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A B S T R A C T

G-quadruplexes (G4s) are non-canonical DNA structures that have proved to play a pivotal role in various bio
logical processes, including telomere maintenance and gene expression regulation. Owing to their prevalence in 
tumor cells, G4s have emerged as promising targets for cancer therapy, with a substantial body of research 
demonstrating the potential of G4 ligands as anti-cancer tools. Nonetheless, a comprehensive multi-omics study 
to fully elucidate the mode of action of G-quadruplex ligands is still lacking. Such an investigation would be 
crucial for advancing the development of potent G4-based therapies against cancer. Herein, we employed a 
multi-omics approach, integrating transcriptomics, proteomics, and metabolomics, to identify key signaling 
pathways that mediate the anti-cancer effects of well-characterized G4-binding agents (berberine, pyridostatin 
and RHPS4) on human cervical adenocarcinoma (HeLa) cells. Particularly, we analyzed gene expression changes 
using RNA sequencing, quantified proteins by liquid-chromatography tandem mass spectrometry and examined 
metabolite levels via nuclear magnetic resonance. Our results revealed that, under the investigated experimental 
conditions, berberine treatment had only negligible cellular effects. In contrast, pyridostatin induced significant 
changes at the transcriptomic, proteomic, and metabolomic levels, decreasing the abundance of enzymes 
involved in cellular energy production, reducing the availability of precursors for lipid and nucleotide biosyn
thesis, and depleting essential cofactors and enzymes required for redox balance. Notably, RHPS4 could selec
tively disrupt mitochondrial activity, possibly through the specific stabilization of mitochondrial G-quadruplex 
structures. Overall, our findings provide a valuable multi-omics perspective on the cellular changes driven by G- 
quadruplex binders, that may accelerate the development of effective anti-cancer G4-targeted therapies.
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1. Introduction

Genomic DNA primarily exists in the canonical double-helical 
conformation (B-DNA) described by Watson and Crick in 1953 [1]. 
Nevertheless, DNA is also capable of folding into alternative secondary 
structures such as hairpins, cruciforms, triplexes or G-quadruplexes 
(G4s) [2,3]. Among these non-B DNA structural arrangements, G4s stand 
out as the most broadly investigated ones [4]. They are highly stable 
four-stranded helical structures that can emerge from guanine-rich se
quences through the self-stacking of two or more guanine quartets (G- 
quartets), cyclic arrays of four Hoogsteen hydrogen-bonded guanine 
residues (Fig. 1).

Interestingly, over 700,000 G-quadruplexes have been experimen
tally detected within the human genome, with peculiar enrichment in 
biologically relevant regions, including telomeres and oncogene pro
moters [6–10], suggesting that these structures could offer exciting 
therapeutic opportunities.

In this regard, numerous studies have shown that ligand-induced G- 
quadruplex stabilization can indeed impede telomerase activity or 
downregulate oncogene expression, potentially leading to anti-tumor 
effects [11–13]. Thus, cancer research efforts have been intensely 
dedicated to the development of compounds able to bind and stabilize 
endogenous G4 structures [14–23], resulting in the availability of a huge 
repertoire of G4 binders, derived from either synthetic or natural sources 
[24]. Anyway, despite the encouraging pre-clinical results provided by 
many of these molecules [17,25,26], very few G-quadruplex ligands 
have entered clinical trials, including CX-5461, currently being tested in 
patients with solid tumors characterized by DNA repair deficiencies, and 
QN-302 for pancreatic cancer [27,28]. However, none have progressed 
beyond phase II, yet.

To accelerate the development of effective G4-targeted therapies, a 
comprehensive assessment of the cellular properties of G-quadruplex 
binders is surely imperative, as current knowledge on their precise mode 
of action within the cellular context is still limited and incomplete. 
Indeed, although previous studies have employed single-omics ap
proaches to explore the activity of G-quadruplex ligands [29,30], these 
have not provided a holistic overview of their cellular effects. A thor
ough multi-omics investigation would be pivotal in revealing the intri
cate cellular changes induced by G4 binders. Particularly, this approach 
would allow for a more nuanced understanding of how these ligands 
affect various cellular processes, ultimately facilitating the development 
of more targeted and effective G4-based therapeutic strategies.

Herein, for the first time, we conducted a multi-omics study, 
combining transcriptomics, proteomics, and metabolomics, to elucidate 
the core molecular pathways mediating the anti-tumor effects of three 
distinct G4 binders — berberine, pyridostatin and RHPS4 — against 
human cervical adenocarcinoma cells (HeLa). These molecules were 
selected based on their established G4-binding affinity and selectivity 
[31–35], as well as on their considerable in vitro anti-cancer properties 

[5,36], making them ideal candidates for our unprecedented multi- 
omics investigation.

2. Experimental section

2.1. Materials and reagents

Dulbecco’s modified Eagle’s medium (DMEM), Dulbecco’s phos
phate buffered saline (PBS), fetal bovine serum (FBS), penicillin and 
streptomycin for cell culture were obtained from Euroclone S.p.A 
(Milan, Italy).

Pyridostatin (PDS) was provided by Aurogene S.r.l. (Rome, Italy), 
whereas berberine and RHPS4 were supplied by Merck (St. Louis, MO, 
USA), along with the Cell Proliferation Kit (MTT), the Hoechst 33258 
solution and Mowiol 4-88.

As for the proteomics experiments, dithiothreitol (DTT), ammonium 
bicarbonate (AMBIC), iodoacetamide (IAM), sodium dodecyl sulfate 
(SDS), phosphoric acid, formic acid (HCOOH), acetonitrile (ACN), and 
methanol (MeOH) were from Merck (St. Louis, MO, USA). Bradford 
protein assay dye reagent concentrate was supplied by Biorad (Hercules, 
CA, USA). The double-beam V-530 UV–vis spectrophotometer was from 
Jasco (Milan, Italy).

Deuterium oxide (D2O) for metabolomics experiments was provided 
by Merck (St. Louis, MO, USA) whereas dimethyl sulfoxide (DMSO), 4 % 
paraformaldehyde, Triton X-100, and bovine serum albumin (BSA) for 
the immunofluorescence studies were purchased from HiMedia (Penn
sylvania, USA).

The MitoTracker dye for mitochondria labeling was obtained from 
Thermo Fisher Scientific (Waltham, MA, USA).

2.2. Antibodies

The following antibodies were employed in the immunofluorescence 
staining protocol: anti-DNA G-quadruplex structures, BG4 (Merck-Mil
lipore, Prague, Czech Republic, #MABE917); rabbit anti-FLAG antibody 
(Merck, St. Louis, MO, USA, #F7425); donkey anti-rabbit IgG (H + L) 
highly cross-adsorbed secondary antibody (Alexa Fluor 488 Conjugate) 
(Thermo Fisher Scientific, Waltham, MA, USA, #A-21206).

2.3. Cell culture

Human cervical adenocarcinoma (HeLa) cells were cultured in 
DMEM supplemented with 10 % FBS, 100 U/mL penicillin, and 100 μg/ 
mL streptomycin. Cells were sub-cultured every three days at 90 % 
confluence and maintained at 37 ◦C in a humidified atmosphere with 5 
% CO2.

