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ABSTRACT
Bacterial infections have been implicated in shaping the tumor microenvironment (TME), but their effects on cancer cell
proteomes remain unexplored. In this study, we analyzed proteomic changes in melanoma (A375) and ovarian cancer (OVCAR3)
cell line models following infection with Staphylococcus aureus strain USA300 or Salmonella enterica strain SL1344 using mass
spectrometry-based label-free quantitative proteomics. Bacterial infection leads to widespread changes in host protein expression
in the cancer cells, with levels of proteins involved in mitochondrial metabolism, RNA processing, and cellular stress response
all increasing in relative abundance. In contrast, proteins involved in DNA repair, cytoskeletal structure, vesicle trafficking, and
cell cycle regulation were consistently downregulated. The magnitude of the observed changes varied by the cancer cell type.
Understanding these interactions may provide new directions for the role of bacteria in tumor progression and therapeutic
resistance.

1 Introduction

Recent research has revealed how the human microbiome
plays an essential role in cancer development by affecting
tumor growth and treatment results through pathways involving
inflammatory responses, immune system actions, and metabolic
exchanges [1]. The tumor microenvironment (TME) contains
pathogenic bacteria that change tumor biology through metabo-
lite production, which adjusts immune responses and signaling
pathways and directs tumor cell interactions. The outcome of
bacterial interactions in cancer development varies between

tumor suppression and tumor promotion based on different
bacterial species [2, 3]. Commensal bacteria affect the TME
through immune response modulation and metabolite produc-
tion, influencing tumor progression while preventing pathogenic
bacteria colonization [4].

Microbial colonization, along with immune system modulation
andmetabolic interactions, reprograms the dynamic TME, which
subsequently affects bacterial antigen presentation and the effi-
cacy of therapeutic responses. Research indicates that bacterial
populations in tumor tissues display distinct characteristics when
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compared to normal tissues nearby, which implies particular
bacterial species either survive ormigrate toward the transformed
TME [3]. The presence of Fusobacterium nucleatum in the gut
promotes colorectal cancer progression through inflammation
and immune evasion mechanisms [5]. Staphylococcus aureus
contributes to ovarian cancer advancement by triggering chronic
inflammation and immune suppression through macrophage
reprogramming into tumor-promoting states [6, 7]. Inmelanoma,
S. aureus infection leads to changes within the TME that may
impact the progression of melanoma tumors by affecting growth
and metastasis [8].

Bacteria such as S. aureus and Salmonella enterica invade epithe-
lial cells in different ways. Through fibronectin-binding proteins
(e.g., FnbA and FnbB), S. aureus interacts with fibronectin,
enabling attachment to host cell surfaces and connecting bacteria
to host integrins for cell internalization [9]. The inactivation of
genes regulating invasion mechanisms, such as fnbA and fnbB,
can cause bacteria to be unable to enter host cells [9]. The
correspondingmutants can distinguish betweenhost responses to
intracellular infection and those caused by exposure to bacteria.
On the other hand, S. enterica utilizes a type III secretion system
to inject effector proteins that induce cytoskeletal rearrange-
ments, such as membrane ruffles, that facilitate bacterial entry
into epithelial cells and macrophages [10, 11].

Understanding the intricate proteomic shifts in host cells dur-
ing bacterial infections is crucial for elucidating the molecular
mechanisms that govern host-pathogen interactions. Advances
in mass spectrometry (MS) have enabled high-resolution inves-
tigation of infection-induced proteomic changes, shedding light
on how bacteria manipulate host cellular processes [12]. Recent
proteomics studies [13, 14] using epithelial cellmodels have begun
illuminating the host adaptive and innate responses to S. aureus.
For example, a time-resolved proteomic analysis in lung epithelial
cells revealed extensive metabolic reprogramming in the infected
host cells, driven by fierce competitionwith bacteria for nutrients,
resulting in host cell apoptosis as intracellular S. aureus replicated
[13]. Similarly, a proteomic study comparing human skin ker-
atinocytes demonstrated that S. aureus triggers cell-type-specific
proteome changes [14]. In keratinocytes, infection-induced pro-
teins are related to barrier integrity and immune defense. Many
of these affected host proteins were innate immune regulators,
metabolic enzymes, and stress response mediators.

