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A B S T R A C T

Hepatocellular carcinoma is an aggressive cancer characterized by metabolic reprogramming in lipid-, nucleotide 
and amino acid metabolism/catabolism and oxidative stress management. This in vitro study investigates the 
potential cytotoxic and metabolic effects of the novel combination of doxorubicin and atorvastatin, a cholesterol- 
lowering drug, in the well-characterized Huh-7 cell line. The cytotoxicity of statins and fibrates was assessed 
through dose-response curves and the half-maximal inhibitory concentration (IC50) for each treatment, both 
individually and in combination. Synergism was determined using the Chou-Talalay method. Among the tested 
agents, atorvastatin exhibited the most potent cytotoxicity, with an IC50 of 70.45 µM. When combined with 
doxorubicin, the IC50 of doxorubicin decreased significantly from 165.25 µM to 26.85 µM, indicating a syner
gistic effect. Metabolic profiling revealed distinct changes in lipid metabolism, fatty acid oxidation and the 
carnitine shuttle system, specifically within the combination treatment. The combination treatment also seems to 
affect oxidative stress management via the urea cycle, polyamine biosynthesis, and catabolism of nucleotides and 
amino acids. By limiting energy production, while simultaneously disrupting oxidative stress management, this 
therapy creates a plausible metabolic bottleneck, which may impair cancer cell adaptation to stress and growth. 
These findings suggest that combining atorvastatin with doxorubicin might enhance treatment efficacy and/or 
reduce resistance.

1. Background

Hepatocellular carcinoma (HCC) is a highly aggressive form of liver 
cancer, characterized by a poor prognosis largely due to late diagnosis, 
aggressive progression, and rapid development of resistance to con
ventional treatments [1]. While chemotherapy, including doxorubicin 
(DOX), has shown modest success in improving survival rates in HCC 
[2], the mechanism(s) by which HCC cells efficiently adapt and remodel 
their metabolism during disease development and progression remains 
an active field of research (3). More specifically, these hallmarks 
include: (i) a shift towards aerobic glycolysis (Warburg effect) [3], (ii) 
altered lipid metabolism with enhanced fatty acid synthesis (FAS) and 
FA β-oxidation (FAO) [4], (iii) upregulation of cholesterol biosynthesis 
through the activation of the mevalonate pathway [5], (iv) dysregulated 
amino acid (AA) and nucleotide metabolism [6] interconnected with 

changes in regards to nitrogen metabolism and oxidative stress [7].
In regards to the known mechanisms of action of available treat

ments, DOX works by intercalating into DNA and inhibiting topoisom
erase II, disrupting replication and transcription, leading to cell death 
[8]. In addition, inhibition of glycolysis, nucleotide synthesis, and 
glycerophospholipid metabolism has been reported to be caused by DOX 
[9]. Emerging evidence suggests that the tumor’s metabolic adaptations, 
including the acceleration of anti-oxidative pathways, contribute to 
drug resistance by enabling cancer cells to survive oxidative stress 
induced by DOX [10]. In HCC, DOX faces significant limitations due to 
the tumor’s high level of drug resistance and poor response to chemo
therapy [11]. This underscores the need for novel strategies to improve 
DOX’s efficacy in HCC. Recently, statins—widely used for lowering 
serum cholesterol—have gained attention for their potential anticancer 
properties. Preclinical and epidemiological studies suggest that statins 

* Corresponding author.
E-mail address: mikael.engskog@ilk.uu.se (M.K.R. Engskog). 

Contents lists available at ScienceDirect

Journal of Pharmaceutical and Biomedical Analysis

journal homepage: www.journals.elsevier.com/journal-of-pharmaceutical-and-biomedical-analysis

https://doi.org/10.1016/j.jpba.2025.117012
Received 9 May 2025; Received in revised form 2 June 2025; Accepted 3 June 2025  

Journal of Pharmaceutical and Biomedical Analysis 265 (2025) 117012 

Available online 6 June 2025 
0731-7085/© 2025 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:mikael.engskog@ilk.uu.se
www.sciencedirect.com/science/journal/07317085
https://www.journals.elsevier.com/journal-of-pharmaceutical-and-biomedical-analysis
https://doi.org/10.1016/j.jpba.2025.117012
https://doi.org/10.1016/j.jpba.2025.117012
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jpba.2025.117012&domain=pdf
http://creativecommons.org/licenses/by/4.0/


may reduce the risk of cancers such as colorectal, breast, and prostate 
[12]. These findings have spurred interest in repurposing statins for 
cancer treatment, either alone or as adjuvants to existing chemother
apies [13]. Despite this growing body of evidence, the potential role of 
statins in HCC remains underexplored. Additionally, fibrates, another 
class of lipid-lowering drugs, have demonstrated anticancer properties 
by activating peroxisome proliferator-activated receptor-alpha 
(PPAR-α), which regulates lipid metabolism and inflammation [14]. 
Though some clinical trials suggested that fibrates may reduce cancer 
risk, the underlying mechanisms are not yet fully understood [15].

The aim of this study was to address the gaps in knowledge con
cerning the efficiency, and plausible additive effect, of the combined 
treatment of statins and fibrates with DOX in the Huh-7 cell line. In this 
study, we used metabolite profiling to investigate changes that occur in 
the polar metabolome of Huh-7 cells (a well-differentiated and charac
terized HCC in vitro model widely used in metabolic research) in 
response to one particular statin, atorvastatin (ATOR) and DOX, as well 
as the combination of both (DOX/ATOR). Given the metabolic focus of 
this study, DOX/ATOR was used at concentrations relevant for meta
bolic profiling (1 µM), while higher doses were used in cytotoxicity as
says to examine viability. Metabolic profiling of tumor cells has the 
potential to provide unbiased in-depth exploration of treatment-specific 
cellular metabolism alterations that occur when exposed to this novel 
combination treatment.

We reason that statins may enhance the anticancer effects of DOX by 
modulating metabolic pathways involved in cancer cell survival, pro
liferation, and apoptosis. The hypothesis generated from this study 
pinpoints a plentitude of metabolic adaptations due to the treatments, 
but more specifically point towards biologically significant changes in 
nitrogen handling, oxidative stress, re-wiring of energy metabolism 
through lipids and carnitines, as well as altered amino acid (AA) and 
nucleotide metabolism/catabolism. By elucidating the potential syner
gistic interactions between these drugs, we aim to improve under
standing of the mechanisms of action with the potential towards 
developing novel combination therapies for HCC. Given the systemic 
effects of both DOX and statins, further exploration into their pharma
cokinetics and potential off-target metabolic interactions in vivo will be 
critical for assessing translational potential.

2. Methods

2.1. Cell culture, treatment and harvesting

Huh7 cells (gifted by Dr. Mårten Fryknäs, Uppsala University, Swe
den) were grown at 37◦C with 5 % CO₂ and 95 % humidity in Dulbecco’s 
Modified Eagle Medium (DMEM), supplemented with 10 % fetal bovine 
serum (FBS) and 1 % antibiotic-antimycotic solution. Cell line authen
tication was performed by Eurofins Genomics (Ebersberg, Germany) 
using DNA and short tandem repeat profiling, confirming the correct 
identity of the Huh7 cells. Additionally, the cell line was checked against 
the Register of Misidentified Cell Lines and tested negative for myco
plasma contamination.

For viability experiments, Huh7 cells were seeded onto Corning 96- 
well, clear, flat bottom plates at a seeding density of 5.0 × 103 cells per 
well. After overnight adherence, cells were exposed to varying concen
trations of fenofibrate, gemfibrozil, ATOR or rosuvastatin (0, 6.25, 12.5, 
25, 50, 100, 200, 400, 800 µM) for 24 h, after which a resazurin 
reduction assay was performed to measure cell viability. In the combi
nation treatments, Huh7 cells were pre-treated with 10 µM fenofibrate, 
gemfibrozil, ATOR or rosuvastatin for 24 h. Following pre-treatment, 
cells were exposed to varying concentrations of DOX (0, 6.25, 12.5, 
25, 50, 100, 200, 400, 800 µM) for an additional 24 h, after which cell 
viability was measured using a resazurin reduction assay. For the 
metabolomics experiments, the effects of DOX and ATOR were evalu
ated by treating Huh7 cells with 1 µM DOX and/or 1 µM ATOR for 24 h. 
In the combined treatment group (ATOR/DOX), cells were pre-treated 

with 1 µM ATOR for 24 h, followed by 1 µM of DOX for 24 h. Un
treated cells served as the control group (CON) and received medium 
change at the same time as the treatments, ensuring that all cell cultures 
were equally old and received the same handling procedures. All sam
ples were collected at comparable time points between CON, single- and 
combined-drug treatments.

