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6 ABSTRACT: Esophageal squamous cell carcinoma (ESCC) is an aggressive malignant tumor
7 with a poor prognosis due to insidious symptoms that make early diagnosis difficult. Despite
8 the combination of multiple treatment modalities, the recurrence and mortality rates of ESCC
9 remain high. Neoadjuvant chemotherapy combined with immunotherapy is an emerging

10 treatment modality that improves the prognosis of patients with ESCC. However, owing to the
11 presence of hyperprogression and pseudoprogression, the currently used methods cannot
12 accurately evaluate the efficacy of this therapy in patients, thus creating an evaluation bias and
13 depriving these patients of the opportunity to benefit. We used untargeted lipidomics to
14 identify the differences in lipid composition between cancer specimens and normal tissue
15 specimens in the neoadjuvant chemotherapy combined with the immunotherapy group and
16 the surgery-alone group of esophageal cancer patients and constructed a prediction model
17 based on sphingomyelin 12:1;2O/30:0 and triglyceride (TG) 60:3 | TG 18:0_24:1_18 using a
18 machine learning approach, which helps to better evaluate the neoadjuvant efficacy of
19 combination therapy and better guide the treatment of ESCC.
20 KEYWORDS: esophageal squamous cell carcinoma, lipid metabolism, untargeted lipidomics, efficacy evaluation

21 ■ INTRODUCTION

22 Esophageal cancer is among the top ten cancers in terms of
23 incidence and mortality worldwide, and China reports the
24 highest incidence of esophageal cancer. Regarding histological
25 typing, nearly 90% of esophageal cancers are esophageal
26 squamous cell carcinomas (ESCCs), while the remaining cases
27 are esophageal adenocarcinomas (EACs).1 The early symp-
28 toms of esophageal cancer mainly include progressive
29 dysphagia; therefore, disease onset is relatively insidious, and
30 patients are unaware they have it. Consequently, esophageal
31 cancer is usually diagnosed during the intermediate and
32 advanced stages, and the recurrence rate in patients is greater
33 than 40%. The five-year survival rate is less than 20%;2

34 therefore, improving the treatment efficacy and prognosis of
35 patients with esophageal cancer has been widely studied. The
36 primary treatment for esophageal cancer is comprehensive
37 treatment based on surgery, and chemotherapy, tumor
38 radiation therapy, targeted therapy, and immunotherapy are
39 often used as adjuvant treatments for esophageal cancer.3 In
40 recent years, the multidisciplinary treatment concept has been
41 widely recognized in the treatment of esophageal cancer
42 because patients with intermediate- and advanced-stage
43 esophageal cancer cannot be cured with surgery alone.
44 Neoadjuvant chemotherapy combined with immunotherapy

45has been shown to improve the R0 resection and step-down
46rates compared with neoadjuvant chemotherapy alone, making
47it an essential treatment for patients with intermediate and
48advanced-stage esophageal cancer.4

49In recent years, immunotherapy has significantly improved
50the survival rates of patients with cancer.5 Phase II and III trials
51have shown improved survival rates in patients with esophageal
52cancer treated with immune checkpoint inhibitors.6−78 Neo-
53adjuvant immunotherapy can effectively improve the pCR rate
54in patients compared with that in patients treated with
55neoadjuvant chemotherapy, indicating that the combination of
56neoadjuvant chemotherapy and immunotherapy is beneficial
57for patients with esophageal cancer. For example, the overall
58survival of patients with ESCC treated with pembrolizumab
59and chemotherapy is better than that of patients treated with
60chemotherapy alone.9
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61 Lipids are not only the main building blocks of cell
62 membranes but also the main source of energy in the body. In
63 addition, they are involved in the formation of signal
64 transduction networks and in the regulation of intercellular
65 signaling. Enhanced lipid synthesis or uptake contributes to
66 rapid cancer cell growth and distant tumor metastasis.13

