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Background: Dementia with Lewy bodies (DLB) exhibits a more aggressive progression and poorer prognosis than Alzheimer’s
disease (AD), yet clinical differentiation remains challenging. Dysregulated lipid metabolism, implicated in a-synuclein aggregation
and neuroinflammation, may offer specific biomarkers for distinguishing DLB and AD.

Methods: This cross-sectional study implemented targeted lipidomic profiling to comprehensively characterize plasma lipidomes in
a cohort comprising 50 DLB patients and 56 AD patients. Five machine learning algorithms - least absolute shrinkage and selection
operator (LASSO) regression, support vector machine (SVM), random forest (RF), recursive feature elimination (RFE), and stepwise
regression - were systematically applied for biomarker discovery.

Results: Significant alterations were observed in 7 lipid classes and 65 specific lipid species in DLB compared to AD. DLB plasma
exhibited marked elevations in sphingolipids (total Cer, Hex1Cer, SM), lysophospholipids (LPC, LPE), phosphatidic acid (PA),
alongside significant reductions in 45 triacylglycerol (TG) species compared to AD. Five machine learning algorithms consistently
identified PA(16:0 16:0) and PA(16:0 20:4) as core discriminators between DLB and AD. The LASSO regression model demon-
strated superior generalizability in the test set (AUC=0.916), selecting a 11-lipid panel dominated by PA species, alongside PC
(18:0_20:4), ChE(22:4), Hex2Cer(d18:1_22:0), and PE species.

Conclusion: This first comprehensive targeted lipidomics study reveals distinct plasma lipid signatures differentiating DLB from AD,
characterized by upregulated sphingolipids, lysophospholipids, and PA, and downregulated TG. Machine learning identified a 11-lipid
biomarker panel, highlighting profound disturbances in glycerophospholipid metabolism. These findings provide novel molecular
insights into DLB pathogenesis and a promising diagnostic tool for diagnosis.
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Introduction

Alzheimer’s disease (AD) is the leading cause of dementia, which is rapidly emerging as one of the most costly, deadly,
and burdensome diseases of the 21st century. The latest data indicate that by 2050, the prevalence of dementia primarily
caused by AD will double in Europe and triple worldwide.' In the United States, the prevalence of AD increases
markedly with advancing age: 5% among those aged 65-74 years, 13.1% among those aged 75-84 years, and 33.3%
among individuals aged 85 years and older.” Dementia with Lewy bodies (DLB), the second most common cause of
neurodegenerative dementia after Alzheimer’s disease (AD), accounts for approximately 4.2% of dementia diagnoses in
community-based populations.®> Epidemiological research indicates that the median survival time of DLB patients is
merely 3—4 years, which is substantially shorter than the 5-10 years of AD patients,” suggesting a more aggressive
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clinical course and substantially poorer prognosis. The core clinical triad of DLB, fluctuating cognitive impairment,
spontaneous parkinsonian syndrome, complex visual hallucinations, and rapid eye movement sleep behavior disorder,
significantly impair quality of life, increase fall risk, and contribute to a hospitalization rate 1.9 times higher than that
of AD patients.” Collectively, these factors impose a substantial socioeconomic and caregiver burden on DLB patients
and families.

It is noteworthy that although the 2017 diagnostic criteria of the International Dementia with Lewy Bodies
Consortium have further enhanced the diagnostic accuracy of DLB, a relatively high clinical misdiagnosis rate still
persists.® Firstly, the clinical symptoms of DLB exhibit significant overlap with those of diseases such as AD. The
fluctuations in cognitive and behavioral symptoms of DLB exacerbate the difficulty in differentiating it from AD.’
Pathologically, DLB is characterized by Lewy bodies formed through a-synuclein deposition, whereas AD manifests
with B-amyloid(Ap) plaques and tau neurofibrillary tangles. However, clinical differentiation remains challenging due to
biomarker overlap, as DLB patients frequently exhibit concurrent AD pathology (AB + Tau).® Neuropathological overlap
also exists, with most DLB cases exhibiting concurrent AD pathology, blurring diagnostic boundaries.’ In addition,
dopamine transporter (DAT) single-photon emission computed tomography (SPECT) imaging and myocardial iodine-123
metaiodobenzylguanidine (MIBG) scintigraphy can be utilized to support the diagnosis of DLB. However, these methods
are costly and have limited availability.'® The detection of cerebrospinal fluid a-synuclein remains in the research phase,
and the invasive nature of the procedure restricts its clinical application. Consequently, the search for blood-based
metabolic markers holds significant clinical translational value. However, no blood-based diagnostic kit has been
approved for clinically differentiating DLB from AD, highlighting the urgent need for developing novel biomarkers
and methods to address this unmet clinical need."’

