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A B S T R A C T

Glioblastoma (GBM) stands as the most common primary malignant brain tumor. Despite the best 
standard therapies, GBM survivors have a brief survival time, about 24 months on average. The 
treatment is troublesome because the cancer cells may not respond well to specific therapies as 
they grow within an extensive network of blood vessels. Our study aims to evaluate the impact of 
paclitaxel 5.3 μg/mL and topotecan 0.26 μM solely and in pairwise combination on the resultant 
metabolic and proteomic signatures of the U87 cell line while using the precise ultra-high- 
performance liquid chromatography quadrupole time-of-flight mass spectrometry (UHPLC-Q- 
TOF) analytical technology. The U87 cells wear treated with DMSO, paclitaxel 5.3 μM, topotecan 
0.26 μM, and their combinations. Using One-way ANOVA, we observed 14 significantly altered 
metabolites compared to those cells treated with DMSO. For combination treatment (paclitaxel 
and topotecan), 11 metabolites were significantly dysregulated. Sparse partial least squares- 
discriminant analysis (sPLS-DA) revealed minimal overlap, highlighting distinctions among the 
four groups. While for proteomics, a total of 79 proteins were significantly dysregulated among 
the groups. These findings can aid in identifying new biomarkers associated with the utilized 
drugs and creating a map for targeted therapy. EIF3F, GNB2L1, HINT2, and RPA3 were shown to 
be significantly upregulated in the combination group relative to the control. Moreover, ribo-
some, apoptosis, HIF-1 signaling, arginine and proline, glutathione, purine metabolism, apelin 
signaling pathway, and glycolysis were significantly altered in the combination group. Overall, 
this study underscores the effectiveness of multi-omics approaches in revealing the molecular 
mechanisms driving chemotherapy responses in cancer cells. Additionally, this work generates a 
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comprehensive list of molecular alterations that can serve as a foundation for further in-
vestigations and inform personalized healthcare strategies to enhance patient outcomes.

1. Introduction

Brain tumors pose a significant challenge in oncology due to their aggressive nature and limited treatment options. Glioblastoma 
(GBM) is the most prevalent primary malignant brain tumor, accounting for almost 60 % of all gliomas and half of primary malignant 
tumors in the central nervous system (CNS) [1]. These tumors are predominantly composed of astrocytes [2], and affect the cerebral 
hemispheres, though they can also occur less commonly in the cerebellum, brainstem, or spinal cord [3,4]. Although GBM may occur at 
any age, they are more common in adults aged 45 to 75 [2]. The standard treatment for high-grade gliomas consists of surgical 
removal, concurrent radiation therapy, and a 6 week course of temozolomide (TMZ), followed by an additional 6 months of adjuvant 
TMZ [5]. Despite the best standard therapies, GBM survivors have a brief survival time, about 24 months on average [6]. Furthermore, 
GBM is challenging to remove entirely surgically because they have finger-like projections, especially when they grow near critical 
areas of the brain [7]. In addition, treatment is troublesome because the cancer cells may not respond well to specific therapies and 
their growth within an extensive network of blood vessels render them resistant to chemotherapeutics [8].

A multi-omics approach, which provides information on biomolecules across multiple layers appears promising for systematically 
and holistically understanding complex biological systems [9]. Currently, proteomics (studying proteins in large quantities) and 
metabolomics (studying small molecules and metabolites) are two emerging and growing fields that promise to reveal more about 
disease processes by investigating changes within cells, biofluids, or tissues [10]. Proteomics analysis can be utilized to comprehend 
disease processes, give disease diagnosis and prognosis, aid in medication development, and provide the foundation for biological 
discovery [10–12]. In addition, emerging metabolomics technology offers new insights into diseases’ mechanisms by identifying 
disease-associated markers and tracking cellular metabolomic changes in response to therapies [13,14]. When integrated, these ap-
proaches can offer a comprehensive view of disease pathology.

Indeed, a combined analysis of treatment-naïve GBMs’ genomic, post-translational modification, proteomic, and metabolomic 
datasets revealed insights into the biology of GBMs by highlighting critical phosphorylation events which facilitate oncogenic pathway 
activation [15,16]. Mass spectrometry (MS), which enables the identification of hundreds of molecules across numerous samples, has 
recently been used extensively in oncology to advance metabolomics and proteomics. When combined with genomic information, 
these techniques can provide an even deeper understanding of tumor biology, identifying new biomarkers and potential therapeutic 
targets [17].

