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Background: Hepatocellular carcinoma (HCC) has a poor prognosis, necessitating better diagnostic tools. Nuclear magnetic
resonance (NMR)-based metabolomics has emerged as a powerful tool for cancer biomarker discovery, yet its application in HCC
prognosis remains underexplored. This study aimed to identify plasma metabolic biomarkers for the diagnosis and prognosis of HCC,
and to develop predictive models for postoperative recurrence and microvascular invasion (MVI) to enhance clinical management.
Methods: We performed untargeted NMR metabolomic profiling of plasma from 92 HCC patients and 92 matched healthy controls.
Differential metabolites were identified, and their diagnostic performance was assessed using receiver operating characteristic curves.
Predictive models for postoperative recurrence and MVI were developed and validated using multiple machine learning algorithms,
such as random forest, support vector machine, and gradient boosting machine models.

Results: Significant metabolic differences were identified, with 67 metabolites and blood-lipid indicators showing marked alterations.
Acetic acid, dimethylsulfone, glycerol, glycine, and low-density lipoprotein (LDL)-3 cholesterol exhibited the highest discriminatory
power (area under the curve [AUC] >0.954). Regarding HCC recurrence prediction, the StepCox[forward] + random survival forest
model achieved an AUC of 0.811 and was an independent prognostic indicator (multivariate Cox HR = 1.20, 95% CI: 1.11-1.30, P <
0.001). Regarding M VI prediction, the support vector machine model demonstrated superior performance (AUC = 0.957). Calibration
curve, decision curve, and SHapley Additive exPlanations (SHAP) analyses confirmed model robustness and clinical utility. Two
online platforms were developed for clinical implementation.

Conclusion: This study developed and validated NMR-based prognostic and MVI prediction models for HCC, offering valuable tools
for precision management. Their clinical value warrants further validation in larger prospective cohorts.
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Introduction

Liver cancer remains a major global health burden, with the Global Cancer Observatory reporting 865,000 new cases and
757,948 deaths worldwide in 2022." Hepatocellular carcinoma (HCC) is the main form of liver cancer, accounting for
approximately 75%-85% of all cases." While surgical resection, liver transplantation, and local ablation are recom-

mended for early-stage HCC (Barcelona Clinic Liver Cancer [BCLC] stage 0—A), postoperative recurrence remains high
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(30-50% at 2 years), critically affecting patient prognosis.>> Thus, the development of accurate prognostic prediction
tools is essential to identify high-risk patients and guide personalized treatment.

Metabolomics captures systemic biochemical alterations that provide insights into tumor biology.* Tumor cells undergo
profound reprogramming of energy production and biosynthetic pathways, yielding molecular signatures detectable in
biological fluids.>® Previous studies have demonstrated metabolomic differences between patients with HCC and those
with cirrhosis or unaffected individuals, with specific metabolites emerging as independent prognostic markers.”® These
findings underscore the potential of metabolomic approaches for HCC diagnosis and prognosis.

Among metabolomics platforms, nuclear magnetic resonance (NMR) spectroscopy offers advantages of high reproducibility,
inherent quantitative capability, and procedural standardization, making it particularly suitable for clinical translation.” "'
However, its application in HCC prognosis remains underexplored. Herein, we applied NMR-based metabolomics to compare
the plasma metabolic profiles of patients with HCC and healthy controls to identify diagnostic and prognostic biomarkers and
construct predictive models for HCC recurrence and microvascular invasion (MVI), thereby facilitating improved clinical
management.

Methods

Data Collection and Sample Preparation

A total of 184 plasma samples were obtained from 92 healthy individuals and 92 HCC patients with pathologically confirmed
HCC. Immediately after collection, these samples were centrifuged at 15002000 xg for 10 minutes at 2-8°C. The plasma
supernatant was then aspirated and aliquoted into cryovials for subsequent storage at —80°C. Clinical data for these HCC
patients were retrospectively collected, encompassing age, gender, cirrhotic status, alpha-fetal protein (AFP) levels, protein
induced by vitamin K absence or antagonist-1I (PTVKA-II) levels, tumor size, tumor multiplicity, vascular invasion status, and
tumor stage.