Numerous studies have also utilized proteomic approaches to
analyze host responses to Salmonella infection [15, 16], offering
valuable insights into pathogen-induced metabolic reprogram-
ming, immune modulation, and the dynamics of host-pathogen
interactions [17]. For instance, Wang et al. explored how
Salmonella infection remodels the host proteome, focusing on
metabolic adaptations that facilitate bacterial survival [15]. The
study found that infection induces shifts in lipid metabolism,
protein translation, and actin cytoskeleton, emphasizing how
pathogens exploit host resources to sustain intracellular growth,
which confirmed that bacterial infections can alter host cell
metabolism. More recently, Entrenas-García et al. investigated
microRNA-mediated regulation of host responses to Salmonella
infection, demonstrating that miR-215 is significantly down-
regulated in infected epithelial cells. This leads to increased
ubiquitination and activation of autophagy-related pathways [16].

This study underscored the role of post-translational modifica-
tions in bacterial infections, suggesting potential mechanisms
through which bacteria alter host proteostasis.

Although many studies have explored host responses to bacterial
infections at the protein level, research on bacterial infections
explicitly targeting cancer cells is limited. Here, we examined
proteomic changes in melanoma and ovarian cancer cells during
infection with S. enterica and S. aureus. Proteomics data were
generated using our One-Pot Sample Preparation for Proteomics
(onePOT) method, which requires very few cells for analysis [18].

2 Methods

2.1 Generation of Bacteria-Infected Cancer Cell
Lines

The A375 melanoma cell line and OVCAR3 ovarian cancer cell
line were obtained from the American Type Culture Collection
(ATCC). S. aureus (USA300 wildtype and ΔfnbAB) [9] was
cultured in Tryptic Soy Broth (TSB) at 37◦C with shaking at
200 rpm, overnight. S. enterica (SL1344) was cultured in Luria-
Bertani (LB) broth, at 37◦C with shaking at 200 rpm, overnight.
Bacterial concentrations were estimated bymeasuring the optical
density at 600 nm (OD600) using a spectrophotometer; these
numbers were then used to establish the multiplicity of infection
(MOI). The bacterial suspensions were added into T-75 flasks
containing A375 or OVCAR3 cells at MOIs of 50:1 and 100:1
(bacteria to cancer cell ratios) and incubated at 37◦C in a 5% CO2
incubator for 30 min. Following the initial incubation, the cancer
cells were washed three times with PBS to remove non-adherent
bacteria. Subsequently, 10 mL of fresh culture media containing
50 µg/mL gentamycin was added to each flask to kill extracellular
bacteria. The flasks were incubated at 37◦C in a 5% CO2 incubator
for 2 h. After this incubation, the cells were washed once with
PBS, and fresh culture media containing 12 µg/mL gentamycin
was added to each flask. The flasks were incubated for another
24 h.

The sample preparation protocol for MS-based proteomics anal-
ysis was adapted from a previous study [18] with modifications
tailored to accommodate the analysis of approximately 10,000
cells. Reagents utilized were of LC-MS grade (Thermo Fisher
Scientific, USA) unless otherwise specified. Cultured cells were
suspended in a PBS solution at 10,000 cells/µL concentrations.
Prior to analysis, the cells underwent pre-lysis using an ultrasonic
probe to facilitate efficient disruption of cellular membranes and
release of intracellular components. Then, one microliter of the
lysate solution was aliquoted into the well of a 384-well plate.
A modified version of the Rapid Digestion Kit-Trypsin/Lys-C
(Promega, CAT.#VA1061) protocol was used, in which the sup-
plied digestion buffer was replaced with a custom buffer contain-
ing 25mMTris (pH= 8) and 2mM tris(2-carboxyethyl) phosphine
(TCEP) (Thermo Scientific, CAT. #77720). The Trypsin/Lys-Cmix
was diluted to 100 ng/µL in water and mixed with the substitute
digestion buffer at a ratio of 1:15 (v/v). Subsequently, 37.5 µL
of the mixed digestion buffer was added per well in the 384-
well plate. High-temperature digestion was facilitated by placing
the entire plate in a water bath for a 180-min incubation period
at 70◦C. Following digestion, 3.75 µL of 744 mM iodoacetamide
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(IAA) was added to the plate, and the mixture was incubated for
30 min at room temperature in the dark to facilitate alkylation.
The reaction was quenched by adding 10% formic acid to the
plate. Subsequently, digests were concentrated using solid-phase
extraction with OASIS HLB cartridges (10 mg sorbent, 30 µm
particle size; Waters, Milford, MA, USA). Eluted samples were
lyophilized to dryness and rehydrated in 40 µL of 2% acetonitrile
(ACN) (Optima LC/MS grade, Cat# A955-4; Fisher Chemical)
and 0.1% formic acid (Optima LC/MS grade, Cat# A117-50; Fisher
Chemical) for further analysis. All experimental conditions
were performed in three biological replicates (n = 3) unless
otherwise specified, and summary values are reported as mean
± SD.

