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Abstract: Objectives: To develop and validate preoperative models for predicting 1-year recurrence and microvas-
cular invasion (MVI) in hepatocellular carcinoma (HCC) using conventional ultrasound, elastography, and clinical
nutritional indicators. Methods: This retrospective study included patients with pathologically confirmed HCC who
underwent curative hepatectomy and preoperative conventional ultrasound plus elastography. A total of 619 pa-
tients were included in the recurrence analysis, and 581 patients with complete pathological MVI assessment and
complete modeling variables were included in the MVI analysis. Clinical, laboratory, nutritional, ultrasound, and
elastography data were collected. Radiomics features were extracted from grayscale ultrasound and elastography
images after standardized preprocessing and region-of-interest segmentation. Clinical, radiomics, and combined
models were developed in the training cohorts and evaluated in the validation cohorts. Results: For 1-year recur-
rence prediction, the combined model showed the best performance, with area under the curve (AUC) values of
0.675 in the cross-validation set and 0.771 in the independent test set, compared with 0.567 and 0.656 for the
clinical model and 0.660 and 0.759 for the radiomics model, respectively. For MVI prediction, the combined model
also achieved the best discriminative performance, with AUC values of 0.860 in the cross-validation set and 0.819
in the independent test set, compared with 0.836 and 0.793 for the clinical model and 0.667 and 0.661 for the
radiomics model, respectively. Conclusions: A combined model integrating ultrasound-elastography radiomics and
clinical nutritional indicators showed favorable performance for preoperative prediction of both 1-year recurrence
and MVI in HCC.

Keywords: Hepatocellular carcinoma, ultrasound radiomics, elastography, early recurrence, microvascular inva-
sion, nutritional indicators

Introduction

Hepatocellular carcinoma (HCC) is a leading
primary liver malignancy and remains a ma-
jor contributor to cancer-related death world-
wide. Curative hepatectomy is widely used for
patients with resectable disease, but postop-
erative outcomes are highly heterogeneous
[1, 2]. Among the factors associated with poor
prognosis, early postoperative recurrence and
microvascular invasion (MVI) are particularly
important because they reflect biologically ag-
gressive tumor behavior and are closely link-
ed to reduced long-term survival [3-6]. Conse-

quently, reliable preoperative identification of
patients at high risk for these adverse fea-
tures is essential for optimizing surgical plan-
ning, perioperative management, and follow-
up strategies.

Current preoperative risk stratification for HCC
still relies largely on serum markers, tumor bur-
den, and postoperative pathological informa-
tion [7]. Nevertheless, these measures are not
sufficient for comprehensive preoperative eval-
uation. In particular, key adverse features such
as MVI are usually confirmed only after resec-
tion, which limits their value in presurgical deci-
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sion-making [8]. In addition, routinely available
clinical parameters often fail to reflect the full
extent of intratumoral complexity and patient-
specific biological variation [9, 10]. Radiomics
offers a quantitative imaging-based strategy
that converts medical images into high-dimen-
sional features and may reveal subtle charac-
teristics related to tumor heterogeneity and
the surrounding microenvironment that are
not readily appreciable on visual inspection
[11, 12]. In the setting of HCC, ultrasound-
based radiomics is especially attractive be-
cause ultrasound is safe, readily accessible,
dynamic, and already integrated into routine
perioperative assessment [13-15].

In addition, conventional ultrasound and elas-
tography may provide complementary informa-
tion [16, 17]. Conventional ultrasound can
reflect tumor morphology, margin characteris-
tics, and vascularity, whereas elastography pro-
vides quantitative information on tissue stiff-
ness and biomechanical heterogeneity [18].
These imaging features may be associated
with invasive growth, stromal remodeling, and
microvascular alterations [19, 20]. Besides
tumor-related imaging characteristics, host-re-
lated factors may also influence HCC progres-
sion and postoperative outcomes. Nutrition-
al and inflammatory status, liver functional
reserve, and coagulation-related parameters
have all been reported to be associated with
recurrence and tumor aggressiveness [21-23].
Nutritional indicators such as Subjective Glo-
bal Assessment (SGA), prognostic nutritional
index (PNI), albumin, and the Controlling Nu-
tritional Status (CONUT) score may therefore
provide clinically relevant complementary in-
formation for risk prediction [24, 25].

