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Abstract

study.

Background Although sorafenib has been consistently used as a first-line treatment for advanced hepatocellular
carcinoma (HCC), most patients will develop resistance, and the mechanism of resistance to sorafenib needs further

Methods Using KAS-seq technology, we obtained the ssDNA profiles within the whole genome range of SMMC-
7721 cells treated with sorafenib for differential analysis. We then intersected the differential genes obtained

from the analysis of hepatocellular carcinoma patients in GSE109211 who were ineffective and effective

with sorafenib treatment, constructed a PPI network, and obtained hub genes. We then analyzed the relationship
between the expression of these genes and the prognosis of hepatocellular carcinoma patients.

Results In this study, we identified 7 hub ERGs (ACTB, CFL1, ACTG1, ACTNT, WDR1, TAGLN2, HSPA8) related to drug
resistance, and these genes are associated with the cytoskeleton.

Conclusions The cytoskeleton is associated with sorafenib resistance in hepatocellular carcinoma. Using KAS-seq
to analyze the early changes in tumor cells treated with drugs is feasible for studying the drug resistance of tumors,
which provides reference significance for future research.
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Introduction

Since 2007, sorafenib, an orally administered multiple-
target tyrosine kinase inhibitor (TKI), has been con-
sistently used as a first-line treatment for advanced
hepatocellular carcinoma (HCC) [1]. The anti-tumor
activity of sorafenib is largely ascribed to suppressing
tumor cell proliferation, inhibiting antiangiogenic activ-
ity, and promoting apoptosis [2-7]. However, only a
small number of patients can benefit from sorafenib,
and this population usually acquires drug resistance
within 6 months [8]. Several mechanisms of resist-
ance to sorafenib are reported, such as loops of the
phosphatidylinositol-3-kinase (PI3K)/protein kinase B
(Akt) and the Janus kinase (JAK)-signal transducer and
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activator of transcription (STAT) pathway, the hypoxic
microenvironment, epithelial-mesenchymal transition
or transformation (EMT), cancer stem cells, or disabling
of pro-apoptotic signals [9-12]. In addition, recent stud-
ies have demonstrated that cytoskeletal proteins may be
associated with drug resistance in HCC [13, 14]. How-
ever, the mechanism of sorafenib resistance in HCC still
needs further study.

Tumor resistance is closely related to single-stranded
DNA (ssDNA) [15-18]. Nearly all cellular processes
involving the genome, such as transcription, DNA rep-
lication, DNA repair recombination, and R-loops, result
in the formation of ssDNA [19-23]. This implies that
ssDNA is closely related to the fate of tumor cells. During
cancer progression, genetic and epigenetic alterations,
microenvironment changes, and/or treatment-imposed
selective pressures result in changes in tumor cells under-
going molecular and phenotypic alterations, thereby con-
tributing to tumor heterogeneity and therapy resistance
[24]. Thus, the early changes in tumor cells after in vitro
drug treatment simulating tumor drug therapy may lead
to the plasticity of tumor cells, thereby promoting tumor
resistance.

RPA  chromatin immunoprecipitation sequenc-
ing (RPA-seq), RAD51 chromatin immunoprecipita-
tion sequencing (RAD51-seq), single-stranded DNA
sequencing (SSDS), ssDNA-associated protein Rad52
ChIP-seq, and SPO11-oligo-seq, are available for the
sequencing and analysis of ssDNA [25-30]. However,
these approaches are based on chromatin immunopre-
cipitation sequencing (ChIP-seq) of single-stranded
DNA binding protein complex (RPA) or particular
ssDNA-associated proteins (RAD51, DMC1, SPO11 and
Rad52) [25, 28, 30]. Therefore, these methods cannot
reflect ssDNA profiles of the entire genome, which lim-
its their application. Recently, it has been reported that
Nj-kethoxal-assisted ssDNA sequencing (KAS-seq) is
capable of mapping all ssDNA regions across the whole
genome [31, 32]. This method, based on the click chemi-
cal reaction between Nj-kethoxal and exposed amine
groups on guanine in ssDNA, can efficiently capture
genome-wide ssDNA and be enriched through affinity
pull-down. Moreover, KAS-seq can directly reflect the
activity of RNA polymerase and is capable of detecting
the dynamic changes of active transcription [31]. This
suggests that the distribution of KAS-seq signals can rep-
resent the degree of double-stranded DNA opening, as
well as active transcriptional extension.