Lipids constitute over 50% of the brainstem’s dry weight and are critical in maintaining membrane architecture,
synaptic function, and energy metabolism.'? In recent years, studies have shown that lipid metabolism dysregulation is
closely associated with the abnormal aggregation of a-synuclein.'® As a lipid-binding protein, a-synuclein undergoes
conformational changes regulated by membrane lipid composition. Research has demonstrated that certain lipids, such as
sphingomyelin and cholesterol, can facilitate the oligomerization of o-synuclein, leading to the formation of toxic
fibrils.'*'> Animal experiments have confirmed that deficiencies in lipid metabolism-related enzymes, such as glucocer-
ebrosidase (GBAI1), can cause lysosomal dysfunction, accelerate the aggregation of a-synuclein, and trigger
neurodegeneration.'®!” Our previous non-targeted metabolomics identified lipid disturbances in DLB involving phos-
phatidylcholine and sphingomyelin.'® However, the semi-quantitative nature and relatively low throughput of non-
targeted methods have limited their clinical translation.'® Targeted lipidomics utilizing multiple reaction monitoring
(MRM) achieves picomolar-level quantification, particularly critical for analyzing low-abundance sphingolipids.?**' The
present study advances beyond this prior work by employing targeted LC-MS/MS with multiple reaction monitoring,
achieving picomolar-level quantification of diverse lipid classes including glycerophospholipids and sphingolipids. This
approach enables systematic mapping of DLB-specific lipid networks with higher precision and reproducibility.

Despite growing evidence of lipid dysregulation in both AD and DLB, comparative targeted lipidomic studies using
quantitative, high-sensitivity platforms remain lacking. Most prior work has focused on single diseases or relied on non-
targeted approaches with limited accuracy and lipid coverage. Moreover, no blood-based biomarker panel has been
established to reliably distinguish DLB from AD using targeted lipidomics. This study aims to address this gap by
quantitatively profiling plasma lipids in AD and DLB patients using targeted mass spectrometry, integrated with machine
learning to identify differential diagnostic biomarkers.

Materials and Methods

Inclusion of Participants

This cross-sectional study was conducted at Xuanwu Hospital, Capital Medical University, and Guangnei Community
Health Service Center between January 2021 and June 2022. The study protocol received approval from the Ethics
Committee of Xuanwu Hospital (No.[2020]097) and was conducted in accordance with the Declaration of Helsinki.
A total of 106 participants (50 DLB patients, 56 AD patients) were consecutively enrolled following written informed
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consent. AD diagnoses were established according to the National Institute on Aging—Alzheimer’s Association (NIA-
AA) criteria incorporating the ATN biomarker framework (amyloid-f [A], tau [T], neurodegeneration [N]).2% All
patients with DLB met the criteria for probable DLB followed the 2017 international consensus criteria.”® Patients with
possible DLB were excluded from the study. Diagnostic confirmation required unanimous agreement by three
neurologists specializing in neurodegenerative disorders. Exclusion criteria included a history of mental illness such
as schizophrenia, bipolar disorder and major depressive disorder with psychotic features, excessive alcohol consump-
tion, a history of autoimmune diseases, reversible cognitive impairment including B12 deficiency and hypothyroidism,
organic brain injury, a history of brain surgery, long-term use of steroid hormones, and malignant tumors that might
affect the results.

General Information and Scale Assessment

Baseline demographic characteristics and comorbidities were systematically documented to support for subsequent
analysis. Cognitive function was assessed using validated instruments: the Clinical Dementia Rating (CDR), and
Montreal Cognitive Assessment (MoCA).>*?** Certified neuropsychologists administered all tests following standardized

protocols to ensure inter-rater reliability.

