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Abstract

Background Metabolic rewiring plays a crucial role in the energy metabolism of hepatocytes during steatosis.
However, the precise alterations in energy metabolism remain unclear. The aim of this study was to investigate the
effects of lipid exposure on cellular energy metabolism and gene expression in a cellular model of non-alcoholic fatty
liver disease (NAFLD).

Methods and results We induced hepatocyte steatosis in the hepatocyte cell line Huh7 via treatment with high
levels of palmitate and oleate for 24 h. We then analysed transcriptomics, proteomics, mitochondrial phenotypes,
and cellular energy metabolism. Fatty acid-treated cells presented significant accumulation of lipid droplets and
reduced viability. Real-time bioenergetics analyses demonstrated a shift towards mitochondrial respiration for energy
production, accompanied by a reduction in glycolytic adenosine triphosphate (ATP) production. However, the overall
rate of ATP production remained constant. RNA-seq analysis revealed altered expression of 149 transcripts associated
with lipid storage and catabolism, whereas 172 proteins presented significantly altered levels and were enriched in
RNA processing and splicing functions. Two genes, ACAA2 and PLIN2, were significantly altered at both the transcript
and protein levels and may be crucial for maintaining mitochondrial function in early non-alcoholic fatty liver (NAFL).

Conclusions Our NAFLD model demonstrated that the reprogramming of genes involved in lipid storage and
catabolism is crucial for early NAFL pathogenesis development. This study offers new insights with valuable
implications for designing future research into novel therapeutic strategies.
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Introduction

Non-alcoholic fatty liver disease (NAFLD) encompasses
non-alcoholic fatty liver (NAFL) and non-alcoholic ste-
atohepatitis, which significantly increase the risk of cir-
rhosis and hepatocellular carcinoma [1]. The condition
typically begins with hepatic steatosis and progresses to
advanced liver disease, exerting a profound impact on
patients’ quality of life while imposing substantial bur-
dens on families, healthcare systems, and economies.

In recent decades, research has indicated that NAFLD
is associated with metabolic disorders [2, 3]. Obesity and
type 2 diabetes are major risk factors for NAFLD, with
the accumulation of free fatty acids (FFA) in the liver as
an initial trigger [4]. Despite extensive research, the exact
pathogenesis of NAFLD, including the mechanisms trig-
gering the transition between stages, is still unclear, and
there are no recommended treatments available [3].
Whether FFA deposition affects energy metabolism by
reprogramming hepatocyte gene expression remains
incompletely elucidated. Mitochondria serve as the pri-
mary sites for fatty acid degradation, and mitochondrial
activity and the capacity to store lipid droplets determine
a cell’s ability to handle high levels of fatty acids. Indeed,
mitochondrial metabolic dysfunction has been reported
to be associated with the development of NAFLD (5],

In this study, we modelled early NAFL pathogenesis
by exposing the human cell line Huh7 to a high concen-
tration of a mixture containing both saturated (palmitic
acid) and unsaturated (oleic acid) fatty acids for 24 h.
Our objective was to investigate how this affects both the
structure and function of cellular mitochondria as well as
cellular energy metabolism. Additionally, we conducted
transcriptome and protein expression analyses to moni-
tor the reprogramming of gene expression. This article
was previously published as a preprint (BioRxiv) [6].

Materials and methods

Cell culture and treatment

Human hepatocellular carcinoma cell line (Huh?7)
was cultured in Dulbecco’s modified Eagle’s medium
(DMEM) with high glucose (Sigma) supplemented with
10% fetal bovine serum (Biowest), 2 mM L-Glutamine
(Sigma), 10,000 U/mL penicillin and 10 mg/mL strepto-
mycin (Sigma) at 37 °C under 5% CO, in a 95% humidi-
fied atmosphere. The cells were exposed for 24 h to a
1200 uM exogenous fatty acid mixture containing pal-
mitic (P0500, Sigma) and oleic acid (01008, Sigma). The
mixture was freshly prepared before each experiment. In
brief, fatty acid stock solution was added to prewarmed
complete medium (molar ratio of palmitic acid: oleic
acid = 1:2, complexed with 300 uM fatty acid-free bovine
serum albumin (BSA) (A8806, Sigma) to induce NAFLD
at the stage of steatohepatitis as previously described [7].
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Cell viability and in vitro cytotoxicity assay

Cell viability was assessed via a Cell Counting Kit-8
(CCK-8) (Sigma) for quantitation of the number of via-
ble cells in proliferation and cytotoxicity assays. Briefly,
8 x 10? cells/well were seeded in a 96-well microplate and
pre-incubated for 24 h. The medium was then removed,
and the cells were treated with medium with or without
FFA for another 24 h. The cells were washed twice with
DMEM followed by the addition of 10 uL of CCK-8 in
100 pL of DMEM and incubation at 37 °C for 80 min. The
absorbance at 450 nm was measured with a Synergy H1
Hybrid Multi-Mode Reader (BioTek) and Gen5 software.

Oil red O and coomassie brilliant blue staining

The cells were washed twice in phosphate buffer saline
(PBS) and fixed with 10% formalin for 1 h. The cells were
then incubated in 60% isopropanol for 5 min. The isopro-
panol was discarded, and the cells were incubated in Oil
Red O Working Solution (Sigma) for 20 min. Oil Red O
Working Solution was prepared by mixing 0.5% Oil Red
O in isopropanol and water at a ratio of 3:2. After discard-
ing the Oil Red O solution, the cells were washed 5 times
with sterile ultrapure water. The absorbance at 510 nm
was measured by a Synergy H1 Hybrid Multi-Mode
Reader (BioTek) and Gen5 software. The cells were coun-
terstained with 0.25% Coomassie Brilliant Blue R-250 dye
(AKH Reagent) for 5 min and washed 3 times with ster-
ile ultrapure water to visualize the cytoskeleton. Images
were taken with a light microscope camera (ZEISS), both
with a 10x objective and a 40x objective (Fig. 1B).

