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Lipids serve as fundamental constituents of cell membranes and organelles. Recent studies have high-
lighted the significance of lipids as biomarkers in the diagnosis of breast cancer. Although liquid chro-
matography coupled with tandem mass spectrometry (LC-MS/MS) is widely employed for lipid analysis
in complex samples, it suffers from limitations such as complexity and time-consuming procedures. In
this study, we have developed dopamine-modified TiO, nanoparticles (TiO,-DA) and applied the ma-
Keywords: terials to assist the analysis of lipids by matrix-assisted laser desorption/ionization time-of-flight mass
Lipid spectrometry (MALDI-TOF MS). The TiO,-DA can provide large specific surface area and acidic environ-
MALDI-TOF MS ment, well suited for lipid analysis. The method was initially validated using standard lipid molecules.
BfeaSF cancer Good sensitivity, reproducibility and quantification performance was observed. Then, the method was ap-
Machine learning plied to the analysis of 90 serum samples from 30 patients with breast cancer, 30 patients with benign
Tio, breast disease and 30 healthy controls. Five lipid molecules were identified as potential biomarkers for
breast cancer. We constructed a classification model based on the MALDI-TOF MS signal of the 5 lipid
molecules, and achieved high sensitivity, specificity and accuracy for the differentiation of breast cancer
from benign breast disease and healthy control. We further collected another 60 serum samples from 20
healthy controls, 20 patients with benign breast disease and 20 patients with breast cancer for MALDI-
TOF MS analysis to verify the accuracy of the classification model. This advancement holds great promise

for the development of diagnostic models for other lipid metabolism-related diseases.
© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia
Medica, Chinese Academy of Medical Sciences.

Breast cancer is the most common cancer threatening women'’s
health worldwide. In East Asian, breast cancer accounts for 43.3%
of all female cancer cases [1]. Malignant breast cancer is highly
invasive and easy to metastasize to lung, liver and other organs,
which makes tumor treatment and prognosis difficult, resulting
in low overall survival rate of patients [2,3]. Effective clinical
treatment strategies for breast cancer include early surgery and
chemotherapy, for which accurate early diagnosis is the key to
improve survival rate of breast cancer patients [4,5]. To date, the
typical approach for diagnosing breast cancer involves a combina-
tion of imaging techniques and tissue biopsies. However, this ap-
proach might result in delayed tumor detection or even contribute
to the potential spread of the tumor. Liquid biopsy based on tumor
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biomarkers is an emerging technology, which has the advantages
of non- or litter invasive, simple operation, low cost and high an-
alytical throughput [6]. Proteins, metabolites and lipids presenting
in biofluids have attracted wide interests as potential biomarkers
for breast cancer diagnosis in recent years.

Lipids, serving as crucial biomolecules, play dual roles. They
serve as primary constituents within cell membranes and or-
ganelles, while also creating enduring non-covalent complexes to
store energy and engage in protein synthesis [7,8]. Lipidomics
was firstly proposed as a branch of metabolomics in 2003, aim-
ing to conduct comprehensive qualitative and quantitative anal-
ysis of lipids in organisms, tissues and cells [9]. Through this,
the goal is to uncover the connections linking lipid metabolism
disruptions and various biological processes [10]. Impairments in
lipid metabolism play a pivotal role in the pathogenesis of several
conditions, including cancer, cardiovascular disease, and neurode-
generative disorders [11-13]. Recent studies underscore the sig-
nificance of lipids as potential biomarkers for the precise clini-
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cal assessment of diseases such as liver cancer, breast cancer, and
prostate cancer [14-16]. Analyzing and quantifying lipid profiles
in body fluids like blood and urine hold promise for enabling
early cancer detection and monitoring the progression and prog-
nosis of tumors. By using lipidomic analysis, Chen et al. discov-
ered 15 lipid species, including 4 lyso-phosphatidylcholine (LPC), 6
phosphatidylethanolamine (PC), 2 ether-linked phosphatidylcholine
(ePC), and 3 cholesterol ester (CE), that could be used as plasma
biomarkers in distinguishing early-stage breast cancer [17]. Eghlimi
et al. analyzed 166 human plasma samples including 45 healthy
controls, 96 non-triple negative breast cancer (TNBC) and 25 TNBC
[15]. A panel of 19 lipid biomarkers was capable of distinguishing
TNBC from controls. In addition, a panel of 5 lipid biomarkers, in-
cluding diglyceride (DG) 34:2, PC 40:3, PC 39:8, PC 34:0 and PC
38:9 was capable of distinguishing TNBC from non-TNBC.

