; FigS2). First, we used a linear model to map cis eQTLs (MAF > 5%) 25 

in each cell type independently, performing a separate analysis for each treatment and control 26 

group (see Methods). We then jointly analyzed the effects of all top variant–gene pairs (n=9,734) 27 

identified in the control and treatment groups across all 14 cell types. By leveraging information 28 

across cell types, we discovered between 754 to 1,457 standard eQTLs for each treatment and cell 29 

type combination (local false sign rate (LFSR) < 0.1), corresponding to 6,198 eGenes across the 30 

entire dataset (FigS9).  31 

 32 

To characterize response eQTLs in each cell type, we compared posterior genotype effect size 33 

estimates between control and treatment conditions. We defined response eQTLs as those for 34 

which the change in eQTL effect size between control and treatment groups differs by at least 1.5 35 

fold. We identified between 31 to 110 response eQTLs in each cell type (LFSR < 0.1; Fig2A), 36 

corresponding to a total (combined across cell types) of 380, 336, and 276 eGenes in the ethanol, 37 

caffeine, and nicotine conditions, respectively (TableS5).  38 

 39 
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 1 
 2 
Figure 2. Regulatory effects in response to treatments.  3 
(A) Discovery of response eQTL-gene pairs in each treatment across 14 cell types.  4 
(B) A shared response eQTL (chr6:31148850:G_A) for POU5F1. The forest plot shows effect estimates of the eQTL 5 
across 14 cell types in control (red), ethanol (blue), caffeine (green), and nicotine (purple). Dots are posterior means, 6 
and error bars depict ±1 posterior standard deviations. 7 
(C) An ethanol-response eQTL (chr13:27549453:C_A, Pethanol=6.4x10-6) for LNX2. The eQTL effect emerged in 8 
response to ethanol and was present only in intestinal epithelial cells. 9 
(D) Genomic annotations of the ethanol-response eQTL for LNX2 (chr13:27549453:C_A). The SNP is located on 10 
chromosome 13 and falls in an enhancer element (yellow) annotated by ENCODE, featured by a peak of H3K27Ac 11 
and a low activity of H3K4Me3.  12 
(E) Colocalization of the ethanol-response eQTL for LNX2 (chr13:27549453:C_A) in intestinal epithelial cells with 13 
inflammatory bowel disease. The Manhattan plot shows significance levels of variants tested for association with gene 14 
expression level (top) or with the trait (bottom). Vertical lines depict the genomic location of the candidate colocalized 15 
variant. 16 
(F) A caffeine dynamic response eQTL (chr15:74985999:T_C, FDR = 0.065) for COX5A. The eQTL effect emerged 17 
in response to caffeine and was present only in late stages of vascular endothelial cell trajectory.  18 
 19 
 20 

Response eQTLs include both shared and cell-type-specific effects. For example, a response eQTL 21 

for POU5F1 (OCT4), which encodes a transcription factor critical for maintaining stem cell 22 

pluripotency, is widespread among untreated cell types, but its effect is consistently diminished in 23 

all treated conditions (Fig2B). In myeloid and epicardial fat cells, however, the direction of the 24 

eQTL effect is reversed in response to caffeine. We also observed response eQTLs unique to one 25 

cell type. For example, an eQTL located in an enhancer element for LNX2, emerged in response 26 

to ethanol and is present only in intestinal epithelial cells (Fig2C, 2D). Moreover, it colocalizes 27 

with a candidate GWAS locus associated with inflammatory bowel disease (IBD; posterior 28 

probability of sharing the same region (PP_regional) = 0.92; Fig2E), suggesting a functional 29 

mechanistic connection between a gene regulatory variant, ethanol exposure, LNX2 expression in 30 
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the intestinal epithelium, and IBD. Notably, this ethanol-dependent eQTL was not identified as an 1 

eQTL in any of the 54 steady-state tissues included in GTEx2 2 

 3 

Dynamic genetic regulation along differentiation trajectories 4 

We also leveraged the inferred pseudotime from the trajectory analysis to systematically identify 5 

dynamic eQTLs whose genetic effects vary across differentiation states captured by pseudotime. 6 

To achieve this, we evaluate a genotype-by-pseudotime interaction term in a linear model, 7 

following our previous dynamic eQTL mapping approach19,33. We applied a genome-wide FDR 8 

cutoff of 0.1 using EigenMT adjusted p-values for the pseudotime interaction effect. We identified 9 

5,119 dynamic eQTLs corresponding to 614 unique eGenes across treatments and trajectories 10 

(TableS6).  11 

 12 

To evaluate the robustness of our approach we performed replication analysis focusing on neuronal 13 

trajectory dynamic eQTLs identified under control conditions. We compared these results with a 14 

previous dataset that examined neural differentiation in HDCs19. A majority of our identified 15 

dynamic eQTLs were replicated in this previous study (π₁ = 0.77; FigS10A-B). We further 16 

explored the temporal nature of these dynamic eQTL effects, categorizing them as early (21%) or 17 

late (79%) based on their change of effect sizes throughout the differentiation trajectory. Of 18 

particular interest were the dynamic eQTLs whose effects appeared exclusively in treatment 19 

conditions (dynamic response eQTLs), indicating that environmental treatments can dynamically 20 

modulate genetic regulation during cellular differentiation. For instance, we identified a caffeine-21 

response dynamic eQTL affecting COX5A (encoding a mitochondrial cytochrome c oxidase 22 

subunit) whose regulatory effect emerged only in late stages of vascular endothelial cell 23 

differentiation in the caffeine treatment and was not discovered in the mapping of discrete cell 24 

types (Fig2F). This dynamic response eQTL overlaps with a variant associated with mean 25 

corpuscular volume, as annotated by OpenTargets34, highlighting a potential functional connection 26 

between caffeine-induced changes over the course of vascular development and a hematological 27 

trait.  28 

 29 

 30 

Response eQTLs share genomic features with disease-associated loci 31 

Many disease-associated loci in putatively regulatory regions of the genome are not annotated as 32 

steady-state eQTLs in standard (steady-state) assays, including those identified using the GTEx 33 

Project data2. It has been argued that standard eQTLs and disease-associated loci systematically 34 

differ with respect to genomic location, selective constraint, regulatory complexity, and functional 35 

enrichments35. To determine whether response eQTLs are distinct from standard steady-state 36 

eQTLs, we compared locus-level and gene-level features of response eQTLs and standard eQTLs 37 

identified in HDCs.  38 

 39 

When we separately examined response eQTLs and standard eQTLs, a distinct localization pattern 40 

emerged, with strong enrichment of standard eQTLs near TSS, while response eQTLs showing 41 

only a modest, much less pronounced enrichment near TSS (Fig3A). This pattern is largely 42 

consistent across all 14 cell types and treatments (FigS11), suggesting that steady-state eQTLs and 43 

response eQTLs may perform different regulatory roles.  44 

 45 

We further characterized the eQTLs found in our study using the annotation of cis regulatory 46 

elements (CREs) from ENCODE36. We found that both standard and response eQTLs under each 47 
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treatment are enriched in promoter regions, with steady-state eQTLs showing a markedly stronger 1 

enrichment (ORaverage=3.4, Pcombined=3.63x10-38; Fig3B). Response eQTLs are also enriched in 2 

enhancers (ORaverage=1.29, Pcombined=2x10-3) but steady-state eQTLs are not. This was intriguing, 3 

so we explored this further by partitioning enhancers to proximal (within 2kb of a TSS) and distal 4 