In our previously published study, significant metabolic pathways were altered upon treatment of U87 and U373 cells with 
paclitaxel and/or etoposide [18]. Elsewhere, paclitaxel was found to have a strong apoptosis-inducing effect on GBM cells with 
increased penetration into the brain tumor [19,20]. However, further investigations can aid in exploring the precise impact of anti-
cancer drugs on GBM at the molecular level. Topotecan is a topoisomerase 1 inhibitor mainly used for ovarian, cervical and small-cell 
lung cancers [21]. Interestingly, topotecan’s ability to cross the blood-brain barrier suggests its potential as an effective treatment for 
brain cancer [22]. Topotecan, when used in combination with radiation, has been shown to improve survival outcomes in GBM pa-
tients compared to radiotherapy alone [23]. More recently, topotecan was found to be both safe and effective for patients with 
recurrent GBM [24]. However, an in-vitro study showed brain tumor growth decreased and survival was further improved using 
multi-agent treatment regimens of topotecan or doxorubicin coupled with methotrexate and vincristine compared to single treatments 
[25].

Our current study thus aims to investigate the effect of anticancer medications (paclitaxel 5.3 μg/mL and topotecan 0.26 μM) solely 
and in pairwise combination on the metabolic and proteomic changes within the U87 cell line while employing UHPLC -QTOF) mass 
spectrometry.

Such a multi-omics approach can aid in identifying new biomarkers associated with the drugs and create a map for targeted 
therapy. This personalized approach, has the potential to augment the precision and efficacy of treatments while minimizing adverse 
effects by focusing on the molecular vulnerabilities at the proteomic and metabolomic levels unique to each patient after treating with 
paclitaxel and/or etoposide.

2. Methodology

2.1. Reagents

Topotecan and paclitaxel were purchased from Merck (Darmstadt, Germany). The U87 cell line was obtained from the Radiobi-
ology and Experimental Radio Oncology Lab, University Cancer Center Hamburg, Hamburg University, Hamburg, Germany. Fisher 
Chemical provided formic acid and Trifluoroacetic acid (Loughborough, UK). Honeywell (Seelze, Germany) supplied LC-MS CHRO-
MASOLV, acetonitrile (ACN), deionized water, and Methanol (99.9 %). Disposables and reagents for protein preparation such as C18 
tips and Lysyl Endopeptidase LysC, were provided by ThermoScientific (Rockford, USA). Bovine Serum Albumin and Bradford’s re-
agent were sourced from Sigma-Aldrich (Louis, USA), and 37 % hydrochloric acid was acquired from VWR chemicals (France).
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2.2. Cell line and culture

The U87 cell line, being one of the most widely utilized and well-characterized brain cancer cell lines [26], was selected as the in 
vitro model for this study. U87 cell line was obtained as a gift from the drug design & discovery lab - Research Institute for Medical and 
Health Sciences - University of Sharjah. This investigation used the DMEM medium supplemented with 10 % fetal bovine serum and 1 
% penicillin/streptomycin to cultivate the U87 cell line as monolayers Sigma-Aldrich (Louis, USA). All cultures were grown at 37 ◦C in 
a humid environment with 5 % CO2.

2.3. Cell treatment

Two million cells were seeded into each 75 cm2 tissue culture flask for each treatment condition and analysis (metabolomics and 
proteomics) and incubated for 24 h. The cells were subsequently given a 24-h treatment of paclitaxel 5.3 μM and/or topotecan 0.26 
μM. These concentrations were chosen based on previous studies [27].

2.4. Combined extraction process

Our extraction procedure was conducted similarly to the methods outlined in our previously published studies [18,20,28–30]. 
Briefly, 400 μL of lysis buffer solution was added to each sample. The samples were then left to rest for 10 min before being transferred 
into 10 mL tubes, followed by vortexing sonication at 30 % amplification in an ice bath. Samples were then centrifuged at 14,000 rpm 
for 5 min, and the supernatant was combined with methanol and chloroform, vortexed, and centrifuged again. The upper layer was 
carefully transferred to a new glass vial, followed by the addition of 300 μL of methanol until the resultant protein disk precipitated. 
The supernatant was transferred into separate glass vials for metabolomics analysis, and the precipitated white disk after centrifu-
gation was dried, and resuspended in denaturation buffer. Protein quantification was completed using the Bradford assay.

Protein samples (100 μg proteins in 100 μL denaturation buffer) were prepared for LC-MS/MS analysis via in-soluble digestion. 
Samples were reduced with 10 mM dithiothreitol (DTT), alkylated with 55 mM iodoacetamide (IAA), and adjusted to pH 8.0 as needed. 
Predigestion with Lysyl Endopeptidase LysC (1:100 ratio) was followed by dilution with 20 mM ammonium bicarbonate and digestion 
with trypsin (1:100 ratio) overnight. Peptides were desalted using C18 tips, dried, and reconstituted in 1 % TFA. Elution was performed 
with 60 % ACN and 0.1 % formic acid (FA), after which peptides were dried (EZ-2 Plus, Gene-Vac-Ipswich, UK) and dissolved in 2 % 
ACN and 0.1 % FA for nanoLC-QTOF-MS proteomic analysis.