Cells were centrifuged at 140 × g for 5 min and re-suspended in 1 mL 
of ice-cold water. The cell suspensions were rapidly frozen in liquid 
nitrogen and underwent two cycles of thawing at 37◦C followed by re- 
freezing in liquid nitrogen. The culture medium was removed, and the 
cells were washed with phosphate-buffered saline (PBS), detached by 
scraping into PBS, and counted using an automated cell counter. 
Approximately 6 million cells per sample were collected in 5 biological 
replicates per group. Finally, the samples were sonicated and stored at 
− 80◦C for subsequent metabolite profiling.

2.2. Viability and ROS assay

Cell viability was monitored via a resazurin reduction assay. A 1 % 
resazurin sodium salt solution (R7017–1G, Sigma-Aldrich, Darmstadt, 
Germany) was added in 1/80 dilution in serum-free medium (DMEM) to 
the cells and incubated for 24 hr, after which fluorescent signal was 
measured with a 540/35 excitation filter and a 590/20 emission filter on 
a Fluostar Omega plate reader. Generation of reactive oxygen species 
(ROS) was measured using DCFDA-Cellular ROS-Detection Assay Kit 
(ab113851, Abcam, Cambridge, UK), following the manufacturer’s 
guidelines. Fluorescence was measured at 485 nm excitation and 
535 nm emission wavelengths, using a Fluostar Omega plate reader. 
Results of the microplate assay are shown as fold change fluorescence 
from six biological replicates. The raw data from this analysis can be 
found in the Supplementary Information (Additional file 1–2)

2.3. Drug combination analysis

The half-maximal inhibitory concentration (IC50) values for each 
monotreatment and combination were calculated using nonlinear 
regression analysis. The combination index (CI) for each drug pair was 
determined according to the method of Chou and Talalay, which is 
based on the median-effect equation [16]. The following equation was 
used to calculate CI: 

CI =
(
D1
Dx1

)

+

(
D2
Dx2

)

D1 represents the concentration of DOX in the combination treat
ment that results in 50 % cell inhibition, Dx1 is the IC50 of DOX when 
used alone, D2 is the fixed concentration of the second drug (statin or 
fibrate) in the combination treatment, Dx2 is the IC50 of the second drug 
when used alone. In summary, the cytotoxicity assays (IC50 values) 
were calculated using 5 biological replicates for the combination treat
ment (statins + DOX) and 6 biological replicates for statins alone. Each 
experiment included a positive and negative control, as well as a blank. 
Dose-response curves were fitted using least-squares regression (inhib
itor vs. response) with medium stringency convergence criteria and a 
maximum of 1000 iterations to calculate the IC50 values. To compare 
IC50 values between treatment groups, one-way ANOVA followed by 
Tukey’s multiple comparison test were performed.

2.4. Metabolic profiling

2.4.1. Workflow for metabolic profiling of the polar metabolome in Huh-7 
cells

The workflow for metabolic profiling of the polar metabolome is 
presented in Fig. 1. In brief, sample generation included biological 
replicates of four sample groups; control (n = 5), DOX (n = 5), ATOR 
(n = 5) and DOX/ATOR (n = 5) as described in 2.1. Rapid metabolic 
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quenching was achieved by using repeated additions of liquid nitrogen 
and water. Growth medium was removed by several washing steps with 
PBS. Prior to sample preparation with LLE, a quality control (QC) sample 
was created by pooling equal volumes from each of the study samples. 
Each sample was extracted with a mixture of methanol (MeOH) and 
chloroform (CHCl3) to isolate the polar metabolites (see 2.4.2). Prior to 
analyzing the study samples, the system was pre-conditioned by 
repeated injections of QC samples to minimize retention time drift. LC- 
HRMS analysis was performed in both positive and negative ionization 
(resolution mode) with MSE with included re-occurring QC sample in
jections throughout the analytical runs (2.4.3). The obtained data was 
pre-processed with MetaboanalystR [17] to generate feature tables for 
visualization and features selection (2.4.4) using the online software 
Metaboanalyst 5.0 [17]. Annotation was performed based in a filtered 
list of features by searches against the Human Metabolome Database 
(HMDB) database [18], as well as comparisons with analytical standards 
and in-house databases. Biological context was examined through the 
combined use of HMDB and Small Molecule Pathway Database (SMPDB) 
[19] and visualized by the help of BioRender.com (2.4.5–2.4.6). The 
chemicals used for metabolic profiling include chloroform (analytical 
grade), ammonium formate (LC-MS grade) and formic acid (99 %, 
LC-MS grade) were obtained from Sigma-Aldrich (Steinheim, Germany). 
Methanol (HPLC grade) and acetonitrile (LC-MS grade) were purchased 
from Fisher Scientific (Zurich, Switzerland). The water was purified 
using a Milli-Q™ Water system from MilliPore (Bedford, MA, USA).

2.4.2. Small polar cellular metabolite extraction
Harvested cells stored at –80 ◦C, were thawed at room temperature. 

Cellular debris was precipitated by centrifugation (10 min, 2200 RCF at 
4◦C) and removed by transferring 400 µL of the aqueous supernatant 
from each sample to fresh Eppendorf tubes. A pooled QC sample was 
prepared by transferring an equal amount (15 µL) of cell extract from 
every sample to a single, fresh Eppendorf tube. A two-phase system was 
obtained by the addition of CHCl3 and MeOH in a fixed proportion of 
4:4:2.85 (CHCl3:MeOH:sample). Samples were gently vortexed and left 
to extract for 30 min at 4◦C, followed by centrifugation (10 min, 2200 
RCF at 4◦C). The aqueous supernatant was transferred from each sample 
to fresh Eppendorf tubes and evaporated at 45◦C under vacuum until 
dry. Samples were stored dry at − 80◦C until reconstituted in 75:25 
acetonitrile and MilliQ-water (AcN:MilliQ) before analysis. Each group 
of samples (DOX, ATOR, DOX/ATOR and CON) was thus represented by 
five biological replicates each and one additional QC sample.

2.4.3. LC-HRMS analysis
Chromatographic separation was conducted on a Acquity UPLC 

(Waters, Manchester UK) coupled to a Synapt G2-S Q-ToF mass spec
trometer (Waters, Manchester UK). The LC was equipped with an 
ACQUITY UPLC® BEH Amide, (1.7 µm particle diam., 2.1 ×50 mm 
inner diameter x length) column (Waters). The software used for the LC- 
MS analysis was MassLynx (Waters, V4.1). Mobile phase A consisted of 

5.0 mM ammonium formate + 0.0125 % FA in 95:5 AcN:water. Mobile 
phase B consisted of 5.0 mM ammonium formate + 0.0125 % FA in 
40:60 AcN:water. A non-linear gradient was employed going from 
100 % A to 100 % B within 17 min, after which the gradient returned to 
100 % A for 6 min to re-equilibrate the column. The flow-rate was set to 
0.4 mL/min and the injection volume was 5 µL. Data acquisition stopped 
at 17 min before re-equilibration of the column. The MS scan range was 
m/z 50–800. Source temperature was set to 120 ◦C and desolvation gas 
temperature was 500 ◦C. Nitrogen was used both as desolvation gas with 
a flow rate of 1000 L/h and as cone gas with a flow rate of 50 L/h. The 
scan time was 0.3 s in centroid mode. Analysis was performed in reso
lution mode using negative or positive electrospray ionization (ESI). 
Mass correction was done using a solution of 0.2 ng/mL Leu-Enk in 1:1 
AcN:Milli-Q with 0.1 % FA as lockspray with a scan time of 0.3 sec in 
centroid mode. System suitability, mass accuracy and retention time 
drift was monitored by repeated injections of the QC sample prior to 
analysis of the study samples. Moreover, the QC sample was injected in 
regular intervals throughout the analytical run to assess repeatability 
and overall system performance across the analytical batch.

2.4.4. Data processing of LC-MS data
Raw LC-MS data was extracted from Masslynx (Waters, V4.1) and 

converted into NetCDF files by Databridge to be used for further pro
cessing using the R-package MetaboAnalystR [17]. Data obtained in 
positive and negative ionization mode was processed separately. Peak 
picking, peak alignment and gap filling were performed using the 
“centWave” algorithm along with the “loess” algorithm for peak align
ment. Feature tables comprising detected features (retention time – m/z 
pairs) and samples were thus generated for positive and negative ioni
zation mode data. The raw data from these processes can be found in the 
Supplementary Information (Additional file 3–4). Only features with a 
retention time above 45 s and an m/z value below 800 were kept. These 
features tables were subsequently imported into the online version of 
Metaboanalyst 5.0 in the subsection “Statistical Analysis”.