2.2 Nano-LC-MS/MS

Samples (10 µL) underwent separation by online reversed-phase
liquid chromatography employing a Thermo Scientific EASY-
nLC 1000 system (Thermo Fisher Scientific, San Jose, CA, USA).
This system included an Acclaim PepMap 100 C18 reversed-
phase pre-column (100 µm I.D., 2 cm length, 5 µm, 100Å,
Thermo Fisher Scientific, San Jose, CA, USA) and an Acclaim
PepMap 100 reversed-phase nano-analytical column (75 µm I.D.,
150 mm length, 3 µm, 100Å, Thermo Fisher Scientific, San Jose,
CA, USA), and operated at a flow rate of 300 nL/min. The
chromatography system was coupled online with an Orbitrap
Fusion Tribrid mass spectrometer equipped with a Nanospray
Flex NG source (Thermo Fisher Scientific). Solvents A and B
were prepared as follows: A consisted of 2% acetonitrile and
0.1% formic acid, while B contained 90% acetonitrile and 0.1%
formic acid. Following a pre-column equilibration of 4 µL at
298 bar and a nanocolumn equilibration of 4 µL at 298 bar, sample
separation was achieved using a 140-min gradient (0 min: 5%
B; 100 min: 25% B; 120 min: 40% B; 130 min: 90% B,135 min:
90%B, 136 min 100% B, 140 min to 0% B). Instrument parameters
for the Orbitrap Fusion instrument were configured as follows
(Fusion Tune 3.5 software): a nano-electrospray ion source with
a spray voltage of 2.6 kV and a capillary temperature of 275◦C.
The acquired survey MS1 scan range was 300–1500 m/z in
profile mode, with a resolution of 120,000 FWHM@200 m/z
and one microscan using the Siloxane mass 445.12002 as a
lock mass for internal calibration. Data-dependent acquisition
Orbitrap survey spectra were scheduled at least every 3 s, with the
software determining the maximum MS/MS acquisitions during
this period. The automatic gain control (AGC) target value for
FTMS was set to Standard (100%) with automatic fill time and
a maximum fill time of 50 ms. Precursor ions with charge states
2–7 exceeding 5000 counts were selected for high-energy C-trap
dissociation (HCD) MS/MS fragmentation in the ion routing
multipole. Monoisotopic Precursor Selection (MIPS) and Isotope
exclusionwere enabled, with dynamic exclusion settings: exclude
after count: 2; if occurs within: 30 s; exclusion duration: 15 s with
a 10-ppm mass window. The data-dependent (ddMS2) IT HCD
scan used a quadrupole isolation window of 1.6 Da; Iontrap scan
rate rapid with normalmass range, automass, centroid detection,
onemicroscan, and an automatic 35msmaximum injection time.
The standard AGC target (100%) was set to 10,000 counts with
stepped normalized HCD collision energy values of 28%, 30%,
and 32%.

2.3 Data Processing and Protein Identification

Data acquired were analyzed using MSFragger [19], the default
workflow was selected in FragPipe (v21.1) and Philosopher
(v5.1.0). Parameterizations for tools used were provided in
Supporting Information A. Protein identification was performed
using a combined search database that included Homo sapi-
ens (Taxon ID: 9606) and S. enterica (Taxon ID: 90371) or S.
aureus (Taxon ID: 1280) to account for both host and bacterial
proteins. For cross-validation, we re-searched the same raw
files with MaxQuant using parameters matched to the Frag-
Pipe/Philosopher workflow, and obtained highly similar iden-
tifications and quantifications; therefore, we report MSFragger
results throughout. The MS proteomics data have been deposited
to the ProteomeXchange Consortium via the PRIDE [20] partner
repository with the dataset identifier PXD062673.

A protein probability filter was then applied, retaining only
proteins with a probability of identification greater than 99%,
following recommendations for high-confidence protein identi-
fication [21]. This stringent probability threshold minimizes the
risk of false-positive identifications, thereby providing a cleaner
and more reliable dataset for downstream analysis.

Missing values were handled using the k-nearest neighbor (KNN)
interpolation method, which estimates missing values based on
biologically similar data points. This approach preserves bio-
logical variability while maintaining the integrity of the dataset
[22]. After imputation, label-free quantification (LFQ) intensity
values were quantile normalized to correct for systematic
differences between samples (Figure S1), a standard practice to
reduce bias and facilitate reliable cross-sample comparisons [23].
The overall workflow, encompassing both sample processing and
data analysis, is summarized in Figure 1.