2.5. High-performance liquid chromatography Tandem mass spectrometry (HPLC–MS/MS)

A QTOF-MS system and Elute UHPLC with a Hamilton® Intensity Solo C18 column (100 mm × 2.1 mm, 1.8 μm beads) (Bruker 
Daltonik) was used to separate and detect metabolites and peptides. Inline reversed-phase chromatography was performed with 
solvent A (0.1 % formic acid in HPLC-grade water) and solvent B (0.1 % formic acid in acetonitrile) within the cells (Bruker, Bremen, 
Germany). Analyses utilized Trapped Ion Mobility Spectroscopy and an Apollo II electrospray ionization (ESI) source was used.

For metabolomics analysis, the column was maintained at 35 ◦C and for proteomics at 32 ◦C using the nano-flow-based HPLC 
systems. Metabolomics samples were injected twice, eluted over a 30-min gradient (1 %–99 % ACN), and re-equilibrated to 1 % ACN 
with flow rates of 250 and 350 μL/min for elution and re-equilibration, respectively. The drying gas was set at 10 μL/min, drying 
temperature at 220 ◦C, and nebulizer pressure at 2.2 bar. For proteomics, the scan range was 150–2200 m/z, while metabolomics was 
set at 20–1300 m/z, both in Auto-MS/MS mode. Collision energies ranged from 23 to 65 eV with a 3-s cycle in proteomics and 20 eV 
with a 0.5-s cycle in metabolomics. Sodium formate served as the calibrant in the initial 0.3 min of each run. Peptide elution was 
achieved using a gradient from 5 % to 95 % ACN over 95 min at a flow rate of 300 μL/min under 350 bar back pressure.

Before analysis, mass calibration was performed using external mass calibration (10 mM sodium formate calibration solution). 
Bruker T-ReX LC-QTOF solution was employed to evaluate both the column and mass spectrometer performance. Separation by 
reversed-phase liquid chromatography (RPLC) and multipoint retention time calibration were performed using TRX-3112-R/MS 
certified human serum specifically for the Bruker T-ReX LC-QTOF solution, provided by Nova Medical Testing Inc. For metab-
olomics, 10 μL from each sample was pooled to create quality control (QC) samples.

2.6. Metabolomics data processing and analysis

Data processing was conducted using MetaboScape® 4.0 software (Bruker, Bremen, Germany). In the T-ReX 2D/3D workflow, 
molecular feature detection was optimized with an intensity threshold and peak duration limits. Mass recalibration was applied to a 
retention time range of 0–0.3 min, retaining only features present in a minimum of six samples per cell type. The MS/MS import 
method was configured for averaging. Bucketing parameters were set with a retention time range of 0.3–25 min and a mass range of 50 
to 1000 m/z. For accurate identification, unknown compounds in the QTOF MS data were identified based on MS/MS spectra and 
retention time (RT). The Human Metabolome Database (HMDB) 4.0, a comprehensive metabolomics resource, was used to match 
compounds that passed screening, utilizing MS/MS data alone or in combination with RT as a reference for final compound selections. 
To identify metabolites, MS/MS spectra and retention times were mapped using HMDB 4.0. When multiple features matched a single 
database entry, filtering was done by selecting the entry with the highest annotation quality score (AQ score) for each metabolite, 
prioritizing alignment with factors such as retention time, MS/MS, m/z values, analyte list, msigma, and spectral library data [31,32].
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Furthermore, metabolite data were saved as CSV files and integrated into the complete metabolomics platform MetaboAnalyst 5.0 
software (https://www.metaboanalyst.ca). For each drug, two-tailed independent student t-tests were employed to identify signifi-
cantly different metabolites from DMSO. For each condition, box plots illustrating statistical significance and fold change for 
metabolite dysregulation was created. We used the one-way analysis of variance (ANOVA) to compare multiple groups. The threshold 
for significance was fixed at p < 0.05. Using the software MetaboAnalyst 5.0, Principal Component Analysis (PCA) was also performed 
to visualize the overall variation and clustering of the samples. The false discovery rate (FDR) was used to eliminate false positives and 
correct for multiple hypothesis testing. Enrichment analysis, joint pathway analysis, and heatmaps were also created using 
MetaboAnalyst.