In our study, we used KAS-seq technology to analyze
hepatocellular carcinoma cell that were treated with
sorafenib. Our results demonstrated that cytoskeleton-
related genes were associated with sorafenib resistance in
hepatocellular carcinoma.
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Materials and methods

Cell culture and cell viability assay

Human liver cancer cell lines (SMMC-7721) were
obtained from SHANGHAI AOLU BIOLOGICAL
TECHNOLOGY CO.,, LTD (Shanghai, China). The cells
were grown in 1640 with 10% FBS (Gibco, California,
USA), antibiotics penicillin (100 U/mL) and streptomycin
(100 pg/mL) at 37°C under 5% CO,.

For quantification of drug response, we used the nor-
malized growth rate inhibition (GR) of the drug treat-
ment on SMMC-7721 cells for 24 h as the drug treatment
concentration for subsequent cell sequencing samples.
The GR value is:

ogy (x(9)/x0)_
GR(c) = 2l°gZ(xctrl/xo) -1

where x(c) and x,,, are as described above, and x, is
the 50%-trimmed mean of the cell count from a sam-
ple grown in parallel and measured just prior to drug
exposure.

The GR value indicated partial growth inhibition (when
it lies between 0 and 1), complete cytostasis (when it
equals 0) or cell death (when it lies between 0 and —1).
Compared to traditional indicators, the GR value is more
robust when assessing the impact of drugs on cell signal-
ing and growth [33].

To determine the GR50, the net A450nm determined
by the CCK-8 method was represented the number
of live cells in sorafenib. We inoculated the cells onto
a 96-well plate and cultured them in an incubator at
37 °C with 5% CO,. When the cell confluence reached
approximately 70%, we changed the medium and added
sorafenib (Macklin, Shanghai, China) at different concen-
trations for 24 h of treatment, followed by 2 h of treat-
ment with the CCK8 reagent (MCE, New Jersey, USA).
Finally, colorimetric determination was carried out, and
the A450 value was read under a wavelength of 450 nm
using an enzyme-linked immunosorbent assay reader.
Each experiment was repeated three times. Online
GRcalculator tools (http://www.grcalculator.org) were
then employed for calculation, analysis and visualization
of dose-response data using GR approach [34].

Cell treatment and KAS-seq

In the experimental design, the control group consists of
samples that have not been treated with sorafenib, but
have been supplemented with an equivalent volume of
DMSO. The experimental group consists of samples that
have been treated with sorafenib for specific durations
(15 min, 30 min, 1 h, 2 h). Furthermore, each group has
one technical replicate, and the experiment was repeated
four times. Subsequently, we diluted a 100 pM stock
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solution of sorafenib in complete 1640 medium to the
desired concentration. The SMMC-7721 cells were then
treated with the diluted medium containing sorafenib
(8.35 uM) for 15 min, 30 min, 1 h, and 2 h, respectively.
As a control, an equal volume of DMSO was added to
the control group. Additionally, we prepared a 5 mM
solution of N3-kethoxal, and co-incubated it with the
cells for 10 min to facilitate the labeling of genomic sin-
gle-stranded DNA (ssDNA). Cell suspensions were then
transferred to 1.5 ml Centrifuge tubes and 1500 rpm for
3 min. We next discarded the supernatant medium and
extracted genomic DNA using Quick-DNA™ Miniprep
Plus Kit (ZYMO, CA, USA).

