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An integrated proteomics and
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neuroblastoma cell line
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This study aimed tohighlight themolecular andbiochemical changes inducedbymethylglyoxal (MGO)
exposure in SH-SY5Y human neuroblastoma cells, and to explore how these changes contribute to its
neurotoxicity, utilizing an integrated proteomics and metabolomics approach. Using label-free
quantitative nanoLC-MS/MS proteomics and targeted LC-TQ-MS/MS-based metabolomics, the
results revealed thatMGOexposure, particularly at cytotoxic levels, significantly altered the proteome
and metabolome of SH-SY5Y cells. Analysis of proteomics data showed significant alterations in
cellular functions including protein synthesis, cellular structural integrity, mitochondrial function, and
oxidative stress responses. Analysis of metabolomics and integration of metabolomics and
proteomics data highlighted significant changes in key metabolic pathways including arginine
biosynthesis, glutathionemetabolism, cysteine andmethioninemetabolism, and the tricarboxylic acid
cycle. These results suggest thatMGOexposure induced both toxic effects and adaptive responses in
cells. MGO exposure led to increased endoplasmic reticulum stress, disruptions in cellular adhesion
and extracellular matrix integrity, mitochondrial dysfunction, and amino acid metabolism disruption,
contributing to cellular toxicity. Conversely, cells exhibited adaptive responses by upregulating
protein synthesis, activating the Nrf2 pathway, and reprogramming metabolism to counteract
dicarbonyl stress and maintain energy levels. Furthermore, a set of key proteins and metabolites
associatedwith these changeswere shown to exhibit a significant concentration-dependent decrease
or increase in their expression levels with increasing MGO concentrations, suggesting their potential
as biomarkers for MGO exposure. Taken together, these findings provide insight into the molecular
mechanisms underlying MGO-induced neurotoxicity and potential targets for therapeutic
intervention.

Neurodegenerative disorders, such as Alzheimer’s disease (AD) and Par-
kinson’s disease (PD), are increasingly prevalent globally due to aging
populations and the lackof effective therapies1. Thepathogenicmechanisms
underlying neurodegeneration are complex, involving various character-
istics like oxidative stress, mitochondrial dysfunction, inflammation, and
protein misfolding and aggregation2–4. The process of protein glycation,

resulting in irreversiblemodifications in proteins, has been suggested to play
important roles in thesemultifactorial diseases5,6. Protein glycation is a post-
translational modification wherein reducing sugars or reactive dicarbonyl
compounds, notably methylglyoxal (MGO) and glyoxal (GO), react non-
enzymatically with amino acid residues on proteins, forming advanced
glycation end products (AGEs)7. These modifications can alter protein
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structure and dynamics and induce the formation of protein cross-links,
potentially promoting or stabilizing pathological protein aggregation,
thereby contributing to neurodegeneration8,9. Furthermore, AGEs could
induce cell dysfunction through interacting with the receptor for AGEs
(RAGE), triggering oxidative stress and inflammatory responses10.

MGO, extensively found in various food products and endogenously
formed as a by-product primarily from glycolysis, is the most reactive
precursor for AGE formation both endogenously and exogenously11–13.
MGO concentrations are typically low in healthy individuals due to the
relatively low internal production and effective detoxification by the
glyoxalase system14. Elevated in vivo MGO levels can occur under certain
pathological conditions such as hyperglycemia, or exposure to high levels of
exogenous glucose or MGO15,16. An increase in the steady-state level of
reactive dicarbonyls, especially MGO, is the main cause of a dysfunctional
metabolic state called dicarbonyl stress, resulting in increasedmodifications
of cellular amino acids and biomacromolecules, including proteins and
DNA, forming AGEs15.

Clinical research has revealed a correlation between elevated serum
levels ofMGO and accelerated cognitive decline in elderly individuals17 and
found increased levels ofMGO and the resulting AGEs in the cerebrospinal
fluid of AD patients18,19. Similarly, increased levels of MGO-derived AGEs
have been detected in the nigral neurons of PD patients20. In an animal
study, aged mice orally treated with 100mg/kg bw MGO for 4 weeks
developed cognitive impairment, accompanied by increased expression of
RAGE and Presenilin-1 (a critical component of the gamma-secretase
complex involved in AD) in the hippocampus21. Additionally, in Cae-
norhabditis elegans, long-term dietary exposure toMGO led to AD-related
toxicity including reduced locomotive behaviors and promoted amyloid β
accumulation22. These clinical and animal findings underscore the patho-
logical relevance of MGO in the context of neurodegeneration. Further-
more, in vitro studies using different neuronal cell models, such as the
human SH-SY5Y and SK-N-MC neuroblastoma cell line have shown that
exposure of cells to exogenous MGO reduced cell viability and mitochon-
drial redox activity, as well as increased the production of reactive oxygen
species (ROS) and apoptosis23–26. Recent studies using physiologically rele-
vant in vitro neuronal-like cells transdifferentiated from human mesench-
ymal stem cells and 3D human stem-cell-derived neuronal spheroids
demonstrated thatMGOat lowμMconcentrations—comparable to human
sample levels measured inMGO-associated diseases—altered key neuronal
markers, including MAP-2 and NSE, involved in biochemical pathways
relevant toneurodegenerative diseases and aging27,28.However, themodes of
actionunderlying these toxic effects inducedbyMGO,whichmay play roles
in neurodegeneration, remain largely unclear.

Given that the neurotoxic effects ofMGOmay result from its complex
interactions with free cellular amino acids and biomacromolecules, causing
damage across the cellular metabolome, proteome, and genome29,30, tradi-
tional toxicological methods that focus on limited endpoints may not
adequately capture the broader biological or toxicological impacts ofMGO,
especially the alterations in gene and protein expression in response to
MGO exposure. Omics techniques, such as transcriptomics, proteomics,
and metabolomics, offer a more comprehensive view, enabling the analysis
of thousands of molecules in a single biological sample31, which could
potentially enhance our understandingof the toxicologicalmechanisms and
adverse outcome pathways associated with MGO exposure. A previous
study using 2D fluorescence difference gel electrophoresis coupled with
MALDI-TOF-MS identified 49 differentially expressed proteins (DEPs) in
MGO-treated SH-SY5Y cells32. However, this gel-based proteomics
approach is limited by its inability to detect low-abundance proteins and its
ineffectiveness in resolving complex protein mixtures, which could lead to
overlooking critical biomarkers33.

In contrast, in the present study, we utilized an untargeted, label-free
quantitative proteomics approach with nanoLC-MS/MS to explore the
cellular mechanisms of neurotoxicity induced byMGO in SH-SY5Y cells, a
widely recognized neuronal cell model for investigating the pathological
effects of neurotoxic compound34. This method substantially broadens the

detectable proteome, providing a more detailed and comprehensive pro-
teomic profile that could capture subtle changes, including those involving
low-abundance proteins35. Additionally, a targetedmetabolomics approach
using LC-TQ-MS/MS was used to investigate the impact of MGO on the
cellular metabolome, offering insights into metabolic alterations and the
overall metabolic state of the cells. Integrating both proteomics and meta-
bolomics could provide a holistic view of the phenotypic changes and the
complexmolecular interactions between proteins andmetabolites triggered
byMGOexposure, enabling a deeper exploration into the disrupted cellular
pathways and their potential contributions to MGO neurotoxicity.