(beyond 2kb from a TSS) with respect to the gene they regulate. We found that steady-state eQTLs 5 

are enriched in proximal enhancers (ORaverage=1.58, Pcombined=2.8x10-12) and depleted in distal 6 

enhancers (ORaverage=0.88, Pcombined= 0.01). Response eQTLs show the opposite pattern: they are 7 

enriched in distal enhancers (ORaverage=1.35, Pcombined=1x10-3), but are neither enriched nor 8 

depleted in proximal enhancers (ORaverage=1.02, Pcombined=0.7).  9 

 10 

 11 
Figure 3. Properties of response eQTLs/eGenes and non-response eQTLs/eGenes.   12 
(A) Distance of response eQTLs (red) and non-response eQTLs (blue) to the TSS of the target eGene. The overlaid 13 
histograms show distance-to-TSS distribution in each group of eQTLs in 5Kb bins. The curves show the density 14 
estimate for each group of eQTLs.  15 
(B) Enrichment of response eQTLs (red) and non-response eQTLs (blue) in promoter-like signatures (PLS) and 16 
enhancer-like signatures (ELS). The right plot compares enrichments of response eQTLs and non-response eQTLs in 17 
proximal enhancers (pELS) and distal enhancers (dELS). Enrichment level is expressed as the odds ratio from Fisher’s 18 
exact test.  19 
(C-D) Genic features of response eGenes (red) and non-response eGenes (blue). Horizontal dashed lines depict the 20 
average number of the corresponding feature across all genes that were tested in eQTL mapping. (C)Average number 21 
of TSS. (D) Fraction of selectively constrained genes (pLI > 0.9). Error bars represent standard deviations.  22 
 23 
 24 

To further investigate the genetic architecture of treatment-responsive gene expression, we 25 

analyzed the target genes that are associated with response eQTLs (response eGenes) and 26 

compared them to genes associated with steady-state eQTLs (non-response eGenes). For each 27 

group of eGenes, we assessed multiple genic features, including regulatory complexity, evidence 28 
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of selective constraint, and functional enrichment.  1 

 2 

Regulatory complexity can be achieved in a number of ways; for example, by differential usage of 3 

TSS across cell types37,38, or by long enhancer sequences that contain additional binding sites for 4 

transcription factors39–41. To determine whether response eGenes are associated with increased 5 

TSS usage, we used publicly available summary statistics from the FANTOM project to compute 6 

the number of TSS used by each gene across 975 human samples38. Across all genes, the average 7 

number of TSS is 5.49, but that non-response eGenes have significantly fewer TSS (4.79 TSS on 8 

average, compared to 5.73 TSS for response eGenes; P=0.001; Fig3C). To assess enhancer activity 9 

associated with eGenes, we calculated the cumulative enhancer length for each eGene across 131 10 

tissue or cell types using enhancer-gene predictions from an activity-by-contact model42. Our 11 

analysis revealed that response eGenes have a slightly longer cumulative enhancer length per 12 

active tissue/cell type compared to non-response eGenes (P=0.06; FigS12). These results suggest 13 

that response eGenes may have a greater level of regulatory complexity. 14 

Previous studies indicated that selectively constrained genes are depleted for steady-state 15 

eGenes43. Consistent with this, we found that genes depleted of loss-of-function (LoF) variants (as 16 

measured by the pLI score; see Methods) are underrepresented among non-response eGenes 17 

(Fig3D). In contrast, response eGenes show an enrichment of LoF-intolerant genes, with a 18 

significantly higher proportion of high-pLI genes compared to non-response eGenes (P=8.6x10-6; 19 

Fig3D). Although stronger selective pressure is often associated with lower minor allele frequency 20 

(MAF), we observed that response eGenes tend to have higher MAF than non-response eGenes 21 

(FigS13). These observations indicate that eGenes associated with context-dependent regulatory 22 

effects may experience different selective pressures than steady-state, non-response eGenes.  23 

 24 

Previous studies have reported that while disease-associated genes are enriched across a wide 25 

range of functional categories, steady-state eQTLs are often depleted in these same categories35. 26 

In our study, we found that response eGenes show enrichment in similar functional categories as 27 

disease-associated genes and confirmed that steady-state eQTLs are indeed depleted in these 28 

categories (FigS14A). Although the enrichment of response eGenes varies across cell types and 29 

treatments, we consistently observed that response eGenes are comparatively more enriched in 30 

most functional categories than non-response eGenes (FigS14B). 31 

 32 

Response eQTLs provide insight into the role of GxE in pathology 33 

To investigate whether response eQTLs offer functional insight into disease mechanisms, we 34 

integrated our data with GWAS results to evaluate colocalization of eQTLs and disease-associated 35 

loci. We obtained GWAS summary statistics for 265 traits, including 220 human phenotypes from 36 

a cross-population atlas44 and 45 blood or immune-related traits from Fair et al45. Using a Bayesian 37 

colocalization method46, we identified hundreds of regions where eQTLs colocalized with at least 38 

one trait (PP_regional > 0.5; TableS7). We found that the proportion of colocalized loci is 39 

universally higher for response eQTLs (an average of 4.8%) than for non-response eQTLs (an 40 

average of 0.4%), regardless of cell type or treatment (Fig4A). This suggests that in the context of 41 

our GxE experiment, response eQTLs are more likely to be functionally relevant to complex traits. 42 

This may be especially true when response eQTLs are active in a disease-relevant cellular context.  43 

For example, we identified colocalization of caffeine response eQTLs with trait-associated loci in 44 

ENS glia and intestinal epithelial cells, some of which are known to be linked to gastrointestinal 45 
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diseases. Specifically, a caffeine response eQTL for SERBP1 identified in intestinal epithelial cells 1 

shows a strong colocalization with a GWAS variant for IBD (PP_regional=0.88; FigS15).  2 

 3 

It is established that disease-associated loci are typically enriched among regulatory QTLs, 4 

including eQTLs. To explore this in our data, we compared the enrichment of GWAS signals in 5 

non-response eQTLs, response eQTLs, and dynamic response eQTLs (identified using the 6 

trajectory analysis), for the 265 complex traits. We found that incorporating these additional layers 7 

of context-specificity enabled us to identify regulatory effects that would have been missed 8 

otherwise. For example, using GWAS summary statistics for IBD, we found a stronger enrichment 9 

of low GWAS P-values in caffeine-response eQTLs compared to that of non-response eQTLs 10 