We then referred to the established KAS-seq proto-
col, and ssDNA with N3-kethoxal label was biotinylated,
enriched, and fragmented [32]. Dual index libraries
were constructed for high throughput sequencing using
xGen" Methyl-seq Lib Prep 96rxn (IDT, CA, USA), and
KAS-seq was performed on Illumina NovaSeq 6000
platform.

Data collection

In this study, 150-bp paired-end reads were generated
on the Illumina NovaSeq 6000 platform (sequenced by
Annoroad). The raw reads were trimmed using the trim-
galore package (v0.6.10) under default parameters, and
then aligned to the human reference genome (hgl9) using
bowtie2 (v 2.2.9). SAM tools (version 1.9) (parameters
used: Sam tools view-f 2-F 1548 -q 30) were used to filter
the reads. We then converted the paired-end reads into
the Bed Graph format and normalized them to the total
quantity of aligned reads using bed tools (version 2.19.1).
Simultaneously, we also converted the paired-end reads
into the BigWig format using UCSC bedGraphToBigWig
for visualization assisted by the Integrated Genomics
Viewer. MACS2 (version 2.1.1) was used for peak calling
to identify potential ssDNA enriched regions. Finally, we
annotated the ssDNA enriched regions using the CHIP
seeker package (v 1.38.0), and the genes closest to these
regions were used for subsequent analysis.

The GSE109211 dataset, containing data of 140 tumor
samples with clinical information, including treatment
and outcome, was then selected from the Gene Expres-
sion Omnibus (GEO) database. We selected patients
treated with sorafenib from this dataset and grouped
them based on the effectiveness of the treatment (with
the effective group serving as the control group) for dif-
ferential genes analysis. In addition, 20 genes associated
with the hub genes identified from the analysis were
downloaded from GeneMANIA, which is real-time mul-
tiple association network integration algorithm for pre-
dicting gene function [35].
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Mapping and identifying KAS-seq signal distribution

at different time points

By aligning KAS-seq data to the human reference
genome (hgl9), we generated a signal distribution pro-
file for single-stranded DNA (ssDNA). This step aligned
the sequenced DNA fragments to their original genomic
locations, allowing us to see where the ssDNA is located
in the genome.

Analysis of differentially expressed genes

Based on the signal distribution of ssDNA from KAS-
seq data, we selected the time point with the highest
KAS-seq signal (1 h) for differential analysis. Accord-
ing to the employed filtering criteria (|log,FC|>1 and
P-value of<0.05), differentially expressed genes (DEGs)
in the one-hour and 0 min sorafenib-treated cells were
analyzed using the “DEseq2” package in R. In addition,
differential analysis was performed between the 46 non-
responder tumor samples and 21 responder tumor sam-
ples of sorafenib treatment using the “limma” package.
The data were then considered statistically significant
if |log,FC>1| and P-value<0.05 for the differentially
expressed genes (efficacy-related genes) (ERGs). We then
intersected upregulated DEGs with upregulated ERGs
or downregulated DEGs with downregulated ERGs to
obtain early-changing genes related to efficacy.

GO function and KEGG pathway enrichment analysis

In this study, for DEGs, ERGs and GeneMANIA-pre-
dicted genes, Gene ontology (GO) enrichment and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
analysis were than performed using the DAVID database
[36]. The P-value<0.05 was statistically significant and
was the thresholds for selecting the major enrichment
functions and pathways of DEGs, ERGs and GeneMA-
NIA-predicted genes.

PPl network construction and identification of hub genes
Search Tool for the Retrieval of Interacting Genes/Pro-
teins (STRING) is a database of known and predicted
protein—protein interactions [37].

After intersecting the upregulated and downregulated
genes (DEGs and ERGs), we consolidated the overlap-
ping genes. Subsequently, we imported this curated gene
set into STRING, setting a minimum required interac-
tion score (confidence level >0.4). We then downloaded
the protein—protein interaction (PPI) network in TSV
format. Using Cytoscape software, we visualized the PPI
network from the TSV file and employed the cytoHubba
plugin to identify key nodes and subnetworks within the
network. By applying the Maximum Clique Centrality
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(MCC) topological analysis algorithm in cytoHubba, we
identified the top 10 crucial genes within the PPI network
[38].