NMR Metabolomics Analysis

Plasma samples were analyzed using the Nightingale proton nuclear magnetic resonance ("H-NMR) platform (ProteinT,
Tianjin, China). This platform is widely used to detect the metabolites associated with other diseases.'*'* After thawing,
340 pL of plasma was mixed with an equal volume of NMR lipid buffer (Bruker Plasma Buffer), and 600 pL of the mixture
was transferred to a 5-mm NMR tube for automated analysis.

Metabolite Qualification and Quantification

Spectral data were processed using Bruker’s Amix software, with chemical shift correction performed using Speaq.
Metabolites were identified and quantified using Bruker’s proprietary NMR database, covering lipid metabolites (eg.,
very low-density lipoprotein [VLDL] cholesterol) and low-molecular-weight metabolites (eg., glutamine and creatinine).

Comparative Metabolome Analysis Between Healthy Individuals and Patients with
HCC

Principal component analysis (PCA) was used to visualize group separation. Subsequently, partial least squares-discriminant
analysis (PLS-DA) was used to construct a predictive model linking metabolite expression to sample categories. Differential
expression was defined as metabolites with variable importance in projection (VIP) values >1.0, fold-change >1.2 or <0.833,
and P <0.05. Enrichment analysis for metabolites and lipids was performed using MetaboAnalyst 5.0 and the proprietary
ProteinT database, respectively. The discriminatory power of the selected molecules was assessed using the area under the
receiver operating characteristic (ROC) curve (AUC).

Development and Validation of an HCC Recurrence Prediction Model

Patients from the study cohort who underwent radical resection were randomly divided into training and test cohorts in
a 6:4 ratio. Differences in clinical characteristics between cohorts were compared using #-tests or Mann—Whitney U-tests
for continuous variables and chi-square or Fisher’s exact tests for categorical variables. A prognostic model was built
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using the Mimel R package, which executes 117 ensemble machine learning algorithms.'” Significant metabolites were
preselected via univariate Cox regression (P <0.05) in the training cohort, with parameters optimized through 10-fold
cross-validation. The model performance was evaluated in the test cohort using the C-index. The risk score (RS) derived
from the optimal model was assessed as an independent prognostic factor using univariate and multivariate Cox
regression analyses adjusted for clinicopathological variables. Xtile software was applied to determine the optimal RS
cutoff to stratify patients into high- and low-risk groups, and survival differences were analyzed using Kaplan—Meier
curves and Log rank tests. Finally, a Web-based application was developed for clinical use.

Development and Validation of an HCC-MVI Prediction Model

An interpretable machine-learning model for predicting HCC-MVI was developed using ten algorithms: XGBoost
(XGB), random forest (RF), support vector machine (SVM), naive Bayes (NB), gradient boosting machine (GBM),
generalized linear model (GLM), generalized linear model with elastic-net (GLMNET), linear discriminant analysis
(LDA), k-nearest neighbors (KNN), and recursive partitioning tree (RPART), with SHapley Additive exPlanations
(SHAP) for model interpretation. The cohort was randomly divided into training and test cohorts in a 6:4 ratio.
Significant metabolite features were selected using the Boruta algorithm (P <0.01, maximum of 200 iterations) in the
training cohort. The model was built using five-fold cross-validation and ten replication runs. Model performance was
evaluated based on sensitivity, specificity, accuracy, positive predictive value (PPV), negative predictive value (NPV),
and F1 score. The optimal classification threshold was determined by maximizing the Youden’s index from the ROC
curve. Calibration and decision curve analyses were used to assess prediction accuracy and clinical net benefit. The
SHAP method was used to quantify the contribution of each variable to predictions. Finally, a user-friendly web-based
application was developed for clinical translation.

All analyses were performed using R software (version 4.4.1), with statistical significance set at P < 0.05.

