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Abstract
Background

Chemical exposure can exert biological effects not only through genetic alterations but also by changing
gene regulation and chromatin states. Inflammation is a key cellular response to diverse chemical
stresses, and immune cells control activation and inflammatory gene programs through dynamic
chromatin remodeling; moreover, chronic inflammation and immunosuppression are recognized key
characteristics of carcinogens. However, how chemically induced transcriptional responses are
coordinated with changes in chromatin accessibility remains incompletely understood. Here, we
investigated whether integrating transcriptomic and chromatin accessibility profiling could provide a
molecular framework for assessing chemically induced inflammatory responses. To do so, human TK6
cells, an immune-lineage cell line widely used in regulatory genotoxicity testing, were exposed for 24h to
the non-genotoxic tumor promoter 12-O-tetradecanoylphorbol-13-acetate (TPA), allowed to recover for
up to 7 days before being analyzed by RNA sequencing (RNA-seq) and assay for transposase-accessible
chromatin using sequencing (ATAC-seq).

Results

TPA induced time-dependent transcriptional changes that persisted after chemical removal. Upregulated
genes were enriched in immune- and inflammation-related processes, including leukocyte and
lymphocyte activation and cytokine production. ATAC-seq revealed extensive chromatin remodeling that
increased progressively during the post-exposure period: the total number of differentially accessible
regions rose from 6,488 immediately after exposure to 11,364 and 12,710 on Days 3 and 7, respectively.
Integrated RNA-seq and ATAC-seq analysis showed that the proportion of upregulated genes
accompanied by increased chromatin accessibility rose from 32.7% on Day 0 to 50.1% and 46.3% on
Days 3 and 7, respectively. Concordance among downregulated genes increased more markedly, from
8.7% on Day 0 to 26.1% on Day 3 and 39.6% on Day 7. Concordant changes included inflammation-
related genes associated with susceptibility to human disease, including TNFSF4, CSF2, and SELL.

Conclusions

These findings show that TPA induces sustained transcriptional and chromatin states that continue to
remodel after chemical removal. Integrated RNA-seq and ATAC-seq profiling identifies coordinated
molecular responses that transcriptomic analysis alone does not capture. These concordant RNA-ATAC
changes, particularly at disease-associated inflammatory genes, may provide candidate molecular
indicators for mechanistically informed assessment of chemically induced inflammatory and non-
genotoxic effects.

Introduction
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Cells are continuously challenged by a broad range of exogenous and endogenous stressors. Through
diverse mechanisms, these agents can disrupt cellular functions and homeostasis, thereby contributing
to aging, carcinogenesis, and the development or progression of various diseases. Genotoxicity is one
major mechanism underlying such adverse effects. Genotoxic agents act directly or indirectly on
genomic DNA or chromosomes, causing DNA damage that can subsequently produce genetic
alterations such as mutations and chromosomal abnormalities [1]. However, the biological effects of
chemicals are not limited to changes in DNA sequence. Chemicals can also perturb epigenetic
regulatory mechanisms, including DNA methylation, histone modifications, and consequent changes in
chromatin organization, thereby inducing sustained or long-lasting alterations in gene expression [2-5].
Chemically induced epigenetic alterations may arise directly through effects on epigenetic regulators,
such as DNA methyltransferases and histone-modifying enzymes, or indirectly through changes in
cellular metabolism, redox balance, and energy homeostasis [6]. For example, metabolites such as
acetyl-CoA, S-adenosylmethionine, a-ketoglutarate, and NAD+ serve as substrates or cofactors for
histone acetylation, DNA and histone methylation, demethylation, and deacetylation, directly linking
cellular metabolic states to chromatin regulation [7]. Thus, chemical exposure can produce closely
interconnected metabolic and epigenetic alterations whose biological consequences are likely mediated
through complex molecular networks rather than a single molecular target.

Changes in metabolic control, genome integrity, and epigenetic regulation are ultimately reflected in gene
expression programs through altered chromatin states [8, 9]. Thus, chromatin structure serves as an
important regulatory platform that integrates diverse intracellular and extracellular stress signals and
translates them into transcriptional responses. Among these responses, inflammation is a
representative biological process triggered by disruption of cellular homeostasis. Oxidative stress,
mitochondrial dysfunction, metabolic reprogramming, endoplasmic reticulum stress, DNA damage, and
epigenetic alterations can activate innate immune signaling and inflammation-related transcriptional
pathways while simultaneously altering chromatin accessibility and reshaping inflammatory gene
expression programs [10]. Although inflammatory responses are essential for host defense, tissue repair,
and restoration of tissue homeostasis, their excessive or persistent activation is closely associated with
carcinogenesis, cellular and organismal aging, autoinflammatory and autoimmune diseases, and many
other pathological conditions [11]. Comprehensive characterization of inflammation-related
transcriptional responses together with their underlying chromatin-state changes is therefore important
for assessing potential chemical hazards and mechanisms of action [12].