UALCAN and human protein atlas database analysis

The University of Alabama at Birmingham cancer data
analysis (UALCAN) portal is a comprehensive, user-
friendly, and interactive web resource for analyzing can-
cer OMICS data [39]. The database was used to evaluate
the expression levels of 10 hub genes between the tumor
samples and normal samples. LIHC patient survival was
then analyzed to evaluated clinical implications the hub
genes. The Human Protein Atlas (HPA) is a compre-
hensive database of human proteins, with its primary
objective being to provide a detailed description of the
expression patterns of human genes and proteins. Protein
expression data for 7 hub genes was obtained from the
HPA database.

Gene set enrichment analysis

Gene Set Enrichment Analysis (GSEA) is utilized to
evaluate the distribution trend of genes in a pre-defined
gene set within a gene list sorted by phenotype relevance,
thereby determining their contribution to the phenotype
[40]. The selected RNA-seq data from the GEO data-
base were downloaded and subjected to GSEA for 7 hub
genes. The c2.cp.kegg.v7.4.symbols.gmt subset was then
downloaded from the Molecular Signatures Database to
evaluate related pathways and molecular mechanisms
[41]. Based on the gene expression profile and phenotype
grouping, the minimum gene set was then set to 5, the
maximum gene set to 5000. After performing the per-
mutation test 1,000 times, gene sets generating a P-value
of <0.05 were considered statistically significant.

Statistical analysis

Differences between the two groups were compared
using Student’s t-tests, and the results were expressed as
means + standard deviations. P-value of<0.05 was con-
sidered the threshold for statistical significance.

Results
Characterization of single-stranded DNA (ssDNA) signal
distribution in KAS-seq
The flowchart delineates the central concept of this study
(Fig. 1A). Using the Online GRcalculator tools, we ana-
lyzed and found that the concentration of sorafenib at
GR50 is 8.35 uM (Fig. 1B).

By aligning KAS-seq data to the human reference
genome (hgl9), we generated a signal distribution
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profile for single-stranded DNA (ssDNA). At different
time points, reads were predominantly enriched in gene
coding regions. Among these regions, intron regions
occupied the largest proportion, followed by promoter
regions (Fig. 2A). Interestingly, the KAS-seq signal
intensity varied across gene coding regions at different
time points. At the transcription start site (TSS), the
KAS-seq signal gradually increased from the control
to 15 min, 30 min, and 1 h, and then started to decline
from 1 to 2 h (Fig. 2B). Furthermore, we analyzed the
distribution density of peaks at the TSS for the control,
15 min, 30 min, 1 h, and 2 h. Notably, the peak density
was highest at 1 h (Fig. 2C). Subsequently, we exam-
ined the shared and distinct peaks in gene functional
regions (promoter, exon, and intron) among the con-
trol, 15 min, 30 min, 1-h and 2-h groups. Interestingly,
similar peaks were observed across these regions in
different groups (Fig. 2D-F). Our findings suggest that
the KAS-seq signal is strongest after 1 h of sorafenib
treatment and diminishes by 2 h. In addition, PCA and
the heatmap using top 100 (p-value < 0.01) differentially
expressed genes revealed that cell samples could be
effectively separated into five subgroups (Figs. S1 A, B).