Results
Distinct Blood Metabolomic Profiles Differentiate Patients with HCC from Healthy

Controls
The NMR-based metabolomic analysis of plasma samples included 92 patients with HCC and 92 matched healthy controls.
The results are presented in Supplementary Tables 1 and 2. Age (P =0.798) and gender (P = 0.701) did not differ significantly

between the groups (Supplementary Figure 1). Both PCA and PLS-DA demonstrated a clear separation between the two

groups (Figure 1A and B), supporting the potential of blood metabolomics for HCC detection.
A total of 151 metabolites and blood-lipid indicators were identified (Figure 1C), with 20 metabolites and 47 blood-lipid
indicators showing significant alterations in HCC (Figure 1D and Supplementary Table 3). Notably, 34 metabolites or blood-

lipid indicators exhibited fold-changes >2 or <0.5. The levels of 14 metabolites or blood-lipid indicators, such as choline and
2-hydroxybutyric acid, were elevated in HCC, whereas the levels of 20 others, including Low Density Lipoprotein (LDL)-4
Phospholipids and sarcosine, were reduced (Supplementary Table 3).

Enrichment analysis revealed the significant involvement of 14 metabolic pathways, including glycine and serine
metabolism and ammonia recycling (Figure 1E). Lipid enrichment analysis indicated that differentially expressed lipids
were primarily associated with medium granular lipoproteins (Figure 1F).

Specific Plasma Metabolites or Blood-Lipid Indicators Demonstrate Potential as

Diagnostic Biomarkers for HCC

We identified 67 metabolites or blood-lipid indicators with VIP >1 (Figure 2A). To select robust biomarkers, we divided the
cohort randomly into training and test cohorts, retaining only features with an AUC >0.95 in both cohorts. This yielded four
metabolites—acetic acid, dimethylsulfone, glycerol, and glycine—and one blood-lipid indicator, LDL-3 cholesterol (L3CH), as
candidate biomarkers (Figure 2B—F). All five biomarkers achieved AUCs >0.954 in both cohorts, with dimethylsulfone showing
perfect discrimination (AUC = 1.000) in both. Acetic acid and glycine levels exhibited marked increases in HCC patients,
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Figure | Plasma metabolomic profiles based on NMR revealed distinct differences between patients with HCC and healthy controls. (A and B) PCA (A) and PLS-DA (B) score
plots of plasma metabolomes. The blue and Orange dashed circles represent the 95% confidence intervals for the Health and HCC groups, respectively, indicating the core
distribution of the samples within each cohort. (C) Heatmap of all identified metabolites and blood-lipid indicators (The metabolite data underwent range transformation).
(D) Heatmap of significantly altered metabolites and blood-lipid indicators (VIP >1.0, fold change >1.2 or <0.833, p <0.05). (E and F) Enrichment analysis of differential metabolites
(E) and blood-lipid indicators (F). *, p <0.05.

Abbreviations: NMR, Nuclear magnetic resonance; HCC, Hepatocellular carcinoma; PCA, Principal component analysis; PLS-DA, Partial least squares-discriminant
analysis; VIP, Variable importance in the projection.
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Figure 2 Specific plasma metabolites and blood-lipid indicators may serve as potential clinically relevant biomarkers for the diagnosis of HCC patients. (A) Bar chart of VIP
values for differential metabolites and blood-lipid indicators (VIP >1). (B—K) Box plots and ROC curves for plasma levels of acetic acid (B and C), dimethylsulfone (D and E),
glycerol (F and G), glycine (H and I), and L3CH (J and K) in the training and test cohorts. *¥, p <0.0001.
Abbreviations: HCC, Hepatocellular carcinoma; VIP, Variable importance in the projection; ROC, Receiver Operating Characteristic; L3CH, LDL-3 Cholesterol.

demonstrating high diagnostic accuracy with AUCs of 0.975 (training cohort) and 0.962 (test cohort) for acetic acid, and 0.988
(training cohort) and 1.000 (test cohort) for glycine, respectively.