2.4 Statistical Analysis

To assess the global variation in proteomic profiles across differ-
ent infection conditions and cell lines, we performed principal
component analysis (PCA) [24]. Protein expression data were
log-transformed and scaled before PCA. The analysis used the
top varying proteins across samples to reduce dimensionality
while retaining the most informative features. PCA allowed
visualization of sample clustering and identification of major
sources of variance, such as cell line identity and bacterial
infection status. These projections facilitated interpreting the
overall similarity or divergence in host responses under different
experimental conditions.

The statistical analyses were performed using a one-way analysis
of variance (ANOVA) with post-hoc correction for multiple
comparisons (A375 data analysis) [25] and t-test (OVCAR3 data
analysis). A p value threshold of< 0.05 was used to identify differ-
entially expressed proteins. Benjamini–Hochberg procedure was
employed to control the false discovery rate [26].

Over-representation analysis (ORA) was performed with
g:Profiler [27]. For each infection-versus-uninfected contrast
and cell line, we analyzed up- and down-regulated protein sets
separately (defined by BH–FDR ≤ 0.05 and |log2FC| ≥ 0.322,
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FIGURE 1 Workflow of sample preparation and proteomic data analysis. Created in BioRender. Ren, B. (2025) https://BioRender.com/uzrxrd3.

unless stated). Protein identifiers were mapped to human
gene symbols (HGNC) using g: Profiler’s default Ensembl
annotation at the time of analysis. Enrichment was tested
for Gene Ontology (GO) Biological Process (BP) using the
cumulative hypergeometric (Fisher’s exact) test with Benjamini–
Hochbergmultiple-testing correction; termswith FDR≤ 0.05 and
overlap ≥ 2 genes were considered significant. The background
(universe) was set to all quantified proteins in the corresponding
contrast.

The statistical analysis was done in Python; workflow graphing
was created using BioRender (BioRender, Toronto, ON, Canada),
and other graphing was done in GraphPad Prism v.10.4.0
(GraphPad Software, San Diego, CA, USA).

3 Results

In this study, we aimed to examine the effect of bacterial
infection on the proteome of cancer cells. First, we established an
appropriateMOI by infectingmelanomaA375 cells with S. aureus
wild-type strain at two different MOIs, 50:1 and 100:1. There were
minimal differences between these infection rates; expression of
only 51 host proteins differed between the two conditions (Figure
S2; full list Supporting Information B). We, therefore, proceed
with the lower MOI.

Next, we separately infected two human cancer cell lines, A375
(melanoma) and OVCAR3 (ovarian cancer), with three bacte-
rial strains at 50:1 MOI: fully infectious strains of S. enterica
and S. aureus wildtype, or S. aureus ΔfnbAB mutant, which
cannot invade host cells. After the initial infection period of
30 min, unbound bacteria were removed. Cancer cells were
then incubated with gentamicin to prevent extracellular bacterial
growth while allowing intracellular bacterial survival. Twenty-
four hours after infection, cells were harvested for proteomic

analysis to capture infection-induced changes in the cancer
cells.

3.1 Global Proteomic Overview of Infected and
Uninfected Cancer Cells

Across all conditions, proteomic analysis identified an average
of 2675–3373 host (human) proteins per group (Table 1). After
applying high-confidence filtering criteria (99%), each group
retained an average of 1648–2407 human proteins (Table 1).

For bacterial protein identification, raw data were searched
against a combined human and bacterial proteome database.
Data were then filtered against a combined human and bacte-
rial proteome database, and proteins with homologous peptide
sequences shared between human and bacterial proteins were
excluded. For example, Glyceraldehyde-3-phosphate dehydroge-
nase (GAPDH) was not included in the analysis, as it shares more
than 70% of the identity between humans and bacteria on the
protein level. Due to the stringent filtering criteria, only 18 unique
S. aureus proteins were identified across all infected samples. Of
these, 3 proteins were consistently detected in both A375 and
OVCAR3-infected cell samples, while 14 proteinswere exclusively
found inA375-infected samples.One S. aureusproteinwas unique
to the infected OVCAR3 cell samples. Additionally, 12 unique S.
enterica proteins were identified in A375 cell samples infected
with this bacterium. These bacterial proteins mainly comprised
surface-associated proteins and metabolic enzymes (Supporting
Information C).

PCA was performed to assess the global proteomic variation
across all experimental conditions. The first principal component
(PC1) and second principal component (PC2) accounted for 28.0%
and 18.4% of the total variance, respectively. As expected, the PCA
separated the proteomes of melanoma and ovarian cancer cell
lines (Figure 2).
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TABLE 1 Quantification of host and bacterial proteins in infected and uninfected cells. Numbers represent averages from three biological
replicates ± standard deviation.