(Fig4B). Additionally, dynamic response eQTLs, showed even higher enrichment for certain traits, 11 

such as glucose levels, compared to both non-response and response eQTLs (Fig4C). For many 12 

other traits, response and dynamic eQTLs capture disease relevant genetic associations that were 13 

missed by steady-state eQTLs (FigS16, S17). Together, our results suggest that regulatory effects 14 

in response to environmental exposures and across differentiation in diverse cell types can improve 15 

our understanding of disease-associated loci. 16 

 17 

 18 
 19 
Figure 4. Enrichment of response eQTLs in GWAS signals for complex traits.  20 
(A) Proportion of non-response eQTLs and response eQTLs colocalizing with GWAS hits for any trait for each 21 
treatment, colored by cell type.  22 
(B) QQ plot of GWAS signals for inflammatory bowel disease, grouped by categories of SNPs. The grey dots are all 23 
SNPs, red dots are response eQTLs, and blue dots are non-response eQTLs.   24 
(C) QQ plot of GWAS signals for glucose levels, grouped by categories of SNPs. The green dots are dynamic response 25 
QTLs. 26 

 27 

Discussion 28 

Although GWAS signals are broadly enriched for eQTLs47, steady-state eQTLs have failed to 29 

explain an appreciable fraction of disease-associated loci. A recent analysis by Mostafavi et al. 30 

found systematic differences between the features of steady-state eQTLs and disease-associated 31 

loci with respect to their genomic location, regulatory complexity, selective constraint, and 32 

functional enrichment (Table 1). Mostafavi et al. findings suggested that context-specific eQTLs 33 

may provide additional mechanistic explanations for disease-associated loci that are putatively 34 

involved in gene regulation. The challenge is that the experimental setup required to identify 35 

eQTLs in just a single specific context (such as a single combination of cell type and treatment 36 

exposure) is resource intensive, requiring adequate sample size and careful control of experimental 37 

conditions, making it difficult to scale across many contexts. 38 



 

12 
 

 1 

Our work highlights the utility of HDCs, a scalable and efficient human in vitro model for studying 2 

GxE interactions across differentiation stages in diverse cell types. While our system still only 3 

allows us to examine the effect of one environmental exposure at a time, the ability to profile its 4 

effects across dozens of diverse cell types and states represents a significant advance. Beyond 5 

improving data generation efficiency, data from HDCs may ultimately provide a foundation for 6 

predictive models that can extend across the broader landscape of GxE interactions, helping to 7 

unravel the regulatory architecture of complex traits and diseases. 8 

 9 

The use of HDCs allowed us to uncover hundreds of gene regulatory variants with dynamic effects, 10 

many of which have never been observed in steady-state adult tissues. For example, we identified 11 

an ethanol response eQTL for LNX2 in intestinal epithelial cells that colocalized with a GWAS 12 

variant for IBD48. This eQTL was not among those detected in steady-state GTEx tissues, despite 13 

a much larger sample size2. Additionally, using dynamic eQTL mapping, we identified genetic 14 

variants with regulatory impacts that change across developmental trajectory pseudotime in 15 

response to environmental treatments. For instance, we uncovered a caffeine-responsive dynamic 16 

eQTL for COX5A in vascular endothelial cells differentiation. Had we only explored a single cell 17 

type or failed to account for GxE and temporal interactions, these and many other context-18 

dependent, functionally informative eQTLs would not have been detected.  19 

 20 

Comparing response eQTLs to standard eQTLs, we found that the two types of loci are associated 21 

with distinct regulatory architectures and functional properties. For example, unlike steady-state 22 

eQTLs, response eQTLs are enriched near distal regulatory elements, which have frequently been 23 

associated with context-specific gene regulatory activity49–51. This suggests that response eQTLs 24 

may function through long-range regulatory interactions, possibly integrating environmental 25 

signals to modulate gene expression in a context-dependent manner. In addition, response eGenes 26 

have greater regulatory complexity than steady-state eGenes, showing an increase in differential 27 

TSS usage and cumulative enhancer length – both of which suggest potential for fine-tuning gene 28 

expression levels and generating transcriptional diversity. Response eGenes are also more likely 29 

to be functionally important and subject to selective constraint, suggesting that their cognate 30 

eQTLs may help to explain inter-individual differences in disease risk.  31 

 32 

Our analysis revealed a strong resemblance between response eQTLs and GWAS loci, which share 33 

a number of SNP-level and gene-level features in common (Table 1). In the context our study, we 34 

also found that response eQTLs are more likely to colocalize with disease-associated variants than 35 

steady-state eQTLs. This suggests that context-dependent response eQTLs, which are 36 

underrepresented in steady-state tissues, play a critical role in mediating the effects of non-coding 37 

disease-associated loci. Our findings are consistent with observations from a recent study of gene-38 

diet interactions in baboons, where we identified distinct patterns separating standard eQTLs from 39 

diet-response eQTLs52. In addition to showing a significant enrichment among GWAS signals for 40 

metabolic traits, diet-response eQTLs exhibit complex regulatory architectures resembling those 41 

observed for response eQTLs in the current study.  42 

 43 
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Unlike standard eQTLs, response eQTLs from both the current and the baboon study share similar 1 

characteristics with disease-associated loci. The concordance between these two models – one in 2 

live baboons and one in cultured human cells – suggests that context-dependent response eQTLs 3 

are likely to enhance our understanding of complex traits in general, whether they emerge in 4 

response to diet, chemical exposures, or other perturbations. In particular, we identify GWAS loci 5 

that do not overlap with steady-state eQTLs but are explained by response and dynamic eQTLs. 6 

We expect that by continuing to expand our focus beyond steady-state tissues to include a wider 7 

range of cell types, time points, and environmental exposures, we will uncover more context-8 

dependent and functionally relevant regulatory loci, thereby enhancing our ability to explain inter-9 

individual differences in disease risk. 10 

 11 

 12 

Table 1. Summary of characteristics for GWAS hits, steady-state eQTLs, and response eQTLs.  13 
*The table is adapted from Mostafavi et al

35. 14 

 15 

Limitations 16 

While our study provides valuable insights into the mechanisms of GxE interactions, ethanol, 17 

caffeine, and nicotine are only a few of the myriad environmental factors that influence human 18 

health. Future studies should expand this approach to include a broader range of perturbations, 19 

such as dietary components, pollutants, and pathogens. In addition, larger datasets that include a 20 

wider range of genetic backgrounds and cell types would improve our ability to detect response 21 

eQTLs, particularly those with low allele frequencies, cell-type-specific effects, and small effect 22 

sizes.  23 

 24 

Data and code availability  25 

The single-cell RNA-seq data have been deposited at GEO under accession GSE292909. All 26 

original code, data, and summary statistics presented in this paper have been deposited at Zenodo 27 

(https://doi.org/10.5281/zenodo.15307006). Any additional information required to reanalyze the 28 

data reported in this paper is available from the lead contact upon request.  29 

 30 

Acknowledgments 31 



 

14 
 

We thank N. Gonzales for editing and providing comments on the manuscript; members of the 1 

Gilad lab and the Battle lab for valuable discussions; University of Chicago Research Computing 2 

Center for providing computational resources. This work was supported by NIH grant 3 