Development and Validation of Machine Learning Models for Recurrence in HCC Patients
To construct a metabolomics-based model to predict recurrence after radical HCC resection, we selected 88 patients who
underwent radical HCC resection. The median recurrence-free survival (RFS) was 457 days. The cohort was randomly
divided into training and test cohorts with balanced clinical characteristics (Table 1).
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Table | Baseline Characteristics of Patients in the Training Cohort

HCC Recurrence

and Test Cohort for Predicting

Characteristics All Cohort Train Cohort Test Cohort P-value
N=88 N=52 N=36

Age 54.00 [46.75;65.00] 54.00 [47.00;64.25] 55.00 [46.75;65.00] 0.753

Gender 0.085

Female 19 (21.59%) 15 (28.85%) 4 (11.11%)

Male 69 (78.41%) 37 (71.15%) 32 (88.89%)

HBV 0.765

No 17 (19.32%) 9 (17.31%) 8 (22.22%)

Yes 71 (80.68%) 43 (82.69%) 28 (77.78%)

Hepatocirrhosis 0.920

No 36 (40.91%) 22 (42.31%) 14 (38.89%)

Yes 52 (59.09%) 30 (57.69%) 22 (61.11%)

AFP 31.20 [5.02;344.50] 20.35 [4.68;362.00] 43.33 [6.18;337.75] 0611

PIVKA-II 131.62 [38.35;1166.85] | 76.18 [31.84;1104.88] | 168.05 [55.44;1368.83] 0.322

Tumor Size 4.15 [2.58;7.23] 4.05 [2.40;7.30] 4.20 [2.92;6.85] 0.809

Tumor Number 1.000

Multiple 19 (21.59%) I (21.15%) 8 (22.22%)

Solitary 69 (78.41%) 41 (78.85%) 28 (77.78%)

Macrovascular Invasion 0.645

No 83 (94.32%) 48 (92.31%) 35 (97.22%)

Yes 5 (5.68%) 4 (7.69%) | (2.78%)

Microvascular Invasion 0.865

No 49 (55.68%) 28 (53.85%) 21 (58.33%)

Yes 37 (42.05%) 23 (44.23%) 14 (38.89%)

Na 2 (2.27%) I (1.92%) | (2.78%)

Differentiation 1.000

High-Mid 67 (76.14%) 40 (76.92%) 27 (75.00%)

Low 21 (23.86%) 12 (23.08%) 9 (25.00%)

CNLC Stage 1.000

| 73 (82.95%) 43 (82.69%) 30 (83.33%)

=11 15 (17.05%) 9 (17.31%) 6 (16.67%)

BCLC Stage 0.980

0-A 72 (81.82%) 42 (80.77%) 30 (83.33%)

B-C 16 (18.18%) 10 (19.23%) 6 (16.67%)

Abbreviations: AFP, Alpha-fetal protein; PIVKA-II, Protein induced by vitamin K absence or antagonist-ll; BCLC Stage, Barcelona
clinic liver cancer Stage; CNLC Stage, Chinese liver cancer Stage.

Univariate Cox regression analysis identified eleven metabolites or blood-lipid indicators prognostic features, including high-
density lipoprotein (HDL)-4 apolipoprotein A-II (Apo-A2), HDL-4 cholesterol, HDL-4 Apo-A1l, VLDL-1 triglycerides, HDL-4
phospholipids, HDL-4 free cholesterol, tyrosine, 2-oxoglutaric acid, lysine, LDL-2 triglycerides, and glycine (Supplementary
Table 4). Based on these features, 117 machine-learning ensemble models were developed and validated. The StepCox[forward]
+ random survival forest (RSF) ensemble model achieved the highest C-index in both training and test cohorts, with values of 0.9
and 0.76, respectively (Figure 3A). Further analyses using the StepCox[forward] + RSF model demonstrated its predictive
performance for HCC recurrence, with 1-year AUCs of 0.955 and 0.843 and 2-year AUCs of 0.959 and 0.698 in the training and
test cohorts, respectively (Figure 3B and C). Univariate and multivariate Cox regression analyses confirmed the RS derived from
this model to be an independent prognostic factor (hazard ratio [HR] from univariate analysis = 1.20, 95% confidence interval
[CI]: 1.13-1.27, P <0.001; HR from multivariate analysis = 1.20, 95% CI: 1.11-1.30, P <0.001; Figure 3D and Supplementary
Table 5). This indicated the model remained robust against the clinical characteristics of patients with HCC and effectively
predicted HCC recurrence. The comparative analysis of 2-year recurrence prediction revealed that the StepCox[forward] + RSF
model achieved a significantly higher AUC value of 0.811, substantially outperforming both the China Liver Cancer (CNLC)
staging system (AUC: 0.607) and the BCLC staging system (AUC: 0.588) (Figure 3E).