Identification and enrichment analysis of differentially
expressed genes in early changes

Based on the distribution characteristics of KAS-
seq signals, we selected the time point (1 h) with the
strongest KAS-seq profile signals on gene coding
regions to compare with the untreated group (control),
for the analysis of genes with early changes (Fig. 2B).
Based on the set threshold for significant differences,
we finally identified 5482 differentially expressed genes
(DEGs), of which 2529 were upregulated and 2953 were
downregulated (Fig. 3A). We performed GO and KEGG
analyses separately for the upregulated and downregu-
lated genes. Biological process (BP) analysis showed
that upregulated DEGs were statistically significantly
enriched in positive regulation of transcription from
RNA polymerase II promoter and actin cytoskeleton
organization, while downregulated DEGs were mainly
enriched in positive regulation of transcription from
RNA polymerase II promoter and cell adhesion. Cellu-
lar component (CC) analysis revealed that upregulated
DEGs were mainly enriched in cytosol, nucleus, and
downregulated DEGs were mainly enriched in plasma
membrane and integral component of membrane. In
the molecular function (MF), 1616 upregulated DEGs
were enriched in protein binding, whereas downregu-
lated DEGs were mainly enriched in calcium ion bind-
ing (Fig. 3B, D). Regarding KEGG, upregulated and



Xiao et al. World Journal of Surgical Oncology ~ (2024) 22:152 Page 5 of 16
A
Validation of the GSE109211 |
dosage concentration |
1 y ¥
Cell viability Sorafenib-treated Placebo-treated
analysis patients (n=67) patients (n=73)
I
y ' !
Cell Dl:l]/jzsoamples Responder Non-responder
( - ) (n=21) (n=46)
¥ I [
Control (n=4) Drug treatment at ¢
different points of time | Bioinformatics processing |
I
v v v v
15 minutes 30 minutes 1 hour (n=4) 2 hours
(n=4) (n=4) (n=4)
S 8
KAS-seq & bioinformatics
processing s experiment

'

Identification of enrichment
analysis

l

KEGG and GO enrichment
analysis

l

Overlap of DEGs and efficacy-related
differentially expressed genes

|

Construction of PPI
network

|

Selection of hub
efficacy-related DEGs

l

Validation of hub genes
expression

!

* SMMC-7721 sorafenib

0.0 0.5 1.0 15

Investigation of critical pathways for hub ERGs

Fig. 1 A Overview of study design. B Effect of treatment for 24 h with sorafenib on cell proliferation and viability as determined by the CCK-8 assay.
Graphs show the effect of various sorafenib concentrations (x-axis, logarithmic values) on relative cell viability (y-axis, net A450 nm using CCK-8
assay). Under sorafenib treatment versus sorafenib-untreated control. Sorafenib concentrations were 1, 3, 6, 8, 12, 16, 32, 64 uM. Graph was obtained

from the online tool GR calculator (www.grcalculator.org)

downregulated DEGs were both mainly involved in
pathways in cancer (Fig. 3C, E).

Identification and enrichment analysis of efficacy-related
differentially expressed genes

We compared patients with ineffective and effective
sorafenib treatment from the GEO dataset (GSE109211)
to identify differentially expressed genes related to ther-
apeutic efficacy (Fig. 1A). We identified a total of 2596

differentially expressed ERGs, of which 1299 genes were
upregulated and 1297 were downregulated (Fig. 3A). The
GO results showed that upregulated ERGs were mainly
involved in biological process (BP) related to RNA pro-
cessing, cytoplasmic translation and translation, while
downregulated ERGs were mainly enriched in detec-
tion of chemical stimulus involved in sensory percep-
tion of smell and G-protein coupled receptor signaling
pathway. Cellular component (CC) analysis revealed that
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upregulated ERGs were mainly enriched in cytosol and
extracellular exosome, and downregulated ERGs were
mainly involved in plasma membrane and integral com-
ponent of membrane. In the molecular function (MF),
887 upregulated ERGs were mainly associated with pro-
tein binding, whereas downregulated ERGs were mainly
enriched in G-protein coupled receptor activity and
olfactory receptor activity (Fig. 4B, D). The results of the
KEGG analysis revealed that the metabolic pathways
were the main enriched pathways for upregulated ERGs,
while olfactory transduction was the main enriched path-
way for downregulated ERGs (Fig. 4C, E).