R35GM131726 to YG.  4 

 5 

Author contributions 6 

Y.G. conceived the study; W.L. designed the study, performed all the experiments, and carried 7 

out the analysis with contributions from M.L.; O.A. and J.B. assisted W.L. with iPSC culture and 8 

HDC dissociation; M.L. performed trajectory inference and dynamic eQTL mapping; W.L. 9 

wrote the manuscript with contributions from M.L., Y.G., A.B., and J.P.; M.S. guided W.L. on 10 

mashr analysis; Y.G. and A.B. supervised the study. 11 

 12 

Competing interests 13 

Y.G. and A.B. are co-founders and equity holders of CellCipher. J.P. holds equity in CellCipher. 14 

Y.G. is co-inventor on patent application 18067192 related to this work. A.B. is a stockholder in 15 

Alphabet, Inc., and has consulted for Third Rock Ventures. The other authors declare no 16 

competing interests.   17 

 18 

 19 

Methods 20 

 21 

Cell culture and differentiation 22 

HDCs were formed using a modified version of the STEMCELL Agrewell 400 protocol. We 23 

cultured iPSCs in E8 media with rock and synched lines up in each batch to desired density 24 

(50%-90% confluency). On the seeding day, we first prepared Aggrewell 400 24-well plates by 25 

pre-treating wells with anti-adherence rinsing solution (07010, STEMCELL), followed by 26 

rinsing with warm basal media DMEM/F12. iPSCs were dissociated into single cells and 27 

resuspended in Aggrewell EB Formation Medium (05893, STEMCELL) with ROCK inhibitor 28 

Y-27632 and Penicillin/Streptomycin. We counted cells and recorded viability twice using 29 

Countess II. Cells were seeded into each prepared well at a density of 1,000 cells per microwell 30 

(1.2x106 cells and 2mL per well). After 24 hours, we changed half of the media with fresh 31 

Aggrewell EB Formation Medium without ROCK inhibitor. After another 24 hours on day 2, we 32 

gently collected the aggregates and transferred them to an ultra-low attachment 6-well plate 33 

(CLS3471-24EA, Sigma) in prepared media for vehicle control or treatment groups. We 34 

maintained HDCs for an additional 19 days, replacing media with fresh prepared media every 48 35 

hours.  36 

 37 

For the chemical treatments, we used concentration of 80mM, 0.6mM, 10uM for ethanol 38 

(BP2818500, Fisher Scientific), caffeine (C0750-5G, Sigma), and nicotine (N3876-5ML, Sigma) 39 

treatment, respectively. We prepared 10,000X stock solutions in non-denatured 200 proof 40 

ethanol (BP2818500, Fisher Scientific) and stored aliquots in -20C for all batches. Each time of 41 

changing media, we prepared fresh media by adding an aliquot of corresponding substance in 42 

basal media (E6 media (A1516401, ThermoFisher Scientific) with Penicillin/Streptomycin). For 43 
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vehicle control, we used fresh basal media with 0.01% 200proof ethanol. To avoid sample 1 

swaps, we separated samples by condition with HDCs exposed to the same treatment in the same 2 

6-well plate where individual lines were separated by well. Each well contained HDCs from one 3 

line and each 6-well plate contained six lines of HDCs in the same condition. Culture plates for 4 

ethanol treatment group were placed in a dedicated incubator that contained an open dish at the 5 

bottom with a solution of 80mM ethanol to create an equivalent concentration of ethanol 6 

atmosphere and prevent ethanol evaporation in the media.  7 

 8 

HDCs were dissociated on day 21. We harvested HDCs following the STEMCELL Agrewell400 9 

protocol. After rinsing HDCs with phosphate-buffered saline (Corning 21-040-CV), we 10 

dissociated them with AccuMax (STEMCELL 7921) at 37C. We gently pipetted HDCs up and 11 

down for 30s every 5 min until HDCs were completely dissociated. We then quenched the 12 

dissociation with warm E6 media. After spinning down, cells were resuspended in cold E6 media 13 

and strained them through a 40 mm strainer (Fisherbrand 22-363-547). We counted cells and 14 

measured viability using Trypan Blue and Countess II (AMQAF1000, invitrogen). We then 15 

mixed cells from each line for the same condition together in equal proportions, with one mixed 16 

suspension per condition. Each mixed suspension was counted again using hemocytometer to 17 

determine the final cell concentration. We adjusted the final concentration to 800-1,200 cells/ul 18 

for each mixed suspension. Cell suspensions remained on ice before loading to the 10X 19 

Chromium Controller. 20 

 21 

We split 51 iPSC lines into two batches. In the first batch (25 lines), we included both untreated 22 

control HDCs and HDCs from all three treatment groups, which we formed, maintained, and 23 

dissociated in two sub-batches. We processed all samples in the first batch in parallel for library 24 

preparation and sequencing. The second batch (26 lines) included treated HDCs from each 25 

treatment group but not controls. For additional controls, we used data from naïve HDCs that 26 

were generated from the same individuals in a previous study. We did this for two reasons. First, 27 

using the data from the controls included in the first batch, we found only minimal variation in 28 

gene expression between newly collected and previously collected HDC data. Second, we only 29 

planned to use data from both batches for cis eQTL mapping, an analysis that is not sensitive to 30 

technical batch effects (i.e., because genetic variation is unlikely to correlate with batch 31 

assignment). To assess differential expression and abundance between treated HDCs and 32 

controls, we only used samples processed in the first batch.   33 
 34 
 35 
Single-cell RNA sequencing 36 

We generated scRNA-seq libraries using Chromium Next GEM Single Cell 3' HT Reagent Kits 37 

v3.1 (1000348, 10X Genomics). Using the evenly pooled mix of lines from each condition in 38 

each sub-batch, we loaded a 10x chip targeting 30,000 cells per channel of the 10x chip and 39 

loaded the same pool of cells across multiple lanes to recover 6,000 cells per individual line. 40 

After cDNA amplification and cleanup, samples from each sub-batch were stored at -20C. We 41 

processed all samples from sub-batches in parallel in each batch for library preparation and 42 

sequencing. Libraries were sequenced with a target depth of 30,000 reads per cell on the 43 

NovaSeq X in the University of Chicago Functional Genomics Core. We recycled the data from 44 

naïve HDCs of 26 individual lines that were generated from a previous collection19. These 26 45 

lines are matched to the treated lines we generated in batch 2. We subset cells to 7,000 cells per 46 

line to align with our current collection.   47 

 48 
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We used CellRanger (7.0.0) to align samples to the human genome (GRCh38). We used Vireo to 1 

demultiplex samples by genotype and assign droplets to individuals53. We used a reference panel 2 

from 1000 Genomes Project Phase 354 for demultiplexing. We removed doublets and droplets 3 

that could not be confidently assigned to an individual. We removed individuals with fewer than 4 

50 assigned cells. We further filtered cells to keep only those with less than 20% mitochondrial 5 

reads and with at least 750 genes expressed and at most 9000 genes detected. After the quality 6 

controls, we obtained 1,416,512 high-quality cells for downstream analyses. For quality controls 7 

on the gene level, we used different filtering in different analyses based on the need and purpose, 8 

which are noted in each corresponding section.  9 
 10 
 11 
Cell type annotation 12 