Pathogen-associated molecular patterns (PAMPs) and damage-associated molecular patterns (DAMPs)
can both initiate inflammatory responses. DAMPs include ATP, mitochondrial components, and cytosolic
nucleic acids that are released or generated during cellular stress or tissue damage [13, 14]. These
signals are detected through pattern-recognition receptors and intracellular sensing pathways such as
the cGAS—-STING pathway [15]. Inflammatory transcription can also be activated directly by intracellular
stresses, including oxidative stress, endoplasmic reticulum stress, and DNA damage, through pathways
involving NF-kB, AP-1, JAK-STAT, and interferon regulatory factors [16, 17]. Thus, cellular stresses with
distinct molecular origins can converge on reprogramming of inflammatory gene expression. Excessive
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activation or dysregulation of these networks is associated with numerous pathological conditions.
These include autoimmune and autoinflammatory diseases such as systemic lupus erythematosus,
Aicardi—Goutiéres syndrome, and rheumatoid arthritis, together with cancer- and aging-associated
chronic inflammation [18-20]. In response to chemical and other cellular stresses, genes linked to
disease susceptibility and disease-related inflammatory states can undergo dynamic transcriptional
regulation that may be accompanied by altered chromatin accessibility [21-23]. Chromatin remodeling
may therefore provide an important regulatory layer that determines how disease-associated
inflammatory genes respond to stress [24, 25].

In the present study, inflammation was used as a potential indicator of chemically induced biological
effects, and we comprehensively examined associated changes in gene expression and chromatin
dynamics. The experiments used human lymphoblastoid TK6 cells, which retain functional p53, have a
relatively stable karyotype, and are widely used not only for genotoxicity testing but also for evaluating
broader chemical effects [26-29]. We selected 12-O-tetradecanoylphorbol-13-acetate (TPA) as the
model compound because this prototypical non-genotoxic tumor promoter and phorbol ester activates
protein kinase C signaling and elicits broad transcriptional and inflammatory responses [30-32].
Genome-wide, time-resolved RNA sequencing (RNA-seq) and assay for transposase-accessible
chromatin using sequencing (ATAC-seq) were then integrated to characterize these responses. Using
this approach, we asked whether combined analysis of gene expression and chromatin states can
provide a molecular framework for evaluating inflammatory effects associated with chemical stress.

Materials and Methods
Cell culture

The human lymphoblastoid cell line TSCE5, an isogenic derivative of TK6, was used in this study [33].
Cells were cultured at 37°C, 5% CO,, and 100% humidity in RPMI-1640 medium (Nacalai Tesque)
supplemented with 10% heat-inactivated horse serum (Gibco), 100 U/mL penicillin, 100 pg/mL
streptomycin, and 200 pg/mL sodium pyruvate.

Chemical treatment

12-O-tetradecanoylphorbol-13-acetate (TPA) was purchased from Wako Pure Chemical Industries Ltd.
(Osaka, Japan) and prepared in 100% ethanol (EtOH). Exponentially growing cells were collected for TPA
treatment by centrifugation at 500 x g for 5 min at 4°C, and the culture medium was then replaced with
fresh medium. A total of 2.5 x 10° cells were resuspended in 10 mL of fresh culture medium and cultured
in 10-cm dishes. Cells were exposed to 0.2 pg/mL TPA for 24 h at 37°C, whereas vehicle controls
received an equivalent volume of 100% EtOH to give a final concentration of 1% (v/v). At the end of the
24-h exposure, cells were collected by centrifugation at 500 x g for 5 min at 4°C and washed twice with
20 mL of fresh culture medium. Cells were resuspended in fresh culture medium and counted after the
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final wash. Day 0 was defined as the time point immediately after completion of the 24-h treatment and
washing. The cells were subsequently maintained in TPA-free medium and collected on Days 3 and 7 for
the analyses described below.