67 Accumulated data suggest that tumor and immune cells have
68 abnormalities in cellular energy metabolism during tumori-
69 genesis and progression.10 For example, impaired lipid
70 metabolism in immune cells is essential for coordinating
71 immunosuppression and tumor immune escape.11 Chen et al.
72 demonstrated that excess lipids in obese patients impair natural
73 killer cell-mediated immune surveillance, thereby promoting
74 the immune escape of cancer cells.12 Batista-Gonzalez et al.
75 have shown that lipid metabolism plays a key role in the
76 activation of M1 and M2 macrophages.13 Lipid abnormalities
77 in immune cells disrupt the tumor microenvironment balance
78 and may promote the immune escape of the tumor cells.
79 In recent years, tumor lipid metabolomics has been a new
80 field receiving considerable attention. Currently, lipidomics
81 analysis is generally performed using liquid chromatography−
82 mass spectrometry (LC−MS), which is classified into two
83 categories: untargeted and targeted analyses.13 Lipid metab-
84 olomics is widely used to identify biomarkers for various
85 cancers. For example, Luo et al. successfully identified plasma
86 biomarkers using lipidomics to accurately diagnose pancreatic
87 cancer during the early stages of the disease.14 Ecker et al.
88 found that triglycerides may be potential biomarkers of
89 colorectal cancer.15 Yang et al. used lipidomics to confirm
90 that glycerophospholipid metabolism promotes ESCC pro-
91 gression.16 Lin et al. used LC−MS to identify potential
92 markers for renal cell carcinoma.17 Untargeted ultra-high-
93 performance liquid chromatography (UPLC-MS) analysis has
94 better analytical speed, separation, and detection sensitivity
95 than LC−MS analysis and is widely used in pharmaceutical
96 analysis for cardiovascular disease treatment.18 Therefore,
97 lipidomics is a feasible and reliable experimental method, and
98 untargeted lipidomics can help screen for statistically
99 significant differential lipid molecules.

100 This study analyzed lipid differences between esophageal
101 cancer patients in the group receiving neoadjuvant and those in
102 the surgery-only group using the UPLC-MS QE Plus platform
103 and constructed a predictive model based on differential lipids,
104 which will hopefully contribute to a better prediction of the
105 efficacy of immunotherapy in patients with ESCC, thereby
106 improving their 5-year survival and decreasing the recurrence
107 rate.

108 ■ METHODS

109 Apparatus and Reagents
t1 110 The instruments and reagents used are summarized in Table 1.

111 Study Design and Participants
112 Thirty-nine samples were collected from patients with ESCC
113 treated with a combination of neoadjuvant chemotherapy and
114 immunotherapy. After screening, 10 patients in the neo-
115 adjuvant therapy group were included in our trial. In addition,
116 we randomly selected 10 patients who underwent surgery
117 alone. Twenty patients with ESCC from the Second Hospital
118 of Fujian Medical University were included in our trial, and
119 those who underwent multiple (greater than three) neo-
120 adjuvant treatments, underwent chemotherapy, had previous
121 surgery, or had hypertension, diabetes mellitus, or metabolic

122syndrome were excluded. Surgical specimens, including
123cancerous and normal tissues, were collected from 20 patients
124for a total of 40 samples and divided into four groups in the
125following order: cancerous tissue in the neoadjuvant treatment
126group of ESCC (NTEC), normal tissue in the neoadjuvant
127treatment group of ESCC (NTN), cancerous tissue in the
128surgery-alone group of ESCC (EC), and normal tissue in the
129surgery-alone group of ESCC (N). Among these, NTEC and
130NTN groups are collectively referred to as neoadjuvant
131chemotherapy combined with the immunotherapy group
132(hereafter referred to as the neoadjuvant treatment group).
133The EC and N groups are collectively referred to as the
134surgery-only group. For patients with ESCC, the diagnosis was
135confirmed by postsurgical pathological examination and tumor
136staging according to the American Joint Committee on Cancer
137(AJCC) 8-stage staging system.19 Basic information such as
138tumor regression grade, body mass index (BMI), presurgical
139treatment plan, history of smoking and alcohol, and past
140medical history were also collected. This study was approved
141by the Ethics Committee of the Second Affiliated Hospital of
142Fujian Medical University (protocol code 130; approval date:
1432022). The informed consent was signed.
144Tissue Collection and Pretreatment
145Immediately after isolating the surgical specimen, the samples
146were thoroughly washed with a 0.9% sodium chloride solution.
147They were then stored at −80 °C in a refrigerator. For
148pretreatment, the samples were thawed at 4 °C, and a portion
149of 57 mg was weighed out. Next, 100 μL of prechilled 75%
150methanol and three steel beads were added to a shaker for
151shaking and crushing. Subsequently, 1 mL of prechilled methyl
152tert-butyl ether was added, and the mixture was vortexed and
153shaken. The mixture was placed at 4 °C in a refrigerator and
154rotated for 1 h. The samples were then subjected to
155ultrasonication for 15 min in an ice bath, which was repeated
156twice. After 100 μL of water was added, the mixture was
157vortexed and shaken for 1 min and left to stand at 25 °C for 10
158min. Centrifugation at 14,000g and 4 °C for 15 min allowed for
159the collection of the upper layer, which contained the lipid
160fraction. Each sample was then combined with an equal