Journal of Hepatocellular Carcinoma 2026:13
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Figure 3 Development and validation of a machine learning-based metabolomic model for predicting recurrence in HCC patients. (A) Comparison of the C-index between
training and test cohorts across | |7 ensemble machine learning algorithms. (B and C) ROC curves of the optimal model in the training (B) and test (C) cohorts. (D) Forest
plot from multivariate Cox regression of the optimal model (variables with p <0.05 in univariate analysis were included). (E) ROC curves comparing the optimal model with
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Abbreviations: HCC, Hepatocellular carcinoma; RSF, Random survival forest; ROC, Receiver Operating Characteristic; AFP, Alpha-fetal protein; BCLC stage, Barcelona
clinic liver cancer stage; CNLC stage, Chinese liver cancer stage; RFS, Recurrence-free survival.

Based on results using Xtile, the cutoff value was set to 14.90 to categorize the patients into high-risk (n = 17) and
low-risk (n = 71) groups. Survival analysis revealed a significant difference in RFS between two groups (P <0.001;

Figure 3F).
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To facilitate the clinical application, the StepCox[forward] + RSF model was deployed as a web application
(https://tanhongkun.shinyapps.io/NMR MET HCC earlyrecurrence predictor/) to automatically predict HCC recur-

rence risk based on the user-input values of the 11 selected features.

Development and Validation of Machine Learning Models for HCC-MVI Prediction
To develop a metabolomics-based predictive model for MVI in HCC, we constructed interpretable machine learning
models using ten algorithms (XGB, RF, SVM, NB, GBM, GLM, GLMNET, LDA, KNN, and RPART), which were
interpreted via SHAP. We randomly split the cohort into training (60%) and test (40%) cohorts, which showed no
significant differences in baseline clinical characteristics (Supplementary Table 6).

The Boruta feature selection algorithm identified seven metabolites or blood-lipid indicators that were significantly
associated with MVI: VLDL-2 free cholesterol (V2FC), HDL-2 free cholesterol (H2FC), N, N-dimethylglycine, HDL-1
free cholesterol (H1FC), lactic acid, creatine, and pyruvic acid. For MVI diagnosis, the ten final models showed AUCs ranging
from 0.723 to 1.000 in the training cohort, and from 0.613 to 0.921 in the test cohort (Figure 4A and B). The multidimensional
performance comparisons are presented in Supplementary Table 7 and Supplementary Figure 2. Compared with other models,

the SVM model demonstrated the highest diagnostic performance in both the training and test cohorts, achieving AUC values
0f0.981 and 0.921, respectively. In the training cohort, it attained an accuracy of 92.5%, sensitivity of 100%, and specificity of
86.7%; in the test cohort, these values were 84.8%, 85.7%, and 84.2%, respectively (Figure 4C and D). The SVM model was
selected as the optimal predictor of MVI after comparing the diagnostic performance of 10 models (Supplementary Table 7

and Supplementary Figure 2). The confusion matrix for the SVM model correctly identified all 23 MVI samples and 26 of 30

non-MVI samples in the training cohort. In the test cohort, the model correctly classified 12 of 14 MVI samples and 16 of 19
non-MVI samples (Figure 4E and F). These results suggests that the model has a well-balanced classification capability. The
calibration curves for the training and test cohorts yielded Brier scores of 0.080 (95% CI: 0.055-0.110) and 0.110 (95% CI:
0.066-0.169), respectively (Figure 4G and H). No significant calibration discrepancy was observed between the cohorts,
indicating consistent calibration performance. As shown in Figure 41, decision curve analysis revealed that the model provided
a higher net benefit than both the treat-all and treat-none strategies across most threshold probabilities, supporting its potential
clinical utility. The SVM model achieved an AUC of 0.957, outperforming other clinical predictors for predicting MVI across
the entire cohort (Figure 4J).