Materials and methods
Chemicals and reagents
MGO (40 wt% in water), acetic acid (purity ≥ 99%), tris base, and hydro-
chloric acid (37%) were purchased from Merck (Darmstadt, Germany).
Methanol and acetonitrile (ACN) were obtained from Biosolve BV (Valk-
enswaard, The Netherlands). Formic acid (purity ≥ 99%) was purchased
from VWR CHEMICA (Amsterdam, The Netherlands). Dulbecco’s
Modified Eagle Medium/Nutrient Mixture F-12 (DMEM/F12) with Glu-
taMAX supplement cell culture medium with and without phenol red,
trypsin-EDTA for cell dissociation, phosphate-buffered saline (PBS),
penicillin/streptomycin, and nonessential amino acids (NEAA) were pur-
chased from Gibco (Paisley, UK). Fetal calf serum (FCS) was purchased
from Invitrogen (Breda, The Netherlands). BCA protein assay kit and
protease inhibitor cocktail were obtained from Thermo Fisher Scientific
(Bleiswijk, The Netherlands). Ultrapure water was prepared by a Milli-Q
system (Millipore, MA, USA). All other reagents in this study were of
analytical grade or purer.

Cell culture and MGO treatment
The human neuroblastoma cell line SH-SY5Y (ATCC CRL-2266) was
obtained from the American Type Culture Collection (ATCC, Manassas,
VA,USA).Cellsweremaintained in a humidified incubator at 37 °C and5%
CO2. The culture medium consisted of DMEM/F12 GlutaMAX supple-
mented with 10% FCS, 1% NEAA, and 1% penicillin/streptomycin. Med-
iumwas refreshed every 4–7 days, and cells were subcultured at a 1:20 ratio
upon reaching confluency using a 0.05% trypsin-EDTA solution.

For the proteomics andmetabolomics studies, three concentrations of
MGO—500, 750, and1000 μM—wereused to treat the cells.The selectionof
the three MGO exposure concentrations, including both toxic and non-
toxic levels, was made to ensure the elicitation of discernible cellular
responses and to allow for the delineation of the concentration-dependent
cellular impacts of MGO. These concentrations were chosen based on our
previous MTT cell viability assay36, which showed that 500 and 750 μM
MGOdid not significantly affect cell viability, while at 1000 μM, there was a
significant reduction, with 68.0% of viability remaining. The cell seeding
density for the proteomics and metabolomics studies was the same as that
used in the MTT assay.

Label-free quantitative proteomics analysis
Proteomic sample preparation. SH-SY5Y cells were seeded in T175
flasks (Greiner Bio-one, Alphen aan den Rijn, The Netherlands) at a
density of 4.69 × 104 cells/cm2 and incubated for 24 h. After incubation,
the cells were treated with an assaymedium (DMEM/F12without phenol
red and FCS supplement) that contained MGO at three concentrations
(500, 750, and 1000 μM, final concentration, added from 200 times
concentrated stock solutions in nano pure water) or with a solvent
control (0.5% nano pure water in DMEM/F12 without phenol red and
FCS supplement) for 24 h. After exposure, the cells were washed twice
with PBS. Subsequently, 1.8 mL of ice-cold PBS was added to each flask,
and the cells were gently scraped off. The cell suspension was then
transferred into a 2-mL protein low-binding tube (Eppendorf, Nijmegen,
The Netherlands) and centrifuged at 500 × g for 2 min at 4 °C to collect
the cell pellets. These pellets were washed twice using 1.5 mL ice-cold
100 mM Tris-hydrochloride (Tris-HCl, pH 8) under identical
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centrifugation conditions. The washed pellets were resuspended in 90 μL
100 mM Tris-HCl pH 8 with 1% protease inhibitor cocktail (Thermo
Fisher Scientific, Bleiswijk, The Netherlands), followed by sonication in
an ice-water bath (Qsonica sonicator, Qsonica, Newtown, USA) for
30 min using a pulse mode (30 s on and 30 s off) at 100% amplitude.
Protein concentrations were measured using a BCA protein assay kit
according to the manufacturer’s instructions (Thermo Fisher Scientific,
Bleiswijk, The Netherlands). The Protein Aggregation Capture method
was utilized to prepare peptide samples for nanoLC-MS/MS analysis37.
These peptide samples were immediately stored at −20 °C until further
analysis. All treatments were conducted in four independent biological
replicates.

NanoLC-MS/MS-based label-freequantitative proteomicsanalysis.
NanoLC-MS/MS analysis was conducted using a Thermo Vanquish Neo
nanoLC system connected to a Thermo Orbitrap Exploris 480 mass
spectrometer (Thermo Fisher Scientific, Bremen, Germany). An in-
house prepared 0.10 mm × 250 mm analytical column filled with 1.9 μm
ReproSil-Pur 120C18-AQbeadswas used. Themobile phase consisted of
0.1 v/v% formic acid in water (eluent A) and 0.1% formic acid in ACN
(eluent B). The elution was carried out using a three-step linear gradient,
starting from 0 to 9% B over 1 min, increasing from 9% to 34% B over
50 min, and then from 34% to 50% B over 4 min. This was followed by
maintaining the gradient at 50% B for 1 min, after which it was returned
to the initial conditions and held there for a duration equivalent to 2.5
columnvolumes at 925 bar to prepare for the next injection. The injection
volumes were adjusted to correct for variations in protein concentrations
among the samples, based on the BCA assay results, with injection
volumes ranging from 1 to 2 µL. The elution flow rate was maintained at
500 nL/min. An electrospray potential of 3.5 kVwas applied to the eluent
prior to entering the column, and automatic gain control targets for MS
andMS/MSwere set to 300% and 100%, respectively, withmaximum ion
injection times capped at 50 ms for MS and 30ms for MS/MS. Higher
energy collisional dissociation was utilized to fragment the most abun-
dant 2–5+ charged peaks identified in the MS scan, employing an iso-
lation width of 1.2m/z and 28% normalized collision energy, with MS/
MS scans conducted in a data-dependent mode at a resolution of 15,000,
applying a threshold of 5e4 and a 15-s exclusion duration for previously
selected m/z ± 10 ppm.

Protein identification and quantification. The peptides were identified
and quantified using theMaxQuant software package (version 2.0.3.0). A
human database (UP000005640) retrieved from UniProt along with a
contaminants database that contains sequences of common con-
taminants like Trypsins (P00760, bovine and P00761, porcin) were uti-
lized for analysis38. Data were filtered to include only the proteins that
were reliably identified by at least two peptides, at least one of which was
unique, and one was unmodified and had a false discovery rate (FDR)
below 1% on both the protein and peptide level. Reversed hits were
removed from the MaxQuant result table.

Targeted metabolomics analysis
Metabolite extraction. SH-SY5Y cells were seeded in 6-well plates
(Greiner Bio-One) at a density of 4.69 × 104 cells/cm2 and incubated for
24 h. For each sample for the metabolomics analysis, a parallel setup was
implemented: one well designated for metabolite extraction and another
for cell counting, with both wells undergoing identical exposure condi-
tions as also used for the proteomics study and specified in the section
proteomic sample preparation above. In the wells designated for meta-
bolite extraction, metabolic activity was quenched by adding 500 µL 80%
methanol (methanol, 80:20 v/v) at −70 °C. The cells were then carefully
scraped while maintained on dry ice and transferred to a 2-mL tube
(Eppendorf). Concurrently, cells in the parallel counting wells were
detached using trypsin-EDTA, resuspended in 500 µLPBS (2%FCS), and
cell numbers and concentrations were determined from a 20 µL aliquot

using a Cellometer (Nexcelom Bioscience, Lawrence, USA). The sus-
pension collected in the 2-mL tube from the wells designated for meta-
bolite extraction was centrifuged at 6000 × g for 5 min, and the
supernatants were collected in a new 2mL Eppendorf tube. The cell
pellets underwent two additional extractions with 500 µL 80% methanol
each, with all extracts pooled directly into the same tube. These combined
extracts were dried under nitrogen gas, reconstituted in 100 µL 50%
methanol with 1 µL acetic acid, and centrifuged at 13,000 × g for 5 min to
remove debris. The prepared samples were then immediately stored at
−80 °C until LC-MS analysis. For all treatments four independent bio-
logical replicates were conducted.