Table 1. Experimental Apparatus and Models Used in This
Study

instrument manufacturer model

mass spectrograph Thermo
Scientific

Q Exactive Plus

ultra-high-pressure
liquid
chromatograph

Shimadzu Nexera X2 LC-30AD

chromatographic
column

Waters Waters Acquity UPLC HSS C18
column (1.9 μm 2.1 × 100 mm)

ultrasonic wave system Diagenode Bioruptor
vacuum centrifuge
concentrator

Eppendorf Concentrator plus

centrifugal machine Eppendorf
Centrifuge

5430R

centrifugal machine Eppendorf Centrifuge 5424R
visible ultraviolet
spectrophotometer

Thermo MultiSkan FC

acetonitrile Millipore 1.00030.4008
methyl alcohol Millipore 1.06007.4008
ammonium hydroxide Merck 105,426
ammonium acetate Sigma 73,594
formic acid Millipore 111,670
MTBE Merck 34,875
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161 volume of the lipid fraction, dried using a nitrogen-blowing
162 apparatus, and redissolved in 100 μL of isopropanol/methanol
163 (1/1, v/v). The redissolved samples were transferred to
164 injection vials and stored at low temperatures. Quality control
165 (QC) samples were used to assess the instrument status,
166 evaluate the UPLC-MS system before injection, and ensure
167 system stability throughout the experiment.
168 UPLC-MS Analysis

169 The samples were analyzed using a SHIMADZU-LC30 UPLC
170 system with a Waters Acquity UPLC HSS C18 column (1.9
171 μm 2.1 × 100 mm) obtained from Waters, Milford, MA. The
172 injection volume was 5 μL, and the analysis was conducted at
173 40 °C with a flow rate of 0.3 mL/min. The mobile phase
174 consisted of two components: (A) a solution of 0.77 g of
175 ammonium formate in acetonitrile and water (nitrile/water =
176 6:4, v/v) and (B) a solution of acetonitrile and isopropanol
177 (acetonitrile/isopropanol = 1:9, v/v). The gradient elution
178 program was as follows:
179 0 to 2 min: B changed linearly from 30 to 32%;
180 Two to 6 min: B changed linearly from 32 to 45%;
181 Six to 8 min: B changed linearly from 45 to 52%;
182 Eight to 12 min: B changed linearly from 52 to 58%;
183 Twelve to 15 min: B changed linearly from 58 to 66%;
184 Fifteen to 18 min: B remained at 66%;
185 Eighteen to 21 min: B changed linearly from 66 to 70%;
186 Twenty-one to 25 min: B remained at 97%;
187 Twenty-five to 26 min: B changed linearly from 97 to 32%;
188 and
189 Twenty-six to 30 min: B remained at 32%.
190 The samples were stored in a 6 °C autosampler throughout
191 the analysis. To minimize the impact of instrument detection
192 signal fluctuations, continuous analysis of the samples was
193 performed randomly. Additionally, a QC sample was included
194 in every 5−7 experimental samples in the queue to monitor
195 and assess the system stability and reliability of the
196 experimental data.
197 Mass Spectrometry Conditions