RNA-seq library preparation and sequencing

Total RNA was isolated with the NucleoSpin RNA Plus kit (Macherey-Nagel) according to the
manufacturer’s instructions. A NanoDrop spectrophotometer was used to measure RNA concentration.
Samples containing = 1 pg of total RNA at =20 ng/pL were sent to Macrogen Japan for library
preparation and sequencing. Using the TruSeq Stranded mRNA Library Prep Kit (lllumina, San Diego, CA,
USA), RNA-seq libraries were prepared according to the manufacturer’s protocol. Libraries were then
sequenced on an lllumina NovaSeq X Plus system in paired-end mode with 100-bp reads.

RNA-seq data analysis

FASTQ file quality was assessed using FastQC (v0.12.1, -nogroup) [34]. Adapter sequences and low-
quality bases were removed with Trimmomatic (v0.39) in paired-end mode using the following
parameters: ILLUMINACLIP:TruSeq3-PE.fa:2:30:10:2:true, SLIDINGWINDOW:4:15, LEADING:3,
TRAILING:3, and MINLEN:36 [35]. Trimmed-read quality was then reassessed using FastQC. Trimmed
paired-end reads were mapped to the human reference genome (hg19) with HISAT2 (v2.2.1) using
default parameters [36]. The resulting alignments were sorted, converted to BAM format, and indexed
using samtools (v1.24) [37]. Expression of known transcripts was quantified from the mapped BAM files
against the NCBI RefSeq gene annotation (hg19.ncbiRefSeq.gtf) using StringTie (v3.0.3, with the -e and -
B options; no strand-specific option was specified) [38]. Gene-level (gene_count_matrix.csv) and
transcript-level (transcript_count_matrix.csv) count matrices were generated from the resulting
Ballgown-format output using prepDE.py, distributed with StringTie [39]. The script was converted from
Python 2 to Python 3 using 2to3, with changes limited to print statements and the dictionary iteration
method, and was executed in a Python 3 environment. The prepDE.py average read length option (-I) was
retained at its default value of 75 bp.

Differentially expressed genes (DEGs) were identified using the edgeR package (v4.10.1) in R
(Bioconductor 3.23) [40]. DEGs were identified separately in four comparisons: EtOH Day 0 vs EtOH Day
3, EtOH Day 0 vs TPA Day 0, EtOH Day 0 vs TPA Day 3, and EtOH Day 0 vs TPA Day 7 (n = 2 biological
replicates per condition). For each comparison, a DGEList object was created from the columns of the
gene count matrix obtained from StringTie corresponding to the four samples of the two groups, and
lowly expressed genes were filtered out using the filterByExpr function, which accounts for sample
number and library size in each group (default settings: min.count = 10, min.total.count = 15) [41]. After
filtering, library sizes were recalculated and normalized using the trimmed mean of M-values (TMM)
method (calcNormFactors) [42]. Dispersion for each gene was then estimated using estimateDisp with a
two-group design matrix, a generalized linear model was fitted using gimQLFit, and differential
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expression between the two groups was tested using gimQLFTest (quasi-likelihood F-test) [41]. Genes
with log,FC > 1 and a nominal (uncorrected) P-value < 0.05 were defined as upregulated, whereas genes
with log,FC < -1 and a nominal P-value < 0.05 were defined as downregulated; these genes were
extracted as DEGs_UP and DEGs_DOWN, respectively, for each comparison.

For DEG visualization, volcano plots were generated with the base R plot function using log,FC and -
log,o(P-value) as the axes; dashed lines indicate |log,FC| = 1 and P = 0.05. For the union of upregulated
and downregulated DEGs identified across the four comparisons, a DGEList object was created in edgeR
(v4.10.1), library sizes were normalized by the TMM method using calcNormFactors, and counts were
converted to log,-CPM values with the cpm function (normalized.lib.sizes = TRUE, log = TRUE,
prior.count = 1). The resulting TMM-normalized log,-CPM values were Z-score standardized for each
gene using the genescale function of the genefilter package (v1.94.0; method = "Z"). These values were
then input into the heatmap.2 function of the gplots R package (v3.3.0) to generate a heatmap with
hierarchical clustering of both genes and samples using Euclidean distance and complete linkage, the
default heatmap.2 settings.