The G-quadruplex ligands used in this study were dissolved in 100 % 
sterile DMSO to prepare stock solutions at a concentration of 80 mM. 
Each compound was then diluted in cell culture medium to the desired 

Fig. 1. (A) The G-quartet, where M+ is a monovalent cation. (B) An example of G-quadruplex structure. Figure adapted from [5].
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concentration prior to use.
The lyophilized MitoTracker product was dissolved in 100 % DMSO 

to prepare a 1 mM stock solution, which was stored at − 20 ◦C, protected 
from light, until required.

2.4. Cell viability assay

Cellular viability in response to G-quadruplex ligands was assessed 
using the standard colorimetric 3-(4,5-dimethylthiazol-2-yl)-2,5- 
diphenyl-2H-tetrazolium bromide (MTT) assay [37]. Briefly, HeLa cells 
were seeded in 96-well plates at a density of 15,000 cells per well 
(culture medium volume — 100 μL/well) and incubated at 37 ◦C, 
overnight. The medium was then removed, and cells were treated with 
increasing concentrations (0.001–400 μM) of berberine, PDS or RHPS4, 
for 24 h. Afterward, 10 μL of MTT reagent were added to each well and 
the plates were allowed to stand at 37 ◦C, for 4 h. To dissolve the 
resulting purple formazan crystals, 100 μL of the solubilization solution 
were added to each well and the plates were left in the incubator 
overnight. Finally, absorbance at 570 nm was measured using an 
ELx800 Absorbance Microplate Reader (BioTek Instruments, Inc., 
Winooski, VT, USA) and the percentage (%) of cell viability, for each 
condition, was calculated using the following formula: 

%of cell viability =
Abs − Abs0

AbsControl − Abs0
× 100 

where Abs represents the sample absorbance, Abs0 is the absorbance of 
the background signal, and AbsControl is the absorbance of the control 
sample (cells treated with vehicle).

2.5. Sample preparation and data analysis workflow for transcriptomics, 
proteomics, and metabolomics

HeLa cells were seeded into either 60 mm Petri dishes (for tran
scriptomics) or 100 mm Petri dishes (for proteomics and metabolomics), 
at a density of 7.5 × 105 cells and 2 × 106 cells, respectively, cultured for 
the night and then treated with berberine (10 μM), PDS (100 μM), 
RHPS4 (5 μM) or vehicle (0.5 % DMSO), for 24 h. After treatment, the 
growth medium was removed, cells were washed twice with warm PBS 
and processed for transcriptomic, proteomic and metabolomic analyses, 
as described below. Each condition was assayed in biological quadru
plicates (for transcriptomics) or triplicates (for proteomics and 
metabolomics).

2.5.1. Transcriptomics
Cells were gently scraped (in PBS) on ice, collected and centrifuged 

at 1200 rpm, for 5 min, at 4 ◦C, using an SL Plus Series refrigerated 
centrifuge (Thermo Fisher Scientific, Waltham, MA, USA). Total RNA 
was extracted with a paramagnetic bead technology, using the Negedia 
RNA extraction service (NEGEDIA srl), and quantified with the Qubit 4.0 
fluorimetric Assay (Thermo Fisher Scientific, Waltham, MA, USA). Li
braries were prepared from 125 ng of total RNA through the NEGEDIA 
Digital mRNA-seq research grade sequencing service (Next Generation 
Diagnostic srl) [38] including library preparation, quality assessment 
and sequencing on a NovaSeq 6000 sequencing system using a single- 
end, 100 cycle strategy (Illumina Inc.).

The raw sequencing data was analyzed by Next Generation Diag
nostic srl proprietary NEGEDIA Digital mRNA-seq pipeline involving a 
cleaning step by quality filtering and trimming, alignment to the refer
ence genome and counting by gene (BBMap – Bushnell B. – sourceforge. 
net/projects/bbmap/; [39,40]). The Sequentia Biotech bioinformatics 
company was responsible for the subsequent analyses on the raw counts. 
Particularly, the raw counts matrix (33,694 genes across the samples) 
was filtered using the HTSFilter package to remove genes with consis
tently low or uninformative expression under the experimental condi
tions, improving the reliability of the downstream analyses. As a result, 

12,125 meaningful genes were kept.
Differential expression analysis (DEA) was carried out using DESeq2, 

comparing each treatment group to the untreated control. Differentially 
expressed genes (DEGs) were selected, for each comparison, based on an 
FDR-adjusted p-value (p.adj) < 0.05, with no log2 fold change (log2FC) 
threshold applied.

Afterward, to identify biological pathways or processes significantly 
enriched or depleted under the experimental conditions, a gene set 
enrichment analysis (GSEA) was performed on the differentially 
expressed genes (DEGs), with an FDR-adjusted p-value threshold of 0.05, 
utilizing Gene Ontology (GO) terms. Particularly, GSEA was conducted 
with the clusterProfiler package in R.

2.5.2. Proteomics
As for transcriptomics, cells were gently scraped (in PBS) on ice, 

collected and centrifuged at 1200 rpm, for 5 min, at 4 ◦C. Next, the 
cellular pellets were lysed by denaturing buffer (6 M Urea, 25 mM 
AMBIC, inhibitor protease cocktail) jointly to three freeze-thaw cycles, 
followed by 15 min of sonication. The protein concentration of each 
lysate was determined by Bradford assay [41]. An aliquot of each sample 
(50 μL) was subjected to a hydrolysis protocol in solution. The cysteines 
were reduced with 20 mM DTT (final concentration) dissolved in 
denaturing buffer and incubated at 60 ◦C for 1 h. After cooling the 
samples, the reduced cysteines were alkylated with 40 mM IAM and 
incubated in the dark, for 1 h, at room temperature (RT). The alkylation 
reaction was stopped with 20 mM DTT for 1 h, at RT. For enzymatic 
digestion, trypsin 1 μg/μL was added to each diluted protein mixture in a 
ratio enzyme:substrate = 1:50 (w/w), and the mixture was incubated at 
37 ◦C in a thermostatic bath for 16 h. Each sample was treated with the 
same desalting procedure, using stage tips containing 3 layers of 3 M 
Empore C18 membrane. Stage tips were washed with 100 μL 0.1 % 
HCOOH and peptides eluted with 50 μL of 50 % ACN and, subsequently, 
with 80 % ACN, both acidified with 0.2 % HCOOH. The peptide mixture 
was dried in a vacuum Speed-Vac, and re-suspended in 50 μL 2 % ACN, 
0.5 % HCOOH for further liquid-chromatography tandem mass spec
trometry (LC-MS/MS) analysis.