198 Electrospray ionization was employed for detection in both
199 positive and negative ion modes. The UPLC-separated samples
200 were analyzed by using a Q Exactive Plus mass spectrometer
201 (Thermo Scientific). In positive mode, the heater temperature
202 was set to 300 °C, the sheath gas flow rate was 45 arb, the
203 auxiliary gas flow rate was 15 arb, the sweep gas flow rate was 1
204 arb, the spray voltage was 3.0 kV, the capillary temperature was
205 350 °C, and the S-Lens RF level was 50%. The scan range for
206 positive mode analysis was 200−1500. In negative mode, the
207 heater temperature was again 300 °C, the sheath gas flow rate
208 was 45 arb, the auxiliary gas flow rate was 15 arb, the sweep gas
209 flow rate was 1 arb, the spray voltage was 3.5 kV, the capillary
210 temperature was 350 °C, and the S-Lens RF level was 50%.
211 The scan range for the negative mode analysis was also 200−
212 1500.
213 Data Processing

214 TMSDAIL software (version 4.0.9) was used for lipid
215 identification and quantification. The main parameters were
216 as follows: precursor mass tolerance, 10 ppm; product mass
217 tolerance, 10 ppm; and retention time of 0.1 min for ion peak
218 alignment. Lipid molecules with an RSD of >30% were
219 removed from the QC samples. The data extracted using
220 MSDAIL software were identified, aligned, and normalized to
221 the total peak area. The data were preprocessed using UV

222scaling for multidimensional and unidimensional statistical
223analysis.

224■ RESULTS

225Clinical Characteristics of Patients
226Twenty samples from the neoadjuvant treatment group and 20
227from the surgery-alone group were included according to our
228 t2criteria. Table 2 summarizes the detailed characteristics of the

229patients, including age, sex, and cancer stage. There were no
230statistically significant differences between the neoadjuvant
231therapy and surgery-alone groups in terms of age (p = 0.971),
232sex (p = 0.141), BMI (p = 0.257), or history of smoking or
233alcohol consumption (p = 0.141).
234Screening and Defining Differential Metabolites
235In total, 1289 lipid compounds were identified by LC−MS/
236MS analysis using positive and negative ion modes. The
237spectra of the QC samples were compared for overlap,
238indicating consistent response intensities and retention times
239and demonstrating good experimental reproducibility. The
240peaks from all experimental and QC samples were analyzed
241using principal component analysis after UV scaling, resulting
242in closely clustered QC samples, further confirming the
243reproducibility of the project. Overall, the instrumental analysis
244system remained stable throughout the experiment, ensuring
245that reliable data. The observed differences in the lipid profiles
246reflect biological variations between the samples. Additionally,
247QC samples were prepared by mixing equal amounts of all
248samples and calculating the coefficient of variation for each
249metabolite to assess the data stability and reproducibility.

Table 2. Clinical Characteristics of Subjects in the
Neoadjuvant Therapy Group and Surgery-Alone Groupa

neoadjuvant therapy
group surgical alone group

NTEC NTN EC N p

number 10 10 10 10
Anthropometric Characteristics

age (years) 62.40 ± 6.96 63.90 ± 0.23 0.971
gender (M/F) 9/1 5/5 0.141
BMI (kg/m2) 20.10 ± 3.22 20.36 ± 1.62 0.257
history of
tobacco and
alcohol (Y/N)