Gene Ontology analysis

Gene Ontology (GO) Biological Process (BP) enrichment analysis was performed with the web-based
g:Profiler tool (g:GOSt, https://biit.cs.ut.ee/gprofiler/gost; version e114_eg62_p19_27110d83). The
DEGs_UP and DEGs_DOWN lists from the EtOH Day 0 vs. TPA Day 0, EtOH Day 0 vs. TPA Day 3, and EtOH
Day 0 vs. TPA Day 7 comparisons were submitted separately to g:Profiler. Homo sapiens was selected as
the organism, the annotation source was restricted to GO:BP, and term size was capped at 1000.
Statistical significance was evaluated using g:Profiler’s default g:SCS multiple-testing correction, with
GO:BP terms considered significant at an adjusted P-value < 0.05. The statistical domain scope
remained at the default setting (only annotated genes).

ATAC-seq library preparation and sequencing

Each sample containing 1 x 10¢ cells was collected by centrifugation at 500 x g for 5 min at 4°C and
washed with cold 0.04% bovine serum albumin/PBS. For lysis, cells were incubated on ice for 3 min in
100 pL of ATAC lysis buffer containing 10 mM Tris-HCI (pH 7.5), 10 mM NaCl, 3 mM MgCl,, 0.1% Tween-
20, 0.1% NP-40, and 0.01% digitonin. ATAC wash buffer containing 0.1% Tween-20 was then added, after
which nuclei were counted with a hemocytometer. A total of 5 x 10* nuclei were recovered by
centrifugation at 500 x g for 10 min at 4°C and resuspended in 47.8 pL of ATAC reaction buffer
containing 10 mM Tris-HCI (pH 7.6), 5 mM MgCl,, 10% N,N-dimethylformamide, PBS, 0.01% digitonin,
and 0.2% Tween-20. Following addition of 2.2 yL adapter-loaded Tn5 transposase, the transposition
reaction proceeded for 30 min at 37°C. The resulting DNA was purified with the MinElute PCR
Purification Kit (Qiagen, Hilden, Germany). Initial amplification of transposed DNA was carried out in a
50-uL PCR containing 20 pL purified DNA, 25 pL 2x KAPA HiFi HotStart ReadyMix (Kapa Biosystems),
and unique dual-index primers containing Nextera-compatible i5 and i7 adapter sequences. PCR was
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performed at 72°C for 5 min and 98°C for 30 s, followed by five cycles at 98°C for 10 s, 63°C for 30 s, and
72°C for 1 min. Quantitative PCR with SYBR Green fluorescence was used to determine the number of
additional amplification cycles. The cycle corresponding to one-third of the maximum fluorescence
intensity was selected, resulting in two additional cycles under the present conditions. Amplified libraries
were first purified with the MinElute PCR Purification Kit and then subjected to 1.8x AMPure XP magnetic
bead purification (Beckman Coulter) to remove primer dimers. Fragment-size distributions were
evaluated on a 4150 TapeStation System using the High Sensitivity D1000 assay (Agilent Technologies),
and library concentrations were measured by quantitative PCR with the KAPA Library Quantification Kit
according to the manufacturer’s instructions. Novogene sequenced the libraries on an Illumina NovaSeq
X Plus system in paired-end mode (2 x 150 bp), with 6 Gb targeted per library.