Liquid chromatography coupled with tandem mass spectrome-
try (LC-MS/MS) stands as a primary tool for analyzing lipids within
complex samples. The technique facilitates the differentiation of
lipids possessing similar molecular weights and provides insights
into their characteristics via accurate molecular weight determi-
nation and fragmentation pattern profiling [18,19]. Nevertheless,
it is important to note that this approach is limited by its com-
plexity, low throughput, and time-consuming nature [20]. Over the
recent years, there has been a growing fascination with matrix-
assisted laser desorption/ionization time-of-flight mass spectrome-
try (MALDI-TOF MS) within the realm of lipid analysis [21]. Com-
pared to LC-MS/MS, MALDI-TOF MS offers distinct advantages, in-
cluding high throughput, robustness, and user-friendly operation
[22]. In its initial stages, MALDI-TOF MS primarily found utility in
the study of proteins and other macromolecules. However, when
employing organic matrices such as «-cyano-4-hydroxycinnamic
acid (CHCA), 2,5-dihydroxybenzoic acid (DHB) and sinapic acid, the
conventional MALDI-TOF MS often exhibited prominent matrix-
derived peaks in the low mass range (i.e.,, m/z < 1000). This phe-
nomenon considerably hindered the accurate detection of small
molecules, notably lipids. Furthermore, the effectiveness of ioniz-
ing lipids using organic matrices was suboptimal.

Recent studies have introduced a diverse array of inorganic
nanomaterials to enhance the MALDI-TOF MS analysis of small
molecules [23-26]. Titanium dioxide nanoparticles have garnered
considerable interest in lipid detection due to their unique prop-
erties of high UV absorbance, photocatalytic properties, chemical
stability, non-toxicity, and enhanced ionization efficiency, etc. TiO,
nanoparticles have been widely used as the matrix of MALDI-TOF
MS for lipid determination. A noteworthy example is the utilization
of dopamine-modified TiO, monolith-assisted LDI MS, which has
demonstrated successful application in visualizing small metabo-
lites and lipids within mouse brain tissue through mass spec-
trometry imaging [27]. Similarly, Chen et al. applied plasmonic
polydopamine-modified TiO, nanotube coated with plasmonic gold
nanoparticle to assist MALDI-TOF MS to map spatial distribution of
lipids within mouse brain tissue sections [28]. However, a pressing
exigency persists for pioneering techniques characterized by stable
performance and superior efficiency in lipid ionization. These ad-
vancements are pivotal in facilitating the quantitative profiling of
lipids via MALDI-TOF MS and extending their potential application
within the realm of clinical diagnostics.

Herein, we introduce a novel approach involving the modifica-
tion of titanium dioxide (TiO,) nanoparticles with dopamine (DA)
to enhance lipid analysis using MALDI-TOF MS. The efficacy of
the TiO,-DA-MALDI-TOF MS methodology in lipid analysis was ini-
tially established through the evaluation of a mixture comprising
seven distinct lipid molecules. Subsequently, this technique was
extended to scrutinize serum samples sourced from 30 patients
with breast cancer, 30 individuals with benign breast disease, and
30 healthy subjects (Table S1 in Supporting information). Based on
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Scheme 1. Schematic illustration of the profiling of serum lipids by TiO,-DA-
MALDI-TOF MS for the identification of lipid biomarkers for breast cancer diagnosis.

Fig. 1. (a) SEM image of TiO,-DA with the scale bar of 100 nm. Comparison of crys-
tallization on target plates of (b) TiO,-DA, (c) 9-AA and (d) CHCA.

the MALDI-TOF MS profiling of lipids extracted from the serum
samples, the three groups can be clearly distinguished. To bolster
these findings, a parallel application of LC-MS/MS was employed,
leading to the identification of five lipid molecules - namely lyso-
phosphatidylethanolamine (LPE) (18:2), LPC (17:1), LPC (17:0), LPE
(20:5), and LPC (22:4) - that exhibit strong potential as diagnostic
biomarkers for breast cancer (Scheme 1).