Based on these considerations, we conducted
a retrospective study to develop and validate
preoperative prediction models for two clini-
cally relevant endpoints in HCC, namely recur-
rence within 1 year after curative hepatectomy
and pathological MVI. By integrating routine
preoperative conventional ultrasound, elastog-
raphy-derived radiomics features, and clinical
nutritional indicators, we constructed and com-
pared clinical, radiomics, and combined mod-
els. We hypothesized that combining imaging-
derived heterogeneity with host nutritional
status would improve individualized preopera-
tive risk stratification in patients with HCC.
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Materials and methods
Study design and patients

This retrospective cohort study was approved
by the institutional ethics committee of the
Eastern Hepatobiliary Surgery Hospital (appro-
val No. EHBHKY2023-K034-P001). A total of
700 consecutive patients with a preoperative
diagnosis of HCC who were evaluated for cura-
tive hepatectomy were initially screened. After
exclusion of 81 patients for predefined rea-
sons, including non-primary liver malighancies
or other malignant tumors, preoperative anti-
tumor treatment, poor image quality preclud-
ing region-of-interest delineation, missing key
baseline variables, and loss to follow-up or
unclear endpoint status, 619 patients with
pathologically confirmed HCC were ultimately
included in the study (Figure 1). All included
patients had complete preoperative conven-
tional ultrasound and elastography examina-
tions, as well as available baseline clinical, lab-
oratory, imaging, follow-up, and postoperative
pathological data. Two study endpoints were
analyzed separately. For prediction of recur-
rence within 1 year after surgery, the final
cohort of 619 patients was allocated into a
training cohort (n = 495) and a validation co-
hort (n = 124) at a ratio of 4:1 using random
allocation with verification of baseline com-
parability; repeated random splitting was per-
formed to minimize potential imbalance be-
tween cohorts. For prediction of MVI, 38 of the
619 patients were excluded because of incom-
plete postoperative pathological MVI assess-
ment and/or missing key modeling variables;
the remaining 581 patients constituted the
endpoint-specific MVI cohort and were allocat-
ed into a training cohort (n = 465) and a valida-
tion cohort (n = 116) using the same strategy
of random allocation with verification of base-
line comparability, with repeated random split-
ting to minimize potential imbalance. Because
the purpose of this split was predictive model
development rather than causal comparison
between two exposure groups, propensity
score matching was not applied. All feature
selection, model construction, and hyperpa-
rameter optimization procedures were perfor-
med exclusively in the training cohort, and the
final model performance was subsequently
evaluated in the independent validation co-
hort.
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diagnosis of HCC

‘ Patients with preoperative ]
n=700

[ Excluded ]
n=81

Reasons for exclusion

therapies before surgery(n = 18)

Non-primary liver malignancies or other malignant tumors (n =12)
Received radiofrequency ablation, anti-tumor treatment, or other bridging

Poor image quality; ROI could not be delineated manually or automatically (n = 21)
Missing key variables or incomplete baseline data (n = 16)
Lost to follow-up or unclear endpoint status (n = 14)

Final study population
n= 619
minus 38 with incomplete
postoperative pathological MVI
¢ ¢ assessment
Cohort for 1-year recurrence analysis Cohort for MVI analysis
n=619 n=581
Training set ‘ Validation set Training set Validation set
n= 495 n=124 n= 465 n=116

Figure 1. Flowchart of patient selection and cohort allocation for recurrence and microvascular invasion analyses:
A total of 619 patients were included in the recurrence analysis. For the MVI analysis, 38 patients were excluded
because of incomplete postoperative pathological MVI assessment and/or missing key modeling variables, leaving

581 patients for endpoint-specific MVI modeling,.

Data collection

Demographic, clinical, laboratory, imaging, and
pathological information was retrospectively
retrieved from the electronic medical record
system. The collected data covered baseline
characteristics, liver function-related parame-
ters, tumor-associated serum markers, nutri-
tional and inflammatory indicators, preopera-
tive conventional ultrasound findings, elasto-
graphy measurements, and postoperative pa-
thological results. Candidate variables for mo-
del development included age, sex, hepatitis
history, alpha-fetoprotein (AFP), carcinoembry-
onic antigen (CEA), albumin, body mass index
(BMI), prognostic nutritional index (PNI), Con-
trolling Nutritional Status (CONUT) score, neu-
trophil-to-lymphocyte ratio (NLR), conventional
ultrasound features, and shear wave elastogra-
phy-derived parameters. Postoperative patho-
logical findings, including microvascular inva-
sion (MVI) status, were used as reference
standards for endpoint determination.