ATAC-seq data analysis

FASTQ file quality was assessed using FastQC (v0.12.1, -nogroup) [34]. Adapter sequences and low-
quality bases were removed with Trimmomatic (v0.39) in paired-end mode using the following
parameters: ILLUMINACLIP:NexteraPE-PE_ATAC.fa:2:30:10, SLIDINGWINDOW:4:15, LEADING:20,
TRAILING:20, and MINLEN:36 [35]. Trimmed-read quality was then reassessed using FastQC. Trimmed
paired-end reads were mapped to the human reference genome (hg19) with Bowtie2 (v2.5.5) using
default parameters [43]. The resulting alignments were converted to BAM format, sorted, and indexed
using samtools (v1.24). PCR duplicate reads were removed with MarkDuplicates in GATK (v4.2.0.0)
using the -REMOVE_DUPLICATES option [44], and insert-size metrics were collected using GATK
CollectinsertSizeMetrics. Tn5 transposase insertion sites in the duplicate-removed BAM files were shift-
corrected with alignmentSieve in deepTools (v3.5.6) using the --ATACshift option to generate shift-
corrected BAM files for visualization [45]. Peaks were called from the duplicate-removed, pre-shift-
correction BAM files using MACS2 (v2.2.9.1) in BAMPE mode with a g-value cutoff of 0.05 (-q 0.05) and
an effective genome size of -g hs to detect open chromatin regions (narrowPeak) for each sample [46].
For each sample, chromosome, start, and end coordinates (chr, start, end) from the narrowPeak files
were pooled and sorted (sort -k1,1 -k2,2n); overlapping regions across all samples were then merged
with bedtools (v2.31.1) merge to generate a consensus peak set [47]. The resulting BED file was
converted to GTF format (feature type: "region”; gene_id: "chromosome:start-end") using an awk
command and used as the reference annotation for subsequent read counting. Peak-level read counts
for each sample were calculated with the featureCounts function of the Rsubread package (v2.26.0) in R
(v4.6.1) (isGTFAnnotationFile = TRUE, GTF.featureType = "region’, isPairedEnd = TRUE), using the
duplicate-removed BAM files and the consensus peak GTF described above to generate a count matrix.
Differentially accessible regions (DARs) were identified with the edgeR package (v4.10.1) in R
(Bioconductor 3.23) [40]. Three comparisons were analyzed separately: EtOH Day 0 vs. TPA Day 0, EtOH
Day 0 vs. TPA Day 3, and EtOH Day 0 vs. TPA Day 7 (n = 2 biological replicates per condition). For each
comparison, a DGEList object was created from the count-matrix columns corresponding to the four
samples in the two groups, and lowly accessible regions were filtered using filterByExpr, which accounts
for sample number and library size in each group (default settings: min.count = 10, min.total.count = 15)
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[41]. After filtering, library sizes were recalculated and normalized by the TMM method using
calcNormFactors [42]. Dispersion for each region was estimated with estimateDisp using a two-group
design matrix, followed by generalized linear model fitting with gImQLFit and differential-accessibility
testing with gImQLFTest (quasi-likelihood F-test). Regions with log,FC > 1 and a nominal (uncorrected) P-
value < 0.05 were defined as regions with increased accessibility (OPEN DARs), whereas regions with
log,FC < -1 and a nominal P-value < 0.05 were defined as regions with decreased accessibility (CLOSE
DARs). The nominal P-value, rather than the multiple-testing-corrected FDR, was used as the threshold.
For DAR visualization, volcano plots were generated with the base R plot function using log,FC and -
log,o(P-value) as the axes; dashed lines indicate |log,FC| = 1 and P = 0.05. For the union of DARs
identified across the three comparisons, a DGEList object was created using edgeR (v4.10.1), library
sizes were normalized by the TMM method using calcNormFactors, and counts were converted to log,-
CPM values using the cpm function (normalized.lib.sizes = TRUE, log = TRUE, prior.count = 1). The
resulting TMM-normalized log,-CPM values were Z-score standardized for each region using the
genescale function of the genefilter package (v1.94.0; method = "Z"). These values were then input into
the heatmap.2 function of the gplots R package (v3.3.0) to generate a heatmap with hierarchical
clustering of both regions and samples using Euclidean distance and complete linkage, the default
heatmap.2 settings. DARs were annotated to genes using the annotatePeak function of the ChiPseeker R
package (v1.48.0) [48]. Based on DAR coordinates, the nearest gene to each region was assigned using
TxDb.Hsapiens.UCSC.hg19.knownGene (v3.2.2) as the reference annotation, with the promoter region
defined as + 3000 bp from the transcription start site (tssRegion = ¢(-3000, 3000)). Gene symbols were
assigned using org.Hs.eg.db (v3.23.1), yielding lists of DAR-associated genes for OPEN and CLOSE
DARs in each comparison.

Results and Discussion

TPA induces sustained transcriptomic alterations
associated with inflammatory responses in TK6 cells

To characterize the global transcriptional response to TPA as a chemical model of inflammatory
stimulation, we first examined temporal changes in gene expression in TK6 cells. Cells were treated with
TPA for 24 h and collected either immediately after treatment (Day 0) or after TPA removal and recovery
culture for 3 or 7 days (Days 3 and 7, respectively) for RNA-seq analysis (Fig. TA). To evaluate potential
vehicle effects on inflammatory responses, ethanol-treated control cells were analyzed on Days 0 and 3.
Hierarchical clustering of RNA-seq profiles revealed distinct expression patterns among vehicle-treated
cells, cells collected immediately after TPA exposure, and cells in the post-exposure recovery period
(Fig. 1B). The transcriptional profile immediately after the 24-h TPA exposure (Day 0) differed from those
observed on Days 3 and 7. By contrast, Day 3 and Day 7 samples showed broadly similar expression
patterns, which suggests the emergence of a transcriptional state characteristic of the post-exposure
period. These observations indicate that the transcriptional effects of TPA are temporally dynamic and
extend beyond the period of direct exposure. The distinct expression profiles during recovery may reflect
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secondary cellular responses or transcriptional reprogramming initiated by TPA exposure [49]. Ethanol-
treated control cells, however, showed only modest transcriptional changes between Days 0 and 3, with
no apparent activation of inflammation-related genes. Thus, EtOH Day 0 was used as the common
baseline reference to characterize temporal molecular changes following TPA exposure.