Plasma Sample Preparation

Venous blood (6 mL) was collected from fasting participants using EDTA-K2 anticoagulant tubes. Samples were
immediately centrifuged (3000 g, 10 min, 4°C). Plasma aliquots (500 uL) were flash-frozen in liquid nitrogen and
stored at —80°C until detection.

Lipid Extraction and Processing, Chromatographic Separation Parameters and Mass

Spectrometry Detection Parameters
The lipid extraction, sample processing, chromatographic separation, and mass spectrometry detection were carried out
by Shanghai Applied Protein Technology Co., Ltd. (Shanghai, China). Lipids were extracted according to methyl tert-
butyl ether (MTBE) method. Frozen plasma was thawed at 4°C, and a quantitative sample was mixed with 200 uL of
methanol and vortexed. Then, 20 puL of isotope-labeled internal standard solution was added, followed by 800 pL of
MTBE. The mixture was thoroughly shaken and mixed. After low-temperature ultrasonic treatment (20 min) and room-
temperature standing (30 min), 200 pL of ultrapure water was added, vortexed vigorously, and centrifuged at 4°C at
14,000 rpm for 15 min to separate the layers. The organic phase was dried under nitrogen, and 200 pL of 90%
isopropanol/acetone mixture was added for reconstitution. After centrifugation, the supernatant was taken for injection.

Analyses were performed on an UHPLC-MS/MS system (Nexera LC-30A, Shimadzu). The temperature of the
reversed-phase C18 column (Phenomenex, Kinetex C18, 2.1x100 mm, 2.6 pum) was set at 45°C. For RPLC separation,
the column temperature was set at 45°C. Mobile phase A: 70% acetonitrile+30%H20+5mM ammonium acetate, mobile
phase B: IPA solution. A gradient (20% B at 0 min, 60% B at 5 min, 100% B at 13 min, 20% B at 13.1-17 min) was then
initiated at a flow rate of 0.35 mL/min. The sample was placed at 10 °C during the whole analysis process. For HILIC
separation, the column temperature was set at 40 °C. Mobile phase A: 2mM ammonium acetate +50% methanol+50%
acetonitrile, mobile phase B: 2mM ammonium acetate +50% acetonitrile +50% water. A gradient (3% B at 0-3 min, from
3% to 100% B at 3—13 min, 100% B at 13—17 min, 3% B at 17.1 —22 min) was then initiated at a flow rate of
400 pL/min.

6500+ QTRAP (AB SCIEX) was performed in positive and negative switch mode. The ESI positive source
conditions were as follows: Source temperature: 400°C; Ion Source Gasl (GS1): 50 Ion Source Gas2 (GS2): 55;
Curtain Gas (CUR): 35; IonSpray Voltage (IS): +5500 V; The ESI negative source conditions were as follows: Source
temperature: 400°C; Ion Source Gasl (GS1): 50; Ion Source Gas2 (GS2): 55; Curtain gas (CUR): 35; IonSpray Voltage
(IS): —4500 V. MRM method was used for mass spectrometry quantitative data acquisition.
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Statistical Analysis

All continuous variables underwent normality assessment via Shapiro—Wilk tests, with parametric distributions analyzed by
Student’s r-test and non-parametric distributions by Wilcoxon tests. Categorical variables were evaluated using Pearson’s y*-
tests. Statistical analyses were conducted in IBM SPSS Statistics (v27.0; Armonk, NY), with significance thresholds set at P <
0.05. QC workflow of targeted lipidomics: Pooled QC samples were injected every 10 study samples to monitor instrument
stability; lipid features with CV > 30% in QCs were excluded to ensure reproducibility; and QC-based robust LOESS
normalization was applied to correct signal drift and batch effects. PCA of QC samples showed no significant batch clustering
after correction, confirming effective removal of systematic error. For targeted lipidomics data preprocessing, metabolites with
> 30% missing values across all samples were excluded from further analysis. For the remaining metabolites, missing values
were imputed using half of the minimum detected value for each metabolite, an approach appropriate for targeted lipidomics
datasets where missing values are predominantly attributable to concentrations below the limit of detection (Missing Not At
Random, MNAR).%® To adjust for significant between-group differences in age and sex, each lipid feature was regressed on
these variables, and the residuals were used as confounder-adjusted values for all subsequent analyses—a widely adopted
approach in metabolomics that removes demographic confounding while preserving biological signals.?”*® Targeted lipido-
mics data were processed using Simca-P (v16.0.2, Sartorius Stedim Biotech). First, the data were normalized by Pareto
scaling, and Hotelling T? test was used to identify outliers. Then, model establishment and calculation were carried out.
Metabolites with VIP > 1 and adj P < 0.05 were considered statistically significant. Lastly, the differential metabolite dataset
was randomly split into training (70%) and test (30%) sets using stratified sampling.Five machine learning algorithms were
selected based on their complementary strengths: LASSO (L1 regularization, Atuned by 5-fold CV with min binomial
deviance), random forest (mtry optimized by 5-fold CV, ntree=500), linear SVM (cost C optimized by grid search + 5-fold
CV), RFE (random forest base learner, optimal feature subset determined by 5-fold CV maximizing AUC), and stepwise
regression (bidirectional AIC-based selection)—all feature selection and hyperparameter tuning were performed exclusively
within the training set, with the test set held out for final evaluation.