LC-TQ-MS/MS-based quantification of metabolites. The metabo-
lomics study for the cell metabolite extracts was performed using a Shi-
madzu Nexera XR LC-20AD XR UHPLC system coupled with a
Shimadzu 8050 triple quadrupole mass spectrometer with an electro-
spray ionization interface (Shimadzu Corporation, Kyoto, Japan),
accompanied by the LC/MS/MS Method Package for Primary Metabo-
lites ver. 2 (Shimadzu Corporation). This method package offers opti-
mized analytical conditions including chromatogram acquisition,
detection ofmass spectral peaks via an incorporatedmass spectral library,
and method files that specify the analytical conditions, which enables
simultaneous quantification of 97 metabolites including amino acids,
organic acids, nucleosides, and nucleotides. These metabolites are
important in central cellular pathways such as the glycolytic system,
tricarboxylic acid (TCA) cycle, and amino acid metabolism.

A Supelco Discovery HS F5-3 column (2.1mm× 150mm, 3 μm) was
employed during the experimentwith aflow rate of 0.25mL/min.Ultrapure
water containing 0.1% formic acid (A) and ACNwith 0.1% formic acid (B)
were used asmobile phase. The following gradient was used: 0–2min, 100%
A; 2–5min, 100–75% A; 5–11min, 75–65% A; 11–15min, 65–5% A;
15–20min, 5% A; 20–20.1min, 5–100% A; 20.1–28min, 100% A. The
injection volume was 1 μL. The analysis settings for MS were determined
according to the manufacturer’s instructions included in the method
package for primary metabolites ver. 2 (Shimadzu Corporation).

In addition to the original Shimadzu method which quantifies 97
primary metabolites, we have also incorporated the quantification of
methylglyoxal-derived hydroimidazolone 1 (MG-H1). MG-H1 is the most
abundant free-formAGE in vivo, formed fromMGO and arginine39. It was
monitored at the [M+H]+ of precursor to product ion transitions of m/z
229.0 > 114.0 (collision energy =−10 eV).

Statistical analysis
Data pre-processing. For proteomics data, zero label-free quantitation
(LFQ) intensity values were replaced with a value of 107 (slightly lower
than the lowest measured value) to allow ratio calculations, and LFQ
intensities were log10 scaled for further statistical analysis.

For metabolomics data, peak identification and integration were car-
ried out using LabSolutions software 5.114 (Shimadzu Corporation) to
obtain intensity values for detected metabolites. Intensity values of meta-
bolites in each sample were divided by the corresponding cell count to
correct for variations in cell numbers, ensuring comparable metabolite
measurements across samples.Datawere normalized using a pooled sample
from the control group, then log-transformed and mean-centered using
MetaboAnalyst 6.0 (https://www.metaboanalyst.ca/)40.

Multivariate analysis. Principal component analysis (PCA) was con-
ducted on the log-transformed LFQ intensities for proteomics data using
the prcomp function from the stats package in R software 4.3.141, with
data scaled to normalize variance across different measurements. For
metabolomics data, PCAwas applied on the pre-processed data using the
same function in R without scaling to unit variance.

Univariate analysis. The fold change (FC) of proteins and metabolites
was calculated as the ratio of the average intensities of eachMGO-treated
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group to that of the control. Student’s t-test was performed on the
respective datasets to compare differences between the control and dif-
ferent concentrations of MGO-treated groups, with p values below 0.05
considered statistically significant. Proteomics data were analyzed using
Perseus version 1.6.2.142, while metabolomics data were analyzed using
MetaboAnalyst.

To determine if there was a concentration-dependent increase or
decrease in the expression levels of proteins and metabolites,
Jonckheere–Terpstra test, a non-parametric method used for identifying
ordered differences among groups43, was performed. Results with p values
below 0.05 were considered to be statistically significant.

Selection of differentially expressed proteins (DEPs) and differential
metabolites (DMs). DEPs and DMs across varying concentrations of
MGO-treated groups were identified using the same selection criteria.
Both DEPs and DMs were chosen based on FCs >1.2 or <0.83, accom-
panied by p values <0.05 relative to the control group.

Pathway and network analysis. For proteomics data, enrichment
analysis for DEPs was conducted using DAVID v2023q4 (https://david.
ncifcrf.gov/, accessed April 2024), including GO terms, KEGG pathways,
and WikiPathways44. A protein–protein interaction (PPI) network was
constructed for DEPs with a high confidence level set at 0.7 utilizing the
STRING database 12.0 (https://string-db.org/, accessed April 2024)45.
Molecular Complex Detection (MCODE) (version 2.0.3)46 in Cytoscape
(version 3.10.2)47 was used to identify key functional modules in PPI
network with parameters set as follows: degree cutoff = 2, node score
cutoff = 0.2, K-core = 2, and max depth = 100. Hub proteins were iden-
tified using the CytoHubba plugin with the maximal clique centrality
(MCC) method48 in Cytoscape.

For metabolomics data, pathway enrichment analysis of DMs identi-
fied from thehigh-concentrationMGO-treated group (1000 μMMGO)was
performed using MetaboAnalyst according to the KEGG database. Path-
ways with pathway impact greater than 0.20 and p values < 0.05 were
considered significant.

Integrated analyses of metabolomics and proteomics. To better
understand the interactions between proteins and metabolites, an inte-
grated analysis of metabolomics and proteomics data was conducted,
including correlation analysis and joint pathway analysis. Given the large
number ofDEPs, the correlation analysis focused on all DMs and only the
proteins identified in the top 5 key functional modules in PPI network,
both derived from the high-concentration MGO-treated group. Corre-
lation between proteomics and metabolomics data was quantified using
Spearman’s correlation (cor.test() function in R) using only proteins
identified in the top 5 key functional modules in PPI network and all
DMs. The matrices of median concentrations of each treatment group
were merged column-wise before taking pair-wise correlation among
proteins and metabolites. Only correlation >0.75 (in absolute value) and
with p values < 0.01 were retained for analysis and visualized using
Cytoscape.

Subsequently, DEPs andDMswere subjected to joint pathway analysis
using MetaboAnalyst based on KEGG database. Pathways with an impact
>0.20 and p values < 0.05 were deemed significant.

Data visualization. The bar charts, enrichment results, heatmaps
depicting the intensity of DEPs and DMs, and volcano plots illustrating
these entities were visualized through the SRplot webserver (http://www.
bioinformatics.com.cn/srplot)49, accessed on April 2024.

Results
Effects of MGO exposure on the proteome of SH-SY5Y cells
To assess the effects ofMGOexposure on the proteomic profile of SH-SY5Y
cells and to provide insight into the pathways disturbed by the exposure,
quantitative proteomics was performed usingMGO concentrations of 500,

750, and 1000 µM, with the highest concentration being cytotoxic as
determined by our previous MTT viability assay36. In total, 3160 proteins
were identifiedandquantifiedusing a1%FDRfilter. PCAwasperformedon
these proteins. The 3D PCA plot, as shown in Fig. 1a, revealed a distinct
separation between the MGO-treated groups and the control group. The
PCA accounted for 55.8% of the variation in the protein profiles with PC1,
PC2, and PC3. The variation observed suggested that MGO exposure,
particularly at the highest MGO concentration, substantially altered the
proteome in SH-SY5Y cells compared to the untreated control cells.