LC-MS/MS analysis was performed by an LTQ Orbitrap XL (Thermo 
Fisher Scientific, Waltham, MA, USA) mass spectrometer equipped with 
nano high performance liquid chromatography (nano-HPLC). After 
loading, the peptide mixture was first concentrated and desalinated into 
the pre-column (C18 Easy Column L = 2 cm. ID = 100 mm. Thermo 
Fisher Scientific). Each sample (3 μL) was then fractionated on a reverse 
phase C18 capillary column (C18 EasyColumn L = 10 cm. ID = 7.5 μm. 3 
μm, Thermo Fisher Scientific) working at a flow rate of 300 nL/min. The 
mobile phase comprised an aqueous solution with 0.2 % formic acid and 
2 % acetonitrile in MilliQ water (buffer A) and 0.2 % formic acid, 98 % 
ACN (buffer B). The gradient ranged from 5 % to 30 % buffer B in 95 min 
followed by 30 % to 60 % B in 15 min and a step gradient to 85 % B for 5 
min with a flow of 0.42 μL/min, finally a return to the initial conditions 
of 5 % B. The peptide analysis was performed using a data-dependent 
acquisition of an MS scan (mass range of 300 to 1800 m/z) followed 
by MS/MS scans of the five most abundant ions in each MS scan, 
applying a dynamic exclusion window of 40 s. Raw data files were 
processed by using MaxQuant software (1.6.8.0 version) [42]. The 
following parameters were used for raw data processing: trypsin enzyme 
specificity, 3 missed tryptic cleavages, oxidation of methionine, and 
formation of pyroGlu from N-terminal glutamine (Q), as variable mod
ifications, and cysteine (C) carbamidomethylation as a fixed modifica
tion. Identification parameters included a minimum peptide length of 6 
amino acids, a minimum of 1 peptide (both razor and unique peptide). 
Peptide tolerance of 10 ppm, fragment mass tolerance of ±0.2 Da. All 
proteins were filtered according to a false discovery rate (FDR) of 0.01 % 
applied both at peptide and protein levels and a maximum peptide 
posterior error probability of 1. The derived peak list generated by 
Quant.exe (the first part of MaxQuant) was searched using the 
Andromeda search engine integrated into the MaxQuant against the 
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Homo sapiens fasta file downloaded from the UNIPROT web site. Max
Quant output files (made of 1642 proteins found across the samples) 
were subsequently processed by using Perseus (version 1.6.8.0) software 
platforms [43]. By using this software, the proteins were filtered as only 
identified by site, contaminants and reverse and the intensity values 
related to each protein group were transformed to a log2 scale. Protein 
rows with less than three valid values were filtered and the missing 
values were replaced with a constant value (0). As a result, the expres
sion levels of 703 meaningful proteins out of the 1642 initial proteins 
were kept as raw expression matrix, consisting of protein label-free 
quantification (LFQ) intensities for each sample.

The subsequent analyses were conducted by the Sequentia Biotech 
bioinformatics company. DEP2 R package was used for the analyses. 
Particularly, the quality of the proteomic data was evaluated by exam
ining LFQ intensities and missing values (MVs) for each protein across 
replicates. Proteins were filtered based on i) quantification in at least 
two out of three replicates within at least one treatment and ii) presence 
of at least 60 % of the intensity values for each protein across all sam
ples. After filtering out proteins with high MVs, 534 reliable proteins 
were retained and used as input for downstream analyses. Filtered data 
was background corrected and normalized by variance stabilizing 
transformation (VST) to reduce the variability in raw intensities. The 
remaining missing values in the dataset were imputed with the Random 
Forest (RF) method to prevent bias and maintain statistical power in the 
downstream analyses, as already implemented in a previous work [44].

As done for transcriptomics, a DEA was also performed to identify 
proteins showing significant changes in abundance between each 
treatment group and the untreated control. Differentially expressed 
proteins (DEPs) were identified for each comparison, based on a p.adj ≤
0.01 and with no log2 fold change (log2FC) threshold applied.

Finally, a GSEA was carried out on the DEPs, using the GO library, to 
identify biological pathways significantly enriched or depleted under 
the investigated experimental conditions.

2.5.3. Metabolomics
To quench metabolism and extract intracellular metabolites, ice-cold 

methanol was added to the culture plates in two steps (3 mL + 1 mL). 
The resulting extracts were transferred into 15 mL Falcon tubes and 
immediately frozen by immersion in liquid nitrogen. Samples were then 
stored at − 80 ◦C until proton nuclear magnetic resonance (1H-NMR) 
analysis of the endo-metabolome.

Before analysis, frozen extracts were thawed at room temperature 
and transferred into glass vials. The samples were then dried in a Savant 
SPD121P SpeedVac Concentrator (Thermo Fisher Scientific, Waltham, 
MA, USA) for 5 h and lyophilized overnight to remove residual solvents 
employing a Lio 5P freeze-dryer (Cinquepascal srl, Milan, Italy). After
ward, each sample was reconstituted in 630 μL of sodium phosphate 
buffer (pH 7.4) and 70 μL of D2O (9:1 volume ratio), thoroughly mixed 
by vortexing, transferred into Eppendorf tubes, centrifuged at 15,000 
rpm for 5 min at 4 ◦C (using the Eppendorf refrigerated centrifuge 5424 
R). Finally, the supernatant was loaded into a 5-mm NMR tube for 
analysis.

1H-NMR spectra were recorded at 298 K using a Bruker Avance NEO 
600 MHz spectrometer (Bruker Biospin GmbH, Rheinstetten, Germany) 
equipped with a QCI cryo-probe and an autosampler (SampleJet). The 
spectra of hydrophilic cell extracts were acquired using TopSpin 4.1 
software (Bruker Biospin GmbH, Rheinstetten, Germany) and the ‘noe
sygppr1d’ pulse sequence, optimized for quantitative analysis near the 
water signal (pre-saturated at 4.698 ppm). Before acquisition, samples 
were equilibrated at 298 K for 300 s. The experiment parameters were 
set as follows: 128 scans, receiver gain of 101, acquisition time of 2.62 s, 
relaxation delay of 4 s, spectral width of 12,500 Hz (20.8287 ppm), and 
4 dummy scans. Automatic tuning, matching, and shimming were per
formed for all samples. Free induction decays (FIDs) were processed 
using an exponential window function with 0.30 Hz line broadening, 
followed by Fourier transformation, automatic phase correction and 

baseline correction using TopSpin’s built-in tools.
Metabolite identification was conducted using a combined approach 

involving i) comparison with previously published data [45–48], ii) 
cross-referencing chemical shifts with metabolite records in the Human 
Metabolome Database (HMDB) and iii) peak fitting analysis using the 
evaluation version of Chenomx NMR Suite 8.4 (Chenomx). 1H-NMR 
spectra were imported into MATLAB (R2018b, MathWorks Inc., Natick, 
MA, USA), where the glucose doublet at 5.22 ppm was used as the 
reference signal. To simplify data modeling, the peak areas of 29 well- 
defined metabolites were integrated and arranged into a 12 × 29 data 
matrix (12 samples × 29 metabolites).

2.6. Principal component analysis

To identify the primary source of variation within the omics datasets, 
each of the three omics data-matrices was separately imported in 
MATLAB and processed through the PLS toolbox version 8.9 (Eigen
vector Research, Manson, WA, USA) for principal component analysis 
(PCA).

PCA is an unsupervised dimensionality reduction technique that 
transforms a dataset with numerous interrelated variables into a smaller 
set of uncorrelated principal components (PCs), prioritizing those that 
retain the most variance. The output of PCA includes a scores plot, 
representing sample distribution, and a loadings plot, indicating vari
able contributions to the PCs. As the directions in both plots correspond, 
their combined analysis is required to assess sample relationships and 
variable influences.

Prior to PCA, both the transcriptomic dataset (12,125 significant 
genes) and the proteomic matrix (534 meaningful proteins) were sub
jected to autoscaling. This preprocessing step, involving mean-centering 
followed by standard deviation scaling for each variable, ensures equal 
weight for all variables within the subsequent PCA model. As for the 
metabolomic matrix (29 metabolites), it was both normalized according 
to the total area (1-Norm) and autoscaled, before undergoing PCA. 
Additional PCA models were built using the metabolomic dataset to 
perform pairwise comparisons between each treatment and the un
treated condition, revealing the most significant metabolites contrib
uting to the group separation.