Results

Baseline Characteristics of DLB and AD Patients
The comparison of baseline characteristics between the DLB group (n=50) and AD group (n=56) is presented in Table 1.
Patients in the DLB group were significantly older than those in the AD group (71.36 £ 6.85 years vs. 63.42 £ 9.70 years,

Table | Baseline Characteristics of DLB and AD Patients

Variables DLB (n=50) AD (n=56) P
Age (years) 71.36+6.85 63.42+9.70 <0.001
Gender, males/females 30/20 22/34 0.033
Education [years, M (QI, Q3)] | 12 (6, I5) 10 (9, 13) 0.563
BMI (kg/m?) 23.44 (21.85, 26.53) | 23.44 (21.92, 25.42) | 0.371
Hypertension,n (%) 25 (50.0%) 18 (32.7%) 0.072
Diabetes,n (%) I (21.6%) 6 (10.7%) 0.125
Stroke,n (%) 6(12%) 4(7.3%) 0410
TC (mmol/L) 0.95 (0.7, 1.43) 1.27 (0.9, 2.02) 0.271
TG (mmol/L) 4.17 (3.6, 4.85) 4.77 (4.02, 5.51) 0.079
HDL (mmol/L) 1.21 (1.05, 1.58) 1.33 (1.2, 1.59) 0.263
LDL (mmol/L) 2.38 (2.08, 2.95) 2.8 (2.19, 3.45) 0.149
ApoAl (g/L) 1.18 (1.05, 1.41) 1.32 (1.2, 1.46) 0.02
ApoB (g/L) 0.78 (0.69, 0.95) 0.88 (0.71, 1.06) 0.124
MoCA [scores, M (QI, Q3)] 12.6816.12 12.68+6.82 0.856
CDR [scores, M (Ql, Q3)] 1 (0.5, 2) I (1, 1.26) 0.194

Abbreviations: BMI, Body Mass Index; TC, Total Cholesterol; TG, Triglycerides; HDL, High-Density
Lipoprotein; LDL, Low-Density Lipoprotein; ApoAl, Apolipoprotein Al; ApoB, Apolipoprotein B; MoCA,
Montreal Cognitive Assessment; CDR, Clinical Dementia Rating.
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p < 0.001) and had a higher proportion of males (p = 0.033). No statistically significant differences were observed
between the two groups in terms of education duration, body mass index(BMI), history of hypertension, diabetes and
history of stroke (all p > 0.05).Lipid profile analysis revealed that the DLB group had lower apolipoprotein Al levels
(1.18 [1.05, 1.41] g/L vs. 1.32 [1.20, 1.46] g/L, p = 0.02), while no significant intergroup differences were found in total
cholesterol (TC), triglycerides (TG), high-density lipoprotein (HDL), low-density lipoprotein (LDL), or apolipoprotein
B levels (all p > 0.05). Cognitive assessment demonstrated no significant differences in MoCA, or CDR scores between
groups (all p > 0.05), suggesting comparable levels of cognitive impairment in both groups.