TiO, nanoparticles exhibit exceptional stability in both physi-
cal and chemical attributes under laser irradiation, making them a
popular choice as inorganic matrices in the MALDI-TOF MS analysis
of compounds with modest molecular weights [29,30]. Addition-
ally, TiO, nanoparticles have demonstrated efficacy in aiding the
detection of diverse molecules, including steroid hormones, pep-
tides, and even proteins [31,32]. However, the potent catalytic hy-
drolysis tendencies of TiO, toward endogenous lipids have been
noted, leading to lipid degradation during MALDI-TOF MS analy-
sis [30,33]. The enhancement of TiO,'s attributes for precise lipid
characterization within biological systems remains a pressing re-
quirement.

To address this, we optimized the properties of TiO, through
surface modification. DA has the characteristics of easy oxidative
polymerization and robust ultraviolet absorbance. Incorporating DA
onto the surface of TiO, has been shown to amplify the material’s
ultraviolet laser absorption and heighten ionization efficiency dur-
ing MALDI-TOF MS analysis [27]. In light of this, we introduced a
small quantity of DA into an ethanol solution of TiO, under acidic
conditions. This strategy facilitated the surface modification of TiO,
by fostering covalent interactions between DA and the abundant
hydroxyl groups on TiO,. The electronic microscopy image of the
synthesized TiO,-DA is shown in Fig. 1a. Notably, the polymeriza-
tion of DA engendered interparticle grafting, endowing the matrix
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Fig. 2. (a) MALDI-TOF MS spectrum of the seven lipid molecules using TiO,-DA+CHCA matrix. (b) Limit of detection of the seven lipid molecules by MALDI-TOF MS. (c)
Normalized mass spectrum signal intensity of the seven lipid molecules from six sample spots. (d) Normalized mass spectrum signal intensity of the seven lipid molecules

at different detection points shown in (e).

with enhanced roughness that bolsters the adsorption capacity of
TiO,-DA for lipids. Simultaneously, the acidic environment inhibits
lipid degradation. Upon drying and deposition onto a MALDI target
plate, TiO,-DA exhibited uniform and stable distribution (Fig. 1b).
This attribute exhibits the potential to enhance the reproducibility
and precision of quantification in MALDI-TOF MS analysis. To con-
trast, we selected 9-AA and CHCA, both common organic matrices,
for matrix crystallization, revealing nonuniformity in organic ma-
trix crystallization (Figs. 1c and d). This nonuniform crystallization
can pose challenges to accurate sample quantification.

To ascertain the capability of TiO,-DA as a matrix for aiding
the analysis of lipids through MALDI-TOF MS, a set of seven lipid
molecules was selected for evaluation: 18:0-18:1 phosphatidylser-
ine (PS), 18:0-22:6 phosphatidylglycerol (PG), 16:0-18:1PC, 14:0
phosphatidic acid (PA), 14:0 phosphatidylethanolamine (PE), C10
ceramide (d18:1/10:0), and sphingosine (d18:1) (Table S2 in Sup-
porting information). Among these, PS, PG, PC, PA, and PE are
glycerophospholipids, the metabolism of which has been closely
linked to the development of various cancers [34,35]. Ceramide
and sphingosine fall under the category of sphingolipids, imbal-
ances in the metabolism of which are often associated with in-
flammation and cancer [36,37]. Notably, sphingolipid-based deliv-
ery system has garnered significant attention as potential thera-
peutic strategy for cancer and inflammatory diseases [38]. In our
study, the selection of these seven lipid molecules as the test sam-
ples aimed to underscore the potential of MALDI-TOF MS analysis
of lipids in the context of breast cancer diagnosis. With a focus
on the glycerophospholipids and sphingolipids, the MALDI-TOF MS
mass range was set up to my/z 1000.

We compared CHCA and two TiO,-based inorganic nanomate-
rials, unmodified P25 TiO, and TiO,-DA, for their efficacy in an-
alyzing the seven selected lipid molecules (Table S3 in Supporting
information). In the positive ion mode, unmodified P25 TiO, exhib-
ited the capacity to detect only three lipid molecules, while both
TiO,-DA and CHCA demonstrated the capability to detect six out of
the seven lipid molecules. Combining TiO,-DA and CHCA facilitated
the effective detection of all seven lipid molecules. Given the var-
ied performance of these matrices in terms of lipid desorption and

ionization, the ultimate choice of the optimal matrix for MALDI-
TOF MS analysis of lipids was TiO,-DA ethanol solution doped with
CHCA.