2.7. Multi-omics data integration

The three omics matrices underwent mid-level data fusion using the 
PLS_Toolbox (version 8.9, Eigenvector Research, Manson, WA, USA). 
Namely, from the PCA models built as previously described (see 2.6), 11 
score values were obtained for each omics dataset, then concatenated 
and structured into a matrix made of 12 samples and 33 variables. 
Group-scaling (scaling each block to have the same total variance) with 
centering was applied, and a new PCA model was constructed on this 
dataset. The resulting loadings plot was used for variable selection in the 
transcriptomic and proteomic matrices. Specifically, PC1 and PC2 for 
the transcriptomic dataset, along with PC1 and PC3 for the proteomic 
dataset, accounted for the highest variance in the mid-level data fusion 
PCA model. Based on the PCA model derived from the transcriptomic 
matrix, the 60 genes with the highest absolute loading values on PC1 
and the 60 genes with the highest absolute loading values on PC2 were 
selected. A similar approach was applied to the PCA model built on the 
proteomic matrix, where 60 proteins with the highest absolute loading 
values on PC1 and 60 proteins with the highest absolute loading values 
on PC3 were retained. No variable selection was performed for the 
metabolomics dataset. The newly obtained transcriptomic and proteo
mic matrices, made of 12 samples and 120 variables each, were then 
subjected to low-level data fusion along with the metabolomic matrix 
(12 samples × 29 metabolites). Prior to analysis, the transcriptomic and 
proteomic datasets were autoscaled, while the metabolomic data matrix 
was first normalized using total area normalization (1-Norm) and then 
autoscaled. The three matrices were subsequently concatenated and 
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structured into a final 12 × 269 data matrix. A PCA model was con
structed on this dataset using group-scaling with centering as pre
processing, allowing the identification of the most meaningful genes, 
proteins, and metabolites responsible for groups separation.

2.8. Indirect immunofluorescence

2.8.1. BG4 immunofluorescence
HeLa cells were seeded on sterile coverslips, in a 24-well plate, at a 

density of 90,000 cells per well, and incubated overnight. Upon 
attachment, cells received either a G4 ligand (10 μM berberine, 100 μM 
PDS, 5 μM RHPS4) or vehicle (0.5 % DMSO). After 24 h of treatment, 
HeLa were fixed in 4 % paraformaldehyde, at RT, for 10 min, and per
meabilized in 0.1 % Triton X-100 in PBS, at RT, for 10 min. Blocking of 
non-specific binding sites was achieved by incubation with 5 % BSA in 
PBS, at RT, for 30 min. Subsequently, cells were incubated with the BG4 
antibody (1:100, RT, 1 h), followed by three rinsing steps with PBS and 
incubation with the rabbit anti-FLAG antibody (1:2500, RT, 1 h). After 
three more rinsing steps with PBS, cells were incubated with the anti- 
rabbit Alexa Fluor 488-Conjugate secondary antibody (1:500, RT, 1 
h). Incubation with the Hoechst 33258 solution (1:3000, 10 min) was 
employed for nuclei staining. Finally, coverslips were rinsed once with 
distilled water and mounted on microscope slides with Mowiol 4–88. 
The experiments were conducted in two biological replicates.

2.8.2. Mitrotracker staining
HeLa cells were exposed to 5 μM RHPS4 (or vehicle) for 24 h. At the 

end of the treatments, the growth medium was aspirated, and cells were 
incubated with 100 nM MitoTracker dye (in FBS-free medium), at 37 ◦C, 
for 30 min. Next, HeLa were washed with fresh, pre-warmed FBS-free 
culture medium, fixed in 4 % paraformaldehyde, and then processed for 
BG4 immunofluorescence as described above.

As for the image acquisition, z-stacks of three planes were recorded 
by means of a confocal microscope (Zeiss LSM 980, Plan-Apochromat 
63×/1.4NA oil objective). For the image analysis, a maximum in
tensity projection of each z-stack was generated. From there, the G4 foci 
were segmented, and their number was quantified by using the Image 
Analysis package of ZEISS ZEN Blue 3.1 software. The statistical details 
of all experiments are reported in the figure legends.

2.9. Intersection between RNA-seq and BG4 CUT&Tag data

The RNA-seq data from cells treated with PDS, found to be the most 
effective ligand, was intersected with the G4 peaks identified in a pre
viously published BG4 CUT&Tag experiment carried out on HeLa cells 
[49] (GEO accession number GSE178668). The intersection was per
formed separately for the up- and downregulated DEGs, as well as for the 
non-DEGs. DEGs were selected based on the thresholds of both 1.5 <
log2FC < − 1.5 and p.adj < 0.05, whereas all the remaining genes were 
considered as non-DEGs. Such integration allowed for the quantification 
of genes (DEGs/non-DEGs) with or without G4 peaks.

Additionally, all G4 peaks identified in the genes shared between the 
RNA-seq and the genes associated with peaks in BG4 CUT&Tag were 
mapped to the human genome. This helped to determine their precise 
locations across various genomic regions, including promoters, un
translated regions (UTRs), exons, introns, or intergenic regions.

Following this mapping step, the percentage of G4 distribution across 
up/downregulated DEGs and non-DEGs was determined to investigate 
whether variations in G4 localization could be correlated to differential 
gene expression.

Specifically, for each of the genomic regions mentioned above, the 
percentage of G4 distribution in non-DEGs was subtracted from that in 
up- or downregulated DEGs, to quantify any enrichment or depletion.

3. Results

3.1. G4 ligands induce distinct transcriptomic responses in HeLa cancer 
cells

To comprehensively investigate the impact of G4 ligands on the 
transcriptome landscape of cancer cells, an RNA-seq experiment was 
carried out on HeLa cells treated with either berberine, pyridostatin 
(PDS) or RHPS4, for 24 h. HeLa cells were chosen due to their robust 
growth, ease of culture, availability of extensive data and consolidated 
protocols [50–52], which make them an ideal system for studying the 
biological effects of G-quadruplex binders. Specifically, to capture 
changes under conditions where G4 ligands begin to exert their anti- 
cancer effects, we selected a sub-lethal concentration that resulted in 
75–80 % residual cancer cell viability for each G-quadruplex binder (i. 
e.,10 μM berberine, 100 μM PDS, and 5 μM RHPS4), ensuring the initi
ation of the anti-tumor activity while minimizing excessive cytotoxicity 
(Fig. S1). Our transcriptome-wide gene expression analysis led to a 
dataset of 12,125 detected genes.

To preliminarily uncover similarities and differences among the 
analyzed groups of samples, a principal component analysis (PCA) was 
conducted on such large dataset. Intriguingly, a distinct separation was 
observed, along PC1, between the PDS-treated samples and all the 
others, accounting for the greatest variance in the PCA model (42.32 %) 
(Fig. 2A). On the other hand, PC2 (explaining 12.78 % of the total 
variance) seemed to capture slight transcriptional changes induced by 
the exposure to the acridine RHPS4.