Differential Plasma Lipid Classes Between DLB and AD

To elucidate lipid metabolism differences between DLB and AD, we performed targeted lipidomics profiling in patient
plasma. Given the differences in age and sex between DLB and AD patients, we referred to previous studies and
analyzed differential metabolites using metabolomics data adjusted for age and sex.'® A total of 7 lipid classes exhibiting
replicable and statistically significant alterations were identified (Figure 1 and Supplementary Table 1). Firstly, sphingo-

lipid substances were detected. The total ceramide (Cer) level in the plasma of DLB patients was significantly higher than
that of AD (1966.78 + 581.99 vs. 1729.93 £ 634.95, P < 0.05), and hexanoyl ceramide (Hex1Cer) (1090.98 + 368.25 vs.
920.36 + 269.39, P < 0.01) and sphingomyelin (SM) were significantly increased in the DLB group (11091.51 + 1174.36
vs. 10463.44 + 1178.21, P < 0.01). These results suggest that the disruption of sphingolipid metabolism may be involved
in the pathogenesis of DLB. Secondly, relevant were conducted for glycerophospholipid substances.
Lysophosphatidylcholine (LPC) (8157.56 + 1769.43 vs. 6980.91 + 1417.24, P < 0.001) and lysophosphatidylethanola-
mine (LPE) (830.93 + 258.79 vs. 672.92 + 229.16, P < 0.01) significantly increased in the DLB group, suggesting that
the phospholipid remodeling process may be affected. Additionally, phosphatidic acid (PA) increased most significantly
in the DLB group (4687.88 £ 997.74 vs. 3581.58 + 824.06, P < 0.001). Besides, the triglyceride (TG) level in DLB
patients was significantly lower than that in the AD group (102877.82 + 33,352.15 vs. 138107.90 + 45,326.40, P <
0.001).Notably, total TG measured by conventional clinical assay showed a trend toward lower levels in DLB but did not
reach statistical significance (P = 0.079, Table 1). This discrepancy reflects the higher analytical precision of LC-MS/MS,
which quantifies each TG species individually, eliminates free glycerol interference, and applies equimolar response
correction, thereby enabling more sensitive detection of true TG metabolic alterations in DLB.?

Distinct Alterations in Specific Lipid Molecular Species Differentiate DLB from AD
Our comprehensive lipidomic analysis employing multivariate statistical approaches revealed distinct molecular lipid
signatures differentiating DLB from AD patients. The robustness of OPLS-DA model was confirmed through permuta-
tion testing (Figure 2A), demonstrating reliable predictive capability without overfitting. Both PCA (Figure 2B) and
OPLS-DA (Figure 2C) analyses showed clear separation between DLB and AD groups, indicating potential differences
in their plasma lipid profiles.
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Figure | Differential Plasma Lipid Profiles Between DLB and AD.
Notes: *Represeents P<0.05, **Represeents P<0.05, ***Represeents P<0.05.
Abbreviations: Cer, ceramide; Hex|Cer, hexanoyl ceramide; LPC, lysophosphatidylcholine; LPE, lysophosphatidylethanolamine; PA, phosphatidic acid; TG, triglyceride.
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Figure 2 Distinct Alterations in Specific Lipid Molecular Species Differentiate DLB from AD.
Notes: (A) Permutation test plot. (B) PCA score plot showing distinct separation between DLB and AD groups. (C) OPLS-DA score plot revealing significant intergroup
differences between DLB and AD groups. (D) Heatmap of differential metabolites (Red: upregulated in DLB; Blue: downregulated in DLB).
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Our lipidomic analysis identified 65 significantly altered lipid molecular species (Supplementary Table 2), revealing distinct

metabolic perturbations in DLB compared to AD. Notably, we observed marked elevations in specific sphingolipids, such as
DHCer(d18:0 _26:1) and Hex2Cer, and lysophospholipids, such as LPC(22:4) and LPE(22:4), along with significant increases in
9 phosphatidic acid (PA) species, 2 phosphatidylcholine (PC) species and 4 phosphatidylethanolamine (PE) species. Conversely,

we detected a striking decrease in 45 triacylglycerol (TG) species alongside upregulation of cholesterol ester ChE(22:4) in DLB

compared to AD (Figure 2D). These findings may also demonstrate profound disturbances across multiple lipid metabolic