2.4.5. Visualization of metabolic alterations caused by DOX, ATOR or 
DOX/ATOR

Data filtering was performed according to technical repeatability in 
QC samples (CV <20 %) followed by normalization to pooled sample 
from group QC samples (PQN), log transformation and pareto scaling. 
Furthermore, principal component analysis (PCA), Partial Least Squares 
Discriminant Analysis (PLS-DA) and cluster analysis by heat maps were 
used to visualize group classification in both positive and negative 
ionization mode.

2.4.6. Selection and annotation of features related to DOX, ATOR or DOX/ 
ATOR exposure

Volcano plots were used to select features in regards to metabolic 
changes caused by the treatments in comparison to the CON group. 
Briefly, features are selected from pairwise treatment comparisons using 

Fig. 1. Workflow for metabolic profiling of polar metabolites in Huh-7 cells treated with DOX, ATOR, and DOX/ATOR combination. The process begins with sample 
generation from four experimental groups: Control (CON, n = 5), Doxorubicin (DOX, n = 5), Atorvastatin (ATOR, n = 5), and the combination treatment (DOX/ 
ATOR, n = 5). After treatment, rapid metabolic quenching using liquid nitrogen and water is employed, followed by sample preparation using a liquid-liquid 
extraction (LLE) process. High-resolution mass spectrometry (LC-HRMS) is then conducted to capture the metabolic profile. Data preprocessing, visualization, 
and feature selection are performed using MetaboAnalystR, while annotation of metabolites is done through database comparisons (HMDB, SMPDB). Finally, bio
logical context is explored through pathway analysis and visualization of key metabolic alterations.
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the volcano plots based on a threshold of p < 0.01 and fold change (FC) 
criteria > 1.5 or < 0.5, respectively. These pre-selected features were 
then evaluated across all treatment groups using parametric one-way 
ANOVA followed by post hoc testing. Statistical significance was 
assessed using adjusted p-values (FDR < 0.05), corrected for multiple 
testing via the Benjamini-Hochberg procedure. Feature identification 
was performed based on database searches against the Human Metab
olome Database (V 5.0) [18] with a molecular weight tolerance of 
0.02 Da with the following adducts possible in positive ionization: 
M+H, M+NH4, M+H-H2O, M+Na, M+K, M+ 2Na-H, and M+2K-H as 
well as in negative ionization mode: M-H, M-H2O-H, M+Cl, M+Na-2H, 
and M+K-2H. The selection of adducts were made according to known 
adduct formation patterns observed in the instrumentation used. The 
metabolites identified should be seen as putatively annotated com
pounds (level 2) according to the Metabolomics Standards Initiative 
nomenclature [20].

3. Results and discussion

3.1. Cytotoxic effect of statins and fibrates in Huh7 cell line

To evaluate the cytotoxic effects of several FDA-approved statins and 
fibrates, including fenofibrate, gemfibrozil, ATOR, and rosuvastatin, we 
assessed their cytotoxicity in the Huh7-cell line using concentrations 
ranging from 0 µM to 800 µM, measuring cell viability after 24 h to 
determine the inhibitory concentration (IC50) (Fig. 2A-B). All four 
investigated statins and fibrates had cytotoxic effect to different extent, 
with ATOR displaying the strongest cytotoxicity (IC50 = 70.45 µM 
± 6.85 µM), while gemfibrozil had the least effect (IC50 = 489.44 µM 
± 63.75 µM). Fenofibrate and rosuvastatin also inhibited cell growth, 
with IC50 values of 89.92 µM (± 9.47 µM) and 142.37 µM (± 28.46 µM), 
respectively. To investigate the effect of combining statins and fibrates 

with DOX in HCC treatment, Huh7 cells were pretreated with 10 µM 
statins or fibrates for 24 h before being treated for 24 h with DOX at a 
concentration range of 0–800 µM (Fig. 2C-D). All statins and fibrates 
enhanced DOX’s cytotoxicity, but the strongest effect was observed with 
ATOR, reducing the IC50 to 26.85 µM (± 5.16 µM), while DOX alone 
had an IC50 of 165 µM (± 49.04 µM). In contrast, gemfibrozil showed 
the weakest enhancement, with an IC50 of 156.65 µM (± 46.03 µM). 
Moreover, oxidative stress levels were assessed by quantifying ROS, 
showing elevated levels across all treatment groups, with the highest 
oxidative stress observed in ATOR-treated cells (Fig. 2E). These findings 
suggest that ATOR in combination with DOX holds potential as an 
effective treatment for HCC and that oxidative stress mechanisms are of 
importance to further investigate.

To evaluate the interaction between DOX and different statins or 
fibrates, we calculated the combination index (CI) using the Chou- 
Talalay method. IC50 values for each compound were determined in 
monotherapy and in combination with a fixed dose of DOX (165.2 µM). 
A CI index was calculated for each combination to assess the nature of 
the drug interactions, with CI < 1 suggesting synergism, CI = 1 sug
gesting additivity, and CI > 1 suggesting antagonism. The results are 
summarized in Table 1.

The combination of DOX with atorvastatin proposed synergism, with 
a CI value of 0.30, indicating an enhanced cytotoxic effect compared to 
the individual agents. Similarly, the combination of DOX with rosu
vastatin suggested synergism, with a CI value of 0.84. In contrast, the 
combinations of DOX with fenofibrate (CI = 0.97) and DOX with gem
fibrozil (CI = 0.97) were additive, with CI values close to 1, suggesting 
that the combined effects were as expected based on the individual drug 
activities. These results suggest that atorvastatin, in particular, may 
enhance the efficacy of DOX, warranting further investigation into the 
underlying mechanisms that caused this proposed synergism. Therefore, 
the DOX/ATOR combination, along with individual treatments, were 

Fig. 2. Cytotoxicity and oxidative stress analysis of Huh7 cells treated with ATOR, DOX, and combination treatments. (A) Dose-response curves showing the viability 
of Huh7 cells treated with increasing concentrations of statins (ATOR and rosuvastatin) and fibrates (fenofibrate and gemfibrozil). (B) IC₅₀ values calculated from the 
dose-response curves in panel A (C) Dose-response curves showing the viability of Huh7 cells treated with increasing concentrations of DOX (0–800 µM) alone and in 
combination with 10 µM statins (ATOR and rosuvastatin) and fibrates (fenofibrate and gemfibrozil). (D) IC₅₀ values calculated from the dose-response curves in panel 
C (E) Quantification of oxidative stress levels, measured as ROS production, in Huh7 cells treated with ATOR, DOX, or their combination. ATOR-treated cells exhibit 
the highest ROS levels. Dose-response curves were fitted using least-squares regression (inhibitor vs. response) with medium stringency convergence criteria and a 
maximum of 1000 iterations to calculate the IC50 values. To compare IC50 values between treatment groups, one-way ANOVA followed by Tukey’s multiple 
comparison test were performed.
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selected for further investigation to explore the underlying mechanisms 
through metabolic profiling in this HCC cell line. The selected concen
tration of 1 µM for the cellular experiments used for the metabolomics 
was based on DOX quantification from human plasma samples taken in 
HCC patients with a central venous catheter, showing that the plasma 
concentration of DOX in a central vein was about 950 nM (500 ng/mL) 
after TACE [21]. Dosages were also chosen to minimize cell death, as 
excessive cytotoxicity could interfere with the metabolomics analysis. 
Therefore, we selected a dose that was non-toxic to the cells, in contrast 
to the higher concentrations used in the in vitro viability assays.

In regards to cytotoxic effect, ATOR demonstrated the most signifi
cant cytotoxic effect among the tested statins and fibrates, both as a 
single agent and in combination with DOX under the conditions tested 
within the study. The synergistic cytotoxic effect observed with the 
DOX/ATOR combination, compared to DOX alone or in combination 
with other statins and fibrates, highlights the potential of ATOR as a 
adjuvant in HCC treatment to optimize the energy supply to the tumor 
cells through controlling cellular metabolism and maybe also membrane 
transport. In contrast, other statins and fibrates, including fenofibrate, 
gemfibrozil and rosuvastatin, showed limited enhancement of DOX’s 
cytotoxicity. These results suggest that ATOR may possess unique 
properties that may act synergistically with DOX, potentially through 
mechanisms beyond lipid regulation. ATOR has been shown to induce 
apoptosis, stimulate autophagy, inhibit cell cycle progression and affect 
cellular metabolism, mechanisms that may all complement the DNA- 
damaging effects of DOX and its effect on cellular metabolism [22]. 
Studies have also shown that alterations in lipid metabolism contribute 
to resistance to treatment and can form an important adjuvant treatment 
strategy to improve response [23]. In this study, ATOR was administered 
prior to DOX to evaluate its potential to prime cancer cells and enhance 
their susceptibility to subsequent cytotoxic treatment. This sequential 
approach is supported by studies suggesting that it can elicit a more 
pronounced therapeutic response compared to simultaneous adminis
tration [24]. For example, Cretella et al. demonstrated that while the 
simultaneous combination of palbociclib and paclitaxel resulted in an 
antagonistic effect, a sequential strategy led to synergistic effects in 
breast cancer cells [24].