MOI
Host protein number

(before filter)

Host protein
number (after

filter)
Bacterial protein

number

A375 (uninfected control) — 2948 ± 80 1984 ± 32 —
A375 + S. enterica 50:1 3134 ± 121 1648 ± 73 8 ± 2
A375 + S. aureus wildtype 50:1 3186 ± 191 2112 ± 112 6 ± 2
A375 + S. aureus wildtype 100:1 3294 ± 82 2036 ± 34 7 ± 1
A375 + S. aureus ΔfnbAB 50:1 3083 ± 191 2407 ± 58 2 ± 1
OVCAR3 (uninfected control) — 2675 ± 63 2358 ± 51 —
OVCAR3 + S. aureus wildtype 50:1 3373 ± 16 2277 ± 12 3 ± 1

FIGURE 2 PCA of experimental groups used in this study.

3.2 Impact of Bacterial Infection on the
Proteome of A375 Melanoma Cells

First, we compiled all identified proteins to assess the overall
proteomic coverage across all infection conditions in A375 cells. A
core set of 1900 proteinswas detected in all three infection groups,
reflecting a common baseline of host protein expression in the
presence of bacteria (Figure 3A).

Next, we compared non-infected A375 melanoma cells with those
infected with S. enterica, wildtype S. aureus, or the non-invasive
S. aureus ΔfnbABmutant to elucidate how infection with distinct
bacteria modulates the melanoma cell proteome (Figure 3B–
D). S. enterica, an actively invasive intracellular pathogen [28],
elicited amoderate response on the protein level, with 55 proteins
upregulated and 58 downregulated. ORA showed cytoskeletal
remodeling among the up-regulated proteins (supramolecular
fiber organization) and RNA metabolism among the down-
regulated proteins (Figure 3E). Wildtype S. aureus infection
induced the most extensive proteomic changes when compared
to the uninfected control, with 51 host proteins upregulated
and 121 downregulated. ORA showed that up-regulated proteins
were enriched for metabolic functions, whereas down-regulated
proteins were enriched for DNA replication/repair and cell cycle
programs (Figure 3F). In contrast, the ΔfnbABmutant caused the

fewest changes (24 upregulated and 45 downregulated proteins),
suggesting that active cell invasion was needed to trigger a strong
host response in the cancer cells [9], no GO terms reached signif-
icance among the upregulated proteins. For the downregulated
set, ORA highlighted regulation of protein transport and vesicle
budding from the membrane and cadherin binding (Figure 3G).
PCA (Figure 2) supported these observations. Infection with the
fully virulent, wildtype S. aureus led to separation of the infected
A375 cell from their uninfected counterparts (Figure 2). On the
other hand, the melanoma cells infected with S. enterica and the
non-infectious S. aureus ΔfnbAB mutant clustered closely with
the respective uninfected controls (Figure 2). Overall, the results
suggest that bacterial invasiveness and virulence shaped the host
proteomic response in cancer cells.

To identify common patterns in host responses to infection,
we examined proteins consistently dysregulated in melanoma
cells upon infection with both fully virulent pathogens. We
identified seven host proteins that were consistently upregulated
(Figure 4A, full list in Supporting Information D) and annotated
them using UniProt [29] and published literature. We repeatedly
observed NAMPT and TUBG1 among the members of signifi-
cantly enriched terms in both S. enterica and wildtype S. aureus
infected cells (Figure 3B,C). These proteins represent NAD sal-
vage metabolism (NAMPT; nicotinamide phosphoribosyltrans-
ferase) [30] and microtubule nucleation/organization (TUBG1;
γ-tubulin) [31], respectively, as annotated by UniProt and prior
literature. Fifteen proteins were consistently downregulated
(Figure 4B, full list in Supporting Information D). Notable exam-
ples include CDK11B [32], a cyclin-dependent kinase required
for cell-cycle progression, both of which decreased in both
infections.

3.3 Impact of Bacterial Infection on the
Proteome of OVCAR3 Ovarian Carcinoma Cells

We further investigated the impact of bacterial infection on
cancer cell proteome in OVCAR3 cells infected with S. aureus
(Figure 5A). In response to infection, 253 and 273 proteins were
upregulated and downregulated, respectively, when compared to
uninfected controls (Figure 5B, full list in Supporting Information
E). ORA of the upregulated set indicated enrichment for energy-
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FIGURE 3 Impact of bacterial infection on the proteome of A375 cells. (A) Host proteins were detected in A375 cells across all conditions. Volcano
plot comparing A375 cells infected with S. enterica (B), wildtype S. aureus (C), and the non-invasive S. aureus ΔfnbAB (D) with their uninfected
counterparts (negative control). Differentially expressed proteins were identified by ANOVA (p < 0.05, |log2(fold change)| > 0.322). ORA of the
significantly altered proteins for the comparisons in (B–D), respectively: (E) S. enterica versus control, (F) wildtype S. aureus versus control, (G)
non-invasive S. aureus ΔfnbAB versus control.