2.7. Proteomics data processing

Proteins and peptides were identified using the Uniprot proteome for Homo sapiens and the Andromeda search engine, with the raw 
data processed utilizing MaxQuant 1.6.17.0 (https://www.maxquant.org/) [31,32]. For modifications, methionine oxidation, and 
N-terminal acetylation, were set as variable modifications, and carbamidomethylation of cysteine residues was appointed as a fixed 
modification. One unique peptide per protein and 2 peptides were required for protein group identification. All other parameters were 
set to their default values. A false discovery rate (FDR) of 1 % was applied to PSMs and protein group assignments. The precursor mass 
tolerance for PSMs was set at 20 ppm. The MaxLFQ algorithm was utilized for label-free quantification (LFQ) and in silico digestion 
followed the standard trypsin/P cleavage rule [32,33].

2.8. Proteomics statistical analysis

Perseus software version 2.0.5.0 [34] was utilized; proteins identified as potential contaminants were removed from the data, as 
were proteins that could only be recognized by their location and were reverse engineered. The LFQ values were log 2-transformed (x). 
Annotated proteins were filtered to keep only those with a minimum of 70 % correct values. As a next step, missing values were 
imputed using a normal distribution with a downshift of 1.8 and width of 0.3, each calculated independently for each sample. After 

Fig. 1. (A)The sparse partial least squares discriminant analysis (sPLS-DA) for DMSO with paclitaxel 5.3 μM, DMSO with topotecan 0.26 μM, and 
DMSO with (paclitaxel 5.3 μM + topotecan 0.26 μM); (B) Heatmap for all the metabolites.
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imputation, the data was analyzed using PCA. The proteins significantly expressed in the U87 cell line were determined using a 
two-tailed independent student t-test. Next, the Benjamini-Hochberg method was used to compensate for multiple testing. Proteins 
were determined to have differential expression when their log2 fold change was greater than 1 and the adjusted p-value was less than 
0.05. The expression levels of differentially expressed proteins were compared between groups using hierarchical clustering, and the 
results were shown using a heatmap. Figures were generated via R software. Our parameters for data processing and analyses were 
employed similarly to those outlined in our previously published studies [18,20,28–30].

The metabolomic dataset has been deposited into a publicly available through Workbench- Metabolomics with the following 
details; Project accession: (datatrack_id:4804 study_id:ST003194); DOI: https://doi.org/10.21228/M8H14D).

3. Results

3.1. Metabolomics

Sixteen cancer cell samples treated with paclitaxel and/or topotecan—specifically DMSO, paclitaxel at 5.3 μM, topotecan at 0.26 
μM, and a combination of paclitaxel 5.3 μM with topotecan 0.26 μM—were analyzed twice using LC-QTOF MS, resulting in 16,000 
identifiable metabolite features. Following filtration, 109 metabolites were detected in samples treated with paclitaxel 5.3 μM and/or 
topotecan 0.26 μM. Fig. 1A demonstrates the sparse partial least squares-discriminant analysis (sPLS-DA), which shows minimal 
overlaps, indicating a difference between the four groups. The heatmap in Fig. 1B shows the significantly altered metabolites in all the 
group.

We next observed 14 significantly altered metabolites in all the treatment groups compared to the control group (One-way ANOVA) 
(Table 1). Box plots were generated to express the significantly altered metabolites concerning fold change (set to 1.5). The Sper-
midine, Guanine, D-Alanine, 1,11-Undecanedioic acid and Sphingosine appear to show a pattern of downregulation in the combination 
therapy compared to DMSO and other single-drug treatments (Fig. 2B). Comparisons included paclitaxel at 5.3 μM against DMSO, 
topotecan at 0.26 μM versus DMSO, and the combination of paclitaxel (5.3 μM) with topotecan (0.26 μM) relative to DMSO. A total of 4 
metabolites were shown to be statistically significant when comparing paclitaxel 5.3 μM group with DMSO (Fig. 2A). Adenosine 
monophosphate, guanosine, and sphingosine were shown to have a lower abundance when compared to DMSO, while hyodeoxycholic 
acid was shown to have an increased abundance (Fig. 2A). Moreover, for the DMSO with topotecan, only hyodeoxycholic acid was 
shown to have increased abundance (Fig. 2B). However, for combination treatment, 11 metabolites were significantly dysregulated. 
Sphingosine, inosine, spermine, glutathione, guanosine, nutriacholic acid, guanine, pyroglutamic acid, hypotaurine, and indoleacetic 

Table 1 
One way ANOVA for the groups.