3717

Ultrasound and elastography assessment

Preoperative ultrasound assessment includ-
ed conventional grayscale ultrasound, color
Doppler flow imaging, and elastography. Con-
ventional ultrasound variables included maxi-
mum tumor diameter, blood flow grade, tumor
shape, and tumor margin. Shear wave elastog-
raphy-derived quantitative parameters includ-
ed the mean and maximum shear wave velo-
city values (Emean and Emax), recorded in
meters per second (m/s).

All ultrasound examinations were completed
before surgery by experienced sonographers
according to a standardized acquisition proto-
col. Patients were examined after fasting and
were positioned supine or in the left lateral
decubitus position as needed. Conventional
grayscale ultrasound was initially performed
to identify the hepatic lesion and assess its
location, maximal size, morphology, margin,
internal echogenicity, and adjacent liver back-

Am J Transl Res 2026;18(5):3715-3735



Ultrasound radiomics for HCC recurrence and MVI

ground. Color Doppler flow imaging was sub-
sequently used to evaluate intratumoral and
peritumoral vascularity. The maximum tumor
diameter was recorded on the imaging plane
showing the largest lesion dimension.

For elastography acquisition, the region of
interest was positioned to include as much of
the solid tumor component as possible while
avoiding large vessels, bile ducts, calcified
areas, obvious necrosis, and imaging artifacts.
Images were obtained under stable respiratory
conditions with minimal transducer compres-
sion to reduce measurement bias. When multi-
ple frames were available, those with clear
lesion margins, stable signal distribution or
color filling, and without obvious motion or
compression artifacts were selected for analy-
sis. Only images meeting predefined quality
criteria, including clear lesion margins, stable
signal distribution, and absence of significant
motion or compression artifacts, were includ-
ed. Images not satisfying these criteria were
excluded prior to radiomics analysis. Quanti-
tative shear wave velocity parameters, includ-
ing Emean and Emax, were recorded from the
selected SWE images in m/s. All images were
de-identified before analysis. Image quality was
independently reviewed by experienced sonog-
raphers, and only images that satisfied the
predefined quality criteria were included in the
subsequent radiomics workflow. ROI delinea-
tion for radiomics analysis was initially per-
formed manually on the de-identified graysca-
le ultrasound and elastography images by an
experienced sonographer based on the lesion
boundary identified on the image section show-
ing the largest tumor area and was subse-
quently reviewed by a second experienced
sonographer. Discrepancies between the two
readers were resolved by consensus to ensure
consistency of ROI delineation. Both readers
were blinded to postoperative pathological re-
sults and endpoint classification during seg-
mentation. Any disagreement was resolved by
consensus before feature extraction.

Radiomics workflow

Radiomics analysis was performed using a
standardized workflow that included image pre-
processing, region-of-interest (ROIl) segmenta-
tion, feature extraction, feature selection, and
model construction. Prior to feature extrac-
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tion, all images underwent resampling and
gray-level normalization to reduce the influence
of differences in image resolution and signal
intensity. Feature normalization and dimen-
sionality reduction procedures were applied to
reduce the influence of variability and potential
outliers in the dataset. Tumor ROIs were manu-
ally delineated on de-identified grayscale ultra-
sound and elastography images based on the
lesion boundary identified on the image sec-
tion showing the largest tumor area. The delin-
eation process was performed without access
to postoperative pathological results or end-
point classification. Only images with adequate
quality and clear lesion margins were included
in the radiomics analysis.

Radiomics features were extracted from both
grayscale ultrasound and elastography images,
including features derived from original images
and wavelet-transformed images. The extract-
ed features comprised first-order statistics,
shape features, and texture features. Speci-
fically, a total of 513 radiomics features were
initially extracted from each lesion, including
162 histogram features and 351 texture fea-
tures from the original and wavelet-transform-
ed images. Detailed information on the feature
extraction process is provided in Supplemen-
tary Table 1. The radiomics feature extraction
package used in this study is publicly available
at GitHub (github.com/mvallieres/radiomics).