FIGURE 4 Overlap of bacterial infection on the proteome of A375 cells. Venn diagram illustrating the overlap of significantly upregulated (A) and
downregulated (B) host proteins (ANOVA, p < 0.05) in response to infection.

6 Proteomics, 2025
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FIGURE 5 Impact of bacterial infection on the proteome of OVCAR3 cells. (A) Host proteins were detected in OVCAR3 cells across all conditions.
Volcano plot comparing OVCAR3 cells infected with wildtype S. aureus (B). Differentially expressed proteins were identified by t-test (p< 0.05, |log2(fold
change)| > 0.322). ORA of the significantly altered proteins for the S. aureus versus the control in (C).

producing and small-molecule metabolic processes (e.g., genera-
tion of precursor metabolites and energy; nucleobase-containing
small-molecule metabolic process), together with organelle orga-
nization and stress-granule assembly (Figure 5C). Many of these
proteins were involved in mitochondrial metabolism, including
components of the tricarboxylic acid (TCA) cycle, oxidative
phosphorylation, and fatty acid β-oxidation (e.g., NDUFS8 [33],
ACADVL, SLC25A4, and OGDH). RNA processing and splicing
factors (e.g., SART3 [34], TRA2A, and SF3B4), translation reg-
ulators (e.g., EIF3M [35], and GFM1), and proteins associated
with protein degradation or folding (e.g., UBA3 [36], USP10, and
DNAJB11)were also represented.Additional upregulated proteins
were linked to vesicle transport, signal transduction pathways
(GSK3B [37], and OXSR1), chromatin remodeling (TOP2B [38]),
and cytoskeletal organization (ADD1 [39]).

In contrast, the 273 downregulated proteins encompassed dis-
tinct biological processes. GO analysis highlighted decreases in
RNAmetabolism/interaction (e.g., rRNAmetabolic process, RNA
binding), cellular stress responses, and DNA metabolic/repair
pathways (including nucleotide-excision repair). Most of these
proteins involved DNA repair or nucleotide metabolism (e.g.,
RAD23B [40], POLD1, and CMPK1). Other affected host proteins
included chaperones and proteasome-related factors (UBQLN1
[41], and UCHL5), kinases and phosphatases involved in sig-
naling regulation (MAP4K4 [42], CDK5, and PPP1CA), and
metabolic enzymes linked to glycolysis and amino acid biosyn-
thesis (TALDO1 [43] and ACAT2). Additional categories included
cytoskeletal regulators (CNN3 [44] and ZYX), nucleocytoplasmic
transport proteins (NUP188 [45] and NUTF2), vesicle trafficking
proteins (SCAMP3 [46] and PICALM), and immune modulators
(CD59 [47] and NFKB1).

4 Discussion

Previous studies have shown that bacterial infections can change
host cellular functions, including energy metabolism shifts and
immune dysregulation. These changes can lead to infection
persistence and cancer progression [48]. In this study, while the
overall proteomic response to infection varied depending on the
bacterial strain and cancer cell type, we also identified a subset of
proteins that were consistently altered across different infections,
reflecting a conserved component of the host proteomic response.

Although our primary analyses focused on host responses, all
MS searches included the relevant bacterial proteomes, and we
applied stringent filters to retain only unique bacterial peptides
(shared human/bacterial peptides were discarded). Under these
criteria, we identified only a limited number of bacterial proteins:
18 unique S. aureus proteins overall (predominantly in A375; only
1 in OVCAR3) and 12 unique S. enterica proteins in A375. These
were largely core metabolic enzymes and ribosomal/translation-
related proteins (Supporting Information C), consistent with
the notion that such high-abundance bacterial proteins are the
most readily detected in a host-dominated background. Notably,
we observed far fewer bacterial identifications in the ΔfnbAB
dataset comparedwithwildtype,which is consistentwith biology:
ΔfnbAB lacks the FnB A/B–fibronectin–integrin axis required
for efficient host-cell invasion [9], leading to a much lower
intracellular bacterial burden and consequently reduced peptide
detection. Given the overall low pathogen-to-host ratio and our
conservative filtering strategy, coverage of the bacterial proteome
remained modest, precluding robust strain-level comparisons
beyond this qualitative difference.