Subsequently, DEPs in eachMGO treatment group were identified by
comparison to the control group (see section “Selection of differentially
expressed proteins (DEPs) and differentialmetabolites (DMs)” for selection
criteria). As shown in Fig. 1b, there were 93 DEPs (59 upregulated and 34
downregulated) in the low-concentration MGO-treated group (500 µM),
204 DEPs (108 upregulated and 96 downregulated) in the medium-
concentration MGO-treated group (750 µM), and 453 DEPs (223 upregu-
lated and 230 downregulated) in the high-concentration MGO-treated
group (1000 µM). The volcano plots in Fig. 1c illustrate the distribution of
DEPs in each MGO-treated group compared to the control group, and the
expression levels of the 453 DEPs identified in the high-concentration
MGO-treated group were visualized across all four treatment groups in a
clustering heatmap (Fig. 1b). These results indicate that low-concentration
MGO exposure (500 µM) had a lesser impact on the protein profile of SH-
SY5Y cells, whereas exposure to higher concentrations, especially the
highest tested concentration of 1000 µM, which is cytotoxic, substantially
altered the protein expression profile. Considering the substantial changes
in protein profile and the significant reduction in cell viability in the high-
concentrationMGO-treated group (1000 µM), subsequent analyses focused
on this treatment group to further explore the biological functions and
pathways perturbedbyMGO, relevant to its neurotoxicity. The p values and
FCs of the DEPs identified in the high-concentration MGO-treated group,
relative to control, can be found in Supplementary Table 3. GO,KEGG, and
WikiPathways analyses were conducted on DEPs identified in SH-SY5Y
cells treated with the high concentration of MGO. The GO enrichment
analysis (Fig. 2a) revealed significant impacts on ribosomal RNAprocessing
and ribosome biogenesis, highlighting potential disruptions in protein
synthesis. Alterations were also observed in cellular components such as the
nucleoplasm and extracellular exosomes, suggesting changes in both
intracellular architecture and extracellular communication. Molecular
function changes, including those affecting RNA, protein, and nucleosomal
DNA binding activities, underscored potential disruptions in molecular
interactions. These findings emphasize the extensive cellular andmolecular
disturbances induced by MGO.

KEGG pathway analysis (Fig. 2b) further demonstrated the impact on
ribosome biogenesis and protein processing in the endoplasmic reticulum
(ER), essential for proper protein folding and synthesis. Additionally,
pathways related to focal adhesion and the regulation of the actin cytos-
keleton were also significantly affected, indicating changes crucial for cell
morphology and structural integrity.MGO’s impact onpathways associated
with diabetic cardiomyopathy underscored its potential role in metabolic
dysregulation, a common feature in diabetes characterized by elevated
MGO levels50. This was further evidenced by significant enrichments in
metabolic pathways, biosynthesis of amino acids, and oxidative phos-
phorylation, all pointing toMGO’s extensive impact on cellularmetabolism.
WikiPathways analysis (Fig. 2c) revealed significant effects of MGO on the
cellular oxidative stress response, particularly through the enrichment of the
Nrf2 signaling pathway.

PPI analysis was conducted on DEPs identified from the high-
concentration MGO-treated group to delve deeper into the essential pro-
teins and their associationwith pathways significantly enriched, as analyzed
above.ThePPInetwork constructedwithDEPs, consistingof 451nodes and
1681 edges (Supplementary Fig. 1), was further analyzed using theMCODE
plugin in Cytoscape to identify key functional modules. Based on their
network scores, the top five densely connected modules were extracted and
analyzed for their specific protein compositions (Fig. 3). All selected
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modules had MCODE scores >3.5. Enrichment analysis was subsequently
performed for each module to further elucidate their associated biological
functions (Table 1). Notably, Modules 1 and 2 were both linked to protein
synthesis: Module 1 primarily involved proteins related to ribosome bio-
genesis, such as RBM28, TBL3, UTP4, andWDR3; whileModule 2 focused

on proteins involved in translation initiation, including EIF4A1, EIF1AX,
and EIF3M. Module 3 was crucial for maintaining cell structure and
mediating cell–matrix interactions, featuring proteins like ITGB1,COL1A1,
and LAMB1. Module 4 played a key role in energy metabolism and mito-
chondrial function through oxidative phosphorylation, with proteins such

Fig. 1 | Proteomic analysis of SH-SY5Y cells after 24 h exposure to MGO. a 3D
PCA plot based on the expression levels of 3160 proteins. b The number of upre-
gulated and downregulated differentially expressed proteins (DEPs) in different
MGO-treated groups. c Volcano plot of proteins quantified in different MGO-
treated groups (red dots: upregulated DEPs, blue dots: downregulated DEPS, gray
dots: proteins with no significant change). dHeatmap of the 453 DEPs identified in

the high-concentration MGO-treated group presented for all treatment groups.
Columns represent groups and rows represent proteins. The color gradient from
blue to red indicates the protein expression level from low to high. Treatment groups
are labeled as follows: control (C-x) for 0 μM MGO, low (L-x) for 500 μMMGO,
medium (M-x) for 750 μMMGO, and high (H-x) for 1000 μMMGO.The “x” in each
label represents the replicate number, ranging from 1 to 4.
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as NDUFA7, UQCRB, and COX5B. Finally, Module 5 was linked to oxi-
dative stress responses through the Nrf2 pathway, with critical proteins like
NQO1, HMOX1, and GCLM.

Using the CytoHubba plugin in Cytoscape, the top 10 hub proteins
(Supplementary Fig. 2)—PES1, NOC2L, GTPBP4, PDCD11, NOP2,
MRTO4,GNL3, GRWD1, RPF2, and TSR1—were identified based on their
MCC scores and were all found to be localized in Module 1, indicating the
importance of this module.

Overall, the enrichment and PPI network analysis results suggest that
exposure of cells to MGO leads to notable changes in several key cellular
processes; these changes include abnormal protein synthesis, compromised
cellular structure integrity, metabolic dysfunction, and enhanced responses
to oxidative stress.

Effects of MGO exposure on the metabolome of SH-SY5Y cells
Considering the effect of MGO on cellular metabolism as revealed in the
proteomics study, a targeted metabolomic study using the same exposure
conditions as those used in the proteomics study was conducted to further
explore the cellularmetabolic responseuponMGOexposure. In total, 75out
of the 98 compoundswere detected and quantified in the samples. The PCA
plot showed a distinct separation between theMGO-treated groups and the
control (Fig. 4a), indicating MGO exposure, especially at the highest MGO
concentration, greatly altered the metabolic profiles in cells. Subsequently,

DMs in each MGO treatment group were identified by comparison to the
control group (see section “Selection of differentially expressed proteins
(DEPs) and differentialmetabolites (DMs)” for selection criteria). As shown
in Fig. 4b, there were 12 DMs (5 upregulated and 7 downregulated) in the
low-concentrationMGO-treated group (500 µM), 29 DMs (18 upregulated
and 11 downregulated) in the medium-concentration MGO-treated group
(750 µM), and 31DMs (17 upregulated and 14 downregulated) in the high-
concentrationMGO-treated group (1000 µM). The volcano plots in Fig. 4c
further illustrate the distribution of DMs in each MGO-treated group
compared to the control, and the levels of the 31DMs identified in the high-
concentrationMGO-treated groupwere visualized across all four treatment
groups in a clusteringheatmap (Fig. 4d).Among all theDMs,MG-H1 that is
reported to be the most abundant in vivo free-form AGE39, appeared to be
the most significantly changed compound in all the three MGO-treated
groups compared to control (Fig. 4c). Therewas an increase of up to 64-fold
in the intensity of MG-H1 in the high-concentration MGO-treated group
compared to control (Supplementary Table 6). The p values and FCs for
other DMs identified in the high-concentration MGO-treated group can
also be found in Supplementary Table 6.