After extensive testing and evaluation, we chose to annotate cells at individual cell level using 13 

CelliD20 with some modifications based on our dataset. CelliD is a clustering-free multivariate 14 

statistical method that performs gene signature extraction and functional annotation for each 15 

individual cell in a single-cell RNA-seq dataset. It uses Multiple Correspondence Analysis 16 

(MCA) to produce a simultaneous representation of cells and genes in a low dimension space. 17 

Genes are then ranked by their distance to each individual cell, providing unbiased per-cell gene 18 

signatures. Then cells are annotated by evaluating the enrichment of per-cell gene signatures in a 19 

reference list of cell type markers.  20 

 21 

To compile a reference marker list, we used two published datasets from the human fetal cell 22 

atlas55 and first-trimester brain atlas56. For the human fetal cell atlas, we first obtained the count 23 

matrix and filtered out low-quality cells. After removing placental cells, uncharacterized cell 24 

types, and rare cell types that have fewer than 100 cells, we obtained 56 cell types (156,430 25 

cells). Next, we randomly subsampled 1,000 cells per cell type, filtered genes to protein-coding 26 

genes that are expressed in more than 10 cells, normalized the expression matrix by library size 27 

factors, log transformed the data, and selected highly variable genes. Then, we ran MCA and 28 

extracted top 250 genes for each cell type as their markers. We iterated this cell subsampling and 29 

preprocessing 20 times and used intersection as the final marker set for each cell type, with a 30 

median of 168 genes.  31 

 32 

For the human first-trimester brain atlas, we used the same strategy. After quality controls, we 33 

first subset the data to a maximum of 20,000 cells per Celltype_TopLevelCluster (7 cell types, 34 

57 Celltype_TopLevelClusters, 831,953 cells). Here, we kept a finer resolution of annotation as 35 

used in the original dataset to generate a more accurate reference marker list, and after cell 36 

annotation, we merged the annotated cells from the same cell type but different 37 

TopLevelClusters. We iteratively subsampled 1,000 cells per Celltype_TopLevelCluster and 38 

extracted top 250 genes using MCA. After 20 iterations, we used the intersection as the final 39 

marker set for each Celltype_TopLevelCluster, with a median of 157 genes. 40 

 41 

To avoid redundancy, we excluded brain-derived cell types from fetal cell atlas: purkinje 42 

neurons, inhibitory neurons, astrocytes, granule neurons, oligodendrocytes, nhibitory 43 

interneurons, microglia, limbic system neurons, excitatory neurons, and unipolar brush cells. We 44 

combined reference marker lists generated from these two atlases and manually added a set of 45 

markers for iPSCs. Altogether, we obtained a final list of 114 cell types (clusters) as our 46 

reference marker list, with a total of 6470 genes.  47 

 48 
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To learn gene signatures of individual cells in our query dataset, we used a similar pipeline. After 1 

normalization and log transformation, we selected top 2,000 highly variable genes. Using the 2 

union of reference markers and the 2,000 highly variable genes, we performed MCA and 3 

extracted top 300 genes for each individual cell in the query dataset. To avoid the effects of cell 4 

cycling, we excluded ribosomal, mitochondrial, and cell-cycle genes in both reference markers 5 

and query gene signatures. Finally, we ran hypergeometric tests against the reference marker 6 

gene list to find the strongest enrichment of per-cell gene signatures among cell types (clusters) 7 

in the reference. Cells with a corrected p-value smaller than 0.01 are labelled as unassigned 8 

(20,772 out of 1,416,512). After assigning individual cells in the query dataset to reference cell 9 

types (clusters), we cleaned the annotations by combining similar cell types. First, we combined 10 

the labels from the same cell type, but different TopLevelClusters that are derived from the brain 11 

atlas. For cell types in the fetal atlas, we combined ENA glia and schwann cells; cardiomyocytes 12 

and cardiac progenitor cells; amacrine, horizontal, ganglion, photoreceptor, and bipolar cells as 13 

retinal neurons; ENS neurons, sympathoblasts, chromaffin, and visceral cells; epicardial fat and 14 

mesothelial cells; lymphatic and vascular endothelial cells; lymphoid and thymocyte; fibroblast, 15 

stromal, and mesangial cells; parietal and chief cells and goblet cells. After cell label cleaning, 16 

we have 1,416,512 cells assigned to 34 cell types and unassigned cells, with a median of 10,542 17 

cells per cell type.  18 

 19 

After removing unassigned cells and manually examining canonical marker gene expression, we 20 

identified 25 high-confidence cell types to use in downstream analyses (FigS5). These 25 cell 21 

types comprise a variety of diverse cell types spanning ectoderm, mesoderm, endoderm, and 22 

epithelium. 23 
 24 
 25 
Differential abundance analysis 26 

We used milo to detect differences in cellular abundance without relying on cell type 27 

annotations25. Milo models cell states as overlapping neighborhoods on a KNN graph and then 28 

tests for differential abundance in each neighborhood. For each treatment, we first computed an 29 

KNN graph on the 25 lines of control and treatment group from batch 1 using 50 nearest-30 

neighbors and 30 dimensions. Next, we defined neighborhoods on the KNN graph using a 5% 31 

randomly sampled cells. Then, we counted the number of cells from each sample and tested for 32 

differential abundance in each neighborhood. Milo implements this hypothesis testing in a 33 

Negative Binomial generalized linear model framework where we accounted for sex and batch 34 

effects. P-values were corrected using an adaptation of the Spatial FDR correction to account for 35 

the amount of overlap between neighborhoods. Specifically, each hypothesis test p-value is 36 

weighted by the reciprocal of the kth nearest neighbor distance.  37 
 38 
 39 
Differential expression analysis 40 

We performed differential expression (DE) analysis between control and a treatment in each cell 41 

type using data from batch 1 (25 lines, 2 sub-batches) where we generated untreated and treated 42 

HDCs in parallel. We used dreamlet which applies pseudobulk approach and uses a linear mixed 43 

model with precision weights for single-cell RNA-seq datasets57. First, we removed samples 44 

(batch, cell type, condition, and individual combinations) with fewer than 10 cells, and removed 45 

cell types with fewer than 3 individuals. We kept genes with at least 10 cells with non-zero reads 46 

across all cells from control and one treatment. Next, we aggregated counts across cells from the 47 

same sample. We filtered samples and genes, normalized aggregated counts, and computed 48 
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precision weights by number of cells using the function processAssays. In each cell type, we set 1 

treatment, sex, and batch as fixed effects and individual as a random effect in a linear mixed 2 

model. Finally, we fit the model on each gene using the Satterthwaite approximation for the 3 

hypothesis test by default and applied empirical Bayes shrinkage on the linear mixed model. 4 

Genes with an FDR-adjusted p-value < 0.05 were considered DE genes.  5 
 6 
 7 
Gene set enrichment analysis 8 