P- Value valuep. 
value

FDR Tukey’s HSD

Sphingosine 0.000000011 0.00000012 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-Paclitaxel 5.3 ¬μM; Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM and Topotecan 0.26 
¬μM

Nutriacholic acid 0.0000223 0.00093703 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-DMSO

D-Alanine 0.0000258 0.00093703 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-Paclitaxel 5.3 ¬μM; Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM and Topotecan 0.26 
¬μM

1,11Undecanedicarboxylic 
acid

0.0000509 0.0012628 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-Paclitaxel 5.3 ¬μM; Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM and Topotecan 0.26 
¬μM

Adenosine monophosphate 0.0000579 0.0012628 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-Paclitaxel 5.3 
¬μM; Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM

Hyodeoxycholic acid 0.0000869 0.0015791 Paclitaxel 5.3 ¬μM-DMSO; Topotecan 0.26 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 
0.26 ¬μM-Paclitaxel 5.3 ¬μM; Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM and Topotecan 0.26 
¬μM

N-Acetyl-L-alanine 0.00010313 0.0016058 Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 0.26 ¬μM-DMSO; 
Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM; Topotecan 0.26 ¬μM- 
Paclitaxel 5.3 ¬μM

Spermine 0.00020101 0.0027388 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-DMSO

Guanine 0.00069777 0.0084507 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM

Syringic acid 0.0011055 0.011182 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-DMSO

Pipecolic acid 0.0011284 0.011182 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO; Topotecan 
0.26 ¬μM-Paclitaxel 5.3 ¬μM

N-Acetylputrescine 0.0015605 0.014175 Paclitaxel 5.3 ¬μM-DMSO; Paclitaxel 5.3 ¬μM and Topotecan 0.26 ¬μM-DMSO
Cytosine 0.0049182 0.039835 Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM; Topotecan 0.26 ¬μM-Paclitaxel 5.3 ¬μM and 

Topotecan 0.26 ¬μM
Androstenedione 0.0051164 0.039835 Paclitaxel 5.3 ¬μM-DMSO
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acid were reduced in abundance while cinnamic acid was increased in abundance (Fig. 3).

3.2. Enrichment analysis

Using the SMPBD database, significantly altered metabolites sets were subjected to pathway enrichment analysis in MetaboAnalyst 
5.0. As shown in Fig. 4A and B, enrichment analysis included statistically significant metabolites (p < 0.05). Purine metabolism was 
highly enriched in both paclitaxel and combination treatments. However, thiamine metabolism, phenylacetaldehyde metabolism, 
alanine metabolism, and butyrate metabolism were specific to paclitaxel treatment. Glutathione metabolism, pyruvaldehyde degra-
dation, taurine, and hypotaurine metabolism spermidine and spermine biosynthesis along with amino acid metabolism were signif-
icantly enriched in the combination treatment. However, for topotecan treatment, since hyodeoxycholic acid was the only significantly 
altered metabolite and it did not match the metabolite library set, no enrichment analysis could be performed.

3.3. Proteomics

A total of 66,651 spectra, 6663 peptides and 1023 proteins from these peptides were generated, after filtering for only those 
proteins identified by at least one unique and two total peptides. We subsequently filtered for those proteins with no missing values 
across all the samples, using the MaxQuant generated label-free quantification (LFQ) values, which resulted in 340 proteins with 
highly confident protein group assignments and quantitation for downstream analysis. The significantly altered proteins are 
mentioned in Table 1 in Supplement 1. Among the altered genes, P35244 (RPA3) was upregulated in topotecan treatment. Also, 
P62277 (RPS13) was found to be downregulated in paclitaxel and combination treatment. O15460 (P4HA2) was found to be 
downregulated in topotecan and combination treatment.

PCA shows the scattering of each group, suggesting that there are differences among the groups (Fig. 5A). This is supported by the 
distribution of coefficient of variance (CV) values for these proteins which shows that there is more variation across treatment groups 
than there is within the individual groups. However, the combination treatment introduces more variability within its group, likely due 
to complex interactions between the drugs (Fig. 5B). Among all the groups, 79 proteins were found to be significantly dysregulated in 
at least one group by ANOVA. Specifically, in the paclitaxel group, 46 were significantly impacted, while in topotecan, 27 were 
significantly dysregulated. In the combination group, 57 were shown to be significantly altered compared to the control (Table 1 in 
Supplement 1). Furthermore, the heatmap depicted in Fig. 5C shows complete separation of the groups confirming the difference 

Fig. 2. Box plots for each significantly dysregulated metabolite in the (A) Paclitaxel and DMSO groups; (B) Topotecan and DMSO groups.
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among them. EIF3F and GNB2L1, RPA3, HINT2, and RPA3 were shown to be significantly upregulated in the combination group when 
compared to the control. While FDXR, RPL7, RPS3, and PSMB6 were significantly downregulated in the combination group compared 
to the control (Fig. 6). The HEXB protein was significantly upregulated upon the administration of topotecan treatment. The HMOX1 
protein was significantly upregulated upon administering paclitaxel treatment, while SNRNP70 was downregulated.