4.1 Differential Proteomic Responses in A375
Cells to Active Infection Versus Non-Infectious
Bacterial Exposure

The proteomic differences between A375 cells infected with S.
aureus wildtype versus the ΔfnbAB mutant show us how host
cells selectively engage defense programs in response to active
bacterial invasion. Infection with wildtype S. aureus triggered
alterations in pathways related to several mechanisms, such as
mitochondrial metabolism, immune signaling, and cell cycle
progression, which reflects a strong cellular stress response. In
contrast, exposure to the S. aureus ΔfnbAB mutant induced only
mild proteomic changes. This shows that cancer cells react differ-
ently to an active infection versus the mere presence of bacteria,
activating stress and defense pathways only when necessary.

4.2 Conserved Host Proteomic Responses to S.
aureus and S. enterica Infections in A375 Cells

Across both S. aureus wildtype and S. enterica infections in A375
cells, a convergent host program emerged: Enhancement of NAD

Proteomics, 2025 7

 16159861, 0, D
ow

nloaded from
 https://analyticalsciencejournals.onlinelibrary.w

iley.com
/doi/10.1002/pm

ic.70062 by U
niversity O

f V
ictoria, W

iley O
nline L

ibrary on [27/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



salvage/energy replenishment [30] and cytoskeletal/microtubule
nucleation control [31], alongside suppression of cell cycle-
linked functions [32]. Rather than being driven by a single
species-specific effector, this pattern is consistent with a generic
stress-adaptation response in which metabolic rewiring sustains
ATP/NAD homeostasis. On the other hand, the coordinated
decrease of cell-cycle regulators aligns with a proliferation brake
under infection stress, a typical theme observed across pathogen-
host systems.

4.3 Convergent Proteomic Trends in A375 and
OVCAR3 Cells Following S. aureus Infection Suggest
Potential Mitochondrial Adaptations and Host
Pathway Modulation

Although direct statistical comparison between A375 and
OVCAR3 cells is not appropriate due to using different
experimental designs, we observed that several host proteins
exhibited similar directional changes across both cell lines
following S. aureus infection. For example, mitochondrial
complex I subunits such as NDUFS8 were upregulated in
A375 cells and showed a similar upward trend in OVCAR3
cells. NDUFS8 (NADH: Ubiquinone Oxidoreductase Subunit
S8), essential for mitochondrial complex I activity, has been
shown to maintain cellular respiration [33]. Cancer cells may
enhance mitochondrial function to adjust infection-induced
stress by upregulating NDUFS8, another possibility is that
bacteria may exploit host bioenergetics to support intracellular
survival by upregulating NDUFS8 after bacterial infections. This
convergence suggests that mitochondrial activation is a shared
component of the host response to S. aureus.

On the other hand, the expression of proteins vital for cellular
operations such as DNA repair, cytoskeletal organization, and
vesicle trafficking exhibited consistent suppression patterns. The
decreased expression of SH3GL1 [49], which functions critically
in endocytic vesicle formation andmembrane remodeling, shows
the potential of S. aureus to disrupt vesicle trafficking pathways.

Further experimental validation will be needed to determine
whether these proteomic shifts directly reflect bacterial manip-
ulation of host pathways or secondary responses to infection-
induced stress.

4.4 Differential Proteomic Responses in A375
and OVCAR3 Cells to S. aureus Infection and a
Putative Role of P53 in Responses to the Infection

Using A375 and OVCAR3 cell lines allows us to explore possible
mammalian responses to bacterial infection that involve the P53
protein. This tumor suppressor is well-established in regulating
cell cycle arrest, apoptosis, and DNA repair. Not surprisingly, its
inactivation is a hallmark of many cancers and has been linked
to impaired immune surveillance and greater vulnerability to
infection. Given its central role in maintaining genomic stability
and coordinating stress responses, loss of P53 function may
render host cells more susceptible to bacterial invasion. Several
studies have demonstrated that P53 deficiency alters immune cell
recruitment and activity, ultimately facilitating immune evasion

and accelerating tumor progression [50]. In addition, certain
bacterial infections (such as those caused by Helicobacter pylori)
can further affect the immune response by inducing host DNA
damage, leading to abnormal P53 expression [51]. Although
this study provides a causal link in the interaction between
P53 protein and immune response, there is limited evidence
linking mutations in the P53 gene to those P53-dependent protein
expressions induced by bacterial infections such as S. aureus [52].