Selection of hub efficacy-related DEGs

We intersected the upregulated DEGs and ERGs to
obtain 191 genes, and simultaneously intersected the
downregulated DEGs and ERGs to obtain 92 genes
(Fig. 5A, B). Setting an interaction score>0.4, the pro-
tein—protein interaction (PPI) network was constructed
using a total of 283 therapeutic efficacy-related DEGs,

and visualized using Cytoscape software (Fig. 5C). To
identify the significant genes, we used the maximal
clique centrality (MCC) algorithm to calculate the top
10 genes (Fig. 5D). These hub efficacy-related DEGs were
ACTB, CFL1, ACTGI1, ACTN1, MYH9, MYL6, WDR1,
TAGLN2, HSPAS, JUN. Patient survival information for
the 10 genes was then plotted using UALCAN database.
The results of the survival analysis revealed that elevated
expression levels of seven genes are significantly associ-
ated with adverse prognosis in patients (Fig. 6A-]).

Validation of the expression levels of the 7 ERGs

The transcript expression levels of the 7 hub ERGs were
verified using UALCAN database, and the transcript
levels of these genes all reached statistical significance.
To validate the 7 hub ERGs at the protein level, protein
expression data were obtained from Human Protein Atlas
(HPA) database. The results of the protein expression lev-
els showed a trend similar to that of the transcript levels
(Fig. 7A, B).
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Investigation of statistically significant pathways for the 7
ERGs

To study the functions of these 7 ERGs holistically, we
constructed a network with 20 neighboring genes using
GeneMANIA (Fig. 8A). The result of the network showed
that the 27 genes were mainly enriched in actin binding,

actin cytoskeleton and actin filament depolymerization,
which meant these genes were associated with actin. The
GO enrichment analysis showed similar results, with
these genes primarily enriched in the actin cytoskeleton
organization and sarcomere organization in the Biologi-
cal Process (BP), mainly enriched in the cytoplasm in the
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Cellular Component (CC), and primarily enriched in pro-
tein binding and actin binding in the Molecular Function
(MF) (Fig. 8B). The results of the KEGG analysis showed
that these genes were mainly related to the following

pathways: regulation of actin cytoskeleton, tight junction,
and adherens junction (Fig. 8C).

To further explore the potential functionality of the
7 ERGs, Gene Set Enrichment Analysis (GSEA) was
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Algorithm

performed using GEO sample data from patients treated
solely with sorafenib (GSE109211). As demonstrated
in Fig. 9A-G, most genes are enriched in ubiquitin-
mediated proteolysis. Additionally, CFL1, ACTNI1, and
TAGLN? are enriched in adherens junctions.

Discussion

Drug-induced stress responses in tumor cells play a
crucial role in shaping the ultimate transcriptional pat-
terns leading to drug resistance [42, 43]. Additionally,
tumor cells may exhibit transcriptional heterogeneity

and leverage the aforementioned stress responses, laying
a critical molecular foundation for identifying transcrip-
tional patterns favorable for cancer cell survival [44]. This
implies that the transition from sensitive to resistant cells
is a gradual adaptation process to drug exposure. There-
fore, systematic investigation of drug-treated sensitive
cells, observing early-stage gene expression regulatory
changes, holds promise for unraveling drug resistance
mechanisms from a novel perspective.

In a recent study, researchers from Yale School of Med-
icine (Katerina A. Politi) and Harvard Medical School
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(Cigall Kadoch) discovered a correlation between osimer-
tinib resistance and widespread changes in chromatin
accessibility. Notably, they demonstrated that the mSW1/
SNF complex maintains proliferation and reduces ROS
levels in resistant cells [45]. This study provides crucial

evidence supporting the involvement of drug-induced
stress states in mechanisms of resistance.

In the study, we employed KAS-seq technology to ana-

lyze the ssDNA changes in hepatocellular carcinoma cells
(SMMC-7721) treated with sorafenib over a two-hour



Xiao et al. World Journal of Surgical Oncology

>

Transcript per million

Transcript per million Transeript per million

Transcript per million

AcTB

|
A |

Transeript per million

(2024) 22:152

cFL1

TCGA samples

ACTG

g

Transeript per million

TCGA samples.