Feature selection was performed in multiple
steps. First, extracted features were standard-
ized before downstream analysis. Second, uni-
variable screening was applied to identify can-
didate features associated with the study
endpoints. Third, redundant features were
removed during the dimensionality-reduction
process to reduce collinearity and overfitting.
Finally, a sparse representation-based feature
selection method was used to further reduce
dimensionality and retain the most informa-
tive features, resulting in 10 radiomics featur-
es for each endpoint. Based on the selected
radiomics features, a multilayer perceptron
(MLP) classifier was constructed for prediction
of 1-year recurrence and classification of MVI.
The MLP architecture and training parameters
were as follows: the network consisted of two
hidden layers with 20 and 10 neurons, res-
pectively, both using RelLU activation func-
tions. The dropout ratio was set to 0.2. The
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model was optimized using the Adam opti-
mizer with a learning rate of 0.0005. Training
was performed for 100 epochs with a batch
size of 10. Feature selection and model train-
ing were performed in the training set, and
model performance was subsequently evaluat-

ed in the validation set (Supplementary Figure
1).

Study endpoints

Two endpoints were defined in this study. The
first endpoint was recurrence within 1 year
after curative hepatectomy, determined on the
basis of postoperative follow-up. The second
endpoint was MVI, confirmed by postoperative
pathological examination. Each endpoint was
analyzed separately, and the same clinical,
imaging, and radiomics modeling strategy was
applied to both analyses.

Model construction and evaluation

For each study endpoint, three types of models
were developed: a clinical model, a radiomics
model, and a combined clinical-radiomics mo-
del. The entire dataset was allocated into a
training cohort and an independent validation
cohort at a ratio of 4:1 using random alloca-
tion with verification of baseline comparability;
repeated random splitting was performed to
minimize potential imbalance between cohorts.
Feature selection and model hyperparameter
optimization were performed exclusively with-
in the training cohort to avoid information leak-
age and to ensure an unbiased evaluation of
model performance. The final optimized mod-
els were subsequently assessed in the inde-
pendent validation cohort. Given that the study
was designed as a prediction-modeling analy-
sis rather than a comparative study between
balanced clinical groups, cohort matching pro-
cedures such as propensity score matching
were not applied.

Model performance in the present study was
primarily evaluated in terms of discrimination
and classification ability using the area un-
der the receiver operating characteristic curve
(AUC), accuracy (ACC), sensitivity (SEN), speci-
ficity (SPE), positive predictive value (PPV), and
negative predictive value (NPV). The present
study was designed as an exploratory predic-
tion modeling analysis, and the evaluation fo-
cused primarily on discrimination performance
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rather than clinical decision-making utility.
Because this was a retrospective exploratory
modeling study aimed at initial model deve-
lopment and internal validation, formal evalua-
tion of calibration and clinical net benefit,
such as calibration curve analysis and deci-
sion curve analysis (DCA), was not included in
the current workflow.

Statistical analysis

Clinical and imaging variables were first sc-
reened by univariable analysis. Because sever-
al nutrition-related variables were mathemati-
cally related, including composite indicators
partly derived from serum albumin and lym-
phocyte-related parameters, collinearity am-
ong nutrition-related candidate predictors was
considered before final model construction.
Strongly overlapping nutritional variables were
interpreted with caution, and representative
composite indices were preferentially empha-
sized to improve biological interpretability and
model stability. Continuous variables were
compared using the independent-samples t
test or Mann-Whitney U test, as appropriate,
and categorical variables were compared using
the chi-square test or Fisher’'s exact test. The
corresponding test statistics are reported in
the Supplementary Tables 2 and 3 for baseline
comparisons between the training and valida-
tion cohorts. Variables showing statistical sig-
nificance in univariable analysis were subsequ-
ently entered into least absolute shrinkage and
selection operator (LASSO) regression for fur-
ther dimensionality reduction and selection of
the final feature subset for model construction.
Statistical significance was defined according
to the prespecified thresholds used in the ori-
ginal study workflow, and a two-sided P<0.05
was considered statistically significant. Beca-
use the study was designed as a prediction
modeling analysis rather than a comparative
study between balanced exposure groups,
strict baseline equivalence between the train-
ing and validation cohorts was not a method-
ological requirement. Minor imbalances were
considered acceptable and unlikely to intro-
duce systematic bias in model performance.