Seahorse analysis of cellular bioenergetics

The real-time oxygen consumption rate (OCR) and extra-
cellular acidification rate (ECAR) were measured via a
Seahorse XFe96 extracellular flux analyzer (Seahorse
Bioscience). The experiments were performed according
to the manufacturer’s instructions, with minor modifica-
tions, as specified below. The OCR and ECAR were mea-
sured via a Seahorse XF Cell Mito Stress Test Kit (Agilent
Technologies). A total of 1 x 10* cells/well were plated
onto 7 pug/mL Poly-D-Lysine coated [8] Seahorse XF cell
culture microplates and allowed to attach for 4 h. The
medium was then removed, and the cells were treated
with DMEM with FFA or control medium for 24 h. Based
on pilot experiments, we used the following procedure:
after baseline measurements, oligomycin (1.5 uM), FCCP
(0.65 pM), and rotenone plus antimycin A (Rot/AA) (0.5
uM) were sequentially injected into each well at the indi-
cated time points. Three consecutive measurements were
performed for each step/injection. After the OCR and
ECAR were measured, the cells were stained with 2.5 uyM
Hoechst 33,342 for 55 min. Hoechst fluorescence was
recorded via Cytation 1, the number of cells per well was
calculated via Seahorse XF Imaging and Cell Counting
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Fig. 1 High free fatty acids (FFA) treatment results in lipid droplet accumulation and moderately reduced viability but has no significant effect on the de-
gree of apoptosis or reactive oxygen species production. A Workflow for the establishment of the in vitro non-alcoholic fatty liver disease (NAFLD) Huh7
cell model. DMSO: dimethy! sulfoxide. PA: palmitic acid, OA: oleic acid. B Representative images from light microscopy analysis of FFA-treated cells and
control cells, stained with Oil Red O solution after fixation (scale bar = 20 um). C Quantification of Oil Red O staining. The absorbance values were recorded
at 510 nm and normalized to those of the untreated cells. n=3. D Viability of Huh7 cells measured by a Cell Counting Kit-8 assay after 24 h of exposure to
FFA. n=3. E High-throughput flow cytometry and microscopy analysis. Control and model cells were stained with MitoSOX Red, MitoTracker Green, and
Hoechst as described in the Materials and Methods and analysed by ImageStreamX Mark Il multispectral imaging flow cytometer. The inset shows an
example of phase-contrast images of representative cells, and the respective fluorescence channel pictures are shown in the MitoTracker Green (green
colour), MitoSOX (red colour), and merged channels.Quantification of the average fluorescence intensity of MitoTracker Green per cell, MitoSOX per cell,
and Hoechst 33342 per cell in Huh7 cells with or without FFA treatment for 24 h. n=4.All numeric results are expressed as the mean value of triplicate
samples normalized to the untreated cells + SD (error bars). *p < 0.05, **p < 0.01
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Software, and the OCR and ECAR data were normalized
to the number of cells. The data were further analyzed via
Seahorse XFe Wave software and exported to Microsoft
Excel. The OCR is reported in pmols/min/1000 cells, and
the ECAR is reported in mpH/min/1000 cells.

The MitoATP Production Rate (pmol ATP/min/1000
cells), glycoATP Production Rate (pmol ATP/min/1000
cells), total ATP Production Rate (pmol ATP/min/1000
cells), % Glycolysis, % Oxidative Phosphorylation, and
XF ATP Rate Index were calculated from normalized
real-time OCR (pmols/min/1000 cells) and ECAR (mpH/
min/1000 cells) data from the Seahorse XF Cell Mito
Stress Test according to 11 equations in the manufactur-
er’s ATP Rate Assay instructions.

Glycolytic rate assay parameters, including basal gly-
colysis (glycoPER) (pmol/min/1000 cells), basal proton
efflux rate (PER) (pmol/min/1000 cells), % PER from gly-
colysis (basal) (%), and basal mitoOCR/glycoPER data,
were calculated from real-time OCR, ECAR and prede-
termined CO, contribution factor according to the man-
ufacturer’s glycolytic rate assay user guide.

MitoTracker green live-cell staining

Huh7 cells were incubated at 37 °C with prewarmed
(37 °C) 200 nM MitoTracker Green (Thermo Fisher) and
2.5 uM Hoechst 33,342 (Thermo Fisher) in Hank’s bal-
anced salt solution with calcium and magnesium (Gibco)
simultaneously for 45 min. The staining solution was
removed, and Hank’s balanced salt solution was added to
the cells. Live cell images were recorded immediately via
a fluorescence microscope (EVOS® FL) with a 40x objec-
tive (Fig. S2).