9/1 5/5 0.141

TRG
0 1
1 5
2 4
3 0

TNM Stages
I 5 2
II 1 0
III 3 7
IV 0 1
aAbbreviations: BMI, body mass index; TRG, tumor regression grade;
NTEC, cancerous tissue in the neoadjuvant treatment group of
esophageal squamous carcinoma; NTN, normal tissue in the
neoadjuvant treatment group of esophageal squamous carcinoma;
EC, cancerous tissue in the surgery-alone group of esophageal
squamous carcinoma; N, normal tissue in the surgery-alone group of
esophageal squamous carcinoma.
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250 First, we compared the NTEC and EC groups. Orthogonal
251 partial least-squares discriminant analysis (OPLS-DA) score
252 plots were used to estimate the overall distribution of samples

f1 253 from the neoadjuvant and surgery-alone groups (Figure 1A). A
254 clear separation was observed between the two groups in the
255 OPLS-DA score plots. The OPLS-DA model evaluation
256 parameters obtained were R2 X = 0.325, R2 Y = 0.998, and
257 Q2 = 0.963, indicating the high predictive power of the model.
258 The model was tested using the permutation test (Figure 1B),
259 with Q2 Intercept = −1.043 and Q2 Intercept <0.05, and the
260 model was not overfitted, indicating that it was stable and

261reliable. Three conditions were used to determine differential
262metabolites: variable importance in the projection (VIP)>1.0,
263<i>p</i> < 0.05, FC > 1.5, or FC < 0.667. Accordingly, 488
264differential metabolites were identified for subsequent pathway
265analysis based on the preliminary screening results of the
266volcano map (Figure 1C). A lipid molecule bubble map
267(Figure 1D) was also plotted to better represent the degree of
268 f2variation in the different classifications. Heat maps (Figure 2A)
269and lipid categorization loops (Figure 2C) were plotted based
270on these lipids, which were selected as the top 50 lipids based
271on the magnitude of their VIP values. Heat maps (Figure 2B)

Figure 1. Statistical analysis of the NTEC group vs EC group. (A) OPLS-DA score plot of the NTEC group vs EC group. The red dots represent
EC and the green dots represent NTEC. (B) Permutation test chart for OPLS-DA.Q2 Intercept <0.05 represents no overfitting of the model. (C)
Volcano plot of VIP values. Red dots indicate lipids with upregulated expression and green dots indicate lipids with upregulated expression. (D) FC
and −lg(p-value) classification bubble chart. Larger circles indicate larger p-values for negative logarithmic transformations, that is, higher
significance of differences. Different colors indicate first-class classification, i.e., lipids of the same classification are arranged together.
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272 were plotted to better reflect the expression of the top 50 lipids
273 in different groups. We focused on the top 10 differentially
274 expressed lipids because of the larger number of differentially
275 expressed lipids. The top 10 differentially expressed lipids were
276 phosphatidylcholine (PC) 36:2|PC 18:0_18:2, phosphatidyle-
277 thanolamine (PE) 36:1, triglyceride (TG) 52:1|TG
278 16:0_18:0_18:1, PC O-36:4, PC 14:0_18:1;4O, PC O-
279 16:0_22:6;1O, PC O-15:0_20:3;1O, PC O-15:0_ 18:3;1O,
280 PE O-42 :7 |PE O-20 :1_22:6 , and TG 52:5 |TG

28116:1_18:2_18:2. In total, two metabolites were upregulated,
282and eight metabolites were downregulated among the top 10
283lipids; six of these 10 metabolites were PCs, two were PEs, and
284two were TGs. The major classes of lipids included 80%
285glycerophospholipids and 20% glycerol lipids. Meanwhile, 75%
286of the glycerophospholipids were downregulated in the
287neoadjuvant therapy group. Based on the screened differential
288metabolites, KEGG metabolic network enrichment analysis
289 f3was performed to identify disordered metabolic pathways, and