Moreover, simultaneous administration of both drugs could intro
duce challenges related to drug-drug interactions and overlapping tox
icities, potentially confounding treatment outcomes. By pre-treating 
with ATOR, we aimed to create a controlled setting to assess its sensi
tizing effects on cancer cells before introducing doxorubicin. Future 
studies directly comparing simultaneous and sequential administration 
could provide further insights into optimizing treatment strategies. With 
this rationale in mind, metabolite profiling experiments were performed 
on Huh-7 cells treated with DOX, ATOR and DOX/ATOR in order to 
explore cellular metabolic changes that occur in living cells exposed to 

1 µM of DOX/ATOR. These doses were selected to avoid excessive 
cytotoxicity as compared to the viability experiments, higher doses 
could disrupt metabolomics analysis, hence killing the cells. To mini
mize the risk of metabolic variations unrelated to drug treatment, we 
cultured Huh7 cells at a low seeding density (5.0 × 10 ³ cells per well), 
ensuring they remained in the exponential growth phase even at 48 h. 
This strategy contrasts with higher seeding densities (e.g., 10.0 × 10 ³ 
cells per well), which have been shown to induce a stationary phase as 
early as 24 h in certain HCC cell lines, such as SNU449 [25]. Addi
tionally, culture medium was replaced after the pre-treatment phase for 
both treated and control cells, reducing the risk of nutrient depletion and 
ensuring that observed metabolic changes were attributable to drug 
effects rather than external growth conditions. These steps enhance the 
reliability of our metabolic profiling approach.

3.2. Metabolic profiling, detection of features, filtering of data and 
multivariate visualization

The knowledge base concerning metabolic re-programing events in 
cancer development and progression has mainly been obtained through 
the use of genomic, transcriptomic, and proteomic approaches, with 
limited studies based on analytically reliable metabolic profiling [26]. 
Moreover, the mechanism(s) of action(s) associated with various treat
ment options in HCC is often not fully understood or explained from a 
biochemical standpoint. In this study, we explored the snapshot of 
metabolic cellular changes caused by DOX, ATOR, and the combination 
(DOX/ATOR) in Huh-7 cells. This HCC cell line that has been described 
to mimic the metabolic gene expression pattern of well-differentiated 
HCC [27], thus providing a rational tumor model system. However, 
more studies are needed using different HCC cell lines, animal models 
and – ideally - patient-derived materials to confirm that these metabolic 
changes are consistent across various models and representative for the 
broader metabolic alterations seen in HCC-patients.

A plentitude of features (6674) was detected based on data acquired 
in negative and positive ionization mode for each treatment group 
(DOX, ATOR and DOX/ATOR) as well as CON cells. In total, 1840 (out of 
4241) and 591 (out of 2433) of the features in positive and negative 
ionization mode respectively fulfilled the pre-defined criteria and were 
thus considered analytically valid for further processing (see 2.4.5). PCA 
models and heatmap representation of these two data sets are shown in 
Fig. 3. As visible from the two presented PCA models, there are some 
expected overlaps between sample groups, but also group clusters 
indicating a potential change in the polar metabolome between the 
treatment groups as compared to CON. Furthermore, the QC samples 
form a tight cluster, thus representing a stable analytical run. The heat 
map representation visualizes these changes as relative feature con
centrations between sample groups, as well as the technical and bio
logical variation between the sample groups and intra-group variations. 
In summary, unsupervised modeling indicates a treatment effect, how
ever overlap in response to treatment exists in certain groups. To further 
investigate these changes, supervised modeling through PLS-DA was 
used. These models demonstrated high predictive ability (Q2 >0.6) as 
shown in Fig. 4. In summary, the systematically filtered data evidenced 
clear differences in the polar metabolome profile for each of the three 
treatments as compared to each other and CON samples.

PCA clustering indicated that DOX/ATOR remained metabolically 
closer to control than monotherapy groups, suggesting that metabolic 
alterations in the combination treatment may be more selective rather 
than widespread. This highlights the complexity of drug interactions and 
suggests that synergy does not necessarily manifest as large-scale 
metabolic disruption, but may instead involve targeted metabolic shifts.

3.3. Pinpointing metabolic changes in the polar metabolome due to 
treatment with DOX, ATOR or DOX/ATOR

Features of interest were selected from Volcano plots (per treatment 

Table 1 
Drug Combination Analysis.

Treatment Single IC50 (µM 
± SEM)

Combination IC50 (µM 
± SEM)

Combination Index 
(CI)

Doxorubicin 165.25 ± 49.04 – -
Fenofibrate 89.92 ± 9.47 141.8 ± 66.59 0.97
Gemfibrozil 489.45 ± 63.76 156.7 ± 46.03 0.97
Atorvastatin 70.45 ± 6.85 26.86 ± 5.16 0.30
Rosuvastatin 142.4 ± 28.46 127.6 ± 62.46 0.84

IC50 values for DOX and various statins and fibrates were determined as single- 
agent treatments and in combination with doxorubicin. ATOR showed the 
strongest synergistic effect with DOX (CI = 0.30), compared to the other tested 
combinations. Rosuvastatin exhibited moderate synergism (CI = 0.84), and the 
combinations with fenofibrate and gemfibrozil were additive (CI ≈ 0.97). For 
the cytotoxicity assays, IC50 values were calculated using 5 biological replicates 
for the combination treatment (statins + DOX) and 6 biological replicates for 
statins alone. Each experiment included a positive and negative control, as well 
as a blank.
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versus CON) based on fold change thresholds (FC > 1.5 or < 0.5, 
respectively) and a significance level of p < 0.01 (Fig. 5). These selected 
features were further assessed using one-way ANOVA with post hoc 
Tukey tests, applying false discovery rate (FDR, p < 0.05) correction 
using the Benjamini-Hochberg procedure. In summary, 42, 46 and 33 
features were retained in regards to DOX, ATOR or DOX/ATOR treat
ment, respectively (Table 2).

Overview of stable features, selected features, and significant me
tabolites in LC-MS positive and negative ionization modes across treat
ment groups. The table shows the number of stable features detected 
after filtering based on retention time (> 45 s) and coefficient of vari
ation (< 20 %) across treatments: DOX, ATOR, and the combination of 

DOX/ATOR (COMB). Features selected from the Volcano plot (p < 0.01; 
FC >1.5 or < 0.5, respectively) are further categorized as up-regulated 
or down-regulated in comparison to the control group. The number of 
significant metabolites, annotated according to the post-hoc Tukey test 
(mzdiff > 0.02 Da), is also listed for each treatment group in both LC-MS 
positive and negative ionization modes.

It is important to note that these significant features may also 
represent adducts and isotopes of a metabolite or represent a database 
hit that, from a scientific point of view, would be very unlikely. Hence, a 
feature is not necessarily equal to one plausible metabolite. Detailed 
annotation reduced these features to a smaller number of annotated 
metabolites (48 metabolites). These metabolites include a wide range of 

Fig. 3. Heatmap and PCA analysis of all detected features in positive and negative ionization modes. (A) Heatmap of all features detected in positive ionization mode 
for the four treatment groups: Control (CON), Doxorubicin (DOX), Atorvastatin (ATOR), and the combination of DOX/ATOR. Each column represents a sample, while 
each row represents a feature, with color intensity indicating relative abundance (red for higher, blue for lower). (B) Principal Component Analysis (PCA) plot of 
features detected in positive ionization mode, showing group separation between the treatment groups. PC1 and PC2 explain 20.1 % and 8.5 % of the total variance, 
respectively. (C) PCA plot of features detected in negative ionization mode, showing separation between treatment groups. PC1 and PC2 explain 15.7 % and 12.5 % 
of the total variance, respectively. (D) Heatmap of all features detected in negative ionization mode, with the same sample and feature representation as panel A.

Fig. 4. Partial Least Squares Discriminant Analysis (PLS-DA) models for treatment groups in positive and negative ionization modes. (A) PLS-DA score plot in positive 
ionization mode showing distinct clustering of the treatment groups: Control (CON), Doxorubicin (DOX), Atorvastatin (ATOR), and the combination of DOX/ATOR. 
The model shows strong discrimination with R² = 0.96 and Q² = 0.65. (B) PLS-DA score plot in negative ionization mode also demonstrates clear separation between 
the treatment groups. The model’s performance is indicated by R² = 0.99 and Q² = 0.71.
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substance classes, spanning from small amino and organic acids to larger 
polar lipid classes and carnitines. Of particular importance to the work 
presented here are changes that pinpoint major metabolic alterations in 
the following metabolite classes: (i): lipids, carnitines and nucleotide 
sugars, (ii): amino acids, polyamines and derivates and (iii): purine- 
and pyrimidine metabolism (Tables 3–5). These subgroups will be 
presented per treatment (DOX, ATOR and DOX/ATOR as compared to 
CON) in the sections below (3.1.4–3.1.5).