Results
Baseline characteristics

A total of 619 patients with HCC were in-
cluded in the recurrence analysis. For the MVI
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Table 1. Baseline characteristics of patients in the training and validation cohorts for 1-year recurrence
analysis

Validation cohort

Variable All (N =619) (n = 124) Training cohort (n = 495) value

Sex 0.710
Male 477 (77.1%) 94 (75.8%) 383 (77.4%)

Female 142 (22.9%) 30 (24.2%) 112 (22.6%)

Ethnicity 0.717
Han 601 (97.1%) 121 (97.6%) 480 (97.0%)

Non-Han 18 (2.9%) 3(2.4%) 15 (3.0%)

Age, years 56.05+10.66 56.66+10.57 53.80+£10.70 0.006

Body mass index, kg/m? 24.03+3.22 24.00+3.20 24.12+3.32 0.705

Subjective Global Assessment (SGA) 0.434
Well nourished 592 (95.6%) 117 (94.4%) 475 (96.0%)
Mild-to-moderate malnutrition 27 (4.4%) 7 (5.6%) 20 (4.0%)

Mini Nutritional Assessment (MNA) 0.183
>24 550 (88.9%) 106 (85.5%) 444 (89.7%)

17-23.5 69 (11.1%) 18 (14.5%) 51 (10.3%)

History of tumor 0.934
No 585 (94.5%) 117 (94.4%) 468 (94.5%)

Yes 34 (5.5%) 7 (5.6%) 27 (5.5%)

History of hepatitis 0.012
No 272 (43.9%) 42 (33.9%) 230 (46.5%)

Yes 347 (56.1%) 82 (66.1%) 265 (53.5%)

Antiviral therapy 0.061
No 418 (67.5%) 75 (60.5%) 343 (69.3%)

Yes 201 (32.5%) 49 (39.5%) 152 (30.7%)

Number of tumors 0.968
Solitary 495 (80.0%) 99 (79.8%) 396 (80.0%)

Multiple 124 (20.0%) 25 (20.2%) 99 (20.0%)

Surgical approach 0.034
Laparoscopic 591 (95.5%) 114 (91.9%) 477 (96.4%)

Open 28 (4.5%) 10 (8.1%) 18 (3.6%)

Maximum tumor diameter, mm 44.50 [28.40, 67.50] 47.40 [28.45, 69.28] 44.30 [28.40,66.70] 0.489

Peritumoral cirrhosis 0.001
No 227 (36.7%) 30 (24.2%) 197 (39.8%)

Yes 392 (63.3%) 94 (75.8%) 298 (60.2%)

Histopathological subtype 0.777
Thick trabecular type 255 (41.2%) 51 (41.1%) 204 (41.2%)

Thin trabecular type 65 (10.5%) 12 (9.7%) 53 (10.7%)
Acinar type 83 (13.4%) 17 (13.7%) 66 (13.3%)
Solid-sheet type 27 (4.4%) 3(2.4%) 24 (4.8%)

Other types 189 (30.5%) 41 (33.1%) 148 (29.9%)

Tumor differentiation 0.325
Poor 289 (46.7%) 53 (42.7%) 236 (47.7%)
Moderate/Well 330 (53.3%) 71 (57.3%) 259 (52.3%)

Hep-lexpression 0.984
No 314 (50.7%) 63 (50.8%) 251 (50.7%)

Yes 305 (49.3%) 61 (49.2%) 244 (49.3%)

Arginase expression 0.792
No 288 (46.5%) 59 (47.6%) 229 (46.3%)

Yes 331 (53.5%) 65 (52.4%) 266 (53.7%)
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GPC-3 expression
No
Yes
CD34 expression
No
Yes
Tumor shape
Round
Irregular
Echogenicity
Hypoechoic
Hyperechoic
Tumor margin
Smooth
Irregular
Blood flow signal
Absent
Present
Peritumoral Emax, m/s
Peritumoral Emean, m/s
Intratumoral Emax, m/s
Intratumoral Emean, m/s
Total protein, g/L
Albumin, g/L
Lymphocyte count, x10°/L
Prognostic Nutritional Index (PNI)
Controlling Nutritional Status (CONUT) score
0-1
2-4
5-8
9-10
1112
ALT, U/L
AST, U/L
GGT, U/L
INR
PT, s
PLT, x10°/L
Neutrophil count, x10°/L
NLR, x10%/L
Glucose, mmol/L
AFP, ng/mL
CEA, ng/mL

326 (52.7%)
293 (47.3%)

242 (39.1%)
377 (60.9%)

327 (52.8%)
292 (47.2%)

435 (70.3%)
184 (29.7%)

335 (54.1%)
284 (45.9%)