pathways in DLB, particularly affecting sphingolipid metabolism, phospholipid remodeling, and neutral lipid homeostasis.
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Machine Learning for Screening of Differential Metabolic Markers Between DLB and AD
To identify plasma metabolomic signatures capable of distinguishing DLB from AD, we employed five distinct feature
selection methods: LASSO regression, stepwise regression, Random Forest (RF), Recursive Feature Elimination (RFE),
and linear Support Vector Machine (SVM). A notable convergence was observed among the features selected by these
diverse algorithms (Figure 3A), underscoring the consistency and potential biological relevance of the identified markers.
The number of selected features varied across methods according to their selection stringency (Figure 3B). RFE retained
the highest number of features (n=15), followed by SVM (n=14), LASSO regression (n=11), and stepwise regression
(n=7), with RF exhibiting the most conservative selection (n=5). The complete list of features selected by each individual
machine learning approach is detailed in Supplementary Table 3. Critically, two phosphatidylcholine species, PA
(16:0 _16:0) and PA(16:0_20:4), were unanimously selected by all five methodologies (Figure 3C). This consistent
identification strongly implicates these specific phospholipid molecules as playing a pivotal role in differentiating DLB

from AD pathogenesis, suggesting they serve as core biomarkers for disease classification.
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Figure 3 Machine learning for screening of differential metabolic markers between DLB and AD.
Notes: (A) Venn diagram showing the feature selection by various machine learning methods. (B) Bar chart presenting the number of features selected by each method. (C)
Heatmap showing the selection of molecules in various methods. (D and E) Comparison of ROC curves of each model in the training set (D) and the test set (E).
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Comprehensive evaluation of the five machine learning models revealed good performance in the training cohort,
with all models achieving high AUC values (range: 0.954-1.000; Figure 3D). However, critical analysis of test set
performance revealed significant differences in generalizability. Among the evaluated methods, LASSO regression
demonstrated superior diagnostic efficacy in the test set, achieving the highest AUC (0.916). This performance surpassed
that of stepwise regression (test AUC=0.741), linear SVM (test AUC=0.780), RF (test AUC=0.859), and RFE (test
AUC=0.865), indicating its optimal balance between discriminative power and robustness against overfitting (Figure 3E).

The selection of LASSO regression was further justified by its inherent regularization mechanism that simultaneously
performs feature selection and coefficient shrinkage to improve model generalizability. Using this optimized approach,
we identified 11 highly discriminative lipid molecules, comprising six phosphatidic acids [PA(16:0_16:0), PA
(16:0 _20:4), PA(18:0 20:4), PA(18:1 _20:4), PA(18:1 22:4), PA(18:2 20:2)], one phosphatidylcholine [PC(18:0 20:4)],
one cholesteryl ester [ChE(22:4)], one hexosylceramide [Hex2Cer(d18:1 22:0)], and two phosphatidylethanolamines [PE
(16:0_14:0), PE(P-18:1 20:5)]. This molecular signature, dominated by PA species implicated in synaptic vesicle
trafficking and membrane dynamics, reflects significant perturbations in glycerophospholipid metabolism characteristic
of DLB pathology.*°

Discussion

This study provides the first comprehensive characterization of plasma lipidomic signatures differentiating DLB from AD
using targeted lipidomics. Our analysis reveals possible lipid metabolic alterations related to the pathogenesis of DLB,
with a total of 7 lipid classes showing changes, and 65 lipids showing significant differences compared to AD. These
lipids are mainly concentrated in sphingolipid metabolism, and lysophospholipid/phosphatidylcholine classes, etc. We
used various machine learning methods to screen variables and finally, the LASSO regression method determined a panel
of optimal plasma differential metabolites that can effectively distinguish DLB from AD.

Sphingolipids constitute essential membrane constituents that orchestrate critical cellular processes, including cell
membrane structure, signal transduction, cell recognition, and apoptosis, etc. The disorder of sphingolipid metabolism is
closely related to the pathogenesis of various neuro-psychiatric diseases, such as AD, PD, brain injury, etc.>' > Our
lipidomic profiling revealed significant elevations of ceramides (Cer), hexosylceramides (Hex1Cer), and sphingomyelins
(SM) in DLB versus AD patients. Animal experiments have shown that Cer can promote the progression of AD by
inducing microglial cell pyroptosis, and can also stabilize BACE-1 to promote AP generation and accumulation, while
the level of Cer can significantly improve the cognitive impairment of rats.***> Clinical studies have shown that high
levels of ceramide in serum are associated with reduced hippocampal volume and increase the risk of AD.*® A targeted
plasma metabolomics study on AD also revealed a strong correlation between SM lipid classes and clinical dementia
rating (CDR), suggesting that SM metabolic changes are closely related to the pathogenesis of AD.*” Another plasma
lipidomics study on AD revealed significant changes in HexCer metabolites in AD patients and was included in the
diagnostic model of AD.?® Prior untargeted metabolomics revealed elevated hexosylceramide (HexCer) levels in DLB
compared to AD.'® These collective findings implicate sphingolipid metabolism disorder as a possible neurodegeneration
contributor, with DLB exhibiting greater metabolic perturbation magnitude than AD.