3.4. Metabolic Alterations Induced by Single Treatments

DOX treatment exerted a pronounced effect on the lipids, carnitines 
and nucleotide sugars subgroup, with 12 metabolites exhibiting sub
stantial up-regulation (FC > 1.5), while one metabolite showed down- 
regulation (FC < 0.5). Additionally, two metabolites trending towards 
up-regulation and one trending towards down-regulation were seen. In 
contrast, the ATOR treatment presented a different metabolite profile 
within this subgroup. Here, five metabolites were up-regulated, and one 
metabolite was down-regulated across all treatments. Notably, the 
ATOR group also displayed minor changes, with four metabolites 
trending upwards and six downwards. Interestingly, five metabolites 
demonstrated anti-correlations between the two treatments, high
lighting their divergent metabolic responses. In the amino acids, 
polyamines and derivates subgroup, DOX triggered extensive up- 
regulation, with 11 metabolites increased. While no strong down- 
regulation was observed (FC < 0.5), 12 metabolites showed a trend 
towards up-regulation, and three exhibited a downward trend. The 
ATOR treatment also impacted this subgroup, resulting in 16 up- 

regulated metabolites and two down-regulated metabolites. Several 
trends mirrored those seen with DOX, indicating shared metabolic re
sponses between the treatments. Anti-correlations were also evident, 
with four metabolites trending in opposite directions between DOX and 
ATOR. In terms of the purine and pyrimidine metabolism subgroup, 
DOX led to the up-regulation of three metabolites, with an additional 
four displaying trends toward either up- or down-regulation. In contrast, 
the ATOR treatment had a more pronounced effect, showing five up- 
regulated metabolites and two trending upwards. Although no strong 
anti-correlations were identified in this subgroup, two metabolites 
exhibited trends toward opposite responses, albeit without meeting the 
FC threshold values. (Tables 3–5).

3.5. Metabolic Alterations from Combination Treatment of DOX/ATOR

The combination of DOX/ATOR as compared to CON resulted in 
distinct metabolic changes as compared to individual treatments but of 

Fig. 5. Volcano plots showing metabolomic changes in Huh-7 cells treated with DOX (A), ATOR (B), and the combination of DOX/ATOR (C). The plots illustrate the 
log2 fold change (x-axis) and -log10 p-values (y-axis) of metabolites in response to each treatment compared to control cells. Metabolites with significant up- 
regulation are shown in red, while down-regulated metabolites are displayed in blue, based on the color gradient of fold change. Black points represent metabo
lites with no significant change according to the set thresholds. Treatment with DOX (A) and ATOR (B) results in distinct metabolomic profiles, while the combination 
treatment DOX/ATOR (C) shows overlapping but distinct effects on metabolite regulation.

Table 2 
Overview of Stable Features and Significant Metabolites in LC-MS Across 
Treatment Groups.

POSITIVE MODE NEGATIVE MODE

STABLE FEATURESA 1840 out of 4241 
features

591 out of 2433 features

TREATMENT DOX ATOR COMB DOX ATOR COMB
SELECTED FEATURES 

FROM VOLCANO PLOTB
125 266 103 58 108 13

UP-REGULATED VS 
CONTROL

87 189 64 39 74 11

DOWN-REGULATED VS 
CONTROL

38 77 39 19 74 2

SIGNIFICANT 
METABOLITESC

40 44 31 2 2 2

A Retention time > 45 s, CV < 20 %
B P < 0.05 (adjusted p-values with the Benjamini-Hochberg procedure 

through ANOVA); FC > 1.5 or < 0.5, respectively
C Annotated metabolites significant according to the post hoc tukey test, 

mzdiff > 0.02 Da

Table 3 
Fold-Change Values of Lipids and Carnitines Altered by DOX, ATOR, and 
Combination Treatments.

Lipids, carnitines and nucleotide sugars

Metabolite Alteration DOX ATOR DOX/ 
ATOR

Glycerophosphoinositol a 1.84 1.59 0.66
Uridine diphosphate glucose a 1.59 2.29 0.87
L-acetylcarnitine b 1.58 0.73 0.59
Uridine diphosphate-N- 

acetylglucosamine
b 1.64 0.62 0.80

Propionylcarnitine b 1.75 0.55 0.83
Uridine 5′-diphosphate b 1.87 0.73 0.83
Cer(d18:0/25:0) b 1.14 0.65 1.11
Palmitic acid c 0.09 0.09 0.14
Phytosphingosine c 0.74 0.56 0.99
Glycerol 3-phosphate c 1.96 1.54 1.03
L-Carnitine c 2.91 1.46 1.08
Glycerophosphocholine c 2.24 1.27 1.31
4-Trimethylammoniobutanoic acid c 2.65 1.32 1.31
3-Hydroxybutyrylcarnitine c 2.40 1.45 1.58
Citicoline c 4.11 2.73 3.43
3-Hydroxydodecanedioic acid c 1.30 2.11 3.46

Fold-change values of plausible annotated lipids, carnitines and nucleotide 
sugars altered by DOX, ATOR, and DOX/ATOR treatments in Huh-7 cells. The 
table summarizes the fold-change (FC) values of key metabolites involved in 
lipid metabolism and carnitine shuttle dynamics, categorized under the lipids, 
carnitines and nucleotide sugars subgroup. Alteration types are classified as 
follows: (a) anti-correlation between the combination treatment (DOX/ATOR) 
and both individual treatments (DOX and ATOR), (b) anti-correlation between 
the combination treatment and one individual treatment, and (c) all treatments 
showing a similar direction of change but differing in magnitude. FC values in 
bold indicate values > 1.5 or < 0.5
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smaller magnitude overall. In total, 15 metabolites from all three sub
groups displayed a strong (FC < 0.5 or > 1.5) up- or down-regulated as 
compared to CON. Furthermore, the combination treatment resulted in a 
much larger set of down-regulated metabolites as compared to both DOX 
and ATOR as individual treatments. In the lipids, carnitines and 
nucleotide sugars subgroup, eight out of 16 metabolites were down- 

regulated in varying degree, 15 out of 26 in the amino acids, poly
amines and derivates subgroup and finally four out of seven within the 
purine- and pyrimidine metabolism subgroup (Tables 3–5). In addi
tion to these changes, the remaining metabolites out of the 48 selected 
displayed trends towards both up- and down-regulation. Of particular 
importance to the work presented here are two types of metabolic al
terations: anti-correlation patterns for the DOX/ATOR vs individual 
treatments (DOX and ATOR), as well as differences in the magnitude of 
change (synergistic effects). The anti-correlation patterns can be of the 
following types: opposite response in the combination treatment as 
compared to both individual treatments (marked “a” in the Tables 3–5) 
or opposite response in the combination as compared to either DOX or 
ATOR (marked “b” in the tables). Moreover, if all three treatments 
generate the same type of regulation (e.g., a potential synergistic effect), 
the metabolite is marked as “c” in the tables. All of these 48 metabolites 
are presented in a Venn diagram in order to illustrate how these 
distribute among the treatments (Fig. 6).

While these sub-classifications offer some insights into potential 
mechanism(s) of action(s), the complexity of metabolic pathways and 
their interconnection(s) requires analysis of the data in a broader sense, 
focusing on the biological context(s) and as such the metabolic shifts 
that occur within the cell. These annotated metabolites will therefore be 
discussed according to two biological themes: Nitrogen Dysregulation, 
Polyamine-induced Oxidative Stress and Nucleotide Metabolism (3.1.6) 
as well as Re-programming of Energy Metabolism and Lipid Dysregu
lation: Fatty Acid Oxidation, Carnitine Dynamics and Lipid Biosynthesis 
(3.1.7). An overall visualization of these changes is displayed in Fig. 7.