Next, we examined temporal changes in differentially expressed genes (DEGs) and their associated
biological processes. Immediately after TPA exposure (Day 0), we found that 278 genes were
upregulated and 253 were downregulated. During the post-exposure period, the number of upregulated
genes increased to 367 on Day 3 and 393 on Day 7, whereas the number of downregulated genes
decreased to 157 and 139, respectively (Fig. 1C—E). Thus, although the total number of DEGs remained
relatively similar across the three time points, the transcriptional response progressively shifted toward
gene upregulation. Gene Ontology (GO) analysis further showed marked temporal changes in the
biological processes associated with these DEGs. On Day 0, upregulated genes were enriched in
immune- and inflammation-related processes, including regulation of cell activation, positive regulation
of immune response, inflammatory response, cytokine production, and lymphocyte activation, whereas
downregulated genes showed no significant enrichment of immune- or inflammation-related GO terms.
On Day 3, upregulated genes showed broader enrichment of immune-related processes, including
leukocyte and lymphocyte activation, T-cell activation, cytokine production, and regulation of cytokine
production. By contrast, downregulated genes were enriched in inflammatory and adaptive immune
responses together with several signaling and metabolic processes. On Day 7, we observed enrichment
of leukocyte, lymphocyte, and T-cell activation and cytokine production among upregulated genes,
whereas downregulated genes were associated with regulation of leukocyte and lymphocyte activation,
antigen processing and presentation, and cell proliferation. Taken together, these findings suggest that
the transcriptional response to TPA evolves from an immediate response into a predominantly
upregulated immune- and inflammation-associated program during the post-exposure period [50—-52].
The presence of immune-related GO terms in both up- and downregulated gene sets at later time points
further indicates that TPA does not simply activate inflammatory transcription globally; instead, it
induces coordinated reorganization of immune- and inflammation-related gene expression programs.

TPA induces dynamic genome-wide changes in chromatin
accessibility

We next examined whether the transcriptional responses following TPA exposure were accompanied by
changes in chromatin accessibility. ATAC-seq was performed with two biological replicates (#1 and #2)
per condition, and hierarchical clustering showed closely related accessibility profiles between replicate
samples, indicating good within-condition reproducibility (Fig. 2A). Profiles on Days 3 and 7 were broadly
similar to each other but differed from those observed immediately after TPA exposure. To directly
compare temporal changes across the RNA-seq and ATAC-seq datasets, EtOH Day 0 was used as a
common baseline. Differentially accessible region (DAR) analysis revealed extensive, time-dependent
changes in chromatin accessibility following TPA exposure (Fig. 2B-D). Immediately after the 24-h
treatment, 5,241 regions showed increased accessibility (open DARs), whereas 1,247 showed decreased
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accessibility (closed DARs). During the post-exposure period, the number of altered regions increased to
7,655 open and 3,709 closed DARs on Day 3 and 8,143 open and 4,567 closed DARs on Day 7.
Accordingly, the total number of DARs rose from 6,488 on Day 0 to 11,364 on Day 3 and 12,710 on Day 7,
with regions of increased accessibility consistently outnumbering those of decreased accessibility.
These results indicate that the chromatin state progressively diverged during the post-exposure period
rather than rapidly returning to the pre-exposure state after TPA removal. The continued expansion of
baseline-relative DARs on Days 3 and 7 further suggests that chromatin remodeling is temporally
dynamic and extends beyond direct chemical exposure [53]. Together with the time-dependent
transcriptional changes described above, these results provided the basis for subsequent integrated
analysis of gene expression and chromatin accessibility.