To identify genes with significantly different expression levels be
tween the treated and untreated groups, a differential expression anal
ysis was conducted on the 12,125 genes. This analysis revealed only 41 
differentially expressed genes (DEGs) for the berberine-treated samples 
(32 upregulated and 9 downregulated) and 102 DEGs for the RHPS4- 
treated samples (50 upregulated and 52 downregulated) (Fig. S3 and 
Fig. 3A). As for the PDS treatment, it remarkably altered the cellular 
transcriptome, yielding 6,400 DEGs. Of these, 3,069 genes were upre
gulated and 3,331 genes proved to be downregulated (Fig. 3B). There
fore, consistent with the PCA results, exposure of HeLa cells to PDS led to 
the most pronounced impact on the transcriptome, modulating the 
expression of an extended network of genes, in line with previous re
ports on different cell types [30,53,54].

To uncover biological pathways significantly enriched or depleted 
under the investigated experimental conditions, a gene set enrichment 
analysis (GSEA) was also conducted. Regarding the “berberine versus 
control” comparison, GSEA did not detect any appreciably altered 
cellular process, possibly due to the low number of DEGs used as input. 
This strongly suggested that berberine had no measurable impact on the 
transcriptome of HeLa cells, under the investigated experimental 
conditions.

By contrast, GSEA revealed that treatment with RHPS4 could pri
marily affect pathways related to oxidative stress control, redox balance 
maintenance, and mitochondrial activity (Fig. 3A), consistent with a 
marked decrease in the mitochondrial transcripts of several subunits of 
different complexes of the respiratory chain, such as NADH-ubiquinone 
oxidoreductase chains 2, 3, 4 and 5 (ND2, ND3, ND4 and ND5) of 
Complex I and the ATP synthase proteins 6 and 8 (ATP6 and ATP8) of 
FoF1-ATPase.

Regarding the PDS treatment, it turned out to severely impact 
pathways associated with glucose oxidation and utilization, as high
lighted by the reduced mRNA level of pyruvate kinase (PKM), involved 
in glycolysis, and of glucose-6-phosphate dehydrogenase (G6PD), 
related to the pentose phosphate pathway.

Moreover, the reduced mRNA abundance of fatty acid synthase 
(FASN), acetyl-CoA acetyltransferase (ACAT2), and farnesyl pyrophos
phate synthase (FDPS) in cells treated with PDS denoted impairment of 
fatty acids and cholesterol biosynthesis.

The de novo purine biosynthesis also fell among the most perturbed 
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pathways, with PDS being able to negatively modulate the mRNA 
expression of enzymes including phosphoribosyl-formyl-glycinamidine 
synthase (PFAS) and bifunctional phosphoribosyl-aminoimidazole 
carboxylase/phosphoribosyl-aminoimidazole succino-carboxamide 
synthetase (PAICS).

Finally, redox homeostasis and detoxification processes were also 
significantly affected by PDS, given the mRNA downregulation of en
zymes such as glutathione S-transferase (GSTP1) and isocitrate dehy
drogenase (IDH1).

3.2. Proteomic profiling confirms PDS as a more potent modulator of 
molecular processes in HeLa cancer cells than berberine or RHPS4

An LC-MS/MS proteomics analysis was also performed, under the 
same experimental conditions, to explore the proteomic changes 
induced by G4 ligand treatment, leading to the identification of 534 
reliable proteins (Supplementary File 1).

As done for the transcriptomic dataset, a PCA model was also built on 
the proteomic data-matrix. In line with the RNA-seq results, the PDS- 
treated samples clearly separated from the others along PC1 (explain
ing 46.38 % of the total variance), suggesting that only PDS could 

significantly disrupt the proteomic landscape of HeLa cancer cells 
(Fig. 2B).

To gain deeper insights into the proteomic perturbations caused by 
the treatments, a differential expression analysis was carried out on the 
534 identified proteins. No differentially expressed proteins (DEPs) were 
detected for berberine and RHPS4 treatments, while PDS exposure 
resulted in the identification of 169 DEPs (65 upregulated and 104 
downregulated), confirming the remarkable ability of PDS to affect gene 
expression in HeLa cells at both the transcriptional and translational 
levels.

The results of the subsequent gene set enrichment analysis, per
formed exclusively considering the “PDS versus control” comparison, 
were perfectly in line with the transcriptomic data. In fact, GSEA on the 
DEPs revealed that PDS could predominantly affect pathways associated 
with energy production — as indicated by the significant reduction in 
the protein levels of malate dehydrogenase 1 (MDH1) and isocitrate 
dehydrogenase 1 (IDH1) — and glucose consumption (as highlighted by 
both the decreased levels of the phosphoglycerate kinase (PGK) or PKM 
glycolytic enzymes and the reduced expression of G6PD) (Fig. 3B).

Lipid biosynthesis was significantly altered by PDS also at the protein 
level, as evidenced by the reduced amounts of FASN, ACAT2, and FDPS 

Fig. 2. PC1 versus PC2 scores plots of the PCA models calculated on the (A) transcriptomic, (B) proteomic, and (C) metabolomic datasets. Keys: control (green), 
berberine- (red), PDS- (blue) and RHPS4-treated cells (pink). The corresponding loadings plots are reported in Fig. S2.

Fig. 3. (A) RHPS4 treatment of HeLa cells altered the expression of 102 genes (DEGs), represented in the pie chart. The main dysregulated biological pathways are 
shown in the spider plot. (B) Treatment of HeLa with PDS caused the dysregulation of 6,400 genes, shown in the pie chart. The most perturbed biological pathways 
are represented in the spider plot. Numbers in the pie charts: in white: genes with measured expression; in black: DEGs; in red: upregulated genes; in blue: 
downregulated genes.
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in cells treated with the bis-quinoline derivative.
Similarly, the de novo purine biosynthetic process fell among the 

most perturbed pathways even at the translational level, with the 
expression of proteins like PFAS, PAICS and ATIC being negatively 
regulated by PDS.

Finally, superoxide dismutase (SOD1), NAD(P)H dehydrogenase 
(NQO1), and peroxiredoxin-6 (PRDX6) were found to be downregulated 
by PDS at the protein level, denoting a potential perturbation of the 
cellular redox balance.

3.3. An NMR-based metabolomics study reveals that PDS also alters HeLa 
cell metabolism, while berberine and RHPS4 have limited effects

To finally explore the metabolic effects of the three investigated G4 
ligands on HeLa cancer cells, an NMR-based metabolomics study was 
also conducted, under the same experimental conditions. This enabled 
the identification of a panel of 29 metabolites (Table S1). The metab
olomic data-matrix (containing the integrated areas of the 29 confi
dently assigned NMR signals) was subjected to PCA (Fig. 2C). Consistent 
with both the RNA-seq and proteomic results, berberine and RHPS4 
treatments exhibited less pronounced effects on HeLa cell metabolome, 
with these groups clustering relatively close to the untreated samples. In 
sharp contrast, PDS-treated samples clearly separated from the un
treated group along PC1 (accounting for 41.90 % of the total variance). 
Notably, in all three omics layers (Fig. 2A–C), the first principal 
component explained a similar proportion of variance (~40 %), despite 
the different number of variables in each dataset, suggesting a similar 
level of complexity in the biological pathways driving group separation 
across the transcriptomic, proteomic, and metabolomic profiles.