Melanoma A375 cells harbor a fully functional P53 gene [53].
On the other hand, OVCAR3 ovarian carcinoma cells bear a P53
pointmutation at codon 248, resulting in an arginine to glutamine
substitution and loss of P53 protein function [54]. Therefore, the
expression of several well-characterized P53-dependent proteins
was assessed to examine whether bacterial infection modulates
P53-associated host responses (Figure 6A). For example, PCK2
proteins were upregulated, while TOP2A andMKI67 were down-
regulated in the infected A375 cells. All four of these proteins
are known to be induced or suppressed by the sequence-specific
DNA binding of P53 to their promoters. The upregulation of
PCK2, which enhances gluconeogenesis [55], shows that bacterial
infection may trigger metabolic reprogramming in A375 cells.
TOP2A, which is critical for chromosomal stability, is known
to be repressed by P53 [56], and its downregulation in A375
cells upon infection shows that bacterial exposure reinforces this
suppression. The downregulation of MKI67, a cell proliferation
marker [57], also aligns with the role of P53 in growth inhibition.

We did not detect P53 protein in our proteomic data, but this
is not surprising given the typically low-level expression of this
protein. Further experimental studies are needed to elucidate the
exact mechanism by which P53 dysfunction could alter cellular
responses to bacteria. For example, CRISPR-engineered models,
either A375 cells with an inactivated P53 gene or OVCAR3 cells
with a restored P53 protein function, would help address this
point.

4.5 Metabolic Reprogramming in Infected
Cancer Cells and Its Potential Link to Poor Prognosis

Finally, we focused on metabolic enzymes IDH2 and PCK2 after
reports showed correlations between their activity and poor
prognosis across multiple cancer types [58–61]. The mitochon-
drial enzyme IDH2 within the tricarboxylic acid (TCA) cycle
[59] performs crucial functions in oxidative phosphorylation
and NADPH production that maintain cellular redox balance
and biosynthetic activity during stress conditions. Infection with
wildtype S. aureus led to a significant upregulate of IDH2 in A375
cells (Figure 6B). The continuous increase of IDH2 after bacterial
infection probably represents improved mitochondrial activity as
cells handle stress from infection. Research shows that metabolic
rewiring operates as a key mechanism that supports both tumor
growth and therapy resistance in melanoma cases [59]. The
IDH2 enzyme helps create a tumor-friendly environment by
enabling reductive carboxylation and reactive oxygen species
detoxification, which supports bacterial growth and weakens
immune defense, resulting in poor patient outcomes.

Themitochondrial enzyme PCK2 transforms oxaloacetate (OAA)
into phosphoenolpyruvate (PEP) while serving a crucial function
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FIGURE 6 Bacterial infection alters the expression of P53-related proteins across cancer cell lines and IDH2, PCK2 in A375 cells. (A-B) Box plot
illustrating differential expression of selected P53-related proteins, IDH2 and PCK2 in A375 cells before and after infection. Data represent mean ± SD
from biological replicates. Statistical significance was assessed by one-way ANOVA with Tukey’s HSD post-hoc test. Asterisks (A-B) indicate p < 0.05;
ns, not significant.

in gluconeogenesis. The infection with both S. aureus wildtype
and S. enterica significantly increased PCK2 expression, unlike
the ΔfnbAB mutant strain (Figure 6B). A study has shown that
prostate cancer cells show improved survival under metabolic
stress because PCK2 augments gluconeogenic and reduces TCA
cycle activity [60]. On the contrary, lung adenocarcinoma tumors
show more aggressive behavior when PCK2 levels decrease but
demonstrate better therapeutic outcomes when PCK2 expression
is restored [61]. The findings suggest that bacterial infection
might cause host metabolic changes enabling cancer cells to use
gluconeogenic pathways as an adaptation mechanism against
infection-related stress. The bacteria may be manipulating host
bioenergetic processes to support their survival inside host
cells.

5 Conclusion

Our proteomic analysis demonstrated that bacterial infections
induce distinct but overlapping cellular responses in melanoma
(A375) and ovarian cancer (OVCAR3) cell lines. Specifically,
infection with S. aureus (USA300) or S. enterica (SL1344)
led to the upregulation of proteins involved in mitochondrial
function, RNA processing, and metabolic adaptation, poten-
tially showing that bacterial infection reprograms cancer cell
metabolism to support bacterial survival. In contrast, proteins
related to DNA repair, cytoskeletal organization, and vesicle
trafficking were consistently downregulated, indicating that
bacteria may interfere with host cell integrity and immune
surveillance.

This study examined the complex role that bacteria play in alter-
ing cancer cell responses to infection. Further studies are needed
to understand if similar responses occur in the TME. The results
provide insight to better understand the implications of future
studies on bacteria found in a TME. Thus, the results of this study
can provide hypotheses for testing how in vivo infections may
produce similar outcomes that can inform potential therapeutic
avenues to target host-pathogen interactions to improve cancer
treatment outcomes.
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