As depicted in Fig. 2a, distinct signal peaks were observed for
all seven lipid molecules. Notably, sphingosine (d18:1) exhibited
a hydroxyl group deficiency, 14:0 PE exhibited a loss of the head
group, and 16:0-18:1PC and 18:0-18:1 PS presented peaks with
both H* and Na* ions. It is important to highlight that the sen-
sitivity of MALDI-TOF MS analysis varied among different lipid
species. While PC has been recognized as among the most eas-
ily detectable lipids using MALDI-TOF MS [39], phospholipids con-
taining quaternary ammonium groups could potentially inhibit the
detection of other lipids [7]. Consequently, an optimization of the
relative concentrations of the seven lipid molecules in the mix-
ture was performed, ensuring their successful detection via MALDI-
TOF MS analysis. Specifically, the mixture contained concentra-
tions of 200 umol/L of 18:0-18:1 PS, 200 umol/L of 18:0-22:6 PG,
200 pmol/L of 16:0-18:1PC, 200 pmol/L of 14:0 PA, 200 umol/L of
14:0 PE, 100 umol/L of C10 ceramide (d18:1/10:0), and 100 umol/L
of sphingosine (d18:1).

Gradient dilution was employed on the seven lipid molecules to
evaluate the detection limits of this strategy. The findings unequiv-
ocally established detection limits lower than 20pumol/L for all
seven lipid molecules, with PC, ceramide, and sphingosine show-
casing even more impressive detection limits below 5umol/L (Fig.
2b). Particularly noteworthy was the heightened sensitivity ob-
served in the detection of sphingosine and phospholipids contain-
ing ammonium groups by MALDI-TOF MS. This heightened sensi-
tivity renders the strategy adept at fulfilling the demands of serum
lipid analysis, especially considering that total lipid content in hu-
man serum can reach 5mmol/L. Consequently, the MALDI-TOF MS
analysis approach underpinned by TiO,-DA can be feasibly ex-
panded to encompass human serum lipid analysis, thereby offer-
ing a theoretical framework for comprehending lipid metabolism
in pertinent diseases.

To ascertain the signal’s reproducibility in the context of TiO,-
DA-MALDI-TOF MS analysis, six distinct sample spots were chosen
from a single MALDI target plate for analyzing the mixture of the
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seven lipid molecules. Normalization was performed by summing
the total peak intensity of the seven lipid molecules. The results,
presented in Fig. 2c, exhibited a high degree of consistency among
different sample spots, characterized by a relative standard devi-
ation (RSD) of normalized intensity that remained under 8%. Fur-
thermore, the normalized signal intensity across different regions
within a given sample spot also exhibited noteworthy consistency,
as evidenced by RSD values under 3% (Figs. 2d and e). Collectively,
these results underscore the aptitude of the TiO,-DA matrix to co-
crystallize uniformly with lipids, engendering a high level of anal-
ysis reproducibility. This in turn serves as the bedrock for conduct-
ing relative quantitative analysis.

Quantification performance of the TiO,-DA-MALDI-TOF MS in
lipid analysis was further explored. Given the distinct performance
characteristics of MALDI-TOF MS when analyzing different lipid
classes, we conducted relative quantitative analysis using a subset
of six molecules representing three lipid classes: PC, PG, and sphin-
gosine. Specific lipid species, including 18:0-22:6 PG, 16:0-18:1PC,
and sphingosine (d18:1) were employed as internal standards at
a final concentration of 200pumol/L. Notably, 16:0-18:1 PG, 14:0-
18:0PC, and sphingosine (d18:0) were chosen as analytes and were
tested across a concentration range spanning 40-400umol/L. Each
set of lipids within the same class was combined and subjected to
MALDI-TOF MS analysis. As shown in Fig. S1 (Supporting informa-
tion), a strong linear correlation emerged between the relative sig-
nal intensity and the corresponding relative concentration of the
lipids within the same lipid class. This correlation reinforces the
feasibility of executing relative quantification via internal standard
calibration utilizing standard lipids from the identical lipid class.