To reveal the most significant metabolites contributing to group 
separation, additional PCA models were built for pairwise comparisons 
between each treatment and the untreated control, leveraging a reduced 
number of variables. According to the results, the alkaloid berberine had 
only a limited effect on the cellular metabolome, with few metabolites 
showing substantial alterations. Group separation could be observed 
along PC2 (Fig. S4A), while PC1 primarily captured experimental vari
ability. Overall, the ligand could predominantly induce an increase in 
fumarate and lactate levels, along with a decrease in acetate, indicating 
perturbations in carbohydrate metabolism (Fig. S4B). However, the 
relatively small number of metabolites with high loading values limits 
the statistical significance of these findings.

On the other hand, the PCA model comparing the RHPS4-treated and 
untreated conditions revealed a separation driven by a notable number 
of perturbed metabolites with high loadings. Among these, decreased 
ATP levels were detected in RHPS4-treated cells, in line with the 
reduction in the expression of respiratory chain complexes and ATP 
synthase described above (Fig. S4C and D).

As expected, PDS treatment exerted the strongest effect on HeLa 
metabolome, evidenced by the distinct group separation along PC1 of 
the PCA model (Fig. S4E and F). Particularly, metabolites with the 
highest loading values included lactate, glutathione, acetate (which 
decreased in PDS-treated cells), glucose, tyrosine, glutamine, valine, and 
isoleucine (which increased after exposure to PDS).

3.4. Multi-omics data fusion confirms group separation and highlights 
previously undetected biological alterations

To further explore the biological impact of G4 binders on HeLa cells, 
a chemometric-driven multi-omics integration was performed, aiming to 
reveal connections between metabolic alterations, protein abundance, 
and gene expression. A mid-level data fusion approach was initially used 
to reduce the dimensionality of the transcriptomic and proteomic 
datasets by retaining only the most relevant genes and proteins, thereby 
improving result interpretability. Specifically, score values from PCA 
models of each omics layer were extracted and used to build a new PCA 
model, enabling the identification of the most informative features. The 

scores plot of this PCA model (Fig. S5A) highlights that PC1 captured the 
variance driven by PDS treatment, while PC2 reflected the effects of 
RHPS4. The corresponding loadings plot (Fig. S5B) further clarifies that 
the first PCs of transcriptomic, proteomic and metabolomic datasets 
mainly contributed to the separation of samples along the overall PC1 of 
the integrated model, predominantly reflecting the impact of PDS 
treatment. In contrast, separation along PC2 was primarily influenced by 
PC2 of the transcriptomic dataset, PC3 of the proteomic dataset, and PCs 
3 and 4 of the metabolomic dataset, capturing the variability associated 
with RHPS4 treatment. It is comforting that it is the first components 
that mainly reflect these variations and the very last components of 
these PCA models may mainly contain less reliable information.

Based on these results, variables with the highest absolute loading 
values on the key components identified (PC1 and PC2 for tran
scriptomics, PC1 and PC3 for proteomics) were retained. The metab
olomics dataset, being smaller, was included in its entirety. These 
refined matrices were then integrated through a low-level data fusion, 
and a new PCA model was built on the concatenated matrix to confirm 
group separation and identify new potential relationships among vari
ables from different omics layers. With the above variable selection, the 
number of variables is now easier to visualize and comprehend, but it 
has to be kept in mind, that we must interpret the chosen variables as 
indicators of underlying phenomena rather than variables causally 
related to the grouping. As shown in the scores plot (Fig. S5C), PC1 
explained 48.10 % of the total variance, primarily separating PDS- 
treated samples from all the others, while PC2 (21.27 %) reflected 
RHPS4-induced perturbations. To identify the key variables driving 
sample separation and, more specifically, the most relevant ones asso
ciated with potential biological alterations induced by the G4 binders, 
the corresponding loadings plot was examined (Fig. S5D) and a loading 
threshold of |0.70| for PC1 and |0.65| for PC2 was applied. These 
selected variables are highlighted within red circles in Fig. S5D and 
listed in Table S2.

Above all, our multi-omics data integration revealed additional 
biological changes in PDS-treated cells, further expanding on the pre
viously described alterations. Notably, the upregulation of several pro
teins involved in nuclear DNA damage repair, including YBOX1, PRP19, 
LMNA, NONO, and SFPQ was observed, along with the downregulation 
of the PNKP gene, also implicated in DNA repair. Furthermore, a marked 
downregulation of ribosomal components was detected, including RPL4, 
RPL6, RPL8, RPS13, RPS26, RPS6, RPS8, RPS4X, and the RPS15 tran
script. Finally, several transcripts related to transcriptional regulation 
and RNA processing were found to be upregulated, such as CELF1, 
CPSF4, DDX42, DHX38, TAFD1, TENT4B, and YY1.

3.5. Potential implication of G-quadruplex structures in the ligands’ 
cellular effects

3.5.1. BG4 immunofluorescence studies
To explore the potential correlation between ligands’ biological ac

tivity and modulation of G4 structures, HeLa cells were treated with 
either berberine, PDS, RHPS4 or vehicle, fixed with 4 % para
formaldehyde and then processed for immunofluorescence (IF) micro
scopy using the BG4 antibody, which specifically recognizes G- 
quadruplex structures [55] (see the “Materials and methods” section).

Our results indicate that the number of cellular G4 foci did not 
significantly vary after exposure to berberine (Fig. 4). Conversely, HeLa 
cells treated with RHPS4 exhibited a notable increase in the number of 
cellular G4 structures (~50 %). Nonetheless, the most pronounced 
modulation of G-quadruplex formation was achieved when HeLa 
received PDS, with an increase in G4 foci of approximately 70 %.

Importantly, given that treatment of HeLa cells with RHPS4 could 
mainly disrupt mitochondrial pathways and that the acridine had been 
previously demonstrated to primarily localize to mitochondria in non- 
cancerous mouse embryonic fibroblast cells [56], we sought to investi
gate whether the RHPS4-induced molecular perturbations and increase 
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in the number of G4 structures in HeLa cells could be specifically 
ascribed to the stabilization/induction of mitochondrial DNA G4s.

For this purpose, HeLa were treated with RHPS4 or vehicle for 24 h, 
incubated with the MitoTracker dye at 37 ◦C, for 30 min and then 
processed for BG4 immunofluorescence.

Strikingly, such experiments revealed that the mitochondrial G4 
content increased by around 50 % after exposure to the acridine deriv
ative (Fig. 5), suggesting that RHPS4 may induce the formation or sta
bilization of mitochondrial G4 structures, potentially contributing to its 
observed effects on mitochondrial function.

3.5.2. Intersection between RNA-seq and BG4 CUT&Tag data
To further delve into the potential associations between the gene 

expression changes resulting from our RNA-seq experiment and the 
presence of G4 structures throughout the genome, the RNA-seq data 
from HeLa treated with PDS, which globally demonstrated to be the 
most effective ligand, was intersected with the G4 peak data obtained 
from a previously published BG4 CUT&Tag experiment conducted on 
the same cell line [49] (GEO accession number GSE178668). Indeed, the 
BG4 CUT&Tag technology has recently emerged as an accurate method 
to pinpoint the exact genomic positions where G4 structures are formed 
[57].