Figure 2. Heat map and lipid classification ring diagram of differential metabolites. (A) Heat map of 488 differential lipids in the NTEC group vs.
EC group. (B) Heat map of the top 50 differential lipids according to the VIP value. Red represents the expression of upregulation and green
represents the expression of downregulation. (C) Statistical ring diagram of the classification of 488 differential lipids in the NTEC group vs. EC
group. The percentage represents the proportion of total lipid species that this lipid species represents.
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f3 290 the results are presented as bubble plots (Figure 3A).
291 According to the results of this study (Figure 3B), some
292 metabolic pathways were altered differently in the neoadjuvant
293 therapy group compared to the surgery-only group, with the
294 most prominent altered pathways being glycerophospholipid
295 metabolism, choline metabolism in cancer, sphingolipid
296 signaling pathway, glycosylphosphatidylinositol (GPI)-anch-
297 ored biosynthesis, autophagy�other, autophagy�animal,
298 necroptosis, ether lipid metabolism, retrograde endocannabi-
299 noid signaling, and retrograde endogenous cannabinoid
300 signaling. Similarly, we analyzed the NTN and N groups and
301 found that five metabolites were upregulated and five were
302 downregulated among the top 10 differential metabolites.
303 Among these, glycerophospholipids accounted for 60 and
304 66.7% were downregulated, which were comparable to those in
305 the NTEC and EC groups. KEGG enrichment analysis
306 indicated that several metabolic pathways were altered,
307 including glycerophospholipid metabolism, GPI-anchored
308 biosynthesis, autophagy�other, sphingolipid signaling path-
309 way, ferroptosis, necroptosis, autophagy�animal, choline
310 metabolism in cancer, and lipid metabolism. Finally, we
311 performed multiple comparative analyses between the four
312 groups of the top ten metabolites to determine the variability
313 and found that four metabolites were upregulated and six
314 metabolites were downregulated in the neoadjuvant therapy
315 group compared with the surgery-only group, of which 70%

316were glycerophospholipids, 20% were glycerolipids, and 10%
317were sphingolipids. Sphingomyelin (SM) 42:2;2O showed the
318most significant difference. KEGG enrichment analysis
319indicated that the altered metabolic pathways included
320glycerophospholipid metabolism, choline metabolism in
321cancer, GPI-anchored biosynthesis, autophagy�other, sphin-
322golipid signaling pathway, necroptosis, ether lipid metabolism,
323and retrograde endocannabinoid signaling the NTEC group vs
324EC group.
325Predictive Model for Efficacy Evaluation

326To construct predictive models that can accurately assess the
327efficacy of neoadjuvant chemotherapy and immunotherapy, we
328used machine learning methods. Histological data typically
329contain a large number of variables and samples, and
330traditional data analysis methods have difficulties handling
331high-dimensional data. In contrast, machine learning methods
332can handle high-dimensional data. Complex nonlinear relation-
333ships exist in biological systems, and machine learning methods
334can discover these nonlinear relationships and help screen for
335biomarkers.
336We selected NTEC and EC groups as the data sources for
337model construction. First, we used differential metabolite data;
338488 differential metabolites were detected in the NTEC and
339EC groups. To identify a specific biomarker, we selected 184
340differential metabolites with VIP > 1.5, that is, the features

Figure 3. Pathway enrichment analysis of differential lipids. (A) Significant differences in KEGG pathway bubble plots of lipids in the NTEC group
vs the EC group. The color of the bubbles indicates significance, and the size of the bubbles represents the number of differential lipids in the
pathway where the key lipids are located. (B) Statistical analysis of KEGG enrichment of lipids in NTEC and EC groups. Different colors represent
the secondary classification of different metabolic pathways.
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341 from the initial screening. The data set obtained from the
342 primary screening was then divided into training and test sets,
343 labeled as sample categories. Using an integrated learning
344 model, a random forest was used for secondary screening; by
345 visualizing the feature importance of different metabolites in

f4 346 the random forest classification model, as shown in Figure 4A,
347 we screened the top 10 metabolites as our alternative
348 biomarkers, which can navigate to the original data to
349 determine the corresponding metabolites according to the ID
350 of the differential metabolites. We then filtered the final
351 biomarkers by drawing a characteristic area under the
352 cumulative curve of the random forest model. As shown in

353Figure 3C, the AUC value reached one after adding the second
354biomarker and stopped increasing when other new substances
355were added. Therefore, we screened the top two metabolites as
356biomarkers, including Neg_00510, which is SM 12:1;2O/30:0,
357and Pos_00557, which is TG 60:3|TG 18:0_24:1_18.
358After obtaining the biomarkers by two-step screening, we
359validated and evaluated them using a logistic regression model.
360Owing to the small sample size, we used a grid search to
361determine the optimal model parameters for the logistic
362regression. We found that the biomarkers distinguished the
363two sample types sufficiently well and that the model
364parameters did not have a significant effect. Moreover, using