Live cell staining and high-throughput imaging flow
cytometry

Firstly, live cells were washed twice with warm PBS
and then stained with prewarmed 5 pM MitoSOX Red
(Thermo Fisher) for 10 min at 37 °C. Secondly, the cells
were washed twice, stained with prewarmed 0.5% BSA/
PBS containing 100 pM MitoTracker Green (Thermo
Fisher) and 3.3 uM Hoechst 33,342 (Thermo Fisher) and
incubated for 45 min at 37 °C. Thirdly, the cells were
washed, lifted with trypsin/EDTA, centrifuged, and
resuspended in 0.5% BSA/PBS. Compensation controls
were prepared for each fluorochrome to make a standard
compensation matrix file. A minimum of 10,000 Huh7
cells were acquired for analysis.

Samples were acquired via an ImageStreamX Mark II
multispectral imaging flow cytometer (Amnis) equipped
with INSPIRE ImageStreamX System software. The data
were analysed via IDEAS image data exploration and
analysis software version 6.3 (Amnis).

Page 4 of 14

RNA library construction and mRNA-sequencing

Total RNA from control (7=3) and model (z=3) Huh7
cells was isolated with TRIzol reagent (Thermo Scien-
tific), and the RNA concentration, purity and integrity
were assessed with a Synergy H1 Hybrid Multi-Mode
Reader (BioTek) and 2100 Bioanalyzer (Agilent Tech-
nologies). Total RNA samples were stored at — 80 °C until
further analysis.

The construction and deep sequencing of RNA librar-
ies were accomplished with the assistance of BGI
Europe Co., Ltd. Briefly, by oligo(dT) selection, mRNA
was enriched and purified from total RNA, followed by
RNA fragmentation, reverse transcription, end repair,
add base A, and adaptor ligation. After PCR amplifica-
tion, the double-stranded PCR products were subjected
to heat separation, cyclization (circularized by the splint
oligo sequence), and DNA nano ball synthesis. The sin-
gle-stranded circular DNAs were formatted as the final
library for library quality assessment and subsequent
PE100 (paired-end 100) sequencing. mRNA-sequenc-
ing was performed on a well-established DNBSEQ/
MGISEQ2000 Technology Platform [9, 10] (BGI, Copen-
hagen, Denmark).

Transcriptome pipeline for mRNA-seq and gene-level
differential expression analysis
The upstream pipeline includes quality control, adapter
trimming, quality filtering, genome alignment, reads
deduplication, and estimation of gene expression levels.

After removing duplicate reads from bam files, count-
ing reads were used as a measure of gene expression by
featureCounts, and raw data counts were normalized
separately by transcripts per million (TPM) (reference of
R script: https://github.com/t-arae/ngscmdr/blob/mast
er/R/calc_rpkm.R), DESeq2 (version 1.30.1), and EdgeR
(version 3.32.0) with trimmed mean of M value. The
raw count data from RNA-seq were normalized by TPM
[11] method for gene expression heatmap visualization.
HISAT?2 software (version 2.2.1) was used for mapping
the mRNA-sequencing reads. Deduplication (Dedup)
was performed by the Picard tool (version 2.23.8). GEN-
CODE V35 was the selected annotation gene sets, and
the GRCh38 primary assembly version was the selected
human genome. The number of annotated genes in the
selected gene sets (GENCODE V35) was 60,715 (includ-
ing 19,983 coding genes, 16,899 non-coding genes, and
1,881 pseudogenes). Gene expression levels were quanti-
fied with the above reads/annotations by featureCounts
without gene types filtering. During the differential
expression analysis, the gene types and symbols were
annotated and added to the raw counts data, after which
the coding genes were selected for further analysis.

Raw count data normalization, protein-coding genes
selection, and differential expression analysis were
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performed by DESeq2 R/Bioconductor package [12].
The fold change, log,(fold change) and p-value were cal-
culated, and the gene type and other annotations were
reported by biomaRt. Genes with a TPM < 10 were
removed, and P < 0.05 was selected as the cut-off cri-
terion to identify differentially expressed genes via the
DESeq2 method. Differentially expressed gene analysis
was performed via EnrichR.

Sample preparation for proteomics

Protein samples were labelled with a TMT sixplex iso-
baric mass tagging kit (Thermo Scientific) according to
the manufacturer’s protocol, and the subsequent pro-
teomics analyses were performed essentially as previ-
ously described [13]. In brief, 80 pg of total protein was
reduced and alkylated with tris(2-carboxyethyl)phos-
phine and iodoacetamide, followed by overnight acetone
precipitation. After the pellet was redissolved, the pro-
teins were digested overnight with trypsin (Promega).
The resulting peptides were labelled with the TMT six-
plex isobaric mass tag, and the six samples—three treated
and three control samples—were pooled. Peptide frac-
tionation by isoelectric focusing was performed as pre-
viously described [14]. The pool of labelled peptides was
dissolved in 10 mM phosphoric acid, pH 3.0, and 25%
acetonitrile before strong cation exchange purification
via an strong cation exchange cartridge (Phenomenex).
After washing, drying, elution, and drying by a SpeedVac
vacuum concentrator overnight, vacuum-dried labelled
peptide pools were rehydrated and fractioned into ten
fractions by isoelectric focusing with an immobiline dry
strip, pH 3-10, 18 ¢cm (GE Healthcare). Peptides were
extracted and dissolved in 5% acetonitrile and 0.5% triflu-
oroacetic acid and further purified via C18 spin columns
(Thermo Scientific) according to the manufacturer’s pro-
tocol. After elution, the samples were dried by a Speed-
Vac vacuum concentrator and stored at -20 °C until nano
Liquid chromatography-tandem mass spectrometry
(LC-MS/MS) analysis.