3.4. Gene set enrichment analysis

The enriched biological processes from enrichment analyses are displayed in Fig. 7. The nodes are colored based on their adjusted p 
values and sized according to the number of proteins in the data which are part of the set. The x-axis indicates the Normalised 
Enrichment Score (NES) for the terms which were significantly altered. The NES represents whether the proteins in the indicated set 
are being collectively up- or downregulated (positive/negative).

Fig. 8 shows the integrated metabolomics and proteomics pathway analysis for the monotherapies and combination treatment. In 
the cells treated with paclitaxel, ribosome, protein processing in the endoplasmic reticulum, hypoxia-inducible factor 1 (HIF-1) 

Fig. 3. Box plots for combination treatment (paclitaxel and topotecan).
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signaling pathway, Parkinson’s disease, thermogenesis, glycolysis, and fructose and mannose metabolism were significantly per-
turbed. However, in topotecan treatment, lysosome, spliceosome, mismatch repair, DNA replication, phototransduction, apelin 
signaling pathway, and glycosphingolipid biosynthesis were significantly impacted. Moreover, in the combination group, ribosome, 
apoptosis, HIF-1 signaling, arginine and proline, glutathione, purine metabolism, apelin signaling pathway, and glycolysis were 
significantly altered. Other pathways impacted in combination treatment were vesicle lumen, secretory granule lumen, macromole-
cule biosynthesis process, and cellular macromolecule process.

4. Discussion

Paclitaxel, topotecan, and their combination treatment induces distinct metabolomic and proteomic signatures, with the combi-
nation more closely resembling that of paclitaxel. The PCA for the proteomics data, sPLS-DA for the metabolomics data, and hier-
archical clustering for each (see Figs. 5A, 1A and 1B and 5C, respectively) together demonstrate a remarkably consistent pattern.

In the two-dimensional PCA and sPLS-DA analyses, topotecan and control treatments were observed to be clustering close to each 
other while paclitaxel clusters were far from control. This suggests that more considerable differences exist between control samples 
and paclitaxel-treated samples than with topotecan-treated samples. Additionally, we observe that samples treated with the combi-
nation of drugs cluster together, forming a distinct group with its own patterns of analyte abundance aside from their individual 
clusters.

Differentially abundant proteins were identified, showing associations with key cellular processes such as cell division, autophagy 
and apoptosis. Among these proteins, FDXR was significantly upregulated, and SERPINE1 was markedly downregulated following 
topotecan treatment. This finding aligns with their known functions: FDXR as a pro-apoptotic factor and SERPINE1 as a crucial player 
in the progression of GBM [35]. The downregulation of SERPINE1 by topotecan suggests its potential to inhibit GBM progression by 
targeting this specific pathway.

RPS3 was notably among the most significantly downregulated proteins following both paclitaxel and the combined treatment. 
This decrease is advantageous, as RPS3 is commonly overexpressed in cancer cells, and its downregulation may help mitigate 
tumorigenesis [36]. LDHA was one of the most strongly decreased proteins in all three treatments, suggesting metabolic pathways 
involved in cancer cell survival are effectively targeted. At the same time, others were related to cell cycle progression, differentiation, 
and immune cell development. Interestingly, HSP90B1, downregulated in topotecan, is a transcription factor involved in regulating 
neural development and differentiation. RPA3 has been shown to have both oncogenic and tumor-suppressive roles in different types 
of cancer, and its expression can be influenced by different factors, such as DNA damage, cell cycle regulation, and DNA replication 
stress [37].

At the pathway level, this same observation continues, with six pathways/GO terms being enriched for dysregulation in both the 
combination treatment and treatment with paclitaxel alone, showing the similarity between these two treatment regimes. Yet, while 
only three pathways showed significant enrichment from topotecan-only treatment in the proteomics data, all three pathways were 
likewise enriched in the combination treatment, indicating that mechanisms from topotecan treatment are present too.