With the excellent performance in the analysis of standard lipid
samples, the TiO,-DA-MALDI-TOF MS was further applied to an-
alyze lipids extracted from human serum. We introduced a set
of seven lipid molecules, 18:0-18:1PS, 18:0-22:6PG, 16:0-18:1PC,
14:0 PA, 14:0 PE, C10 ceramide (d18:1/10:0), and sphingosine
(d18:1), as internal standards (IS) to facilitate relative quantita-
tive calibration. These standards were incorporated into the serum
samples. Our study encompassed firstly a collection of 90 serum
samples, including 30 from individuals diagnosed with breast can-
cer, 30 from individuals with benign breast disease, and 30 from
healthy control subjects.

In Fig. S2 (Supporting information), the MALDI-TOF mass spec-
tra (n=3) of a serum sample extracted from a healthy individ-
ual were observed, exhibiting distinctive signals corresponding to
the seven internal standard lipid molecules. A total of 51 features
were extracted from the MALDI-TOF mass spectra across all sam-
ples. Due to the challenge of identifying the specific molecules
corresponding to the peaks, we opted for 16:0-18:1PC, a stable
and consistently detectable lipid, as our reference internal stan-
dard. Normalization was firstly performed against the H* ion peak
of the internal standard (m/z 761), and subsequently against the to-
tal peak intensity while eliminating the contributions from matrix-
related peaks and the seven added lipid molecules. These matrix-
related and added lipid peaks were also excluded from the subse-
quent machine learning analysis.

The normalized MALDI-TOF MS features underwent rigorous
statistical analysis. As illustrated in Fig. S3a (Supporting infor-
mation), the healthy control group (Ctl, in pink), benign breast
disease group (BD, in green), and breast cancer group (BC, in
blue) demonstrated discernible separation through PCA, suggest-
ing notable variations in lipid profiles among the three groups.
Employing supervised discriminant analysis techniques, including
partial least squares-discriminant analysis (PLS-DA), sparse partial
least squares-discriminant analysis (sPLS-DA) and orthogonal par-
tial least squares-discriminant analysis (OPLS-DA), we achieved ef-
fective separation among the groups, as depicted in Figs. S3b-f
(Supporting information). OPLS-DA, which is tailored for binary
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Table 1

Five lipid biomarkers of breast cancer identified by MALDI-TOF MS and LC-MS/MS.
LC-MS/MS MALDI-TOF MS Lipid
478.288 [M+H]* 478.2 [M+H]* LPE (18:2)
508.339 [M+H]*+ 508.2 [M+H]* LPC (17:1)
510.346 [M+H]*+ 532.7 [M+Na|* LPC (17:0)
522.260 [M+Nal]* 522.2 [M+Na]* LPE (20:5)
572.366 [M+H]*+ 594.0 [M+Na]* LPC (22:4)

group comparison, displayed distinctive separation for each pair of
groups. Given the relatively larger number of samples compared
to features in our study, the risk of overfitting associated with the
supervised discriminant analysis methods was mitigated.

Differential features were pinpointed using volcano plot anal-
ysis with t-test P-value < 0.05 and fold change (Fc) > 1.5 or Fc
< 0.67 as the criteria, highlighting distinctions between each two
groups (Fig. S4 in Supporting information). Between the healthy
control group and the breast cancer group, one feature exhibited
significant upregulation, while five features showed substantial
downregulation. In the comparison between the healthy control
group and the benign breast disease group, three features demon-
strated significant downregulation. For the benign breast disease
group and the breast cancer group, one feature displayed signifi-
cant upregulation, and two features exhibited noteworthy down-
regulation (Table S4 in Supporting information). In total, 7 distinc-
tive features were identified after eliminating redundancy. Addi-
tionally, when focusing solely on the t-test outcomes, 11 signifi-
cant features with P-values < 0.05 were observed across any two
groups among the three (Table S5 in Supporting information).