NanoLC-MS/MS and proteomics database searches

LC-MS/MS was performed, as previously described
[15], on an EASY nanoLC-1000 coupled to a Q Exac-
tive™ HF-X Quadrupole-Orbitrap™ Mass Spectrometer
(Thermo Scientific). A precolumn (Acclaim PepMap 100,
75 um x 2 cm, Nanoviper, Thermo Scientific) and an ana-
lytical column (EASY-Spray column, PepMap RSLC C18,
2 um, 100 A, 75 uM x 25 cm) were used to trap and sepa-
rate peptides via a 170 min gradient (5-40% acetonitrile,
0.1% formic acid). The MS instrument was operated in
positive mode, and higher-energy collisional dissociation
with a collision energy of 35 was applied for peptide frag-
mentation. The full-scan (MS1) resolution was 60,000,
and the automation gain control target was set at 1 x
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10° with a scan range between 392 and 1,500 m/z. Data-
dependent analysis was applied to fragment up to 12 of
the most intense peaks in MS1. The resolution for frag-
ment scans (MS2) was set at 45,000, with the first fixed
mass at 110 m/z and the automation gain control target
at 1 x 10°. Dynamic exclusion was set at 15 s, and unas-
signed and + 1 charge states were excluded from frag-
mentation. Each sample was analysed twice via LC-MS/
MS. Peptides identified with more than nine peptide
spectrum matches in the first analysis were excluded
from fragmentation in the second analysis. All 20 (= 2 x
10) LC-MS analyses of the study were merged and sub-
mitted for database search for protein identification and
quantification in Proteome Discoverer 2.3 (Thermo Sci-
entific) via the Sequest algorithm, with 20,422 reviewed
Homo sapiens UniProt sequences as the reference pro-
teome. The precursor and fragment mass tolerances were
set at 10 ppm and 20 mmu, respectively. The oxidation
of methionine was set as a dynamic modification, and
static modifications included carbamidomethylation of
cysteines and TMTsixplex labelling of lysine and peptide
N-terminus. The co-isolation threshold was set at 45%,
and the identification false discovery rate was set to 0.01.

Bioinformatics analysis of differential gene expression at
the protein level

P < 0.05 and |log,(fold change)| > 0.263034 were selected
as the cut-off criteria to identify differentially expressed
proteins [16]. Donut charts were drawn, and differen-
tially expressed proteins with statistical significance were
highlighted in volcano plots via the EnhancedVolcano
package (Blighe K, Rana S, Lewis M (2022)). Enhanced
Volcano: Publication-ready volcano plots with enhanced
colouring and labelling. R package version 1.16.0, https://
github.com/kevinblighe/EnhancedVolcano). Hierarchical
clustering was performed via Morpheus (https://software
.broadinstitute.org/morpheus).

UniProt keywords, gene ontology (GO) analysis,
including biological process (BP), cellular component and
molecular function groups, and KEGG pathways enrich-
ment analysis of the differentially expressed proteins
were performed via the EnrichR DAVID bioinformatics
resources [17, 18], with all the detected high-confidence
proteins used as background. A count > 2 and a modified
Fisher Exact p (EASE score) < 0.1 were used as thresholds
for DAVID functional annotation analysis.

The MitoCarta 3.0 datasets, which contains detailed
information on the 1136 human mitochondrial genes,
including submitochondrial localization and path-
ways [19], were used to identify human mitochondrial
proteins.

A pivot chart was used to show the frequency distribu-
tion of log,(fold change) values for transcriptomics and
proteomics. A TPM > 10 was used as a threshold for fold


https://github.com/kevinblighe/EnhancedVolcano
https://github.com/kevinblighe/EnhancedVolcano
https://software.broadinstitute.org/morpheus
https://software.broadinstitute.org/morpheus

Zhou et al. BMC Gastroenterology (2026) 26:160

change for the transcriptomics dataset only for genes
commonly quantified in transcriptomics and proteomics
analyses. The pivot table was generated via Microsoft
Excel, and the pivot graph was generated via GraphPad
Prism 9.

A PPI cluster network of the 8 coregulated genes and
proteins was generated and exported via the STRING
11.0 online tool [20] (https://string-db.org/). Network
type = full STRING network, required score = low confi-
dence (0.150), FDR stringency = medium (5%), organism:
Homo sapiens, network clustering = k-means cluster-
ing, number of clusters = 3 were used as thresholds and
parameters for STRING analysis.

Statistical analysis

Normally distributed data are expressed as the
means + SDs around the means, and nonnormally dis-
tributed data are expressed as percentiles. We checked
whether the data conformed to a normal distribution.
For normally distributed data, nonpairwise comparisons
were performed via Student’s ¢ test. A nonparametric test
was used for nonnormally distributed data. Calculations
were performed via SPSS 20.0. A p value of <0.05 was
considered statistically significant. Hierarchical cluster-
ing analysis was performed via Morpheus (https://softw
are.broadinstitute.org/morpheus). Correlation analysis
was performed via GraphPad Prism 9.

Results

Establishment of the Huh7 cell NAFLD model

To investigate the cellular responses of hepatocytes to
high FFA loads, we utilized a cell-based NAFLD model
that was previously described by Chavez-Tapia et al. [7].
For the model, the human liver cancer cell line Huh7 was
treated for 24 h with a 1:2 mixture of palmitic and oleic
acid (total FA concentration of 1200 uM) bound to BSA
(Fig. 1A). Oil Red O staining clearly revealed increased
accumulation of lipid droplets within FFA-treated Huh7
cells (Fig. 1B). Oil Red O staining revealed a significant
increase in lipids in FFA-treated cells (Fig. 1C). Follow-
ing Oil Red O staining, Coomassie Brilliant Blue stain-
ing was performed to visualise the cytoskeleton (Fig. S1).
This clarified that the significant increase in Oil Red O
staining in the model group was not due to a reduction
in cells in the control group. CCK-8 analysis revealed a
significant decrease in the viability of the FFA-treated
cells (Fig. 1D).