211 (34.1%)
408 (65.9%)
1.47 [1.24, 1.85]
1.40 [1.17, 1.75]
2.26[1.87, 2.75]
1.78 [1.48, 2.16]
67.60 [64.10, 71.00]
41.40 [39.20, 44.00]
2.00 [2.00, 2.00]
51.40 [49.20, 54.00]

583 (94.2%)

9 (1.5%)

9 (1.5%)

10 (1.6%)

8 (1.3%)
26.00 [17.00, 39.00]
26.00 [19.00, 37.00]
52.00 [28.00, 82.00]

1.00 [0.95, 1.04]
12.00 [11.40, 12.40]

3.79[2.90, 3.79]
1.90 [1.48, 1.97]
5.17 [4.72, 5.17]

19.90 [3.10, 811.00]
2.30 [1.40, 3.50]

64 (51.6%)
60 (48.4%)

52 (41.9%)
72 (58.1%)

73 (58.9%)
51 (41.1%)

91 (73.4%)
33 (26.6%)

72 (58.1%)
52 (41.9%)

50 (40.3%)
74 (59.7%)
1.48 [1.25, 1.86]
1.41[1.19, 1.77]
2.29[1.87, 2.76]
1.74 [1.48, 2.13]
67.60 [64.18, 70.78]
41.20 [39.13, 43.50]
2.00 [2.00, 2.00]
51.20 [49.13, 53.50]

117 (94.4%)
2 (1.6%)
2 (1.6%)
3(2.4%)
0 (0.0%)
27.00 [15.00, 41.75]
25.50 [19.00, 36.00]
50.00 [26.25, 81.50]
1.00 [0.94, 1.04]
12.00 [11.33, 12.50]

3.65 [3.03, 3.79]
1.90 [1.52, 1.93]
5.17 [4.73, 5.19]

14.25 [3.00, 572.25]
2.25 [1.40, 3.60]

262 (52.9%)
233 (47.1%)

190 (38.4%)
305 (61.6%)

254 (51.3%)
241 (48.7%)

344 (69.5%)
151 (30.5%)

263 (53.1%)
232 (46.9%)

161 (32.5%)
334 (67.5%)
1.47 [1.24, 1.84]
1.39 [1.17, 1.75]
2.25 [1.87, 2.74]
1.78 [1.48, 2.17]
67.60 [64.10, 71.30]
41.50 [39.20, 44.10]
2.00 [2.00, 2.00]
51.50 [49.20, 54.10]

466 (94.1%)
7 (1.4%)
1.4%)

1.4%)

1.6%)

26.00 [17.00, 39.00]

26.00 [19.00, 37.00]

53.00 [29.00, 82.00]
1.00 [0.95, 1.04]

12.00 [11.40, 12.40]

(
7
7
8 (

161.00 [117.00, 214.00] 160.50 [110.00, 213.00] 162.00 [119.00, 215.00]

3.79 [2.87, 3.79]
1.90 [1.45, 1.97]
5.17 [4.70, 5.17]

19.90 [3.10, 971.00]
2.30 [1.30, 3.50]

0.793

0.469

0.132

0.396

0.324

0.101

0.688
0.797
0.992
0.703
0.883
0.390
0.434
0.383
0.613

0.808
0.921
0.758
0.993
0.917
0.52
0.587
0.882
0.518
0.504
0.704

Note: SGA, Subjective Global Assessment; MNA, Mini Nutritional Assessment; PNI, Prognostic Nutritional Index; CONUT, Controlling Nutritional
Status; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; INR, international normalized ratio; PT,
prothrombin time; NLR, neutrophil-to-lymphocyte ratio; AFP, alpha-fetoprotein; CEA, carcinoembryonic antigen; MVI, microvascular invasion. Data are
presented as mean + standard deviation, median (interquartile range), or n (%), as appropriate. P values indicate comparisons between the training
and validation cohorts. The corresponding statistical tests and test statistics are provided in Supplementary Table 2.

analysis, 581 of these 619 patients were re-
tained as an endpoint-specific cohort after ex-
clusion of 38 patients without complete post-
operative pathological MVI assessment and/or
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key modeling variables. Baseline characteris-
tics of the training and validation cohorts for
the recurrence and MVI analyses are present-
ed in Tables 1 and 2, respectively. Although
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Table 2. Baseline characteristics of patients in the training and validation cohorts for microvascular
invasion analysis