The possible pathogenesis of sphingolipid metabolism disorder in DLB may include the following factors: Firstly, Cer
is an important component of cell membranes, which can mediate immune cell activation, inflammation, oxidative stress,
metabolism, autophagy, and cell death, etc.**** Elevated Cer may exacerbate inflammatory responses, induce mitochon-
drial dysfunction, promote o-synuclein aggregation, and aggravate the neurodegeneration of DLB.* Secondly, SM is also
the main component of cell membranes, and its hydrolysis produces a large amount of ceramide, and the two are often
positively correlated.*' Elevated SM itself may also affect membrane fluidity, signal transduction, and apolipoprotein
function.*” Studies have found that SM-induced processing of neuronal cells induces the overexpression of ATP-binding
cassette subfamily A5 (ABCAS) transporter (a group of proteins that transport lipids around the brain) and a-Syn,
supporting the role of SM in inducing PD.** Furthermore, DLB and PD often have similar pathological bases, that is, the
accumulation of a-Syn.” Therefore, SM may promote the occurrence of DLB by directly promoting the accumulation of
a-Syn and indirectly producing Cer. Collectively, these findings demonstrate that sphingolipid dysregulation, particularly
within Cer and SM, constitutes a distinct pathogenic signature differentiating DLB from AD. Mechanistically, this
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dyshomeostasis may drive DLB progression through a-synuclein fibrillization potentiation and neuroinflammatory
amplification.

In this study, LPC, LPE, and PA in DLB were significantly higher than those in AD. Previous studies have shown that
serum LPE demonstrates diagnostic utility in differentiating AD patients from cognitively normal controls, with emerging
predictive value for MCI-to-AD progression.** Align with our study, research on post-mortem brain tissue from AD
patients revealed significantly elevated levels of LPE and PA, while LPC levels showed a significant positive correlation
with A deposition.*>**® A preliminary small-sample study further indicated that plasma LPC may serve as a biomarker for
distinguishing AD from DLB.*” Collectively, these results underscore the important role of LPC, LPE and PA metabolic
dysregulation in the pathogenesis of both DLB and AD, with greater severity observed in DLB than in AD.

LPC and LPE are the products of phospholipase A2 (PLA2) hydrolyzing phosphatidylcholine (PC) and phosphati-
dylethanolamine (PE). They are significantly elevated in the plasma of DLB, suggesting possible enhanced PLA2
activity.*® LPC/LPE have strong pro-inflammatory and pro-apoptotic properties. LPC and LPE exhibit potent pro-
inflammatory and pro-apoptotic properties. Research demonstrates that LPC triggers endothelial cell apoptosis, including
in brain microvascular endothelial cells (BMECs), compromises blood-brain barrier integrity, and increases vascular
permeability.*” LPC/LPE promote the release of inflammatory factors, monocyte infiltration, and glial cell activation by
activating G protein-coupled receptors such as GPR4, exacerbating neuroinflammation.’® DLB is frequently associated
with earlier and more pronounced autonomic dysfunction and vascular impairment, such as orthostatic hypotension, and
the vascular toxicity of LPC/LPE—<characterized by endothelial apoptosis and impaired vasodilation—may be exacer-
bated in this context. Furthermore, LPC/LPE serve as essential intermediates in phospholipid remodeling of Lands cycle,
and their accumulation may indicate accelerated membrane phospholipid turnover, potentially as a compensatory
response to cellular stress, membrane injury, or inflammatory conditions.>'