To delve deeper into the biological implications of these dif-
ferential features, LC-MS/MS was employed to characterize lipids
within serum samples from a healthy individual (Table S6 in Sup-
porting information). The MALDI-TOF MS spectra of the lipid sam-
ple from the healthy subject encompassed all the 11 significant
features. Through a comparative analysis of identification results
by LC-MS/MS and the m/z values of the 11 significant features ob-
tained from MALDI-TOF MS, a total of 5 prospective lipid biomark-
ers for breast cancer were discerned with a mass tolerance of
1000 ppm (Table 1). Notably, all the five identified lipids were
lyso-subtype of glycerophospholipids. Lyso-phospholipids are gen-
erated by removing a fatty acid chain from an intact glycerophos-
pholipid molecule. Therefore, they usually consist of a glycerol
backbone, a phosphate group, a polar head group, and a single
fatty acid chain. This structure makes lyso-phospholipids more
hydrophilic than non-lyso phospholipids. Lyso-phospholipids, as
signaling molecules, influence various cellular processes such as
cell proliferation, differentiation, and migration [40]. Some lyso-
phospholipids, such as lyso-phosphatidic acid (LPA) and lyso-
phosphatidylcholine (LPC), are known to play a role in the regula-
tion of inflammatory responses during tumor progression [41,42].
In the setting of pancreatic ductal adenocarcinoma (PDAC), pan-
creatic stellate cells undergo trans-differentiation into activated
cancer-associated fibroblasts, which secrete LPCs into the microen-
vironment. PDAC cells then use these LPCs to facilitate the synthe-
sis of their cell membranes. Moreover, these cancer cells upregu-
late the expression of autotaxin, an enzyme responsible for con-
verting LPC into LPA. This ensuing LPA, in a positive feedback loop,
triggers AKT signaling and substantively bolsters the processes of
cancer cell proliferation and migration [43].

We utilized 16:0-18:1PC and 14:0 PE as internal standards,
specifically corresponding to LPC and LPE, to execute the normal-
ization process. Initial normalization of the lipid biomarker peak
intensities was accomplished by the corresponding internal stan-
dards. Subsequently, normalization by the total peak intensity (ex-
cluding matrix-related and the seven added lipid molecules’ peaks)
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Fig. 3. Box plots of the relative quantities of (a) LPC (17:0), (b) LPC (17:1), (c) LPE (18:2), (d) LPE (20:5), and (e) LPC (22:4) in sera among healthy controls (Ctl), benign breast
disease (BD) and breast cancer groups (BC). Error bars represent the standard deviation. “#”, “**”, and “***" indicate P-values less than 0.05, 0.01, and 0.001, respectively. The
boxes mark the first and third quantile and the lines inside the boxes mark the median.

was conducted. The relative quantities of each lipid biomarker
across the three different groups were depicted in Fig. 3. Notably,
all five lysophospholipids exhibited significant variations in rela-
tive quantity between any two groups. Among these five biomark-
ers, LPC (17:0), LPC (17:1), and LPE (20:5) within the breast cancer
and benign breast disease groups demonstrated downregulation in
comparison to the healthy control group. Conversely, LPE (18:2)
and LPC (22:4) in the breast cancer and benign breast disease
groups displayed significant upregulation relative to the healthy
control group.

While there is currently limited literature discussing these five
lipid molecules as breast cancer biomarkers, numerous studies
have highlighted the pivotal role of lipid metabolism reprogram-
ming in cancer development [44,45]. For instance, LPE induced
calcium signaling by activating phospholipase C and a membrane
bound receptor, thereby triggering chemotactic migration and fa-
cilitating cellular invasion in ovarian cancer cells [46]. Kiihn et al.
proposed that alterations in blood lipid composition manifested
several years prior to the diagnosis of malignancies. Elevated con-
centrations of LPCs, particularly LPC (18:0), exhibited a consistent
association with reduced risks of breast, prostate, and colorectal
cancers, regardless of underlying variables. In contrast, heightened
levels of PC (30:0) were linked to an escalated cancer risk, demon-
strated by regression analyses using data from a prospective case-
cohort study involving 835 incident cancer cases [47]. Taware et
al. conducted a comparative phospholipidomic analysis of invasive
ductal carcinoma (IDC) of the breast, as well as benign and con-
trol breast tissue samples. Through the application of targeted LC-
MS approach, their investigation unveiled a total of 11 phospho-
lipids showcasing significant differential expression. These dispar-
ities were observed when assessing 33 IDC samples against an
equal number of age-matched benign and control samples. No-
tably, among these phospholipids, LPI (20:3), PE (22:1/22:2), LPE
(20:0), and PC (20:4/22:4) emerged as the most prominently asso-
ciated with IDC tissue samples [48].