Integrated RNA-seq and ATAC-seq analyses identify
concordant changes associated with inflammatory
responses

Next, we integrated the RNA-seq and ATAC-seq datasets and classified differentially expressed genes
according to the presence of directionally concordant accessibility changes to determine the extent to
which TPA-induced transcriptional changes were accompanied by altered chromatin accessibility.
Upregulated genes associated with open DARs and downregulated genes associated with closed DARs
were defined as concordant DEG—DAR genes. Of the 278 upregulated genes detected on Day 0, 91
(32.7%) were associated with increased chromatin accessibility, whereas 187 showed transcriptional
changes without corresponding open DARs (Fig. 3A) (Table S1). The proportion of concordant
upregulated genes increased to 184 of 367 genes (50.1%) on Day 3 and remained relatively high on Day
7 (Fig. 3B-C), when 182 of 393 genes (46.3%) showed concordant increases in expression and
chromatin accessibility. Downregulated genes showed a more pronounced temporal increase in
concordance. Only 22 of 253 downregulated genes (8.7%) were associated with closed DARs on Day 0
(Fig. 3D), but this proportion increased to 41 of 157 genes (26.1%) on Day 3 and 55 of 139 genes (39.6%)
on Day 7 (Fig. 3E—F). These results indicate that coupling between transcriptional change and chromatin
accessibility becomes more prominent during the post-exposure period, particularly for transcriptional
repression.

We next performed Gene Ontology analysis on the concordant gene sets to determine whether
coordinated transcriptional and chromatin-accessibility changes mapped to coherent biological
processes (Table S2). On Day 0, concordant upregulated genes were enriched in immune- and
inflammation-related processes, including leukocyte activation, inflammatory response, cytokine-
mediated signaling pathway, and cellular response to molecules of bacterial origin (Fig. 3A). By Day 3,
the enriched terms had broadened to include leukocyte and lymphocyte activation, T-cell activation,
cytokine production, regulation of cytokine production, and MAPK signaling (Fig. 3B). Concordant
upregulated genes on Day 7 continued to show enrichment in leukocyte activation, cytokine production,
regulation of cell activation, and receptor-mediated signaling (Fig. 3C). In contrast, the small set of
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concordant downregulated genes on Day 0 showed no significant GO enrichment (Fig. 3D). Concordant
downregulated genes were associated with metabolic processes on Day 3 and with regulation of T-cell,
lymphocyte, and leukocyte activation on Day 7 (Fig. 3E-F). Directionally concordant chromatin-
accessibility changes therefore accompanied a larger proportion of DEGs during the post-exposure
period than immediately after TPA treatment, with the strongest temporal increase observed among
downregulated genes.

Partial concordance between gene expression and chromatin accessibility further illustrates the
regulatory heterogeneity of the chemical response. Many DEGs underwent significant transcriptional
change without a detectable corresponding change in accessibility. Several mechanisms could generate
these RNA-only responses: transcription may originate from regulatory regions that were already
accessible before TPA exposure; transcription factor activity or histone modifications may change
without major accessibility changes [54]; distal regulatory elements may not have been assigned to the
corresponding gene [55]; or regulation may occur post-transcriptionally. Conversely, concordant
increases or decreases in expression and accessibility define a more restricted gene subset in which
transcriptional responses are accompanied by detectable remodeling of the local chromatin
environment.

This distinction is particularly relevant to the present study because it provides information unavailable
from RNA-seq alone. Transcriptomic analysis identifies genes whose expression responds to chemical
exposure, whereas integration with ATAC-seq identifies genes for which that transcriptional response is
accompanied by a coordinated change in chromatin accessibility. The progressive increase in
concordance during recovery suggests that chromatin remodeling may contribute increasingly to
establishment or maintenance of the post-exposure transcriptional state. Although this association does
not establish a causal relationship between accessibility and transcription, it identifies a subset of genes
showing coordinated regulation at two molecular levels [9]. Such concordant genes may therefore be
particularly informative candidates for evaluating chemically induced inflammatory effects because they
reflect both transcriptional output and an associated change in chromatin state.