Figure 4. Predictive model building and validation. (A) Random forest model feature importance plot. (B) Candidate marker AUC score
cumulative plot. The horizontal coordinate represents the ID of the metabolite. (C) Confusion matrix plot using the leave-one-out logistic
regression model. (D) Model evaluation indicator plot. Accuracy: 1.0, precision: 1.0, recall: 1.0, F1 score: 1.0. (E) Model ROC curve plot. AUC:
area under the curve. (F) Extracting the trained model parameters based on the receiver operating characteristic map of this predictive model.
Neg_00510: SM 12:1;2O/30:0; Pos_00557: TG 60:3|TG 18:0_24:1_18.
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365 the optimal parameters, we used the leave-one-out method to
366 cross-validate and obtain the prediction results of the model.
367 Figure 4C,D shows the confusion matrix of the model
368 prediction results, and all of the test samples using the leave-
369 one-out cross validation were predicted correctly. We get the
370 final scores of the model as follows: accuracy: 1.0, precision:
371 1.0, recall: 1.0, F1 score: 1.0. A final score for each model was
372 also observed. The values of these metrics showed excellent
373 model performance for the evaluated metrics, indicating its
374 high prediction accuracy.
375 The model parameters obtained from training were
376 extracted according to the receiver operating characteristic
377 plot of this model (Figure 4E), as shown in Figure 4F. The
378 final logistic regression model obtained was as follows:

= +

_ + _

F e e

e

sigmoid(4.90475114 16 ( 1.01511110 07)

Neg 00510 5.24744164 07 Pos 00557)

379 The sigmoid function was = +f x( )
e

1
1 x , and an image of

380 the sigmoid function could be observed to determine the
381 implementation of the classification model. The classification
382 cutoff was 0.5 by default, and the samples with F-values greater
383 than 0.5, calculated according to the model formula above,
384 were classified into the EC group. Samples with F-values less
385 than 0.5 were classified into the NTEC group. The tumor
386 regression grades of our selected neoadjuvant therapy groups
387 were all <4; therefore, neoadjuvant chemotherapy combined
388 with immunotherapy was effective for all NTEC groups, and
389 the model can effectively distinguish between the NTEC and
390 EC groups. Therefore, we determined whether neoadjuvant
391 chemotherapy combined with immunotherapy is effective.

392 ■ DISCUSSION
393 In this study, we compared the lipid compositions of patients
394 in the neoadjuvant and surgery-only groups using UPLC-MS/
395 MS-based untargeted metabolomics analysis and identified
396 differential lipids. We then applied KEGG enrichment analysis
397 to identify the differentially involved metabolic pathways. We
398 developed predictive models to predict the efficacy of
399 neoadjuvant combination therapy for ESCC from a new
400 perspective. Based on these results, we inferred that patients in
401 the neoadjuvant therapy group experienced significant changes
402 in glycerophospholipid metabolism, sphingolipid signaling
403 pathways, choline metabolism in cancer, cellular autophagy,
404 and GPI-anchored biosynthesis.
405 GPI-APs are modified proteins attached to the cell
406 membrane by GPI-anchored proteins that bind to the plasma
407 membrane in a noncovalent manner through the anchored
408 lipid fraction. They are essential for cell adhesion, metabolism,
409 proliferation, and immune regulation.20 Some GPI-APs are
410 involved in tumor development. cea, psa, CD59, and other
411 GPI-APs directly promote cell proliferation, metastasis, and
412 immune escape.21 The enzyme involved in GPI anchoring is
413 called GPI-transferase or GPI-T and is an essential factor
414 affecting GPI anchoring. The mRNA level of GPAA1, a
415 subunit of GPI-T, is elevated by 69% in head and neck
416 squamous carcinomas and promotes gastric cancer.22 GPI lipid
417 remodeling plays an essential role in connecting GPI to cell
418 membranes during the biosynthesis of GPI-anchored pro-
419 teins.23 Combined with our findings, the neoadjuvant therapy
420 group may have affected lipids through neoadjuvant treatment,
421 altering the binding of the GPI-APs lipid fraction to the plasma