This additive effect can be seen clearly in the proteomics data, where numerous proteins displayed synergistic or antagonistic 
interactions. Among the most significantly dysregulated proteins (Fig. 6), HINT2 and GNB2L1 each show a strong synergistic effect in 

Fig. 4. Enrichment analysis for (A) DMSO with paclitaxel 5.3 μM; (B) DMSO with (paclitaxel 5.3 μM + topotecan 0.26 μM).
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the two treatments, both causing changes in the same direction, and this leading to an exponentially stronger dysregulation in the 
combined treatment (points are plotted on a logarithmic scale). These combined drug effects also lead to examples of negative synergy 
or antagonistic interactions such as that observed with HMOX1, which was the second most strongly (largest fold-change) increased 
protein upon paclitaxel treatment, yet no different from controls upon the combination with topotecan.

Yet, even more, surprising are those examples where some interaction between the drug effects leads not to a failed synergy – a 
decrease and increase combining to only a lesser increase or decrease – but a genuinely surprising antagonism between the treatments. 
This can be seen, for example, with hyodeoxycholic acid in the metabolomic data and JUP in the proteomic data. In both cases, the 
analyte was significantly increased upon treatment with either paclitaxel or topotecan. Hyodeoxycholic acid is a natural secondary bile 
acid [38]. Bile acids are derived from cholesterol, and glial cells, including U87 cells, are recognized for their capability to synthesize 
lipids such as fatty acids and cholesterol through de novo lipogenesis (DNL) [39,40]. However, byproducts of altered cholesterol 
pathways could lead to the production of bile acid derivatives like hyodeoxycholic acid [41,42]. This dysregulation may result from 
metabolic reprogramming in U87 cells in response to treatment with topotecan or paclitaxel, enabling the cells to support their growth 
and survival and resist the effects of the therapy [43]. Combination of the drugs shows a relatively downregulated expression of 
hyodeoxycholic acid (Fig. 1B). While a single drug alone might inadvertently increase the levels of this metabolite, potentially aiding 

Fig. 5. A) Principal components analysis of the groups; B) Coefficient of variation of the proteins among the groups; C)Heatmap of all the groups.
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cancer survival, combination therapy appears to counteract this effect. This suggests that the combination therapy could be more 
effective at inhibiting cancer growth by preventing the upregulation of harmful metabolites like hyodeoxycholic acid, thereby offering 
a more robust therapeutic outcome. Moreover, JUP, a structural and functional homolog of β-catenin [44], was explicitly the single 
most strongly increased protein upon either treatment, yet, upon a combination of the treatments, no significant difference can be 
observed. Thus, while the combined treatment appears to represent an addition of the two separate treatments predominantly, these 
examples of synergy and antagonism are essential in demonstrating that it nevertheless represents a distinct therapy, with sometimes 
synergistic, sometimes antagonistic, and sometimes outright surprising interaction effects and unique properties. The strong upre-
gulation of JUP seen here could suggest a stress-induced mechanism promoting tumorigenesis [45]. However, the combination 
treatment’s lack of significant JUP expression compared to control indicates that it may effectively counteract this stress response, 
preventing the compensatory upregulation of JUP. This suggests that the combination therapy might neutralize the tumor-promoting 
effects seen with individual treatments, offering a more balanced and effective approach.

Paclitaxel and topotecan work together to suppress HIF-1-mediated resistance and inhibit glycolysis. The enrichment for dysre-
gulation in the hypoxia-inducible factor (HIF-1) pathway was seen in the proteomics gene set enrichment results for topotecan 
treatment, the joint-pathway metabolomic and proteomic analysis for paclitaxel treated samples, and both the gene set enrichment and 
joint-pathway analyses in the combination treatment. Thus, there is strong evidence that this pathway is affected by both treatments 
and the combination. Additionally, multiple downstream members of the regulon showed decreased abundance, including the pre-
viously mentioned HMOX1, SerpinE1, and LDHA. Alongside LDHA, the necessary glycolysis/gluconeogenesis enzymes PGK1 and 
ALDOA were likewise decreased, consistent with the role of HIF-1 in regulating glycolysis [46]. This relationship is particularly 
noteworthy as topotecan-treated samples revealed precisely three enriched protein pathways: HIF-1 signaling, glycolysis/gluconeo-
genesis, and COVID-19, where the last is perhaps a poorly named KEGG pathway with high overlap with ribosomal terms such as 
translation. With glycolysis/gluconeogenesis likewise being identified as an enriched term in topotecan and combination treatment, it 
is clear the HIF-1 signaling pathway is being suppressed and failing to upregulate glycolytic pathways upon treatment. As glycolysis is 
a pathway essential to cancer progression and upregulated in numerous cancers [47], the decreased abundance of these crucial en-
zymes upon treatment with anti-cancer drugs suggests that this dysregulation, likely mediated through the HIF-1 signaling pathway, 
forms an integral part of their respective mechanisms of action.