To further explore the metabolic pathways influenced by MGO, a
pathway analysis based on the KEGG database was conducted on the DMs
identified in the high-concentration MGO-treated group. Figure 5a shows
that nine metabolic pathways were significantly enriched, especially

Fig. 2 | Enrichment analysis of differentially expressed proteins (DEPs) identified
in the high-concentration MGO-treated group (1000 μM MGO) compared to
control using DAVID. a GO enrichment analysis for the categories of biological
process (BP), cellular component (CC), and molecular function (MF); the top six

enriched terms for each category are shown, selected based on the p values. bKEGG
pathway enrichment analysis. cWikiPathways enrichment analysis (top 20 enriched
terms are shown according to the p values).
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Fig. 3 | Top 5 densely connected modules in the protein–protein interaction network according to the network scores identified using the MCODE plugin in
Cystoscope. Enrichment results for each module are presented in Table 1.

Table 1 | Top 5 densely connected modules in the protein–protein interaction network, with enrichment analysis results

Module Node Edge Enriched term FDR Protein (gene name)

Module 1 32 459 Ribosome biogenesis in eukaryotes
(hsa03008)

1.4 × 10−12 RBM28↑, TBL3↑, UTP4↑, NOB1↓, WDR3↑, WDR75↑, PWP2↑, GTPBP4↑, GNL3↑

rRNA processing (GO:0006364) 4.8 × 10−17 DDX27↑, DDX47↑, PPAN↑, WDR75↑, BOP1↑, TBL3↑, EBNA1BP2↑, PDCD11↑,
NOB1↓, PES1↑, MRTO4↑, ESF1↑, BRIX1↑

Module 2 26 186 Ribosome (hsa03010) 3.2 × 10−4 RPS26↑, RPS27↓, RPL32↓, RPS29↓, RPS12↑

Translational initiation (GO:0006413) 7.0 × 10−26 EIF4A1↑, EIF1AX↑, EIF2S1↑, EIF1↑, EIF3M↑, EIF2S3↑, EIF6↑, EIF3L↑, EIF3I↑,
EIF3J↑, EIF3H↑, EIF3C↑, EIF3D↑, EIF4G1↑

Module 3 9 29 Focal adhesion (hsa04510) 7.7 × 10−10 ITGB1↓, COL1A1↓, ITGA3↓, ITGAV↓, ITGA6↓, LAMB1↓, TLN2↓, FLNC↑

ECM–receptor interaction (hsa04512) 7.8 × 10−8 ITGB1↓, COL1A1↓, ITGA3↓, ITGAV↓, ITGA6↓, LAMB1↓

Module 4 6 14 Oxidative phosphorylation (hsa00190) 1.6 × 10−9 NDUFA7↓, UQCRB↑, NDUFB4↓, NDUFS4↑, COX5B↓, ATP5F1D↑

Module 5 22 37 Nrf2 pathway (WP2884) 6.0 × 10−3 NQO1↑, TXNRD1↑, HMOX1↑, TXN↑, GCLM↑

Enrichment analysis was conducted using DAVID for eachmodule presented in Fig. 3. Representative termswere selected for eachmodule to highlight key biological functions. Proteins were indicated by
their corresponding gene names, which were retrieved from UniProt38. “↑” indicates upregulated protein expression, while “↓” signifies downregulated protein expression.
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arginine and proline metabolism, cysteine and methionine metabolism,
glutathione (GSH) metabolism, arginine biosynthesis, alanine, aspartate
and glutamate metabolism and TCA cycle. These findings suggest that
MGO, particularly at cytotoxic levels, inducedmetabolic dysfunction in SH-
SY5Y cells.

Integrated analyses of proteomics and metabolomics in SH-
SY5Y cells after MGO exposure
Integrated analyses of proteomics and metabolomics were conducted to
further explore the interactions between DEPs and DMs. Initially, we
assessed the correlation between proteins identified in the top 5 key

functional modules (Fig. 3) and DMs, both derived from the high-
concentration MGO-treated group. The resulting correlation network,
depicted in Fig. 5b, revealed a dense web of interactions among the proteins
andDMs. Importantly, thenetworkunderscored the significant involvement
of key metabolic pathways such as GSH metabolism, cysteine and methio-
nine metabolism, and the TCA cycle. Key metabolites highlighted in these
pathways includeGSH, cystathionine, and various TCA cycle intermediates.

Subsequently, a joint metabolic pathway enrichment analysis was
performed to examine the effects of MGO exposure on DEPs and DMs
further. This analysis revealed that arginine biosynthesis was the most sig-
nificantly affected pathway, showing the highest pathway impact and the

Fig. 4 | Metabolomic analysis of SH-SY5Y cells after 24 h exposure toMGO. a 3D
PCA plot based on the levels of 75 metabolites. b The number of upregulated and
downregulated differential metabolites (DMs) in different MGO-treated groups.
cVolcano plot of metabolites quantified in different MGO-treated groups (red dots:
upregulated DMs, blue dots: downregulated DMs, gray dots: metabolites with no
significant change). d Heatmap of the 31 DMs identified in the high-concentration

MGO-treated group presented for all treatment groups. The color gradient from
blue to red indicates the metabolite level from low to high. Treatment groups are
labeled as follows: control (C-x) for 0 μMMGO, low (L-x) for 500 μM MGO,
medium (M-x) for 750 μMMGO, and high (H-x) for 1000 μMMGO.The “x” in each
label represents the replicate number, ranging from 1 to 4.
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most notable p value (Fig. 5c). Moreover, the analysis confirmed significant
impacts on the TCA cycle, GSH metabolism, and cysteine and methionine
metabolism pathways, corroborating the initial findings suggested by the
correlation network. These pathways, affected by MGO exposure in SH-
SY5Y cells, are extensively discussed in the discussion section to elucidate
their roles in cellular responses.

A further screening of potential protein and metabolite bio-
markers for MGO exposure
For the proteins enriched in the top five densely connected modules
(Table 1), as well as for DMs, both sourced from the high-concentration

MGO-treated group, a Jonckheere–Terpstra test was performed on the pre-
processed intensity data of these proteins and DMs across all treatment
groups. This analysis was conducted to determine if the respective expres-
sion levels exhibited a concentration-dependent increase or decrease with
increasing concentrations of MGO, enabling the identification of potential
sensitive and reliable biomarkers for MGO exposure.

The results in Table 2 show that 31 proteins exhibited a significant
concentration-dependent increase in expression levels with increasing
MGO concentrations (p < 0.05), and 11 proteins showed a significant
concentration-dependent decrease (p < 0.05). Proteins with a
concentration-dependent increase in their levels with increasing MGO

Fig. 5 |Metabolic pathwayenrichmentand integratedproteomics andmetabolomics
analyses of differential metabolites (DMs) and differentially expressed proteins
(DEPs) in thehigh-concentrationMGO-treated group (1000 μMMGO). aMetabolic
pathway enrichment analysis of identified DMs in the high-concentration MGO-
treated group. Integrated analyses of proteomics and metabolomics, including:
b Correlation network of DMs and proteins identified in the top 5 key functional
modules, both derived from the high-concentration MGO-treated group. The

networkwas generated based on Spearman’s correlation analysis using a significance
threshold of p < 0.01 and an absolute correlation coefficient >0.75. Blue rectangle
nodes represent proteins; green diamond nodes represent metabolites. Red edges
indicate negative correlations, and blue edges indicate positive correlations; c joint
pathway enrichment analysis of DEPs and DMs in the high-concentration MGO-
treated group. Pathwayswith a pathway impact greater than 0.20 and a p value < 0.05
were considered significant.
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Table 2 | Statistical results from the Jonckheere–Terpstra test for concentration-dependent analysis of proteins enriched in the
top 5 densely connected modules originally identified at the high-concentration MGO-treated group (1000 μMMGO)

No. Protein (gene name) Fold change (FC) J statistica p value Concentration-dependent change