The SHAP method was used to interpret the SVM model by quantifying the contribution of each feature to the
predicted output (Figure 4K and L). The SHAP dependency plot showed that lactic acid, creatine, and pyruvic acid were
positively associated with SHAP values, indicating a positive contribution to MVI prediction. In contrast, V2FC, H1FC,
H2FC, and N, N-dimethylglycine were negatively associated with SHAP values, suggesting a mitigating effect on the
prediction output (Supplementary Figure 3).

To facilitate clinical translation, the model was deployed as a web-based application (https://tanhongkun.shinyapps.io/
NMR MET HCC MVI predictor/) that automatically estimated the MVI risk based on user-input values of the seven
selected metabolite features.

Discussion

The high recurrence rate of HCC critically limits long-term survival, highlighting the need for reliable prognostic tools.
Currently, NMR-based metabolomics remains underexplored for predicting HCC prognosis, particularly for assessing
MVL. In this preliminary study, we showed that NMR plasma metabolomics revealed significant alterations in patients
with HCC compared with healthy controls. Using these spectral data, we developed and validated machine learning
models that demonstrated promising performance for recurrence prediction and MVI evaluation in HCC. Our findings
support the clinical potential of NMR-based metabolomics in HCC management.

In this preliminary study, five metabolites—acetic acid, dimethylsulfone, glycerol, glycine, and L3CH—demonstrated
potential diagnostic value for HCC. Elevated blood acetic acid levels align with findings from a prospective nested case-
control study, which reported higher levels of acetic acid in individuals with HCC, potentially linking short-chain fatty
acids derived from the gut microbiome to HCC development.'® Dimethylsulfone is an important sulfur-containing
metabolite in the body, widely present in various bodily fluids. Its primary sources are dietary intake and intestinal
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Figure 4 Development and validation of a machine learning-based metabolomic model for predicting HCC with MVI. (A and B) Forest plots display AUC values of ten machine
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plot showing global feature importance ranked by mean |[SHAP| value. (L) Beeswarm plot depicting the direction and distribution of feature impacts.
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bacterial metabolism.'” The marked reduction in dimethylsulfone levels in HCC may reflect disruptions in dietary
changes.'® Further research is needed to investigate the causes of dimethylsulfone disorders in HCC patients. Altered
glycerol and glycine patterns further indicate metabolic reprogramming. Increased glycine may fuel tumor growth by
supporting glutathione synthesis, and have been demonstrated to be associated with poor prognosis in rectal cancer.'*"*
Whereas decreased glycerol may suggest its utilization for synthesis in various glycerol-related metabolites, consistent
with the significant alterations observed in glycerol-related metabolites observed in HCC tissues.”'** A serum metabo-
lite-targeted NMR study also demonstrated that serum glycerol levels in HCC patients were significantly reduced
compared to those in patients with liver cirrhosis.”®> The absence of L3CH might be associated with increased demand
for cholesterol in cancer cells for membrane biosynthesis and signaling pathways, corroborating the known association
between cholesterol metabolism disorders and HCC.** These key metabolic perturbations collectively point to abnor-
mally active biosynthetic metabolic activities in the HCC process, meeting the demands of rapid proliferation in cancer
cells. Importantly, the metabolite set we identified not only provides mechanistic insights but also exhibits strong
diagnostic potential, supporting its translation into a clinical prognostic tool.