Previous studies [48] on the lung cancer cell lines PC14PE6 and NCI-H441 showed that the paclitaxel resistance observed in the 
former was due to constitutively higher base levels of HIF-1 alpha, and that hypoxia-induced HIF-1 alpha expression rendered both cell 

Fig. 6. Abundance profiles of the most significantly dysregulated proteins labelled by gene names.
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lines resistant to paclitaxel. This could be mediated through HIF-1 alpha-induced overexpression of Tubulin [49], the target of 
paclitaxel, or through HIF-1 alpha-mediated resistance to apoptosis [50].

In our study, spermidine, guanine, D-Alanine, 1,11-Undecanediol and sphingosine were downregulated in the combination therapy 
compared to DMSO and other single-drug treatments. The interpretation of such findings lie in the context of metabolic reprogram-
ming. For example, both Guanine (through nucleic acid metabolism) and spermidine (through polyamine metabolism) are crucial for 
cell proliferation [51,52]. 1,11-Undecanedioic acid and Sphingosine are connected to lipid metabolism, which is often reprogrammed 
in cancer cells to support rapid cell division [53]. In single drug treatments, upregulation might be related to altered metabolism to 
support uncontrolled growth, while downregulation in the combination highlights its potential to overcome metabolic reprogramming 
in favor of the malignancy. In fact, spermidine depletion has been reported to arrest mammalian cancer growth [54]. Although these 
metabolites are not part of a single linear pathway, they are part of broader networks that support key cellular functions such as 
membrane integrity and energy production. These networks can be co-regulated in response to stress upon single drug treatments, 
leading to coordinated changes in their levels.

Our one-way ANOVA shows that sphingosine, critical for cell signaling and membrane structure, displays significant differences 
between the paclitaxel-only group and both the DMSO control and combination therapy groups. This suggests that the combination 

Fig. 7. Gene set enrichment analysis for A) Paclitaxel compared to control; B) Topotecan compared to control; C) Topotecan and paclitaxel 
compared to control.
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therapy may modulate sphingolipid metabolism more effectively than paclitaxel alone. Similarly, guanine and spermidine, both of 
which are integral to nucleic acid and polyamine metabolism respectively, show significant downregulation in the combination 
therapy compared to single-drug treatments, indicating a potential disruption of pathways that are crucial for cancer cell proliferation. 
Moreover, metabolites like hyodeoxycholic acid and nutriacholic acid, which are associated with cholesterol and bile acid metabolism, 
also demonstrate significant changes, particularly between paclitaxel and combination therapy. This further supports the notion that 
combination therapy induces more comprehensive metabolic reprogramming, potentially enhancing its therapeutic efficacy by 
overcoming the metabolic adaptations that cancer cells may develop in response to single-drug treatments.

The joint pathway analysis (Fig. 8) highlights several significantly altered pathways across different conditions. A notable 
observation is the involvement of pathways such as the ribosome, HIF-1 signaling, glycolysis/gluconeogenesis, and glutathione 
metabolism across the different treatments. This suggests a potential upstream-downstream relationship where the ribosome and HIF-1 
signaling pathways could serve as upstream regulators, influencing downstream processes like glycolysis/gluconeogenesis and 
glutathione metabolism.

Given that drug resistance often contributes to paclitaxel treatment failure, it was previously proposed that this drug be paired with 
treatments that target HIF-1 alpha [48]. Our data presented here, when combining the metabolomic and proteomic results, reveal the 
dysregulation of HIF-1 and glycolysis/gluconeogenesis to be present in paclitaxel treatment and, most importantly, in the combination 
treatment, confirming that the interactions between these two treatments are favorable in subduing the HIF-1 signaling pathway 
dysregulation and suggesting that this treatment combination would indeed be less susceptible to the emergence of paclitaxel drug 
resistance.

In our subsequent research, we plan to incorporate differential proteomic analysis both before and after treatment interventions, 
such as those with paclitaxel and/or topotecan, to further elucidate the specific changes in protein expression related to GBM treatment 
efficacy and mechanistic insights. Moreover, we intend to expand upon our current findings by implanting U87 cells into animal 
models to induce GBM. This forthcoming investigation will address the disparity between our laboratory-based observations and the 
effect of the tumor microenvironment. Such a strategy is anticipated to understand the molecular alterations of U87 cells within a 
realistic physiological setting, thereby facilitating a deeper understanding of GBM advancement and therapeutic efficacy.

Fig. 8. Joint pathway analysis of metabolomics and proteomics for A) Cells treated with paclitaxel B) Cells treated with topotecan C) Cells treated 
with paclitaxel and topotecan.
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