ACTNY

o

TCGA samples

- WDR1

Transeript per million

TCGA samples.

1250 TAGLN2

TCGA samples

1250 HSPAS.

Staining: not detected  Staining: median
Antibody: HPA041271

ACTG1
Normal

e

Staining: not detected  Staining: median
Antibody: HPA041271

WDR1
Normal Tumor

Staining: not detected

Staining: median
Antibody: HPA070293

HSPA8
Normal Tumor

Staining: not detected ~ Staining: median
Antibody: HPA052504

TCGA samples.

CFL1
Normal Tumor

Staining: not detected  Staining: median
Antibody: HPA053761

ACTN1

Normal Tumor

Staining: high
Antibody: HPA006035

Staining: not detected

TAGLN2
Normal Tumor

Staining: not detected

Staining: low
Antibody: HPA001925

Page 11 of 16

Fig. 7 Validation of the expression for 7 hub ERGs. A mRNA
expression of 7 hub ERGs using were significantly upregulated

in patients with LIHC from the UALCAN database (*P<0.05; **P<0.01;
**¥P<0.001; ****P<0.0001). B Representative immunohistochemistry
staining of 7 hub ERGs. Protein expression levels of ACTB, CFL1,
ACTG1, ACTNT, WDRT, TAGLN2 and HSPAS8 in HCC tissue were
obtained from the Human Protein Atlas (HPA)

period. Notably, we observed significant differences
in KAS-seq signal intensity within gene coding regions
at different time points. Specifically, at the transcription
start site (TSS), the KAS-seq signal gradually increased
from the control to 15 min, 30 min, and 1 h, followed
by a decline from 1 to 2 h. Further analysis revealed that
the peak density at the TSS was highest at 1 h, suggest-
ing heightened activity of dsDNA during this time. This
dynamic response may be triggered by stress reactions in
tumor cells.

Based on the KAS-seq signal intensity, we selected the
time point corresponding to the highest signal strength
(1 h) for differential expression analysis compared to the
control group. Subsequently, through functional enrich-
ment, we further confirmed the feasibility of KAS-seq as
a sequencing technology for detecting early gene changes
in drug-treated cells. In the KEGG enrichment analysis,
we observed significant enrichment of DEGs in pathways
closely associated with cancer, such as pathways in can-
cer, MAPK, and cAMP signaling pathways, which also
play critical roles in sorafenib resistance. Additionally, we
noticed enrichment in pathways closely related to the cell
cytoskeleton, including adherens junction, cell cycle,
and tight junction. Simultaneously, our analysis revealed
a strong association between regulation of transcription
from RNA polymerase II promoter and GO biological
processes (CC), further confirming that KAS-seq signals
primarily originate from transcription reactions involv-
ing RNA polymerase II. Furthermore, in the GO molec-
ular function (MF) analysis, most genes within the gene
set were associated with protein binding, suggesting the
need for further investigation into protein—protein inter-
actions resulting from gene expression changes and their
impact on sorafenib resistance following drug treatment.

In the context of clinical cohort studies within molec-
ular evidence-based medicine, which directly reflect
patients’ disease status, we gain essential research tools
for deciphering disease and pharmacological mecha-
nisms. Furthermore, chemotherapy effectiveness is
predominantly limited by drug resistance. Leveraging
a clinical cohort treated with sorafenib (GSE109211),
we compared patients who responded effectively to
sorafenib treatment with those who did not, identify-
ing differentially expressed ERGs [46]. KEGG enrich-
ment analysis revealed that most genes were enriched
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in metabolic pathways, which are closely associated
with previously identified mechanisms of drug resist-
ance. Notably, previous research has highlighted the
role of peroxisome proliferator-activated receptor delta
(PPARS) in sorafenib-induced metabolic reprogramming
in hepatocellular carcinoma (HCC). PPARS contributes
to enhancing the proliferative capacity and redox homeo-
stasis of sorafenib-resistant HCC cells, while inhibiting