Low Medium High

1 EIF3C 1.07 1.17 1.23 3.92 0.0001 ↑

2 PES1 1.10 1.46 1.56 3.74 0.0002 ↑

3 HMOX1 1.19 3.03 6.38 3.69 0.0002 ↑

4 UTP4 1.13 1.53 1.73 3.55 0.0004 ↑

5 EIF3D 1.05 1.19 1.28 3.55 0.0004 ↑

6 BRIX1 1.24 1.39 1.51 3.46 0.0005 ↑

7 RBM28 1.03 1.32 1.37 3.27 0.0011 ↑

8 EIF4A1 1.12 1.12 1.50 3.27 0.0011 ↑

9 PDCD11 0.92 1.21 1.27 3.18 0.0015 ↑

10 EBNA1BP2 1.04 1.36 1.35 3.08 0.0021 ↑

11 WDR75 1.00 1.70 9.36 3.08 0.0021 ↑

12 BOP1 1.10 1.44 1.42 2.99 0.0028 ↑

13 MRTO4 1.10 1.27 1.34 2.99 0.0028 ↑

14 ESF1 1.46 2.74 4.62 2.83 0.0046 ↑

15 PPAN 1.04 1.56 1.50 2.80 0.0051 ↑

16 EIF3I 1.05 1.07 1.31 2.80 0.0051 ↑

17 EIF3J 1.14 1.40 1.35 2.80 0.0051 ↑

18 NQO1 1.32 1.40 1.56 2.80 0.0051 ↑

19 DDX27 1.02 1.49 1.43 2.71 0.0068 ↑

20 EIF1AX 1.16 1.06 1.52 2.71 0.0068 ↑

21 EIF4G1 0.99 1.27 1.24 2.61 0.0089 ↑

22 DDX47 1.28 1.35 1.57 2.52 0.0117 ↑

23 EIF2S1 1.20 1.06 1.27 2.52 0.0117 ↑

24 TBL3 1.11 1.05 1.23 2.43 0.0152 ↑

25 EIF1 0.92 1.13 1.37 2.43 0.0152 ↑

26 UQCRB 1.04 1.11 1.26 2.33 0.0196 ↑

27 TXNRD1 1.07 1.09 1.45 2.33 0.0196 ↑

28 NDUFS4 1.00 9.97 4.48 2.17 0.0302 ↑

29 EIF3M 1.30 1.04 1.59 2.05 0.0399 ↑

30 EIF2S3 1.11 0.97 1.25 1.96 0.0499 ↑

31 FLNC 1.15 1.04 1.25 1.96 0.0499 ↑

32 NDUFB4 0.85 1.03 0.74 −1.96 0.0499 ↓

33 RPS27 0.88 0.94 0.81 −2.15 0.0317 ↓

34 ITGA3 0.97 0.94 0.82 −2.43 0.0152 ↓

35 COL1A1 0.89 0.89 0.40 −2.61 0.0089 ↓

36 ITGAV 1.03 0.87 0.72 −2.61 0.0089 ↓

37 NDUFA7 0.33 0.39 0.03 −2.64 0.0083 ↓

38 ITGA6 0.68 0.79 0.56 −2.71 0.0068 ↓

39 COX5B 0.79 0.80 0.68 −2.80 0.0051 ↓

40 TLN2 0.93 0.76 0.74 −2.89 0.0038 ↓

41 LAMB1 0.97 0.80 0.69 −3.18 0.0015 ↓

42 ITGB1 0.95 0.87 0.80 −4.11 0.00004 ↓

43 RPS12 1.12 0.98 1.21 1.87 0.0618

44 EIF3L 1.15 0.96 1.31 1.87 0.0618

45 WDR3 1.13 0.68 1.48 1.77 0.0760

46 PWP2 1.17 0.68 1.25 1.77 0.0760

47 EIF6 1.25 0.86 1.70 1.68 0.0928

48 EIF3H 1.10 0.75 1.34 1.68 0.0928

49 RPS26 1.10 1.04 1.26 1.59 0.1124
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concentrations were mainly linked to terms including “ribosome biogen-
esis,” “rRNAprocessing,” “translational initiation,” and the “Nrf2 pathway,”
suggesting an enhanced protein synthesis response and activation of oxi-
dative stress defenses. In contrast, proteins with a concentration-dependent
decrease in their levels with MGO concentrations were mainly associated
with “focal adhesion” and “ECM–receptor interaction,” indicating potential
disruptions in cell adhesion and extracellular matrix (ECM) integrity.

Similarly, 16 metabolites were found to exhibit a significant
concentration-dependent increase of their levels with increasing MGO
concentrations (p < 0.05), while 4 metabolites showed a significant
concentration-dependent decrease (p < 0.05) (Table 3). The metabolites
showing concentration-dependent increases are primarily related to the
TCAcycle (including lactic acid, citric acid, isocitric acid,malic acid, fumaric
acid, and 2-ketoglutaric acid) and GSH synthesis (5-glutamylcysteine
and GSH).

Taken together, these results reveal that the majority of the proteins
(enriched from the top 5 densely connectedmodules in Table 1) and DMs,
both identified from the high-concentrationMGO-treated group, exhibited
concentration-dependent increases or decreases in response to MGO
exposure. Proteins andmetabolites that exhibited concentration-dependent
changes in response toMGOexposure could serve as biomarkers, indicative
of MGO-induced cellular responses.

Discussion
The objective of this study was to investigate the molecular and biochemical
changes inducedbyMGOexposure in SH-SY5Yhumanneuroblastomacells
and to elucidate how these changes contribute to neurotoxicity, through
integrated proteomics and metabolomics analyses. Our comprehensive
analyses revealed that exposure toMGO,especially at cytotoxic level, induced
extensive alterations in both the proteome and metabolome of SH-SY5Y
cells. Analysis of proteomics data identified a substantial number of DEPs
involved in critical cellular functions, including protein synthesis, cellular
structural integrity, mitochondrial function and oxidative stress responses.
Analysis of metabolomics and subsequent integration of metabolomics and
proteomics data underscored significant changes in keymetabolic pathways
such as arginine biosynthesis, GSH metabolism, cysteine and methionine
metabolism, and the TCA cycle. These changes may represent cellular
adaptations or protective responses to dicarbonyl stress, or they could
directly lead to cellular dysfunction and subsequent toxicity.

First, the enrichment and the PPI network analysis indicated sig-
nificant alterations in protein synthesis-related pathways, such as ribosome
biogenesis and translation initiation, upon exposure of cells to MGO. The
expression levels of themajority of proteins involved in these pathwayswere
significantly upregulated, indicative of heightened protein synthesis activity
(Table 1). This upregulation is likely a cellular adaptation to meet the
increased demand for new proteins and to manage extensive dicarbonyl

stress-induced protein damage, crucial for replacing damaged or dysfunc-
tional proteins. However, this enhanced protein synthesis could lead to an
increased load of nascent proteins entering the ER, elevating the risk of
proteinmisfolding and aggregation—primary indicators of ER stress51. The
“protein processing in the endoplasmic reticulum” pathway, significantly
enriched in our KEGG enrichment analysis, further corroborated the cel-
lular response to this stress. It highlighted the upregulation of chaperones
such as heat shock proteins HSPA8 and HSPH1, which assist in managing
misfolded proteins52. The downregulation of protein disulfide isomerases
such as PDIA3, PDIA4, and PDIA6 in the same pathway suggested a
compromised ability to maintain protein structural integrity and an
enhanced risk of further ER stress53. In response to ER stress, the unfolded
protein response (UPR) may be activated54. Previous studies indicated that
dicarbonyl stress from increased levels of MGO can trigger the UPR,
characterized by an increased abundanceof not only heat shockproteins but
also components like ubiquitin ligases that encapsulate and remove proteins
exhibiting misfolding due to dicarbonyl modifications54,55. While initially
protective, prolonged activation of theUPR can lead to cellular dysfunction,
as persistent ER stress challenges the cell’s capacity to restore proteostasis
and can drive pathways leading to apoptosis and chronic inflammation55.
Moreover, chronic ER stress and prolonged activation of UPR have been
reported to be strongly associated with the pathology of neurodegenerative
diseases, exacerbating neuronal loss and synaptic dysfunction which are
critical factors in the progression of these disorders56.