3.6. Nitrogen Dysregulation, Polyamine-Induced Oxidative Stress and 
Nucleotide Metabolism: A Nexus of Cellular Re-wiring

Nitrogen is essential for the de novo synthesis of AAs, nucleotides, 
polyamines, and other critical biomolecules like creatine and nitric 
oxide (NO) [7]. Rapidly proliferating HCC cells require accelerated AA 
and nucleotide turnover to support their quick growth [4]. Deamination 
of AAs and catabolism of purines produce excess nitrogen in the form of 
ammonia, which is processed by the urea cycle in the liver for excretion. 
The generation of toxic ammonia thus marks the starting point of the 
urea cycle inside the mitochondrial matrix with the ammonia reacting 
with bicarbonate and ATP to form carbamoyl phosphate through the 
action of the rate-limiting carbamoyl phosphate synthetase 1 (CPS1) 
enzyme. It is crucial to realize that disruptions of the functions of any of 
the enzymes and/or membrane transporters lead to elevated ammonia 
concentrations. Carbamoyl phosphate then reacts with ornithine to 
produce citrulline via ornithine transcarboxylase (OTC). Citrulline is 
transported out into the cytosol by the citrulline/ornithine transporter 
(ORNT1) and subsequently combined with aspartate to form arginino
succinate, through arginosuccinate synthetase 1 (ASS1). Arginino
succinate is cleaved by argininosuccinate lyase (ASL) to produce 
arginine and fumarate. Arginine is then hydrolyzed to produce urea and 
regenerate ornithine. In this context, the urea cycle efficiently disposes 
of excess nitrogen. However, in cancer, nitrogen is frequently diverted to 
other metabolic pathways—like the TCA cycle and nucleotide/AA syn
thesis—which helps to sustain energy metabolism and support replica
tion and transcription [7]. Nevertheless, the urea cycle plays a pivotal 
role in detoxifying ammonia and also contribute to arginine and poly
amine biosynthesis.

The metabolomic data in this study reflect treatment-specific 
changes in nitrogen handling and oxidative stress management 
through interplay between purine catabolism/deamination of AAs, the 
urea cycle and polyamine metabolism. Data indicate that all treatments 
induce metabolic changes in the urea cycle with ornithine and citrulline 
displaying an anti-correlation in the combination treatment, as 
compared to both mono treatments (Table 4). Hence the combination 
treatment displays a down-regulation of the urea cycle compared to 
mono treatments with DOX and ATOR, potentially due to reduced 

Table 4 
Fold-Change Values of Amino Acids, Polyamines and Derivatives Altered by 
DOX, ATOR, and Combination Treatments.

Amino acids, polyamines and derivates

Metabolite Alteration DOX ATOR DOX/ATOR

Methionine a 1.11 3.17 0.53
L-Serine a 1.23 1.61 0.55
Phenylalanine a 1.10 2.92 0.56
L-Tryptophan a 1.09 1.93 0.59
Ornithine a 1.06 2.41 0.59
Proline a 1.64 1.08 0.60
Indoleacrylic acid a 1.11 1.92 0.65
Asymmetric dimethylarginine a 1.12 6.92 0.66
Isoleucine a 1.21 1.90 0.66
Leucine a 1.21 1.90 0.66
Spermic acid a 4.52 4.23 0.72
Citrulline a 2.18 6.99 0.75
L-Threonine a 1.47 2.03 0.79
L-Tyrosine b 0.87 2.20 0.63
Acetylspermidine b 6.28 0.83 1.56
Kynurenic acid b 0.85 1.06 1.60
Diacetylspermine b 7.16 0.30 1.77
Urocanic acid c 0.74 0.47 0.64
Lysine c 1.78 1.36 1.01
Alanine c 4.92 1.11 1.10
Glutamic acid c 1.45 2.05 1.17
2-methyladipic acid c 1.87 1.13 1.25
Leukotriene F4 c 2.21 1.13 1.36
2-Keto-glutaramic acid c 1.94 1.60 1.60
Creatine c 5.42 1.11 2.00
L-Glutamine c 1.03 3.31 2.04

Fold-change values of annotated amino acids, polyamines and derivatives 
altered by DOX, ATOR, and DOX/ATOR treatments in Huh-7 cells. This table 
presents the fold-change (FC) values for amino acids and their derivatives across 
DOX, ATOR, and DOX/ATOR treatments in the Huh-7 cell line. Alteration types 
are categorized as: (a) anti-correlation between the combination treatment 
(DOX/ATOR) and both individual treatments (DOX and ATOR), (b) anti- 
correlation between the combination and one individual treatment, and (c) all 
treatments showing the same direction of change but differing in magnitude. FC 
values in bold indicate values > 1.5 or < 0.5

Table 5 
Fold-Change Values of Metabolites in Purine and Pyrimidine Metabolism Altered 
by DOX, ATOR, and Combination Treatments.

Purine- and pyrimidine metabolism

Metabolite Alteration DOX ATOR DOX/ATOR

Guanine a 1.72 2.10 0.44
Hypoxanthine a 1.31 1.66 0.74
Cyclic AMP b 0.67 1.24 0.25
Inosine b 0.62 2.00 0.46
Cytosine c 1.68 2.56 1.09
8-Hydroxyguanine c 1.78 1.20 1.66
Adenine c 1.43 2.03 1.93

Fold-change values of plausible annotated metabolites involved in purine and 
pyrimidine metabolism altered by DOX, ATOR, and DOX/ATOR treatments in 
Huh-7 cells. This table shows fold-change (FC) values for purine- and 
pyrimidine-related metabolites across DOX, ATOR, and DOX/ATOR treatments 
in the Huh-7 cell line. Alteration types are classified as: (a) anti-correlation 
between the combination treatment (DOX/ATOR) and both individual treat
ments (DOX and ATOR), (b) anti-correlation between the combination and one 
individual treatment, and (c) all treatments showing the same direction of 
change but varying in magnitude. FC values in bold indicate values > 1.5 or 
< 0.5
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catabolism of AAs and purines. This was further evidenced by the down- 
regulation of several AAs and purines in DOX/ATOR treatment. Of 
particular importance is how the urea cycle intermediate ornithine can 
be carboxylated through the action of ornithine decarboxylase (ODC) 
generating putrescine, the precursor to spermidine and spermine in the 
polyamine metabolism. Polyamine accumulation not only promotes cell 
proliferation but also contributes to oxidative stress by generating ROS 
[28]. Briefly, spermine/spermidine synthases catalyze the conversion of 
putrescine into spermidine and spermine, respectively, using S-adeno
sylmethionine (SAM) as the donor of aminopropyl groups. Spermine 
oxidase (SMOX) can then oxidize spermine to spermic acid and 
hydrogen peroxide – a known ROS generator [7]. As a defensive 
mechanism combating accumulation of spermidine/spermine, the cell 
has the ability to acetylate these substances. Acetylated forms, such as 
acetylspermidine and diacetylspermine, are produced via N-acetyl
transferases, which utilize acetyl-CoA as the acetyl donor [28]. The 
acetylated forms of these substances thus regulate the polyamine pool as 
they are able to leave the mitochondria once acetylated. The data pre
sented here reflect this metabolic dysregulation, particularly in the 
context of the combination treatment. Firstly, since less ornithine is 
funneled into the polyamine biosynthesis, less oxidation of spermine to 
spermic acid is possible and thus reduce ROS intracellular levels as 
compared to mono treatments. Moreover, the combination treatment 
displays up-regulation of acetylated compounds acetylspermidine and 
diacetylspermine, hence suggesting a more efficient clearing of the 
polyamine pool.

To further complicate the oxidative landscape, disrupted arginine 
metabolism often results in elevated levels of asymmetric dimethy
larginine (ADMA), a known inducible nitric oxide synthase (iNOS) in
hibitor. Briefly, ADMA iNOS and thus the formation of NO from 
arginine, with NO being a critical molecule that combats oxidative stress 
[29,30]. The treatment with ATOR resulted in a significant 
up-regulation (FC=6.92) of ADMA, however this metabolite was sur
prisingly down-regulated (FC=0.66) in the combination treatment 
(DOX/ATOR) and barely changed (FC=1.12) in the DOX-treated cells. 
Even though this illustrates the complexity of how the Huh-7 cells 
handle oxidative stress through different routes, the data also points 
towards a general heightened level of ROS due to the common 
up-regulation of the typical oxidative stress marker 8-hydroxyguanine in 
all treatments as compared to CON cells. In summary, different mech
anisms that directly influence oxidative stress come into play depending 
on the treatments shown by the difference in the levels of measured ROS 
(Fig. 2E). The highest levels of ROS are demonstrated in the mono
treatment with ATOR, followed by similar levels in the DOX and 
DOX/ATOR treatments. This suggests that ROS induction alone does not 
fully explain the enhanced cytotoxicity observed in the combination 
treatment.

3.7. Re-programming of Energy Metabolism and Lipid Dysregulation: 
Fatty Acid Oxidation, Carnitine Dynamics and Lipid Biosynthesis

Recent studies have highlighted the metabolic re-wiring of lipid 

Fig. 6. Venn diagram illustrating the overlap and unique metabolites across treatments with DOX, ATOR, and the combination of DOX/ATOR. The diagram shows 
the distribution of significantly altered metabolites among the three treatment groups. The overlapping sections represent metabolites shared between treatments, 
while the non-overlapping areas represent metabolites uniquely affected by each treatment. The numbers in each section indicate the count of metabolites found in 
the corresponding treatment group(s). The combination treatment (DOX/ATOR) shares metabolites with both individual treatments (DOX and ATOR), with addi
tional unique metabolites that are only altered in the combination treatment.
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metabolism in liver cancer [31]. Briefly, HCC cells demonstrate an 
ability to up-regulate de novo lipid synthesis, as well as FAO, mainly 
caused by increased demands for energy and biomass. It would therefore 
be reasonable that any successful treatment also influences these bio
logical pathways and their re-programming.