For such intersection analysis, DEGs were defined as genes with | 
log2FC| > 1.5 and FDR-adjusted p-value <0.05. The application of these 
thresholds resulted in the selection of 2,149 DEGs (668 upregulated, 
1,481 downregulated) out of the initial 6,400 DEGs identified for the 
“PDS versus control” comparison. The remaining detected genes (9,976 
out of 12,125) were classified as non-DEGs. The intersection analysis 
was carried out on both the 2,149 DEGs and the 9,976 non-DEGs, 
allowing for the quantification of genes with or without G4 peaks. 
Particularly, only 183 out of the 668 upregulated DEGs (27 %) were 
found to overlap with G4 peaks. Likewise, only the 22 % of the 1,481 
downregulated DEGs displayed overlap with the BG4 CUT&Tag peak 

data. Regarding the non-DEGs, a total of 3,661 genes (37 %) demon
strated to intersect with G-quadruplex peaks.

In addition, to investigate the relationship between G4 genomic 
localization and differential gene expression, G4 peaks identified within 
genes shared by RNA-seq and CUT&Tag datasets were mapped to the 
human genome, specifying their location within promoters, UTRs, 
exons, introns, or intergenic regions. This analysis revealed a higher 
percentage of promoter-associated G4s in upregulated DEGs compared 
to downregulated DEGs, which conversely exhibited a higher percentage 
of intronic G4s (Fig. S6).

4. Discussion

To comprehensively unravel the critical signaling pathways driving 
the anti-cancer effects of G-quadruplex binders and gain deeper insights 
into their specific mechanisms of action within the cellular environment, 
HeLa cancer cells were exposed to three distinct G4 ligands — berberine, 
PDS, and RHPS4 — for 24 h, and then processed for transcriptomics, 
proteomics, and metabolomics analyses. Such holistic multi-omics study 
revealed intriguing differences in the cellular responses to the three G4- 
interacting molecules.

Particularly, treatment with berberine did not result in any appre
ciable alterations of the cellular functional activity, as no relevant 
changes could be observed at either the mRNA, protein, or metabolite 
levels. Accordingly, our immunofluorescence experiments highlighted 
that the number of cellular G4 foci remained largely unchanged 
following exposure to the alkaloid, further underscoring the minimal 
impact that berberine had on HeLa cells, under the investigated exper
imental conditions.

In sharp contrast, the bis-quinoline PDS led to striking transcrip
tional, translational, and metabolic changes. Indeed, it proved to 
decrease the abundance of key glycolytic enzymes, including phospho
glycerate kinase and pyruvate kinase, potentially compromising glucose 

Fig. 4. (A) Representative fields showing G4 foci formation detected by immunofluorescence in HeLa cells treated for 24 h with either 0.5 % DMSO (control), 10 μM 
berberine, 5 μM RHPS4 or 100 μM PDS. The merged channels of BG4-stained G4 structures (green) and Hoechst-counterstained nuclei (blue) are reported. Scale bar: 
10 μm. (B) Quantitative analysis of cellular G4 foci. An average of 100 cells were screened for each condition and the results are expressed as fold change over the 
negative control (DMSO-treated cells). Histograms show the mean ± SD of two independent experiments. The statistical significance was calculated using a one-way 
ANOVA test on GraphPad Prism 10.2.1 (**: p < 0.01; ****: p < 0.0001).
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oxidation and cellular energy production. In addition, PDS demon
strated to significantly reduce malate dehydrogenase 1 (MDH1) protein 
levels. Since MDH1 catalyzes the reversible conversion of malate to 
oxaloacetate, generating NADH for the respiratory chain, PDS-mediated 
MDH1 depletion potentially limited NADH availability for the electron 
transport chain, further hampering ATP synthesis. A decrease in fuma
rate levels was also observed in PDS-treated cells, indicating disruption 
of a crucial step in the tricarboxylic acid (TCA) cycle. In line with all 
these findings, metabolomic analysis of HeLa cells exposed to PDS 
showed a significant reduction in intracellular ATP levels compared to 
untreated cells, globally denoting that HeLa cells may lose the ability to 
sustain their energy requirements, after exposure to the G4 binder.

Importantly, PDS treatment could also impair the pentose phosphate 
pathway (PPP), as suggested by the reduced levels of glucose-6- 
phosphate dehydrogenase and phosphogluconate dehydrogenase, 
further disrupting glucose consumption. The PPP, an alternative meta
bolic route to glycolysis, is often upregulated in cancer cells to support 
their increased anabolic needs [58,59]. It provides ribose 5-phosphate 
for DNA/RNA synthesis, as well as NADPH molecules for fatty acids 
(FA) biosynthesis and redox homeostasis. Therefore, PDS-induced 
impairment of PPP possibly compromised both nucleotide and FA 
biosynthetic processes in HeLa cancer cells. This was accompanied by 
the downregulation of key enzymes involved in the de novo purine 
synthesis, such as PFAS, PAICS, and ATIC, as well as by the reduction in 
fatty acid synthase expression. Additionally, PDS treatment led to a 
notable decrease in acetate levels, limiting its availability as a precursor 
for FA biosynthesis.

Cholesterol biosynthesis was also hampered by PDS, as evidenced by 
the reduced levels of ACAT2 and FDPS enzymes, with potential negative 

consequences on cell membrane integrity, cellular signaling, and cell 
growth.

Overall, treatment of HeLa cells with PDS prevented glucose reserves 
from being utilized in either glycolysis, PPP, or FA synthesis, justifying 
the elevated glucose levels found in PDS-treated cells compared to the 
untreated control.

Besides the pentose phosphate pathway, the isocitrate dehydroge
nase 1 (IDH1) cytosolic enzyme also plays a critical role in NADPH 
production, by catalyzing the conversion of isocitrate to α-ketoglutarate. 
Notably, a decrease in IDH1 expression at both the mRNA and protein 
levels was observed after exposure to PDS, emphasizing its negative 
impact on NADPH generation.

Consistent with the lower NADPH availability, a significant reduc
tion in glutathione (GSH) levels was also detected in cells treated with 
PDS, potentially hampering GSH-dependent detoxification processes. 
This was corroborated by a marked decrease in glutathione S-transferase 
mRNA expression. Moreover, PDS significantly downregulated the 
levels of other key antioxidant enzymes, such as SOD1, NQO1, and 
PRDX6. Taken together, these results suggest that PDS might strongly 
interfere with the antioxidant ability of HeLa cancer cells, not only 
restricting NADPH and GSH availability but also reducing the expression 
of enzymes involved in redox balance and detoxification processes.

Finally, our metabolomics analysis also revealed increased levels of 
tyrosine, glutamine, histidine, valine, and isoleucine upon PDS treat
ment. Interestingly, these amino acids could serve as precursors for TCA 
cycle intermediates, possibly compensating for the observed TCA cycle 
disruption. This potential adaptive response is further supported by the 
reduced aspartate levels and elevated expression of aspartate amino
transferase found in PDS-treated cells, which may indicate enhanced 

Fig. 5. (A) Representative fields showing G4 foci formation detected by immunofluorescence in HeLa cells treated for 24 h with 0.5 % DMSO (NT) or 5 μM RHPS4. 
The merged channels of BG4-stained G4 structures (green), mitochondria (red) and Hoechst-counterstained nuclei (blue) are reported. Scale bar: 10 μm. (B) 
Quantitative analysis of mitochondrial G4 foci. An average of 100 cells were screened for each condition and the results are expressed as fold change over the 
negative control (DMSO-treated cells). Histograms show the mean ± SD of three independent experiments. The statistical significance was calculated using a Stu
dent’s t-test on GraphPad Prism 10.2.1 (***: p < 0.001).
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transamination of aspartate into oxaloacetate, a key intermediate of the 
TCA cycle.