To get an overview of the effects of FFA treatment on
mitochondria, we first performed fluorescence micros-
copy imaging of mitochondria with MitoTracker Green.
This indicated that there are no significant alterations
in mitochondrial size and morphology in cells treated
with FFA (Fig. S2). To investigate the functions associ-
ated with mitochondrial dysfunction, we conducted
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high-throughput single-cell imaging by employing Mito-
Tracker Green staining to assess mitochondrial vol-
ume, MitoSOX Red staining to measure mitochondrial
superoxide levels, and Hoechst 33342 staining to evalu-
ate apoptosis. Our findings demonstrated that FFA treat-
ment did not significantly affect mitochondrial volume
and had no notable effect on superoxide levels, both in
terms of the mean intensity and the mean intensity nor-
malized to MitoTracker Green staining (Fig. 1E). Further-
more, Hoechst 33342 staining, an indicator of apoptosis
[21], remained unaltered in NAFLD model cells (Fig. 1E).

FFA treatment alters cellular bioenergetics in the Huh7 cell
NAFLD model

We next investigated whether NAFLD model cells dis-
played changes in key parameters of mitochondrial and
cellular energy metabolism via the Seahorse XFe96 meta-
bolic analyzer and the MitoStress Test protocol (Fig. 2A
and B). Our data revealed that FFA-treated cells pre-
sented increased OCR, reflecting increased mitochon-
drial respiration, and decreased PER, reflecting decreased
glycolytic lactate production. Calculation of key meta-
bolic parameters revealed that FFA treatment induced a
significant increase (p=0.047) in basal respiration (data
not shown), and there were no significant changes in
maximal respiration (p=0.391) (data not shown).

We also calculated the ATP production rates from res-
piration and glycolysis (see Materials and Methods). This
finding revealed that mitochondrial ATP production
was increased (17%) and that glycolytic ATP production
was concomitantly decreased (14%) in the FFA-treated
cells (Fig. 2C), resulting in an increased ATP rate index
(Fig. 2D). However, there was no significant change in
the total ATP production rate, indicating that the shift
between the two ATP production pathways was balanced.

Effects of FFA treatment on the gene expression of Huh7
cells

To identify transcripts and proteins that are differentially
expressed in response to high-FFA treatment, we per-
formed mRNA-seq and mass spectrometric proteomics
analysis (Fig. 3). Three biological replicates of control and
FFA-treated cells, each cultured in parallel on different
days, were analysed. Figure 3A and B present an overview
of the number of quantitated and significantly increased
and decreased transcripts and proteins, respectively. The
volcano plots in Fig. 3B illustrate the distributions of
the fold changes and p values for the 12,410 quantitated
protein-coding transcripts and the 4,110 quantitated pro-
teins. Please refer to the materials and methods section
for details on the inclusion criteria. By applying cut-off
criteria of a p value < 0.05 and a minimum fold change
of 20% increase or decrease (|(log2(fold change)| =
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Fig.2 FFA-treated Huh7 cells are shifted to a more oxidative/less glycolytic phenotype. Real-time oxygen consumption rates (OCR) and proton excretion
rates (PER) were measured in live Huh cells via a Seahorse XFe96 metabolic analyzer. Using the Cell Mito Stress Test assay, oligomycin, carbonyl cyanide-4
(trifluoromethoxy) phenylhydrazone (FCCP), rotenone, and antimycin (Rote/AA) were sequentially injected at the indicated time points. The data were
normalized to the number of cells, as determined by Hoechst staining. A Representative OCR and (B) PER tracings of Huh7 cells with or without FFA
treatment. C Adenosine triphosphate (ATP) production rates from mitochondrial respiration and glycolysis were calculated from the OCR and PER traces
as described in the Materials and Methods. D ATP rate index showing the ratio of mitochondrial to glycolytic ATP production. All numeric values are
expressed as the mean value of triplicate samples + SD (error bars). *p < 0.05, **p < 0.01

0.263034), we identified 149 differentially expressed tran-
scripts in the FFA-treated group compared with the con-
trol group. Using the same cut-off criteria for proteomics
analysis, we found that 172 proteins were differentially
expressed in the FFA-treated group.

Enrichment analysis

Enrichment analysis (EASE score < 0.1) conducted via
EnrichR [22] (https://maayanlab.cloud/Enrichr/) revealed
significant enrichment of GO BP terms associated with
cholesterol/lipid metabolism in the 149 differentially
expressed transcripts (Fig. 3C, left panel). The volcano
plots display the names of the genes encoding the top 15
upregulated and downregulated transcripts (Fig. 3B, left
panel). Notably, a majority of these transcripts encode
proteins involved in lipid metabolism, transport, and
regulation. The downregulated transcripts included those
encoding the fatty acid desaturases SCD and FADS2 and
proteins involved in lipid synthesis (FASN, ACACA) and
lipid handling and transport (MYLIP, ABCA1). In con-
trast, upregulated transcripts encode proteins engaged

in lipid storage (PLIN2, ACSL5) and import long-chain
fatty acids into mitochondria (CPT1A, SLC25A20).
Several transcripts encoding proteins implicated in
metabolic regulation are either upregulated (CREB3L3,
KLF10RBP2) or downregulated (SREBF1, ANGPTLS3,
INSIG1, MID1IP1). This illustrates the rewiring of lipid
metabolism to cope with the increased load of fatty
acids. mRNAs encoding proteins in the endoplasmic
reticullum membrane involved in feedback control of
cholesterol synthesis (SREBF2 and INSIG1) [23], tran-
scripts encoding proteins related to the carnitine shuttle
for importing fatty acids into the mitochondria (CPT1A
and SLC25A20), ACAA?2 involved in both fatty acid deg-
radation and ketone body metabolism, and HMGCS2
involved in the mevalonate pathway for lipid and choles-
terol synthesis were also upregulated.