Concordant RNA-ATAC changes in disease-associated
inflammatory genes

We next focused on the temporal behavior of concordant genes that had previously been linked to
susceptibility to or pathogenesis of inflammatory diseases. Among 184 concordant upregulated/open
genes detected on Day 3, 115 remained concordant on Day 7 and 67 additional genes newly acquired
both upregulation and increased accessibility on Day 7. Of the 41 concordant downregulated/closed
genes detected on Day 3, 24 remained concordant on Day 7, while another 31 genes newly entered this
category (Fig. 4A and B). Thus, many concordant responses present on Day 3 persisted through Day 7,
while a second group of genes developed coordinated transcriptional and chromatin-accessibility
changes later during recovery.
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We then examined specific concordant genes with established associations with human inflammatory or
immune-mediated diseases. IGV was used to visualize representative immune- and inflammation-related
genes showing coordinated expression and accessibility changes. TNFSF4, CSF2, and SELL were
selected because prominent accessibility changes occurred near their transcription start sites together
with corresponding changes in transcript abundance (Fig. 4C—E). TNFSF4 encodes OX40L and is
particularly relevant because variants at this locus have been associated with susceptibility to systemic
lupus erythematosus; the disease-associated risk haplotype has also been linked to increased TNFSF4
expression [56]. CSF2 encodes GM-CSF, an important regulator of inflammatory myeloid responses
whose dysregulation has been implicated in autoimmune and inflammatory diseases including
rheumatoid arthritis and multiple sclerosis [57]. Following TPA exposure, SELL, which encodes the
leukocyte adhesion molecule L-selectin (CD62L), was downregulated, consistent with sustained
reprogramming of leukocyte adhesion and trafficking pathways during inflammatory activation. Reduced
L-selectin expression has likewise been reported in inflammatory disorders, including systemic
inflammatory response syndrome/sepsis and severe psoriasis [58, 59]. Thus, TPA exposure produced
coordinated transcriptional and local chromatin-accessibility changes at these disease-associated
inflammatory genes. Such responses may constitute molecular signatures of chemically induced
inflammatory toxicity and provide candidate indicators for evaluation of inflammation-related toxic
effects.

Integrating the two datasets may therefore provide information beyond transcript abundance alone.
RNA-seq captures the transcriptional output of chemical exposure, while a concurrent accessibility
change indicates remodeling of the local chromatin environment associated with that output. At
disease-associated inflammatory genes, concordant RNA-ATAC responses consequently form a two-
layer molecular signature comprising both transcriptional and chromatin changes. These genes may be
especially informative as candidate indicators of chemically induced inflammatory effects because
altered expression can be linked to a detectable change in the underlying regulatory chromatin state. The
present results do not show that chemical exposure itself confers disease risk, nor do they establish
these genes as validated biomarkers. Instead, they indicate that coordinated transcriptional and
chromatin responses at genes already implicated in human inflammatory disease could be used to
prioritize candidate molecular indicators of inflammatory hazard. Whether such concordant signatures
can be generalized for chemical hazard assessment will require validation across additional chemicals
and exposure conditions.

Conclusions

By integrating transcriptomic and chromatin-accessibility profiling, this study demonstrates an approach
for assessing chemically induced inflammatory effects at two molecular levels. In human TK6 cells, TPA
caused time-dependent changes in gene expression together with genome-wide changes in chromatin
accessibility. Integration of the RNA-seq and ATAC-seq datasets identified genes for which these
responses were concordant, including genes associated with inflammatory and immune-related
processes and with human disease susceptibility. Concordant RNA—-ATAC changes may therefore
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provide information beyond conventional transcriptomic endpoints because they capture both the
functional transcriptional output of chemical exposure and an accompanying change in chromatin state.
TK®6 cells are particularly suitable for this strategy because they are a well-characterized human model
used extensively in chemical safety assessment and can provide a common experimental platform for
extending conventional genotoxicity testing to non-genotoxic and epigenomic effects. Additional
chemicals, exposure conditions, and larger datasets will be needed for validation. Nevertheless, the
present approach provides a foundation for developing disease- and inflammation-associated
concordant molecular signatures as candidate indicators of chemically induced biological effects and
for advancing mechanistically informed chemical safety assessment.
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Figure 2

Global chromatin accessibility dynamics following TPA exposure. (A) Hierarchical clustering heatmap
of ATAC-seq profiles following TPA exposure. Two biological replicates were analyzed for each
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condition. Accessibility values for the union of differentially accessible regions (DARs) were TMM-
normalized, converted to log2-CPM, and Z-score standardized for each region. (B-D) Volcano plots
showing differential chromatin accessibility at Day 0 (B), Day 3 (C), and Day 7 (D), respectively. EtOH Day
0 was used as the common baseline reference. Regions with log2FC > 1 and P < 0.05 were defined as
open DARs, whereas regions with log2FC < -1 and P < 0.05 were defined as closed DARs. The numbers
of open and closed DARs are indicated in each panel. Two biological replicates were analyzed per
condition.
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