The effectiveness of the five potential lipid biomarkers in differ-
entiating patients with breast cancer, patients with benign breast
disease and healthy controls was further explored. We randomly
selected two thirds of the breast cancer group, the benign breast
disease group and the healthy control group as the training data,

and set the remaining samples as the test data. Relative quanti-
ties of the five lipid molecules were used to construct classifica-
tion models based on PLS-DA. As shown in Fig. 4a, receiver oper-
ating characteristic curve (ROC) analysis and cross-validation were
performed on the training data of the 20 healthy controls and 20
breast cancer patients, and the results showed that the AUC value
was 1, indicating that the five lipid biomarkers can efficiently dis-
tinguish breast cancer patients from healthy individuals. The model
was then applied to the test data set composed of 10 healthy
controls and 10 breast cancer patients (Fig. 4d). All samples were
correctly classified, and the sensitivity, specificity and accuracy of
this classification model for differentiating healthy individuals and
breast cancer patients reached 100%. Further, we carried out ROC
analysis and classification model construction for healthy control
and benign breast disease, as well as benign breast disease and
breast cancer, respectively. As shown in Figs. 4b and e, the AUC
value of ROC analysis for healthy control group and benign breast
disease group was 1, and the sensitivity, specificity and accuracy of
the classification model in identifying patients with benign breast
disease reached 100%. As shown in Figs. 4c and f, the AUC value
of ROC analysis for patients with benign breast disease and breast
cancer was 0.982, and the sensitivity, specificity and accuracy of
the classification model to identify patients with breast cancer
from benign breast disease were 90%, 100% and 95%. These results
demonstrated that the classification model based on MALDI-TOF
MS analysis of the five lipid biomarkers could be used to distin-
guish patients with breast cancer, patients with benign breast dis-
ease and healthy individuals with high accuracy.

We further collected another 20 serum samples from healthy
controls, 20 serum samples from patients with benign breast dis-
ease and 20 serum samples from patients with breast cancer (Ta-
ble S7 in Supporting information) for MALDI-TOF MS analysis. The
90 previously collected samples from the healthy control, benign
breast disease and breast cancer groups were employed as the
training data, and the 60 newly collected samples were employed
as an independent test dataset. The relative quantities of the five
identified lipid biomarkers, LPC (17:0), LPC (17:1), LPE (20:5), LPE
(18:2) and LPC (22:4), were used to construct classification models
based on PLS-DA. Cross-validation were performed on the training
data, and the trained model was then applied to the independent
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Fig. 4. ROC analysis with 10-fold cross-validation on the training data of (a) 20 healthy control samples (Ctl) and 20 patients with breast cancer (BC), (b) 20 Ctl and 20
patients with benign breast disease (BD), (c) 20 BD and 20 BC, using the classification model built by PLS-DA using only the five lipid biomarker features. Confusion matrix
of the classification results on the test data of another (d) 10 Ctl and 10 BC, (e) 10 Ctl and 10 BD, (f) 10 BD and 10 BC.
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Fig. 5. Confusion matrix of the classification results on an independent test data of another (a) 20 healthy control samples (Ctl) and 20 patients with breast cancer (BC), (b)
20 Ctl and 20 patients with benign breast disease (BD), and (c) 20 BD and 20 BC. The classification model was built based on 90 samples of 30 Ctl, 30 BC and 30 BD with

cross validation by PLS-DA using only the five lipid biomarker features.

test data set. As shown in Fig. 5, the sensitivity, specificity and ac-
curacy of the classification models to identify each group of the
mixed samples of healthy individuals, patients with benign breast
disease and breast cancer reached 100%. The result demonstrated
that the classification model based on the MALDI-TOF MS analy-
sis of the 5 lysophospholipids molecules could achieve the diag-
nosis of breast cancer with high accuracy, demonstrating the po-
tential of the 5 lipid biomarkers in the prediction of breast cancer
disease