PA serves as a central intermediate in the biosynthesis of all glycerophospholipids and triacylglycerols and functions as
a critical signaling lipid.>* Elevated PA may result from the activation of phospholipase D (PLD), which hydrolyzes PC to
produce PA. PA participates in the regulation of various processes, including activation of the AKT signaling pathway, cell
proliferation, vesicle transport, and inflammatory responses.> Elevated PA may further amplify the neuroinflammation
induced by LPC/LPE through promoting inflammatory signaling pathways. Therefore, the significant elevation of LPC/
LPE and PA represents one of the most prominent features of the lipid profile in DLB plasma. They jointly point to possible
enhanced phospholipase activity (PLA2, PLD), dysregulation of phospholipid remodeling, and intense neuroinflammatory
state. These alterations may serve as both pathogenic drivers and potential biomarkers in DLB, specifically linked to
processes such as a-synuclein aggregation and microglial activation, thereby distinguishing DLB from AD.

Furthermore, this study integrates five machine learning algorithms to systematically screen out the key lipid
biomarkers for differential diagnosis of DLB and AD. Among them, PA (16:0 16:0) and PA (16:0_20:4) were identified
by all algorithms, confirming their central role in disease classification. The diagnostic tool based on the lipid network
should balance biological significance. LASSO regression method exhibits the best generalization ability in the test set
and validation set, and its performance is significantly superior to models prone to overfitting such as SVM. The
establishment of this model provides a reliable tool for effectively differentiating DLB from AD through non-invasive,
easy-to-operate, and cost-effective plasma lipid metabolite levels.

The main advantages of this study are as follows: Firstly, based on the previous research of our team, for the first
time, targeted lipidomics detection was conducted on patients with DLB and AD to determine the specific metabolic
characteristics that can distinguish these two neurodegenerative diseases; Secondly, through multiple machine learning
methods, a group of optimal differential metabolites were selected as biomarkers, which can effectively distinguish AD
and DLB. The limitations of this study are as follows: First, no a priori power calculation was performed to determine the
required sample size. Its single-center design and modest sample size precluded meaningful subgroup analyses (eg., by
age or sex) to assess potential effect modification. Second, data on history of dyslipidemia and use of lipid-lowering
medications were not systematically collected. As these factors may directly influence plasma lipid profiles, their absence
represents a potential source of residual confounding. Future prospective studies should incorporate detailed metabolic
and medication history to accurately characterize lipid metabolic differences between DLB and AD. Then, common
bottlenecks in lipidomic biomarker studies include inter-laboratory variability, insufficient data standardization, and lack
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of independent validation cohorts.>* Although we implemented rigorous quality control measures—including pooled QC
samples, CV-based filtering, and LOESS normalization—to minimize technical variation, these inherent limitations
should be considered when interpreting our findings. Future multi-center studies with larger, more diverse populations
are warranted to validate and refine the proposed lipid panel. The selected differential metabolites need to be further
validated through animal experiments to clarify their causal relationship in the occurrence and development of the
disease, and to deeply elucidate the specific mechanism of specific lipid molecules in DLB-related pathologies such as a-
synuclein aggregation and neuroinflammation. Due to the lack of neuropathological confirmation as the gold standard, we
were unable to provide definitive molecular pathological staging for patients and therefore could not perform stratifica-
tion based on disease duration. Given that late-stage DLB patients frequently harbor co-existing AD pathology, the
diagnostic efficacy of our method in this population may be confounded by mixed pathology.' Future validation in
independent cohorts with detailed clinicopathological characterization and longitudinal follow-up is warranted to assess
the stage-specific performance of our method.

Conclusion

This study, by integrating plasma lipidomics with machine learning algorithms, systematically revealed the metabolic
differences between DLB and AD. Compared with AD patients, DLB patients exhibited characteristic lipid profiles with
significantly elevated sphingolipids (Cer, SM), and substantial upregulation of lysophospholipids (LPC/LPE) and PA, etc.
This study not only provides a new biomarker panel for the differentiation of DLB and AD, but also reconstructs the
understanding of the pathological mechanism of DLB from a metabolic perspective, laying a foundation for the
development of diagnostic strategies and therapeutic interventions targeting metabolic pathways. Nevertheless, external
validation, workflow standardization, and mechanistic studies are required before clinical translation. Future research
should prioritize longitudinal validation and integration with complementary biomarkers to enhance diagnostic precision
and disease monitoring.
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