422membrane, thus limiting tumor cell metabolism, proliferation,
423and immune escape.
424Aphingolipid and choline metabolisms were altered in
425cancer tissues from the neoadjuvant therapy group. Choline
426is an anabolic substrate necessary for phospholipid synthesis.
427Choline kinase converts choline to phosphorylcholine, a
428precursor for the production of phosphatidylcholine, the
429major phospholipid component of membranes and a substrate
430for synthesizing lipid signaling molecules.24,25 Cancer cells
431have high phosphorylcholine levels; choline kinase promotes
432phosphatidylcholine biosynthesis, and tumor cells have a high
433demand for this membrane phospholipid to promote cancer
434cell proliferation.26 Sphingomyelin is a critical membrane
435component and a biologically active lipid mediator that
436regulates various biological functions.27 Sphingomyelin is
437produced by converting phosphorylcholine to ceramide via
438sphingomyelin synthase (SMS). In membranes, SM is present
439in a restricted region known as the “SM-rich microdomain”,
440which provides a special environment to regulate the binding
441of ligands to their receptors for the expression of cellular
442functions, such as proliferation, migration, and inflammation.28

443The SM cycle, in which ceramide and SM play opposing roles
444in cell death, survival, and proliferation, was proposed by
445Taniguchi et al. In cancer cells, ceramide is consistently
446expressed at low levels, and cancer cells inhibit the transfer of
447ceramide to SM or glucocerebrosides (GlcCer) via SMS and
448GlcCer synthase (GCS), thereby reducing the level of
449ceramide that induces cell death. The SM cycle is involved
450in programmed cell death (e.g., apoptosis, necrosis, and iron
451cell apoptosis) and the autophagy-dependent death of cancer
452cells. Therefore, regulating the ceramide/SM balance by
453increasing ceramide and decreasing SM can effectively inhibit
454tumor growth and proliferation.29 We speculate that neo-
455adjuvant therapy may function as a ceramide inducer of cell
456death by altering the choline metabolic pathway, reducing the
457total amount of phosphorylcholine, and decreasing the choline
458level in cancer cells, resulting in the downregulation of SM
459synthesis and upregulation of ceramide expression. Moreover,
460the synthesis of phosphatidylcholine and SM is reduced, and
461the raw materials for membrane synthesis required for cancer
462cell proliferation are insufficient, which, to some extent, also
463inhibits tumor cell proliferation and growth.
464The model built by this analysis has some limitations owing
465to the small number of samples and the ability of some
466metabolites to better classify the two types of samples.
467However, the final two selected biomarkers were very good
468at classifying both types of samples, and the metrics were
469outstanding. The biomarkers selected by the integrated
470learning random forest model can guarantee a certain degree
471of stability, which is more stable than some individual
472classification models and is suitable for selecting biomarkers
473with a small sample size of histological data.

474■ CONCLUSIONS
475In this study, based on UPLC-MS/MS untargeted lipidomic
476analysis, we found that there were differences in lipids between
477the neoadjuvant therapy group and the surgery-only group, and
478after analyzing these lipids, we deduced that neoadjuvant
479therapy might achieve the effect of suppressing tumor
480proliferation and growth and then shrinking tumor foci by
481inhibiting the anchoring of GPI-APs, inhibiting the synthesis of
482choline and SM, and increasing programmed cell death of
483tumor cells, increasing the expression of ceramides through SM
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484 cyclic death and autophagy-dependent cell death, and
485 decreasing the energy metabolism of tumor cells. Ceramide
486 expression alters the energy metabolism of tumor cells, reduces
487 the membrane raw materials required for proliferation to
488 achieve the effect of inhibiting tumor proliferation and growth,
489 and thus shrinks the tumor foci. We also developed a
490 predictive model that offers a new possibility to predict the
491 efficacy of neoadjuvant therapies by detecting two lipids (SM
492 12:1, 2O/30:0 and TG 60:3|TG 18:0_24:1_18).
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