As lipidomics advances, it becomes increasingly evident that
lipids occupy pivotal roles in regulating processes such as cell pro-
liferation, apoptosis, and development. The orchestration of lipid
metabolism profoundly impacts tumor progression, invasion, and
metastasis, thus establishing lipids as valuable candidates for can-
cer diagnosis and prognosis [49]. Earlier investigations focusing on
breast cancer tissue have identified overexpression of certain genes
involved in lipid metabolism, underscoring the potential utility of
phospholipids as diagnostic biomarkers for breast cancer. These in-
sights also raise the prospect of leveraging metabolic regulation as
a treatment strategy [50]. The systemic impact of lipid metabolic
reprogramming on tumor cell behavior, growth, and communica-
tion highlights the complex crosstalk between tumor cells, can-
cer metabolism, gene expression, and the tumor immune microen-

vironment [51]. In has been reported that upregulation of lipid
metabolism genes was discovered in breast prior to cancer diag-
nosis [52]. In our study, we identified five lipids closely associated
with breast cancer. These lipids belong to the classes of PC and PE.
Both PC and PE metabolism are integral to cancer cell biology, im-
pacting oncogenic transformation, tumor progression, and cell sur-
vival [53]. These phospholipids are not only fundamental compo-
nents of cell membranes but also play pivotal roles in signaling
pathways that regulate cell proliferation, survival, and migration.
Alterations in the levels of PC and PE, as well as in their biosyn-
thetic pathways, have been associated with cancer progression and
the development of resistance to therapy.

With a wider scope, the lipid profile present in serum is in-
tegral to a variety of physiological and pathological processes, in-
cluding inflammation, metabolism, and other critical events. Sph-
ingolipids, in particular, have been highlighted for their involve-
ment in inflammatory processes and are recognized as potential
signaling molecules that significantly contribute to cellular func-
tions. The biosynthesis and catabolism of sphingolipids are integral
to body functions, including their participation in signaling, im-
pacting cell proliferation, death, migration, and invasiveness, and
notably, in inflammation and central nervous system development.
Their disruption or dysregulation can lead to various pathologies,
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including inflammatory diseases, highlighting the importance of
sphingolipid homeostasis [54]. In addition, lipids such as choles-
terol and triglycerides play crucial roles in metabolic processes,
impacting functions from cellular membrane composition to hor-
mone synthesis and energy storage. Cholesterol as a fundamental
constituent of cellular membranes, imparts structural integrity and
fluidity to membranes, thereby impacting various cellular functions
[55]. Dysregulation of cholesterol homeostasis is implicated in a
myriad of metabolic disorders, including atherosclerosis, cardiovas-
cular disease, and metabolic syndrome [56]. These highlights illus-
trate the complexity and diversity of the roles that serum lipids
play in signaling pathways across various physiological and patho-
logical contexts.

To date, most existing studies that aim to investigate metabolic
pathways associated with breast cancer primarily rely on LC-MS
techniques [57,58]. Our study establishes a novel method based on
the TiO,-DA matrix, expanding the application potential of MALDI-
TOF MS for lipid quantification. Furthermore, it opens new pos-
sibilities for precise diagnoses across diverse cancer diseases by
utilizing lipids as biomarkers. Notably, compared to LC-MS-based
lipidomics, MALDI-TOF MS offers the distinct advantages of high
throughput and cost-effectiveness. This renders the technique suit-
able for the initial screening of significant lipid features pertaining
to a specific disease, with subsequent identification of these fea-
tures attainable through LC-MS/MS methods.

In summary, we have pioneered the use of dopamine-modified
TiO, nanoparticles in tandem with MALDI-TOF MS for the analy-
sis of human serum lipids, and identified five lipid biomarkers for
the detection of breast cancer. This innovative discovery has the
potential of significantly improving the accuracy of identifying and
classifying different subtypes of breast cancer, which is a critical
factor in customizing patient treatment plans. We intend to fur-
ther validate these lipid biomarkers through clinical trials and ex-
plore their full potential in personalized medicine for breast can-
cer patients. In addition, the development of this novel inorganic
matrix extends the application of MALDI-TOF MS to the identifi-
cation of complex lipid profiles in biofluids. Tt introduces a realm
of new possibilities for diagnosing various diseases linked to lipid
metabolism.
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