PPARS activity can potentially reverse compensatory
metabolic reprogramming in these drug-resistant cells.
To further validate the relevance of early-stage genes
identified as sorafenib-mediated changes in hepatocel-
lular carcinoma (HCC) cell resistance, we intersected
two sets of differentially expressed genes (DEGs and
ERGs). Next, we constructed a protein—protein inter-
action (PPI) network for the overlapping genes using
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Fig. 9 Gene Set Enrichment Analysis (GSEA) was performed using GEO sample data from patients treated solely with sorafenib (GSE109211).
A-G The gene sets (according to GSEA normalized enrichment score) for ACTB, CFL1, ACTG1, ACTN1, WDR1, TAGLN2, HSPA8. P-value of <0.05

was considered statistically significant

the STRING database and visualized it using Cytoscape
software. Additionally, we applied the Maximum Clique
Centrality (MCC) algorithm from the cytoHubba plugin
to identify the top 10 key genes within this network.
Through survival analysis, we found that the expression
levels of 7 genes (ACTB, CFL1, ACTG1, ACTN1, WDRI1,

TAGLN2, HSPA8) were significantly associated with
poor prognosis in patients. High gene expression often
leads to worse patient outcomes. These genes were iden-
tified through differential expression analysis between
patients who were responsive and non-responsive to
sorafenib treatment. This suggests that genes potentially
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related to sorafenib resistance may drive disease progres-
sion, further indicating a close relationship between the
differentially expressed genes we analyzed and sorafenib
resistance. We then validated these findings at both the
transcriptional and protein levels.

To further understand the drug resistance mechanisms
involved with 7 hub ERGs, we conducted analyses using
GeneMANIA, GO, and KEGG, and found that these
genes are closely related to the cytoskeleton. According
to previous reports, these genes promote the invasive-
ness and metastasis of tumors, which is often related
to changes in the cytoskeleton [47-53]. Previous stud-
ies have reported that drug treatment stress can cause
molecular and phenotypic changes in tumor cells, i.e.,
cellular plasticity, thereby inducing tumor drug resistance
[24]. This suggests that the remodeling of the cytoskel-
eton may be related to sorafenib resistance in hepatocel-
lular carcinoma.

Furthermore, when we performed GSEA analysis on
these cytoskeleton-related genes using patient samples
treated with sorafenib from the GSE109211 dataset, we
found that many genes were primarily enriched in ubiq-
uitin-mediated proteolysis. This may suggest their impor-
tant role in the cytoskeleton.

The research paradigm established in this study holds
promise for paving new avenues and research strategies
in understanding molecular mechanisms of tumor drug
resistance, target discovery, and combination therapies.
We hope that this technological breakthrough will extend
the lifespans of more late-stage cancer patients.

The study has some limitations. First, the sample size
used in the KAS-seq data of this study is relatively small.
Second, to identify the most critical genes for subse-
quent analysis, library sequencing analysis using KAS-
seq should be conducted with various hepatocellular
carcinoma cells. Additionally, further experiments are
required to analyze the mechanisms involved in the early
changes of each gene in sorafenib-treated hepatocellular
carcinoma cells, as well as the relationship between the
genes, the cytoskeleton, and sorafenib resistance in liver
cancer cells.

Conclusion

In summary, based on KAS-seq data, we discovered dif-
ferential changes in KAS-seq signals at different times
after drug treatment of cells. In conjunction with the
external dataset (GSE109211), we ultimately found that
the cytoskeleton may be closely related to sorafenib resist-
ance in hepatocellular carcinoma. Finally, through GSEA
enrichment analysis, we found that ubiquitin-mediated
proteolysis may play a key role in the cytoskeleton.
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ERGs Efficacy-related genes

GO Gene ontology

KEGG Kyoto Encyclopedia of Genes and Genomes
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