Furthermore, our proteomic analysis revealed significant alterations in
cellular adhesion mechanisms, particularly within the focal adhesion and
ECM–receptor interaction pathways (Table 1). There was downregulation
of integrins such as ITGB1, ITGAV, ITGA3, and ITGA6, along with crucial
ECM components like COL1A1 and LAMB1. These changes suggest sub-
stantial alterations in the mechanisms that maintain cellular architecture
and mediate signal transduction between the ECM and the cytoskeleton57,
potentially underlying the cytotoxic effects induced by MGO. Integrins,
serving as critical transmembrane receptors, are pivotal in mediating both
physical and biochemical linkages between the extracellular matrix and the
cytoskeleton58. Their downregulation can impair cell adhesion, impacting
neuronal connectivity and synaptic stability, essential for neural develop-
ment and function59. Similarly, alterations in COL1A1 and LAMB1 can
disrupt the structural integrity and signaling capabilities of cells, potentially
contributing to the pathophysiology of neurodegeneration60.Additionally, it
is noteworthy that in ourprevious study36wehaveobserved that cytoskeletal
proteins, crucial for the structural integrity and functionality of focal
adhesion complexes61, seem to be particularly susceptible to modifications
by MGO in SH-SY5Y cells. This observation leads us to hypothesize that
MGO-inducedmodifications of these cytoskeletal proteins could play a role
in causing instability and subsequent downregulation of integrins and other
adhesion-related proteins.

Table 2 (continued) | Statistical results from the Jonckheere–Terpstra test for concentration-dependent analysis of proteins
enriched in the top 5 densely connected modules originally identified at the high-concentration MGO-treated group
(1000 μM MGO)

No. Protein (gene name) Fold change (FC) J statistica p value Concentration-dependent change

Low Medium High

50 TXN 1.28 1.23 1.39 1.59 0.1124

51 RPS29 0.78 1.20 0.83 −1.31 0.1911

52 GCLM 1.00 1.75 9.93 1.12 0.2624

53 ATP5F1D 1.69 0.38 1.54 1.07 0.2824

54 NOB1 0.92 1.21 0.76 −1.03 0.3043

55 RPL32 0.85 1.19 0.79 −1.03 0.3043

Proteinswere indicated by their corresponding gene names, whichwere retrieved fromUniProt38 “↑” indicates a significant concentration-dependent increase in the expression levelswith increasingMGO
concentrations (p < 0.05), while “↓” indicates a significant concentration-dependent decrease (p < 0.05).
aThe J statistic values are ranked in descendingorder for theproteinswithp < 0.05 and reflect thedirectionandmagnitudeof the trend in theprotein expression levelswith increasingMGOconcentrations.A
positive J statistic value indicates anupward trend, suggesting that theprotein levels increase asMGOconcentration rises. A negativeJ statistic value indicates adownward trend, suggestingprotein levels
decrease as MGO concentration rises.
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Moreover, analysis of proteomic data revealed significant alterations in
proteins involved in oxidative phosphorylation, indicating changes in
mitochondrial function and energy metabolism (Table 1). Metabolomics
and integrated omics analyses confirmed that these changes extend to the
TCA cycle, suggesting a comprehensive disruption in energy metabolism
(Fig. 5). Figure 6a specifically depicts the effects of MGO exposure on the
energy metabolism in SH-SY5Y cells, beginning with a notable down-
regulation of glycolytic enzymes such as PFKL and ENO2. This reduction
likely compelled the cells to dependmore on the TCA cycle, as evidenced by
increased intermediates like citric acid and isocitric acid, and enzymes such
as IDH3B and IDH3G, responding to higher energy needs or managing
oxidative stress. Support from gluconeogenesis and other pathways likely
provided necessary substrates. Furthermore, the electron transport chain
showed a compromised functionality with significant downregulation of
components such as NDUFA7, COQ6, and COX5B, indicating a reduced
efficiency. Conversely, the upregulation of components like ATP5F1D
suggests compensatory efforts to maintain ATP production despite these
inefficiencies. Previous in vitro studies have confirmed that mitochondrial

impairments, including reduced mitochondrial membrane potential and
the overproduction of ROSmediated bymitochondria, are key contributors
to the cytotoxic effects induced byMGO in SH-SY5Y cells25,62. Our findings
provide further evidence at the molecular level of mitochondrial dysfunc-
tion’s role in these effects within SH-SY5Y cells. It is worth noting that
contrasting findings have been reported in different cell types and experi-
mental conditions. For example, exposure to 200 µMMGO(cytotoxic level)
in C2C12 myoblast cells showed a decrease in TCA cycle intermediates
without significant glycolysis changes63, while non-toxic MGO concentra-
tions in adipocytes enhanced aerobic glycolysis64. This indicates that
metabolic responses may vary with cell type and MGO toxicity levels.

Additionally, the proteomic analysis highlighted significant engagement
of the Nrf2 pathway (Table 1) and alterations in GSH synthesis-related
pathways, including cysteine and methionine metabolism and GSH meta-
bolism, as prominently featured in our metabolomics and integrated omics
analyses (Fig. 5). Figure 6b illustrates the impact of MGO exposure on these
pathways. MGO has been reported to activate the Nrf2 pathway directly by
modifyingKeap1andpotentially indirectly throughROSproduction induced

Table 3 | Statistical results from the Jonckheere–Terpstra test for concentration-dependent analysis of DMs identified in the
high-concentration MGO-treated group (1000 μM MGO)

No. Metabolite Fold change (FC) J statistica p value Concentration-dependent change