Importantly, to unveil the potential connections between gene 
expression, protein abundance, and metabolic alterations, we also car
ried out a chemometric-driven integration of the three omics datasets. 
This multi-omics data fusion analysis confirmed the PDS-induced bio
logical changes described above but also revealed that PDS treatment 
can significantly impact the integrity of nuclear DNA, in line with pre
vious findings [60,61]. Additionally, it uncovered a pronounced PDS- 
induced downregulation of several ribosomal proteins (e.g., RL4, RL6, 
RL8, RS13) and of the RPS15 transcript, which encodes a crucial 
component of the ribosomal 40S subunit. These additional findings 
suggest that PDS might also impair cellular translational activity. 
Conversely, multiple transcripts involved in transcriptional regulation 
— including CELF1, CPSF4, DDX42, DHX38, and others — were upre
gulated in PDS-treated cells, potentially reflecting an adaptive cellular 
response to mitigate PDS-induced translational repression.

Collectively, our thorough multi-omics investigation suggests that 
PDS may exert its anti-cancer effects by disrupting critical metabolic 
circuitries — including glycolysis, the TCA cycle, the pentose phosphate 
pathway, and glutathione metabolism — while also inflicting DNA 
damage and translation suppression, ultimately leading to cell death 
(Fig. 6).

Consistent with our findings, Monchaud et al. previously reported 
that treatment with sub-cytotoxic doses of PDS can induce profound 
transcriptional and proteomic alterations, particularly affecting DNA 
replication and cell cycle processes, albeit in a different cellular model 
(human astrocytes) [30]. Similarly, Capranico and colleagues demon
strated remarkable PDS-induced transcriptional changes in MCF-7 cells, 
further supporting the broad impact of this ligand on cellular pathways 
[54].

Of note, PDS treatment was accompanied by a considerable increase 

in G-quadruplex structures in HeLa cells, as demonstrated by our 
immunofluorescence data. Specifically, the number of cellular G4 foci 
rose by approximately 70 % compared to the control, suggesting that 
these non-canonical DNA structures may play a crucial role in mediating 
all the observed cellular changes.

To further explore the potential correlation between PDS activity on 
HeLa cells and the presence of G4 structures throughout the genome, our 
RNA-seq data from HeLa treated with PDS was intersected with a pre
viously published map of G4 locations from the same cell line. The re
sults revealed an interesting pattern in the distribution of G4s across 
differentially expressed genes. Specifically, upregulated genes showed a 
strong enrichment of G4 structures within their promoter regions, sug
gesting that the presence of G4s in the promoters might influence the 
activation or enhanced expression of these genes. In contrast, down
regulated genes exhibited a significant enrichment of G4s within their 
intronic regions. The role of G4s in introns remains elusive but our re
sults suggest that they might be involved in mechanisms which suppress 
gene expression. Nonetheless, further research is needed to fully un
derstand the mechanisms behind these observations and their implica
tions for PDS’s effects on cancer cells.

Regarding the treatment with RHPS4, our detailed study uncovered a 
unique cellular response to such acridine derivative. Indeed, it turned 
out to impair ATP production by downregulating the mitochondrial 
gene expression of both respiratory chain complexes and ATP synthase. 
These findings suggest that RHPS4 might exert a direct, detrimental 
effect on mitochondrial bioenergetics, compromising cellular energy 
metabolism (Fig. 6). Furthermore, our immunofluorescence studies 
unveiled a fascinating potential correlation between the mitochondrial 
effects of RHPS4 and the induction/stabilization of G-quadruplexes in 
mitochondrial DNA, with a substantial increase (~50 %) in the mito
chondrial G4 content after exposure to the G4 ligand. Specifically, the 
formation or stabilization of G-quadruplexes may impair the 

Fig. 6. Schematic representation of the main cellular processes affected by PDS and RHPS4 in HeLa cells.
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accessibility of key enzymes involved in mtDNA transcription and lead 
to reduced gene expression and mitochondrial dysfunction, unveiling a 
novel mechanism that might contribute to the anti-cancer effects of 
RHPS4.

Overall, our study represents the first comprehensive multi-omics 
investigation of the complex biological changes triggered by G4 
binders in HeLa cancer cells. By integrating transcriptomics, proteomics, 
and metabolomics, we provide a novel, holistic perspective on the mo
lecular mechanisms underlying the anti-tumor activity of well- 
established G-quadruplex ligands. This pioneering research uncovers 
previously unexplored pathways and cellular processes, offering new 
insights that could drive the development of more effective G4-based 
cancer therapies.

5. Conclusions

Over the past decades, DNA G-quadruplex (G4) structures have 
emerged as promising targets for cancer therapy, with a considerable 
body of research supporting the potential of G4 ligands as powerful anti- 
cancer tools.

However, the precise mechanisms through which G-quadruplex 
binders exert their effects on tumor cells remain poorly understood and 
an in-depth characterization of their global biological activity is still 
lacking.

Herein, we conducted a multi-omics investigation, encompassing 
transcriptomics, proteomics, and metabolomics, to comprehensively 
assess the impact of three distinct G4 binders — berberine, PDS, and 
RHPS4 — on HeLa cancer cells.

Our findings revealed unique cellular responses to each of the three 
investigated G4-interacting molecules. In fact, while the alkaloid 
berberine produced minimal biological effects, PDS led to profound 
transcriptional, translational, and metabolic changes. These included a 
pronounced impairment in the cell’s ability to fulfill its energetic and 
biosynthetic demands, with both glycolysis and the pentose phosphate 
pathway being suppressed. Additionally, lipid and nucleotide biosyn
thesis proved to be inhibited by the bis-quinoline PDS, denoting a sig
nificant disruption of essential metabolic pathways that support cell 
growth and proliferation. Moreover, PDS demonstrated to compromise 
the antioxidant capacity of HeLa cancer cells by reducing the availability 
of NADPH and glutathione, as well as by reducing the expression of key 
enzymes involved in maintaining redox balance.

As for RHPS4, it was found to inhibit ATP production by down
regulating the expression of mitochondrial genes that encode compo
nents of both the respiratory chain Complex I and ATP synthase. 
Strikingly, immunofluorescence studies provided evidence for the po
tential implication of mitochondrial DNA G-quadruplexes in the 
observed effects of the acridine on the mitochondrial machinery.

Collectively, our multi-omics analysis unveiled the main cellular 
circuitries that turned out to be perturbed by the investigated G4 binders 
— including glycolysis, the pentose phosphate pathway, glutathione 
metabolism, and mitochondrial bioenergetics —offering a multi-omics 
perspective on how G4-binding molecules elicit their anti-tumor activ
ity and potentially guiding the design of more effective G4-directed 
therapies. In the future, expanding the scope of this research to 
include a wider variety of G4 binders and cellular models will be crucial 
for identifying both common effects and cell line-specific responses, 
ultimately advancing our understanding of the mechanisms through 
which G4-interacting molecules exert their effects in cancer cells.
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