We performed gene set enrichment analysis (GSEA) using the R package fgsea. fgsea is a 9 

powerful method that quickly estimates arbitrarily low GSEA p-values accurately based on an 10 

adaptive multi-level split Monte-Carlo scheme58. We used pre-ranked t-statistics for all tested 11 

annotated genes in each tissue from DE analysis as input and 50 hallmark gene sets from the 12 

Molecular Signature Database (MSigDB v7.5.1) as reference gene sets. The hallmark gene sets 13 

summarize and represent specific well-defined biological states or processes and display 14 

coherent expression59. These gene sets were generated by a computational methodology based on 15 

identifying overlaps between gene sets in other MSigDB collections and retaining genes whose 16 

gene expression levels are coordinate. Multiple testing was corrected using the Benjamini-17 

Hochberg procedure and an FDR ≤ 0.05 and absolute NES > 1 was considered as significant 18 

enrichment. NES is a normalized enrichment score used to account for the size of a gene set and 19 

correlation between a gene set and genes in the ranked list. 20 

 21 

 22 

Trajectory isolation and pseudotime inference 23 

We first applied contrastiveVI60, a deep generative model designed to deconvolve scRNA-seq 24 

data into shared and condition-specific latent spaces. To prepare the data, we filtered out cells 25 

with fewer than 1,000 unique molecular identifiers (UMIs) and excluded genes expressed in 26 

fewer than 10 cells. We then identified the top 2,000 highly variable genes (HVGs) using log-27 

normalized counts and Scanpy’s highly_variable_genes with flavor cell_ranger for variable gene 28 

selection61. 29 

 30 

Using contrastiveVI’s autoencoder framework, we trained a model on the raw UMI count matrix 31 

of the 2000 HVGs to extract 30 shared and 30 treatment-specific latent variables. The shared 32 

latent variables, which represent biological variation common across treatment and control 33 

conditions, were used as input for downstream trajectory analysis. To visualize the dataset, we 34 

constructed a neighborhood graph from the shared latent space and applied UMAP using 35 

Scanpy’s default parameters. This 2D embedding was used solely for visualization and did not 36 

influence trajectory inference or any QTL analyses. 37 

 38 

Next, we used Palantir for trajectory inference29. To address computational burden, we first 39 

randomly selected 100,000 single cells regardless of cell types, and individuals in each condition. 40 

Then, we computed 30 diffusion components (DCs) from the neighborhood graph on these 41 

400,000 cells using palantir.utils.run_diffusion_maps, which projects the data into a lower-42 

dimensional space while preserving the cell-cell similarity structure. Terminal states were 43 

selected based on the extrema of DCs in terminally differentiated cell types. We then ran 44 

palantir.core.run_palantir with 30,000 waypoints to reconstruct differentiation trajectories, with 45 

the pseudotime ordering and trajectory probabilities toward each terminal states as outputs. Next, 46 

we used KNN regression with 30 nearest neighbors to map the rest of single cells with 47 

pseudotime and trajectory probabilities. 48 
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 1 

 2 

Molecular cis-eQTL mapping 3 

cis-eQTL mapping was performed using a linear regression model implemented by 4 

MatrixEQTL62. Genotypes were obtained from high-coverage (30x) whole-genome sequencing 5 

data from 1000 Genomes Project. We filtered SNPs in each cell type and condition combination 6 

by allele frequency and genotype frequency. We removed outlier SNPs with MAF < 0.05. We 7 

also filtered out loci with < 2 homozygotes across samples in each cell type and condition 8 

combination. 9 
 10 
First, we removed samples (batch, cell type, condition, and individual combinations) with fewer 11 

than 3 cells, and removed cell types with fewer than 10 individuals. We kept genes with at least 5 12 

cells with non-zero reads in each condition. Next, we aggregated counts across cells from the 13 

same sample. After count aggregation, we removed samples with no cells and genes with fewer 14 

than 2 donors with at least 3 aggregated reads. We used lenient filtering to include more genes to 15 

have enough commonly expressed genes when jointly analyzing data across cell types and 16 

conditions in mash analysis. In each cell type, we normalized the aggregated counts of all 17 

pseudobulk samples across control and the three treatment groups for a given gene using 18 

trimmed mean of M-values (TMM). Log-transformed normalized reads for each gene were 19 

inverse normal transformed across samples. For eQTL mapping, we focused on 14 out of 25 20 

high-confident cell types that have more than 30 individuals after quality controls: ciliated 21 

epithelia cells, ENS glia, epicardial fat cells, hepatoblasts, intestinal epithelia cells, myeloid cells, 22 

neuroblasts, neurons, retinal neurons, retinal pigment cells, squamous epithelial cells, stromal 23 

cells, vascular endothelial cells, and iPSCs.  24 

 25 

We included sex, the first two genotype principal components (PCs), and expression PCs as 26 

covariates. We computed expression PCs from the gene expression matrix for each cell type and 27 

condition to capture hidden technical or biological factors of expression variability. The number 28 

of PCs was selected and included in the model as covariates based on the elbow method and the 29 

Buja and Eyuboglu (BE) algorithm, which also approximately maximized cis-eGene discovery. 30 

We computed the correlation of the selected PCs and the other covariates and removed those that 31 

were highly correlated with any of the selected PCs (R2 > 0.9).  32 
 33 
The mapping window was defined as 100kb up- and down-stream of the transcription start site. 34 

We output all results by setting the pvOutputThreshold=1. To identify genes with at least one 35 

significant eQTL (cis-eGenes), the top nominal p-value for each gene was selected and corrected 36 

for multiple testing at the gene level using eigenMT63. eigenMT is an efficient multiple 37 

hypothesis testing correction method that estimates the effective number of tests using a 38 

genotype correlation matrix and then applying Bonferroni correction. Genome-wide significance 39 

was then determined by computing Benjamini-Hochberg FDR on the top eigenMT-corrected p-40 

value for each gene.  41 
 42 
 43 
Multivariate adaptive shrinkage 44 

To combat the issue of incomplete power, we used mashr64 to estimate sharing between 45 

conditions, and to identify treatment-induced response effects in each cell type. By jointly 46 

analyzing genetic effects across conditions, mashr increases power and improves effect-size 47 

estimates, thereby allowing for greater confidence in effect sharing and estimates of condition-48 
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specificity. We ran mashr using the output of eQTL mapping from MatrixEQTL across 14 cell 1 

types in control and each treatment group in pairs (28 effects for each SNP). We included a total 2 

of 9,717 genes that are tested in each cell type and condition combination. No effect size is post 3 

hoc set to 0 for mashr. To run mashr, we first estimated residual correlation structure on all 4 

independent gene-SNP pairs (around 100,000) from an intersection of all tested SNPs and pruned 5 

reference SNPs (--indep-pairwise 50 5 0.2). We obtained a similar correlation structure when we 6 

randomly selected 100,000 gene-SNP pairs regardless of linkage disequilibrium. Next, to 7 

estimate data-driven covariance matrices, we selected the top SNP with the smallest p-value 8 

across all 28 conditions for each gene as a strong set of 9717 gene-SNP pairs. For genes that 9 

have multiple selected SNPs with the same smallest p-value, we randomly selected one SNP. 10 