EnrichR analysis of the 172 differentially expressed
proteins revealed a more diverse landscape of GO BP
terms encompassing ‘regulation’ or ‘signalling;, as well
as RNA handling and splicing, for both the up- and
downregulated proteins (Fig. 3C, right panel). No
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significant enrichment was observed in terms related
to lipid metabolism. The volcano plot highlights the top
15 up- or downregulated proteins. Notably, one pattern
emerged upon inspection: sequential modification of the
protein N-terminus involving N-terminal methionine
removal (METAP2) and acetylation at the new N-termi-
nus by NAA25. In addition, several proteins involved in
vesicle trafficking were differentially regulated: EIPRI1,
VPS26A, and RAB8B were upregulated, whereas STX18

was downregulated. A series of proteins associated with
transcription, RNA splicing, and transport exhibited dif-
ferential expression: ALYREF was upregulated, whereas
NELFB, BRDS8, PRPF38A, and LUC7L3 were down-
regulated. Proteins involved in lipid storage in droplets
(PLIN2) were significantly upregulated, whereas the fatty
acid desaturases SCD and FADS2, which are involved
in lipid metabolism, were downregulated. Notably, the
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results of these gene transcriptome and proteome analy-
ses were correlated.

Comparison of transcriptome and proteome changes

To differentiate transcriptional regulation from other
mechanisms impacting protein levels, we compared the
fold changes in transcript abundance with those in pro-
tein abundance. Nearly all the quantified proteins were
measured at the transcript level, whereas less than half
of the quantified transcripts were assessed at the pro-
tein level. Examination of the transcript counts revealed
that most transcripts not quantified at the protein level
corresponded to genes expressed at low levels (data not
shown). One possible explanation for this observation is
that proteomics analysis may less sensitive. Additionally,
other factors—such as post translational modifications,
protein stability, limitations in the dynamic range of
mass spectrometry, or biases introduced during sample
preparation—could also account for the absence of cor-
responding protein measurements for certain transcripts.
The scatter plot in Fig. 4 illustrates the fold changes in
the expression of the 4,109 genes quantified at both the
transcript and protein levels. Eight genes that exhibited
significant regulation (p value < 0.05 and fold change >
20%) at both levels are annotated. Among these genes,
four genes were upregulated at both the transcript and
protein levels, three genes were downregulated, and one

(PPIB) was found downregulated at transcript level and
upregulated at protein level (Fig. S3). Notably, five of the
genes consistently regulated at the transcript and pro-
tein levels are involved in lipid metabolism and trans-
port: two involved in metabolism of unsaturated fatty
acids (FADS2, SCD), one involved in fatty acid oxidation
(ACAA2), one involved in lipid storage (PLIN2), and one
involved in lipid transport (LIMA1). Protein-protein
interaction analysis via STRING revealed a cluster com-
prising four of these proteins (FADS2, SCD, PLIN2, and
ACAA2), as shown in Fig. 4. Only one of the protein
products of these genes, according to the MitoCarta 3.0
database [19] localized to mitochondria.

Discussion

Despite extensive research, the molecular pathological
mechanisms underlying hepatocyte steatosis induced by
high lipid loads remain poorly understood. This knowl-
edge gap has impeded the design and development of
targeted therapies aimed at delaying or counteracting
pathogenesis. Insufficient capacity to handle excess fatty
acids via lipid storage and increased fatty acid catabolism
has been reported as an initial trigger in several stud-
ies, potentially leading to inflammatory responses and
fibrotic signalling [5, 24, 25]. Chavez-Tapia et al. anal-
ysed the effects of 600 uM and 1200 puM free fatty acids
(oleic acid/palmitic acid molar ratio 2:1) on Huh7 for 24
h. The study revealed a dose-dependent increase in the
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inflammatory cytokine IL-8 mRNA expression, with a
significant increase observed from 600 pM to 1200 pM.
No significant changes were observed for the inflamma-
tory cytokine TNF-a mRNA at 600 uM while exposure
to 1200 puM resulted in up-regulation. The release of IL-8
from cells in the culture medium was increased in a dose-
dependent manner at both FFA doses [7]. To further
investigate the pathogenesis of NAFLD during its early
stages, we employed a cellular model system exposed to
a high lipid load and conducted comprehensive investi-
gations into its effects on bioenergetics, mitochondrial
function, and the regulation of gene expression.