FAO is a multistep process, reliant on a carnitine shuttle system in 
which carnitine palmitoyl transferase 1 (CPT1) converts fatty acyl-CoA 
into acylcarnitine. Acylcarnitine is then transported into the mito
chondrial matrix by carnitine-acylcarnitine translocase (CACT), where 
carnitine palmitoyl transferase 2 (CPT2) reconverts it to fatty acyl-CoA. 
This undergoes a series of reactions, producing acetyl-CoA, which enters 
the TCA cycle to generate energy. As such, carnitine dynamics are 
critical for modulating FAO and lipid metabolism by facilitating the 
transport of fatty acids into mitochondria [32]. These metabolic events 
are demonstrated as moderate up-regulation of L-carnitine in the DOX 
monotreatment and minor up-regulation in the ATOR and combination 
DOX/ATOR treatment, while L-acetylcarnitine was found up-regulated 
in the DOX treatment and down-regulated in the ATOR and combina
tion. In addition to these metabolites, another set of carnitines, namely 
3-hydroxybutyrylcarnitine (DOX: 2.40, ATOR: 1.45, DOX/ATOR: 1.58) 
and propionylcarnitine (DOX: 1.75, ATOR: 0.55, DOX/ATOR: 0.83) 
displayed differences. 3-Hydroxybutyrylcarnitine, involved in ketogen
esis, reflects long-chain FAO and ketone body production during energy 
stress [33]. Propionylcarnitine, on the other hand, is associated with 
odd-chain fatty acid and amino acid metabolism, converting them into 
intermediates for the Krebs cycle, thereby supporting energy production 
through alternative pathways [34]. This may, in regards to the combi
nation treatment result in an impairment of the cells’ ability to fully 
engage FAO as an energy source, reducing their metabolic flexibility and 
thus making these cells less likely to recover from chemotherapy 
treatment.

Lipid biosynthesis is critical for cancer cell membrane production 
and signaling. Palmitic acid, a saturated fatty acid essential and basic 
building block used in lipid biosynthesis, was significantly down- 

regulated in all treatments indicating a strong inhibition of de novo 
FAS. Moreover, glycerophosphocholine, a key phospholipid biosyn
thesis metabolite, was up-regulated by DOX and moderately up- 
regulated by ATOR, showing increased membrane component synthe
sis. However, in the combination treatment (DOX/ATOR), the fold 
change remained somewhat stable, indicating that while both cellular 
treatments impact lipid biosynthesis, the combination does not result in 
further significant disruption. Citicoline, crucial for phosphatidylcholine 
synthesis, was significantly up-regulated in all treatments, with the 
highest increase in DOX and DOX/ATOR treatment. Its role in main
taining membrane integrity and signaling is vital for cancer cell survival 
and proliferation. These findings suggest that while lipid biosynthesis is 
not completely impaired by any monotherapy, the combination treat
ment still disrupts the metabolic flexibility of HCC cells by targeting 
both FAO and membrane lipid synthesis thus creating a type of meta
bolic bottleneck that deprives HCC cells of key precursors for energy and 
membrane production. The observed reduction in palmitic acid, a key 
saturated fatty acid in lipid biosynthesis, may lower membrane rigidity 
and enhance DOX uptake due to increased membrane fluidity. In par
allel, elevated levels of citicoline suggest a compensatory upregulation 
of phospholipid precursor pathways, which may not be fully utilized due 
to fatty acid scarcity, potentially impairing membrane turnover. 
Furthermore, the altered levels of L-carnitine and acylcarnitines imply a 
disruption of the carnitine shuttle and FAO. This may reduce ATP 
availability and the cell’s capacity to buffer oxidative stress, com
pounding the impact of DOX-induced ROS. Collectively, these shifts 
constrain membrane formation, energy production, and redox resilience 
which are key adaptations for surviving chemotherapeutic stress.

In summary, the combination treatment induces metabolic changes, 
disrupting multiple pathways critical for cancer cell survival and pro
liferation. The generation of ROS and oxidative stress mechanisms are 
key to understanding the different metabolic changes caused by all three 
treatments. These changes primarily involve the catabolism of AAs and 
purines, alterations in the urea cycle, as well as oxidation and 

Fig. 7. Schematic representation of metabolic pathways affected by DOX, ATOR, and DOX/ATOR treatments in Huh-7 cells. This figure highlights key metabolic 
processes modulated by the treatments, including the carnitine shuttle system and fatty acid oxidation (FAO), the urea cycle, and polyamine biosynthesis and 
oxidative stress. The carnitine shuttle regulates FAO by transporting fatty acids into the mitochondria for energy production. The urea cycle detoxifies ammonia, 
produced from amino acid and purine catabolism, while also supporting polyamine biosynthesis. Polyamine accumulation and increased oxidative stress markers (e. 
g., 8-hydroxyguanine) reflect oxidative stress induced by treatment. Additionally, de novo fatty acid synthesis is shown to be disrupted, affecting key metabolites 
involved in membrane production and signaling, essential for cell proliferation in cancer. Created in BioRender. Heindryckx, F. (2024) https://BioRender. 
com/s64e191.
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acetylation of spermines and spermidines within the polyamine 
biosynthesis. Additionally, inhibition of iNOS through the interaction 
with ADMA plays a role. Furthermore, the modulation of energy meta
bolism and lipid dysregulation, particularly through impairing FAO is of 
high importance. These disruptions point towards reduced metabolic 
flexibility of Huh-7 cells. The combination treatment may therefore 
create a metabolic bottleneck by inhibiting key components of lipid 
biosynthesis, depriving cancer cells of essential precursors needed for 
growth and proliferation. In the DOX/ATOR combination, impaired 
fatty acid oxidation and carnitine shuttle function reduce ATP produc
tion and, together with disrupted membrane lipid biosynthesis, 
compromise membrane integrity and cellular energy homeostasis, 
thereby sensitizing cells to doxorubicin and potentially underlying the 
observed synergistic cytotoxicity. These combined effects reflect a multi- 
faceted disruption of multiple metabolic processes in HCC cells, high
lighting the potential of the DOX/ATOR to more broadly and effectively 
interfere with cancer cell growth than monotherapy. The ATOR con
centrations used in this in vitro study are higher than typical circulating 
levels, but are relevant for exploring mechanistic effects and may reflect 
clinically achievable levels in localized treatments such as TACE [21]. 
Further studies will be needed to extend these findings to systemic ap
plications. While the study revealed significant metabolic shifts, addi
tional mechanistic studies are needed to directly link these alterations to 
observed cytotoxic effects. Moreover, evaluating the potential off-target 
effects in non-cancerous liver cells or other tissues in co-culture or in vivo 
systems will be essential for advancing this combination therapy. While 
ATOR effectively inhibits cholesterol biosynthesis, its therapeutic 
application in HCC is limited by potential side effects, including muscle 
pain, digestive disturbances, and, in rare cases, liver toxicity and rhab
domyolysis. The association between statin use and HCC risk remains 
debated. Some meta-analyses suggest that increased statin use correlates 
with a reduced risk of liver cancer, particularly in high-risk populations 
such as individuals with liver disease or diabetes [35]. Furthermore, a 
study from 2023 published in the Lancet found that statin use was 
associated with improved prognosis following hepatic resection for 
HCC. These findings highlight both the potential and the uncertainty 
surrounding statins in HCC management. Rather than being considered 
a direct therapeutic option, ATOR may serve as a valuable tool to 
investigate the metabolic consequences of cholesterol biosynthesis in
hibition in HCC.

3.8. Limitations and Future Perspectives

A limitation of this study is the use of only the Huh-7 cell line, which 
may not fully capture the metabolic heterogeneity of HCC. While the 
inclusion of additional HCC cell lines and non-transformed systems such 
as HepaRG or primary human hepatocytes (PHHs) would enhance the 
robustness of our findings, practical constraints prevented their incor
poration. Notably, PHHs rapidly lose their functional phenotype in vitro, 
limiting their suitability for metabolic studies. Huh-7 cells were selected 
due to their well-differentiated hepatocyte-derived carcinoma charac
teristics and their relevance as a model for liver cancer. Importantly, 
they exhibit moderate chemotherapy resistance and an oncologic pro
tein profile resembling that of HCC patient tumors. In contrast, other 
commonly used HCC cell lines, such as HepG2 and Hep3B, display high 
chemotherapy sensitivity, which may limit their applicability in study
ing chemoresistant HCC. Future studies will aim to include additional 
models, including animal samples, to provide a broader understanding 
of hepatic cellular responses.