Using this strong set, we obtained empirical covariance matrix, PCA-derived matrix, and 11 

matrices computed by empirical Bayes matrix factorization via flashr using its default settings. 12 

Next, we learned the underlying parameters on the list of data-driven covariance matrices using 13 

extreme deconvolution. We fit the mash model to our random set of independent gene-SNP pairs 14 

(that were used for estimating residual correlations) using both data-driven and canonical 15 

covariances. Finally, we computed posterior statistics for the strong set of 9717 gene-SNP pairs.  16 

 17 

For each cell type, gene-SNPs and LFSR < 0.1 in control or treatment were designated as 18 

significant eQTLs. To investigate sharing of the eQTLs between control and treatment, we 19 

assessed sharing of effects by magnitude (effects have similar magnitude within a factor of 1.5) 20 

for the SNPs that are significant eQTLs within each cell type separately. Response eQTLs are 21 

SNPs that are significant eQTLs in control or treatment for a given cell type and the fold change 22 

of effects is more than a factor of 1.5. A response eGene is a gene with at least one response 23 

eQTL. Non-response eQTLs are SNPs that are significant eQTLs in at least one condition for a 24 

given cell type and the fold change of effects is less than a factor of 1.5. A non-response eGene 25 

is a gene with at least one eQTL but no response eQTLs. 26 
 27 
 28 
Dynamic eQTL mapping 29 

First, we aggregated cells into pseudobulk samples by grouping cells into 15 pseudotime bins of 30 

equal range in each trajectory of each condition. We removed donors with fewer than 5 cells for 31 

a given trajectory. Then, we merged the bin with fewer than 100 or total number of cells divided 32 

by 15 (whichever is smaller) into the next bin. We iteratively merge the bins until no bin has too 33 

few cells. If the last bin has too few cells, merge it into the second to the last bin. We performed 34 

similar merging procedure by individual to make sure each bin has at least 20 individuals. Then, 35 

we normalized pseudobulk expression by individual level in each bin and used the filtered 36 

genotypes as processed in the molecular cis-eQTL mapping section. 37 

 38 

Following prior approaches4,19,65, we run PCA on cell lines to capture latent factors that account 39 

for broad expression differences across individuals during differentiation. PCA was conducted 40 

using the NIPALS algorithm66, which accommodates missing data. In our regression model, we 41 

included sex and the first 10 cell line PCs, along with their interactions with pseudotime, as 42 

covariates to adjust for lineage-specific effects. Additionally, we included the top 2 genotype 43 

PCs as covariates, without their interactions with pseudotime, to control for population structure. 44 

 45 

We implemented dynamic eQTL mapping with TensorQTL33 using the following linear model: 46 

 47 
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𝐸௖௧ ∼ 𝑁ሺ𝜇 ൅ 𝛽ଵ 𝐺௖ ൅ 𝛽ଶ 𝑔𝑃𝐶௖ଵ ൅ 𝛽ଷ 𝑔𝑃𝐶௖ଶ ൅ 𝛽ସ 𝑆௖ ൅ 𝛽ହ 𝜏 ൅ 𝛽଺ 𝑃𝐶௖ଵ ൅⋯൅ 𝛽ଵହ 𝑃𝐶௖ଵ଴1 ൅ 𝛽ଵ଺ 𝑃𝐶௖ଵ ൈ 𝜏 ൅⋯൅ 𝛽ଶହ 𝑃𝐶௖ଵ଴ ൈ 𝜏 ൅ 𝛽ଶ଺ 𝑆௖ ൈ 𝜏 ൅ 𝛽ଶ଻ 𝐺௖ ൈ 𝜏,  𝜎ଶሻ 2 

 3 

Where c indexes donors and t indexes pseudotime bins, Ect represents the normalized expression 4 

of the sample, G represents genotype, gPC represents genotype PCs, PCk represents kth cell line 5 

PCs, Sc represents the sex of donor c, and  represents median pseudotime value of cells in each 6 

pseudotime bin. 7 

 8 

We assessed dynamic eQTLs by modeling the interaction between genotype and pseudotime 9 

(β27). To correct for the multiple variant-level tests performed per gene, we applied eigenMT63, 10 

followed by the Benjamini-Hochberg procedure on the minimum eigenMT-adjusted p-value per 11 

gene to control the genome-wide FDR at 0.1. 12 

 13 

To define significant dynamic eQTLs, we first identified the gene whose eigenMT-adjusted p-14 

value was closest to the genome-wide FDR threshold and used that p-value as the significance 15 

cutoff. All variant-gene pairs with adjusted p-values below this threshold were retained as 16 

significant dynamic eQTLs. 17 

 18 

For replication analysis, we evaluated the consistency of our neural dynamic eQTLs using 19 

summary statistics from J. Popp and K. Rhodes et al19. We estimated the π₁ replication rate using 20 

the qvalue package, focusing on the neural dynamic eQTL identified in our control samples. 21 

 22 

We categorized the significant dynamic eQTLs into early, late, or switch classes, following 23 

established criteria4,19,65. An eQTL was labeled early if its effect size decreased across 24 

pseudotime, late if the effect size increased, and switch if the direction of the effect reversed. To 25 

make these classifications, we used predicted effect sizes at the trajectory endpoints from the 26 

fitted linear model produced by TensorQTL. If the direction remained consistent, the 27 

classification was based on whether the magnitude decreased (early) or increased (late). If the 28 

effect size changed sign and both endpoint magnitudes exceeded a threshold of 1, the variant was 29 

considered a switch-effect eQTL. 30 

 31 
 32 
Enrichment in regulatory elements 33 

We annotate the variants using signatures of cis-regulatory elements (cCREs) from ENCODE36. 34 

In the ENCODE project, epigenetic signatures and proximity to TSSs were integrated to 35 

categorize cCREs. We used all types of cCREs in our analysis but focused on promoter domains 36 

and enhancer domains in the results. Promoter-like signatures (PLS) must meet the following 37 

two criteria: 1) fall within 200 bp (center to center) of an annotated GENCODE TSS or 38 

experimentally derived TSS and 2) have high chromatin accessibility and H3K4me3 signals. 39 

Enhancer-like signatures (ELS) have high chromatin accessibility and H3K27ac signals. If they 40 

are within 200 bp of a TSS they must also have low H3K4me3 signal. The subset of the 41 

enhancers within 2 kb of a TSS are denoted as TSS proximal (pELS), while the remaining subset 42 

is denoted TSS distal (dELS). We obtained all human cCREs (GRCh38/hg38) across all cell 43 

types from ENCODE’s Registry beta version. We annotated all SNPs tested in the eQTL 44 

mapping if it is located within an cCRE. Enrichment tests were performed in each cell type and 45 

treatment using Fisher’s exact test.  46 
 47 
 48 
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Comparison of gene-level features 1 