The results showed that this model could induce
increased lipid deposition in hepatocytes (Fig. 1B and C)
and significantly decrease cell viability (Fig. 1D). Using
real-time metabolic analysis with the Seahorse XFe96
extracellular flux analyzer, we explored the effects of
1200 pM FFA-treatment on cellular and mitochondrial
energy metabolism. The NAFLD model cells exhibited
alterations in pivotal parameters of mitochondrial and
glycolytic ATP production. Seahorse XFe96 extracellular
flux analysis experiments demonstrated that a high lipid
load increased mitochondrial respiration (Fig. 2C), likely
through increased metabolism through fatty acid oxida-
tion. However, total ATP generation rates were main-
tained by decreasing glycolytic ATP production (Fig.
2C). Similar to our results, a previous study reported
that supplementation with free fatty acids (0.3 mM oleic
acid/0.2 mM palmitic acid) slightly increased maximal
respiration compared with that in HepGz2 cells [26]. Con-
versely, when solely supplemented with oleic acid, Huh7
cell models presented significant reductions in basal res-
piration levels, ATP production, maximum respiration
capacity, and proton leakage [27], indicating that different
fatty acids can elicit distinct cellular metabolic responses.

The significant increase in mitochondrial respiration
following exposure to elevated levels of lipids is likely
due to the production of reduction equivalents of NADH
and FADH?2 by mitochondrial fatty acid oxidation, which
transfers electrons into the respiratory chain, increasing
respiratory ATP production. Simultaneous reduction in
glycolytic ATP production balanced overall cellular ATP
generation, which remained unaltered (Fig. 2C). These
findings suggest that lipid accumulation stimulates a
switch in the balance between glycolysis and respiration
(Fig. 2D). Additionally, our study revealed that FFA treat-
ment did not significantly affect mitochondrial volume
and had no discernible effect on mitochondrial super-
oxide levels or the degree of apoptosis (Fig. 1E). These
findings are inconsistent with those of certain previous
studies reporting increased oxidative stress [28, 29]. This
could be because we measured mitochondrial superox-
ide levels, whereas other studies measured other oxida-
tive stress indicators and/or differences in the duration
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of treatment. Balancing reactive oxygen species pro-
duction upon prolonged increases in respiration (> 24
h) may exhaust cellular antioxidant mechanisms. In the
early stages of NAFLD, increasing mitochondrial fatty
acid degradation in hepatocytes may serve as a protective
mechanism against steatosis by preventing further dam-
age caused by excessive lipid deposition.

We then investigated whether the shift in ATP produc-
tion from the mitochondrial and glycolytic pathways was
due to alterations in the expression of relevant genes and
whether the high fat load induced gene expression repro-
gramming in other cellular pathways. Our transcriptome
and proteome analyses revealed no significant regula-
tion of transcripts or proteins related to mitochondrial
respiration or cytosolic glycolysis. Thus, the observed
bioenergetic changes are likely due to posttranslational
modifications or regulation at the metabolite level. A
total of 149 differentially expressed transcripts were iden-
tified in the group that had received FFA treatment com-
pared to controls and a proteome analysis revealed 172
differentially expressed proteins in the NAFLD cell model
(Fig. 3A). In accordance with the findings of Seahorse,
our bioinformatics analysis from our omics data also
revealed that FFA-treated cells exhibited metabolic alter-
ations such as lipid metabolism. Among the significantly
regulated transcripts and proteins, five are associated
with processes related to lipid metabolism: two involved
in unsaturated fatty acid synthesis (FADS2, SCD), one
involved in fatty acid catabolism (ACAA2), one involved
in lipid storage (PLIN2), and one involved in lipid trans-
port (LIMA1) (Fig. 4). Protein-protein interaction
analysis via STRING revealed a cluster containing four
of these proteins (FADS2, SCD, PLIN2, and ACAA?2)
(Fig. 4).

PLIN2 and ACAA2 have previously been implicated
in NAFLD. PLIN2 is a highly expressed lipid droplet
component in the liver that has been shown to regulate
inflammation and is upregulated in response to high-fat
treatment and in NAFLD patients [30]. Decreased levels
of PLIN2, which are mediated by chaperone-mediated
autophagy, promote the degradation of lipid droplets,
whereas PLIN2 overexpression stabilizes these drop-
lets [31]. The observed up-regulation of PLIN2 in FFA-
treated cells (Fig. 4) may be a response to increased
storage capacity for fatty acids in lipid droplets. However,
this beneficial effect on fatty acid storage capacity may
come at the cost of an increased propensity for apopto-
sis. The observed increase in PLIN2 expression at both
the mRNA and protein levels is consistent with published
data [32]. These findings suggest that the upregulation of
this gene may be associated with the stabilization of lipid
droplets in hepatocytes.

The mitochondrial matrix is where ACAA2 is located
in human mitochondria. ACAA2 is a thiolase that
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catalyzes the fourth step in the fatty acid p-oxidation
pathway, which involves cleaving medium- to long-chain
fatty acids to produce acetyl-CoA and the remaining acyl-
CoA chain. Additionally, it facilitates the condensation of
two acetyl-CoAs into acetoacetyl-CoA, initiating ketone
body synthesis. Upregulation of ACAA2 may increase
fatty acid oxidation rates, leading to an increased supply
of acetyl-CoAs for the tricarboxylic acid cycle and sub-
sequently providing NADH and FADH reduction equiva-
lents, which drive respiratory chain activity. This could
explain our observed increase in mitochondrial ATP
production during Seahorse metabolic measurements
(Fig. 2C). Simultaneously, increased ketone body syn-
thesis from excess acetyl-CoA might limit the increase
in respiration by diverting a portion of these molecules
towards ketogenesis. Previous research has demon-
strated that ACAA2 plays a role in fatty liver disease [33].
Other methods such as qPCR, western blot and immu-
nostaining are needed to further validate the proteomic
and RNA-seq results. The precise mechanism by which
the mitochondrial gene ACAA2 regulates metabolism
in NAFLD hepatocytes may be a topic worthy of further
detailed study.