4. Conclusions

This study highlights the potential of atorvastatin (ATOR) as an 
adjuvant to doxorubicin (DOX) in treating hepatocellular carcinoma 
(HCC), a combination treatment which, to the best of our knowledge, is 
to be considered novel. ATOR demonstrated the strongest cytotoxic 

effect and synergistically enhanced DOX’s tumor response in Huh7 cells. 
This suggests that combining statins, particularly ATOR, with chemo
therapy may improve treatment response. Metabolic profiling revealed 
distinct alterations in lipid metabolism, nitrogen handling and oxidative 
stress across treatments. The DOX/ATOR combination was associated 
with significant changes in regards to lipid metabolism, fatty acid 
oxidation and carnitine dynamics as well as affected oxidative stress 
management through a delicate interconnection between the urea cycle, 
polyamine biosynthesis, and catabolism of nucleotides and amino acids. 
In summary, the combination of DOX and ATOR may target multiple 
metabolic vulnerabilities in cancer cells, thus representing a promising 
strategy for enhancing HCC treatment by impairing key pathways 
essential for cell survival and proliferation.
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cancer cell lines distinctly mimic the metabolic gene expression pattern of the 
corresponding human tumours, J. Exp. Clin. Cancer Res. 37 (2018) 211, https:// 
doi.org/10.1186/s13046-018-0872-6.

[28] H.-X. Shi, C. Liang, C.-Y. Yao, Z.-X. Gao, J. Qin, J.-L. Cao, et al., Elevation of 
spermine remodels immunosuppressive microenvironment through driving the 
modification of PD-L1 in hepatocellular carcinoma, Cell Commun. Signal. 20 
(2022) 175, https://doi.org/10.1186/s12964-022-00981-6.

[29] N. Buijs, J.E. Oosterink, M. Jessup, H. Schierbeek, D.B. Stolz, A.P. Houdijk, et al., 
A new key player in VEGF-dependent angiogenesis in human hepatocellular 
carcinoma: dimethylarginine dimethylaminohydrolase 1, Angiogenesis 20 (2017) 
557–565, https://doi.org/10.1007/s10456-017-9567-4.

[30] Y. Lei, P. Han, Y. Chen, H. Wang, S. Wang, M. Wang, et al., Protein arginine 
methyltransferase 3 promotes glycolysis and hepatocellular carcinoma growth by 
enhancing arginine methylation of lactate dehydrogenase A, Clin. Transl. Med 12 
(2022), https://doi.org/10.1002/ctm2.686.

[31] X.-C. Feng, F.-C. Liu, W.-Y. Chen, J. Du, H. Liu, Lipid metabolism of hepatocellular 
carcinoma impacts targeted therapy and immunotherapy, World J. Gastrointest. 
Oncol. 15 (2023) 617–631, https://doi.org/10.4251/wjgo.v15.i4.617.

[32] S. Matsufuji, Y. Kitajima, K. Higure, N. Kimura, S. Maeda, K. Yamada, et al., A HIF- 
1α inhibitor combined with palmitic acid and L-carnitine treatment can prevent the 
fat metabolic reprogramming under hypoxia and induce apoptosis in 
hepatocellular carcinoma cells, Cancer Metab. 11 (2023) 25, https://doi.org/ 
10.1186/s40170-023-00328-w.

[33] S. Li, D. Gao, Y. Jiang, Function, Detection and Alteration of Acylcarnitine 
Metabolism in Hepatocellular Carcinoma, Metabolites 9 (2019) 36, https://doi. 
org/10.3390/metabo9020036.

[34] J. Sun, J. Ding, Q. Shen, X. Wang, M. Wang, Y. Huang, et al., Decreased propionyl- 
CoA metabolism facilitates metabolic reprogramming and promotes hepatocellular 
carcinoma, J. Hepatol. 78 (2023) 627–642, https://doi.org/10.1016/j. 
jhep.2022.11.017.

[35] Y. Wang, W. Wang, M. Wang, J. Shi, X. Jia, S. Dang, A Meta-Analysis of Statin Use 
and Risk of Hepatocellular Carcinoma, Can. J. Gastroenterol. Hepatol. 2022 (2022) 
1–15, https://doi.org/10.1155/2022/5389044.

M. Kopsida et al.                                                                                                                                                                                                                                Journal of Pharmaceutical and Biomedical Analysis 265 (2025) 117012 

12 

https://doi.org/10.1016/j.jpba.2025.117012
https://doi.org/10.1186/s12935-018-0538-7
https://doi.org/10.3390/ijms222313051
https://doi.org/10.1016/j.tibs.2010.05.003
https://doi.org/10.1016/j.tibs.2010.05.003
https://doi.org/10.3390/ijms24087463
https://doi.org/10.3390/ijms24087463
https://doi.org/10.1001/archneurol.2010.199
https://doi.org/10.1038/s41598-020-58264-4
https://doi.org/10.1016/j.tcb.2020.02.005
https://doi.org/10.3390/cells12040659
https://doi.org/10.3390/metabo10070268
https://doi.org/10.1016/j.ejca.2022.11.025
https://doi.org/10.1016/j.ejca.2022.11.025
https://doi.org/10.3390/ph16060802
https://doi.org/10.3390/cancers15194787
https://doi.org/10.3390/ijms160716067
https://doi.org/10.3389/fendo.2022.1074911
https://doi.org/10.1016/j.isci.2024.110680
https://doi.org/10.1016/j.ejphar.2021.173919
https://doi.org/10.1038/s41467-024-48009-6
https://doi.org/10.1093/nar/gkab1062
https://doi.org/10.1093/nar/gkt1067
https://doi.org/10.1007/s11306-014-0656-8
https://doi.org/10.1021/acs.molpharmaceut.6b00886
https://doi.org/10.3390/ph15060648
https://doi.org/10.1016/j.molmet.2023.101846
https://doi.org/10.1038/s41598-019-49484-4
https://doi.org/10.1038/s41598-019-49484-4
https://doi.org/10.3390/cells10071717
https://doi.org/10.1016/j.cmet.2022.01.007
https://doi.org/10.1016/j.cmet.2022.01.007
https://doi.org/10.1186/s13046-018-0872-6
https://doi.org/10.1186/s13046-018-0872-6
https://doi.org/10.1186/s12964-022-00981-6
https://doi.org/10.1007/s10456-017-9567-4
https://doi.org/10.1002/ctm2.686
https://doi.org/10.4251/wjgo.v15.i4.617
https://doi.org/10.1186/s40170-023-00328-w
https://doi.org/10.1186/s40170-023-00328-w
https://doi.org/10.3390/metabo9020036
https://doi.org/10.3390/metabo9020036
https://doi.org/10.1016/j.jhep.2022.11.017
https://doi.org/10.1016/j.jhep.2022.11.017
https://doi.org/10.1155/2022/5389044

	Mapping the polar metabolome in Huh-7 liver cancer cells reveal the role of atorvastatin in enhancing chemotherapeutic effi ...
	1 Background
	2 Methods
	2.1 Cell culture, treatment and harvesting
	2.2 Viability and ROS assay
	2.3 Drug combination analysis
	2.4 Metabolic profiling
	2.4.1 Workflow for metabolic profiling of the polar metabolome in Huh-7 cells
	2.4.2 Small polar cellular metabolite extraction
	2.4.3 LC-HRMS analysis
	2.4.4 Data processing of LC-MS data
	2.4.5 Visualization of metabolic alterations caused by DOX, ATOR or DOX/ATOR
	2.4.6 Selection and annotation of features related to DOX, ATOR or DOX/ATOR exposure


	3 Results and discussion
	3.1 Cytotoxic effect of statins and fibrates in Huh7 cell line
	3.2 Metabolic profiling, detection of features, filtering of data and multivariate visualization
	3.3 Pinpointing metabolic changes in the polar metabolome due to treatment with DOX, ATOR or DOX/ATOR
	3.4 Metabolic Alterations Induced by Single Treatments
	3.5 Metabolic Alterations from Combination Treatment of DOX/ATOR
	3.6 Nitrogen Dysregulation, Polyamine-Induced Oxidative Stress and Nucleotide Metabolism: A Nexus of Cellular Re-wiring
	3.7 Re-programming of Energy Metabolism and Lipid Dysregulation: Fatty Acid Oxidation, Carnitine Dynamics and Lipid Biosynt ...
	3.8 Limitations and Future Perspectives

	4 Conclusions
	Ethics approval and consent to participate
	Funding
	Consent for publication
	Authors’ contributions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supporting information
	Data availability
	References