Beyond diagnosis, we developed a postoperative recurrence prediction model based on 11 metabolic features. The
StepCox[forward] + RSF model achieved a C-index of 0.76 in the testing set and an AUC of 0.811 for predicting 2-year
recurrence, outperforming traditional staging systems such as CNLC and BCLC. The derived RS was an independent
prognostic factor, effectively stratifying the patients into distinct recurrence risk groups. Although previous mass
spectrometry-based studies have identified prognostic metabolites, their predictive performance for recurrence is limited.
Wang et al reported a metabolite-based score based on liquid chromatography—mass spectrometry predicting overall
survival with AUCs of 0.654-0.871.%> However, they did not report its predictive capability for RFS. Fang et al
developed a gas chromatography—mass spectrometry model for postoperative recurrence with AUCs of 0.624-0.660.2°
In contrast to the tissue-based multi-omics models reported by Wu et al, which may reveal mechanistic insights such as
spatial heterogeneity but rely on invasive biopsies, our approach uses preoperative serum samples.”’ This offers practical
advantages in terms of sample accessibility, noninvasive dynamic monitoring, and clearer clinical translation potential.
To our knowledge, this is the first study to establish a robust recurrence prediction model based on preoperative plasma
NMR metabolomics. Our findings underscore the utility of NMR technology, owing to its high reproducibility and
absolute quantification capabilities, for building stable and clinically applicable detection tools.

MVI is a key driver of early postoperative recurrence of HCC.?*** However, accurate preoperative assessment remains
clinically challenging. Current methods for diagnosis based on postoperative pathology limit preoperative strategy optimiza-
tion, and imaging-based prediction approaches have not been widely adopted.?®>° Thus, highly accurate, non-invasive tools
are needed to preoperatively evaluate MVI for individualized surgery (establishing a wider surgical margin) and adjuvant
treatment planning. The SVM model in the present study demonstrated a strong predictive performance for MVI, out-
performing conventional blood biomarkers, imaging features, and previously reported NMR-based models, such as those by
Lee et al.®' This improvement likely stems from the capacity of machine learning to integrate multiple metabolic markers into
a composite predictor, thereby enhancing the diagnostic efficacy. Furthermore, NMR technology provides highly reproducible
and absolute quantitative data, providing a robust metabolic foundation to effectively capture systemic disturbances associated
with MVL.*? The synergy between NMR-based profiling and machine-learning algorithms may be key for achieving high
prediction accuracy. From a biological standpoint, our model suggests that MVI induces systemic metabolic alterations that
are detectable in the blood using NMR metabolomics, offering new insights into the aggressive HCC phenotype. Finally, to
facilitate clinical translation, we developed a user-friendly web-based application that enables surgeons to non-invasively
assess MVI risk preoperatively, supporting informed decision-making for surgical planning and adjuvant therapy, with the
potential to improve patient outcomes.

Although our results are encouraging, this study has several limitations. Its retrospective design, single-center nature,
and relatively small sample size necessitate validation in prospective multicenter large-scale cohorts. Since tumor
markers were not tested in healthy controls, it is not possible to compare the diagnostic performance of the identified
differential metabolites and tumor markers. Furthermore, the inclusion of only patients with HCC precludes the
determination of whether the identified metabolic signatures are specific to HCC or shared with other hepatic pathologies,
such as intrahepatic cholangiocarcinoma or metastatic lesions. Future studies should include control groups to establish
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diagnostic specificity. Additionally, most HCC patients included in this study were HBV-related cases. It is essential that
future research rigorously validate these findings in cohorts with different etiologies of HCC (eg., HBV, HCV, and
NAFLD) to ensure their generalizability.

Conclusion

In summary, the results of this study provided compelling evidence that NMR-based plasma metabolomics can capture
profound HCC-specific metabolic reprogramming. We identified potential diagnostic biomarkers and pioneered the
development of highly accurate models for predicting recurrence and MVI—critical yet challenging aspects of HCC
management. While further validation is necessary, our work establishes a robust foundation for leveraging this rapid and
reproducible technique to enhance risk stratification and personalized treatment strategies for patients with HCC.
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