In our study, the strongest enrichment observed in pro-
teomics pertains to RNA processing and splicing (Fig.
3C). Interestingly, only a proportion of patients with
NAFL progresses to steatohepatitis, fibrosis, cirrhosis
and even ultimately hepatocellular carcinoma. Patients
diagnosed with NAFL can also experience rapid progres-
sion to steatohepatitis with liver fibrosis. Furthermore,
individuals with non-alcoholic steatohepatitis may prog-
ress directly to hepatocellular carcinoma without first
developing liver fibrosis. Although the molecular mech-
anisms underlying the of heterogeneity in disease pro-
gression among patients with NAFLD remain unclear,
previous studies have suggested that RNA processing and
alternative splicing play a role in this phenomenon [34—
36]. Additionally, prior research has indicated that dys-
regulated RNA polyadenylation contributes to metabolic
impairment in NAFLD [37]. These findings may help elu-
cidate our results.

In addition, the following limitations of our study must
also be taken into consideration: our hepatic steatosis cell
model can reveal mechanisms in hepatocytes only during
the early stages of NAFLD. In this study, we exclusively
utilized the immortalized human liver cancer cell line
Huh?7. In comparison to immortalized cell lines, primary
hepatocytes more accurately mimic the cellular environ-
ment within the liver. However, primary hepatocytes
rapidly dedifferentiate and lose their biological functions
—such as mature metabolic capabilities—within a few
days to a week in culture [38, 39]. Additionally, primary
hepatocytes typically cannot survive beyond 2 weeks in
2-dimensional culture systems [40]. Furthermore, ethical
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considerations and the limited availability of human or
animal liver samples pose significant challenges for con-
ducting experiments that require adequate replicates.
These obstacles limit the application of primary hepato-
cytes. The PH5CHS8 and IHH cell lines are similar to pri-
mary hepatocytes in that they are immortalized but not
cancerous. It has been established through previous stud-
ies that the PH5CHS cell line and IHH cell line are suit-
able for glucose metabolism studies; however, they are
not recommended for fatty acid metabolism or de novo
lipogenesis studies [41]. The hepatoma cell lines Huh7
and HepG2 are commonly used in NAFLD studies [42].
The selection of Huh7 cells was driven by the capacity for
robust and reproducible culturing, a feature that enabled
the conducting of our complex set of experiments, such
as Seahorse bioenergetic profiling and quantitative mito-
chondrial analyses. Huh7 cells exhibit transcriptional
inactivation of p53, while HepG2 cells retain p53 func-
tionality. Huh7 cells harbor a mutation in p53, a regulator
of mitochondrial function, redox homeostasis, and apop-
tosis. Nevertheless, the role of p53 in NAFLD progres-
sion remains controversial; thus far, the interrelationship
between p53 and NAFLD is not fully elucidated [43].
Studies have demonstrated that Huh7 cells serve as a
valuable in vitro model for investigating the effects of
insulin resistance on hepatic de novo lipogenesis [44]
and possess robust fatty acid oxidation capacity [45].
We therefore consider it a useful preliminary screening
model for our study. Further comparative studies are
needed regarding identical concentrations of FFA treat-
ment applied to both primary hepatocyte and other liver
cancer cell lines. Cell line models mimic physiological
and pathological conditions, but cannot fully replicate
the complexities of the human liver. The final verifica-
tion step must be carried out in primary hepatocytes,
liver organoids or animal models. Key findings from this
model must be verified in more advanced models. In vivo
animal models will be necessary to test the relevance of
observations of the complex processes underlying the
progression from NAFL to non-alcoholic steatohepatitis.
FFA are principally an intermediate product of fat
metabolism. The clinicopathological features of NAFLD
are associated with the excessive deposition of FFA in
hepatocytes, leading to steatosis and a series of dam-
ages to the nucleus and organelles within hepatocytes
and other cells within the liver. While most NAFLD ani-
mal models effectively replicate hepatic steatosis and
inflammation, developing models that exhibit severe liver
fibrosis remains a challenge. Furthermore, modelling
non-alcoholic steatohepatitis animal models—particu-
larly those with liver fibrosis—is both time-consuming
and costly, presenting additional obstacles for research-
ers. Cell lines can only mimic certain phenotypes related
to hepatic steatosis, inflammation and liver fibrosis in
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NAFLD. To investigate multiple phenotypes compre-
hensively, it is essential to establish various cell lines or
co-culture systems; even 3-dimensional models may
be required. Our research suggests that this Huh7 cell
model provides a viable option for further exploration
in co-culture systems aimed at studying alterations in
energy metabolism and gene expression reprogramming
during the progression of NAFLD.

Conclusions

We found that genes related to lipid storage and fatty acid
metabolism are regulated under high-fat conditions in a
hepatocyte model. Furthermore, bioenergetic analyses
revealed an increase in respiratory ATP production and
a decrease in glycolytic ATP production, keeping total
ATP production rates unchanged. Taken together, these
findings suggest that hepatocytes enhance mitochon-
drial fatty acid oxidation as a compensatory mechanism
to reduce the fatty acid load and reduce glycolysis to bal-
ance energy metabolism under high fat loading. Failure
to maintain this balance may lead to the progression of
NAFL. These insights may aid in the development of new
therapeutic strategies.
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