Low Medium High

1 MG-H1 21.73 44.14 64.32 4.48 0.00001 ↑

2 Thymine 1.80 3.02 2.79 4.20 0.00003 ↑

3 Lactic acid 1.38 1.88 2.45 3.83 0.0001 ↑

4 NAD 1.33 1.71 1.99 3.83 0.0001 ↑

5 Citric acid 1.36 1.68 2.17 3.83 0.0001 ↑

6 Isocitric acid 1.09 1.78 2.23 3.46 0.0005 ↑

7 4-Aminobutyric acid 1.30 1.61 1.65 3.46 0.0005 ↑

8 Malic acid 1.21 1.39 1.44 3.46 0.0005 ↑

9 5-Glutamylcysteine 0.96 1.89 4.59 3.18 0.0015 ↑

10 Orotic acid 1.46 1.64 2.23 3.18 0.0015 ↑

11 Allantoin 1.51 1.60 2.44 3.18 0.0015 ↑

12 Glutathione 1.14 1.53 2.14 3.08 0.0021 ↑

13 Fumaric acid 1.19 1.53 1.91 2.99 0.0028 ↑

14 Cysteamine 1.91 1.83 2.78 2.99 0.0028 ↑

15 2-Ketoglutaric acid 1.34 2.12 3.61 2.71 0.0068 ↑

16 Kynurenine 1.10 1.21 1.57 2.15 0.0317 ↑

17 Dimethylglycine 0.86 0.75 0.59 −2.43 0.0152 ↓

18 Cystathionine 0.88 0.59 0.47 −2.71 0.0068 ↓

19 Ophthalmic acid 0.48 0.34 0.19 −3.74 0.0002 ↓

20 Acetylcholine 1.04 0.73 0.43 −3.74 0.0002 ↓

21 2-Aminobutyric acid 0.84 0.75 0.62 −1.87 0.0618

22 Homocysteine 0.88 0.59 0.68 −1.77 0.0760

23 Uridine 0.71 0.67 0.50 −1.77 0.0760

24 S-Adenosylmethionine 0.99 0.93 1.81 1.31 0.1911

25 Dopa 0.99 0.95 0.75 −1.12 0.2624

26 Ornitine 0.88 0.84 0.76 −0.75 0.4550

27 Glutamic acid 0.79 0.77 0.70 −0.75 0.4550

28 Arginine 0.75 0.81 0.69 −0.65 0.5133

29 Argininosuccinic acid 0.77 0.71 0.79 −0.65 0.5133

30 Citrulline 0.81 0.87 0.74 −0.47 0.6406

31 Adenosine 0.82 0.64 0.70 −0.28 0.7794

“↑” indicatesasignificantconcentration-dependent increase in theexpression levelswith increasingMGOconcentrations (p< 0.05),while “↓” indicatesasignificantconcentration-dependentdecrease (p< 0.05).
aTheJstatistic values are ranked indescendingorder for themetaboliteswithp< 0.05and reflect thedirectionandmagnitudeof the trend in themetabolite levelswith increasingMGOconcentrations.ApositiveJ
statisticvalue indicatesanupwardtrend,suggesting that themetabolite levels increaseasMGOconcentrationrises.AnegativeJstatisticvalue indicatesadownwardtrend, suggestingmetabolite levelsdecrease
as MGO concentration rises.
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byMGO65,66. Consistent with these findings, we observed the upregulation of
several Nrf2-regulated proteins, including HMOX1 and GCLM, with the
latter being critical for GSH synthesis67. The metabolites detected in the
cysteine and methionine metabolism and GSH metabolism pathways indi-
cated an increased cellular effort to synthesize GSH. For instance, the
observed downregulation of glutamate and cystathionine suggested their

increased consumption inGSHsynthesis.A2.1-fold increase inGSH levels in
the high-concentration MGO-treated cells was observed reflecting the cells’
attempt to enhance their detoxification capacity via the GSH-dependent
glyoxalase system54. Together, the activation of Nrf2 and the increase inGSH
levels can be seen as cellular protectivemechanisms against dicarbonyl stress,
working to mitigate the cytotoxic effects induced by MGO exposure.

Fig. 6 | Schematic representation of selected
impacts of MGO exposure in SH-SY5Y cells.
a Effects on energy metabolism, showing disrup-
tions in glycolysis, TCA cycle, and oxidative phos-
phorylation. b Effects on Nrf2/GSH axis, depicting
activation of the Nrf2 pathway and upregulation of
GSH levels. c Effects on amino acid catabolism,
detailing disruptions in arginine biosynthesis and
related impacts on the urea cycle induced by MGO.
Red arrows indicate upregulation, blue arrows
indicate downregulation, based on integrated omics
analyses. Figure created with BioRender.com.
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Finally, the metabolomic analysis and integrated omics studies
revealed significant alterations in several amino acid metabolism pathways,
particularly in the arginine biosynthesis pathway, which plays a critical role
in feeding into the urea cycle. Significant downregulation was observed in
key metabolites including ornithine, citrulline, arginosuccinate, and argi-
nine—which are all fundamental components of the urea cycle (Fig. 6c).
Additionally, glutamate levels were reduced, likely reallocating resources to
GSH synthesis to combat dicarbonyl stress. This reduction in glutamate, a
key precursor in both the arginine biosynthesis and the urea cycle, likely
contributed todecreased substrate availability for these cycles.Thedepletion
of urea cycle metabolites may also stem from their consumption in the
reaction of arginine with MGO to form MG-H1, which was substantially
increased. The disruption of this pathway can compromise nitrogen waste
processing and amino acid catabolism68, thereby potentially influencing
broader cellular functions and contributing to the neurotoxicity observed in
SH-SY5Y cells.

It is important to note that the interpretation of the proteomics and
metabolomics data discussed above was primarily based on the DEPs and
DMs identified in cells from the high-concentration MGO-treated group,
where the most substantial changes were evaluated. Enrichment analyses
were also conducted for DEPs identified at two lower concentrations, with
results presented in Supplementary Figs. 3 and 4. These analyses show that
fewer terms were enriched at lower concentrations compared to the highest
concentration MGO-treated group. Terms related to cellular adhesion and
signaling were enriched across all three treatment groups, whereas terms
associatedwith protein synthesis and responses to oxidative stresswere only
enriched in the medium- and high-concentration MGO-treated groups.
Furthermore, the concentration-dependent analysis, taking into account all
treatment groups, shows that the majority of proteins (enriched from the
topfive densely connectedmodules (Table 1)) andDMs, identified from the
high-concentration MGO-treated group, exhibited either a positive or
negative correlation with MGO exposure concentrations (Tables 2 and 3).
These results further confirm that the response to MGO is more pro-
nounced at the highest MGO concentration used in this study, supporting
the reliability of our enrichment analysis and the interpretationof data based
on these analyses at the highest MGO concentration. Consequently, this
validates that the patterns or changes observed under the highest MGO
concentration conditions are robust indicators of MGO-induced effects.

Moreover, it should also be noted that the use of Student’s t-test alone
in the current study, without corrections formultiple testing,may introduce
false positives. Our current strategy is based on the exploratory aspect of
omics studies in toxicology and pharmacology, aimed at capturing a broad
spectrumofpotential targets.Consequently, itwould beof interest for future
studies to further validate theDEPs and thepathways of interest identified in
this study. Despite this limitation, several findings from the current study,
such as increasedER stress and the activation of theNrf2-mediated pathway
upon MGO exposure, are supported by existing literature66,69. Different or
additional methods, such as PCR or western blot, could be employed to
quantify the differential expression of proteins of interest for further vali-
dation. Additionally, we have deposited the proteins and metabolites
identified across all three concentration groups, along with their corre-
sponding raw p values, in Supplementary Tables 7 and 8 and on the open-
source platform Figshare (https://doi.org/10.6084/m9.figshare.27268275).
This will allow future researchers to apply statistical corrections and explore
the data from different perspectives.

In conclusion, our integrated proteomics and metabolomics analyses
provide a comprehensive viewof the cellular alterations inducedbyMGOin
SH-SY5Ycells. Itwas observed thatMGOexposure, particularly at cytotoxic
levels, significantly impacts both the proteome andmetabolome, inducing a
range of both toxic effects and adaptive responses. Contributing to toxicity
are increased ER stress, disruptions in cellular adhesion and ECM integrity,
mitochondrial dysfunction, and disrupted amino acid metabolism, notably
in pathways such as arginine biosynthesis which directly impacts the urea
cycle. On the adaptive side, cells upregulate protein synthesis, activate the
Nrf2 pathway, and reprogram metabolism to counteract dicarbonyl stress

andmaintain energy levels, consistentwith increasing evidence that cells are
notmerely passive targets of electrophilic damage but can actively adapt and
protect themselves70–72. Furthermore, the majority of key proteins and
metabolites associated with these changes, initially identified under cyto-
toxic conditions, were found to show a concentration-dependent decrease
or increase in their expression levels with increasing MGO concentrations,
suggesting their potential as biomarkers forMGO exposure. These findings
enhance our understanding of MGO-induced neurotoxicity and identify
potential therapeutic targets for mitigating its harmful effects.

Data availability
All data generated or analyzed during this study are included in this pub-
lishedarticle and its Supplementary Informationfile andon theopen-source
platform Figshare, which can be accessed at https://doi.org/10.6084/m9.
figshare.27268275.
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