We compared genic features of response eGenes, non-response eGenes, and all eGenes in each 2 

cell type. We calculated the TSS count of a given gene by the number of promoter peaks 3 

measured by the FANTOM5 project using Cap Analysis of Gene Expression (CAGE)38. We 4 

estimated enhancer activity of a given gene by computing the accumulative enhancer length 5 

across 131 cell or tissue types predicted based on the activity-by-contact (ABC) model (ABC 6 

score > 0.05)42. We defined loss-of-function (LoF)-intolerant genes by pLI score > 0.9 using the 7 

statistic from gnomAD.v4.1.067. For Gene Ontology (GO) analysis, we focused on 41 broadly 8 

unrelated GO terms that are used in Mostafavi et al35. For enrichment in transcription factors 9 

(TFs), we used the official list of human TFs (v1.01) from Lambert et al. which includes 1639 10 

human TFs68. For all the analyses, we only included the genes that were shared between the 11 

testing set for eQTL mapping in this study (n=9717) and the reference set of the interest. 12 

Enrichment tests were performed using Fisher’s exact test.  13 
 14 
 15 
Colocalization 16 

We compiled GWAS summary statistics from Sakaue et al.44 and Fair et al.45 The first study 17 

contains a GWAS atlas for 220 human phenotypes from BioBank Japan, UK Biobank, and 18 

FinnGen (n_total=807,000). The second study compiled summary statistics for 45 blood and 19 

immune-related traits from GWAS Catalog. We used HyPrColoc to determine whether eQTL 20 

and trait associations are explained by the same causal variant. HyPrColoc is an efficient 21 

deterministic Bayesian divisive clustering algorithm that uses GWAS summary statistics to 22 

detect colocalization across vast numbers of traits simultaneously46. We used the default setting 23 

of prior probability = 1x10-4 and a conditional colocalization prior = 0.025. We defined a 24 

significant colocalization as having a posterior probability larger than 0.5.   25 
 26 

27 
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Figure S1. Summary of cell number in each individual line and condition. 4 
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Figure S2. Summary of cell number and individual number in each cell type and condition. 5 
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Figure S3. Validation of cell type annotation approach and results.  4 
(A) Confusion matrix for intradataset cell type cross-validation. We split the fetal cell atlas into training and test sets 5 
where we used the training set to generate a reference marker list and the test set for cell type prediction. 6 
(B) Distribution of cell number across 22K super clusters generated by unsupervised clustering with a high 7 
resolution, with an average of 60 cells per cluster across 1.4M cells in our study. 8 
(C-D) Histogram of the proportion of most abundant assigned cell type (C) or germ layer (D) in each super cluster. 9 
Cells in the majority of super clusters have a homogenous (>80%) cell type/germ layer assignment. 10 
  11 
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Figure S4. Differential abundance in response to treatment. 4 
(A, C, E) Visualization of differential abundance on a KNN graph. Nodes are neighborhoods, colored by their log 5 
fold change between control and ethanol (A), caffeine (C), and nicotine (E), respectively. Non-differential 6 
abundance neighborhoods (FDR>5%) are colored white, and sizes correspond to the number of cells in each 7 
neighborhood. Graph edges depict the number of cells shared between neighborhoods   8 
(B, D, F) Distribution of log fold change between treatment and control in neighborhoods containing cells from 9 
different cell type. Differential abundance neighborhoods at FDR<5% are colored. A neighborhood is assigned to a 10 
cell type if >75% cells within the neighborhood from the same predefined cell type. 11 
 12 
 13 
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 1 
Figure S5. Full trajectories and trajectory validation. 2 
(A) Pseudotime distributions for all inferred trajectories. Color bars represent pseudotimes of cells assigned to each 3 
trajectory. Cells not assigned to the trajectory are shown in gray. 4 
(B) Hepatoblast and epicardial fat cell trajectories share intermediate mesendoderm cells. Cells assigned in 5 
hepatoblast only are shown in green, cells assigned in epicardial fat cells only are orange, and cells shared by the 6 
two trajectories are shown in blue. Cells not assigned to either trajectory are shown in gray. 7 
(C) Marker gene expression for hepatoblast (left) and epicardial fat cell (right) trajectories. POU5F1 is pluripotent 8 
cell marker gene, GATA6 is the intermediate mesendoderm marker gene, SOX17 is intermediate mesoderm marker 9 
gene, PDGFRA is intermediate endoderm marker gene, SERPINA1 is hepatoblasts marker gene, and COL3A1 is 10 
epicardial fat cell marker gene. 11 
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Figure S6. Validation of 25 high-confidence cell types.  3 
UMAP visualization of cell types in different colors and heatmap of expression of canonical markers for each cell 4 
type.   5 
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Figure S7. Proportion of treatment-induced differentially expressed genes in each cell type.  3 
  4 
  5 



 

35 
 

 1 
 2 
 3 

 4 
 5 
Figure S8. Pathway enrichment of differentially expressed genes in response to each treatment. 6 
(A) Heatmap of enrichment in 50 hallmark gene set. Normalized enrichment score (NES) indicates direction and 7 
strength of enrichment, with enrichment in red and depletion in blue. 8 
(B) Ranks of genes involved in cellular response to toxic substances by t-statistics of differential expression test in 9 
hepatoblasts in response to ethanol, caffeine, and nicotine, respectively. 10 
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Figure S9. eGenes discovery in each cell type and condition.  3 
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 1 
Figure S10. Replication of dynamic eQTLs.  2 
(A) Replication of control neural dynamic eQTLs in J. Popp and K. Rhodes et al. and (B) their null set of eQTLs 3 
with matched minor allele frequence (MAF) and transcription start site (TSS). 4 
 5 
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 2 
Figure S11. Distribution of distance to TSS for response eQTLs and non-response eQTLs in each cell type 3 
and treatment.  4 
 5 
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Figure S12. Average cumulative enhancer length per tissue/cell type. 3 
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Figure S13. Distribution of minor allele frequency (MAF). 4 
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Figure S14. Enrichment of response eGenes and non-response eGenes in biological processes. 4 
(A) Enrichment of response eGenes and non-response eGenes among genes in 41 broadly defined Gene Ontology 5 
(GO) categories. The GO categories (y-axis) are sorted based on the average pLI value of the corresponding genes 6 
within each category. The color map represents enrichment (red) or depletion (blue) by enrichment Z scores. 7 
(B) Distribution of enrichment Z scores across 41 GO terms for response eGenes (red) and non-response eGenes 8 
(blue). From top to bottom: ethanol, caffeine, and nicotine.  9 
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Figure S15. Colocalization of a response eQTL with IBD. 4 
Visualization of an example of a caffeine-response eQTL (chr1:67431276:G_T) for SERBP in intestinal epithelial 5 
cells colocalized with a variant associated with IBD. The top panel (pink) shows significance levels of variants 6 
evaluated as eQTLs for the given gene expression including all variants within 100kb of the transcription start site, 7 
and the bottom panel (green) shows significance levels of variants tested for association with the trait(s) within the 8 
same region. Vertical lines depict the genomic location of the candidate colocalized variant.  9 
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Figure S16. Examples of stronger enrichment of GWAS P-values in response eQTLs. 3 
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Figure S17. Examples of stronger enrichment of GWAS P-values in dynamic response eQTLs. 3 
 4 
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