Variable All(N = 581) Va"‘jjtf;fg)““ T“a(';“ii‘;‘;“f“ e

Sex 0.480
Male 450 (77.5%) 87 (75.0%) 363 (78.1%)

Female 131 (22.5%) 29 (25.0%) 102 (21.9%)

Ethnicity 0.031
Han 564 (97.1%) 116 (100.0%) 448 (96.3%)

Non-Han 17 (2.9%) 0 (0.0%) 17 (3.7%)

Age, years 56.08+10.56 56.31+10.05 56.02+10.70 0.789

Body mass index, kg/m? 23.99+3.21 23.91+3.09 24.01+3.24 0.771

Subjective Global Assessment (SGA) 0.056
Well nourished 555 (95.5%) 107 (92.2%) 448 (96.3%)
Mild-to-moderate malnutrition 26 (4.5%) 9 (7.8%) 17 (3.7%)

Mini Nutritional Assessment (MNA) 0.941
>24 517 (89.0%) 103 (88.8%) 414 (89.0%)

17-23.5 64 (11.0%) 13 (11.2%) 51 (11.0%)

History of tumor 0.550
No 555 (95.5%) 112 (96.6%) 443 (95.3%)

Yes 26 (4.5%) 4 (3.4%) 22 (4.7%)

History of hepatitis 0.545
No 246 (42.3%) 52 (44.8%) 194 (41.7%)

Yes 335 (57.7%) 64 (55.2%) 271 (58.3%)

Antiviral therapy 0.770
No 384 (66.1%) 78 (67.2%) 306 (65.8%)

Yes 197 (33.9%) 38 (32.8%) 159 (34.2%)

Number of tumors 0.448
Solitary 461 (79.3%) 95 (81.9%) 366 (78.7%)

Multiple 120 (20.7%) 21 (18.1%) 99 (21.3%)

Surgical approach 0.775
Laparoscopic 553 (95.2%) 111 (95.7%) 442 (95.1%)

Open 28 (4.8%) 5 (4.3%) 23 (4.9%)

Maximum tumor diameter, mm 44.40 [28.55, 67.35] 43.20 [27.63, 69.53] 45.00 [28.65, 66.70] 0.729

Peritumoral cirrhosis 0.010
No 206 (35.5%) 53 (45.7%) 153 (32.9%)

Yes 375 (64.5%) 63 (54.3%) 312 (67.1%)

Histopathological subtype 0.195
Thick trabecular type 255 (43.9%) 53 (45.7%) 202 (43.4%)

Thin trabecular type 60 (10.3%) 12 (10.3%) 48 (10.3%)
Acinar type 57 (9.8%) 17 (14.7%) 40 (8.6%)
Solid-sheet type 27 (4.6%) 6 (5.2%) 21 (4.5%)
Other types 182 (31.3%) 28 (24.1%) 154 (33.1%)

Tumor differentiation 0.040
Poor 280 (48.2%) 46 (39.7%) 234 (50.3%)
Moderate/Well 301 (51.8%) 70 (60.3%) 231 (49.7%)

Hep-1 expression 0.191
No 282 (48.5%) 50 (43.1%) 232 (49.9%)

Yes 299 (51.5%) 66 (56.9%) 233 (50.1%)

Arginase expression 0.249
No 253 (43.5%) 45 (38.8%) 208 (44.7%)

Yes 328 (56.5%) 71 (61.2%) 257 (55.3%)
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GPC-3 expression
No
Yes
CD34 expression
No
Yes
Tumor shape
Round
Irregular
Echogenicity
Hypoechoic
Hyperechoic
Tumor margin
Smooth
Irregular
Blood flow signal
Absent
Present
Peritumoral Emax, m/s
Peritumoral Emean, m/s
Intratumoral Emax, m/s
Intratumoral Emean, m/s
Total protein, g/L
Albumin, g/L
Lymphocyte count, x10°/L
Prognostic Nutritional Index (PNI)
Controlling Nutritional Status (CONUT) score
0-1
2-4
5-8
9-10
11-12
ALT, U/L
AST, U/L
GGT, U/L
INR
PT, s
PLT, x10°%/L
Neutrophil count, x10°/L
NLR, x10%/L
Glucose, mmol/L
AFP, ng/mL
CEA, ng/mL

291 (50.1%)
290 (49.9%)

212 (36.5%)
369 (63.5%)

313 (53.9%)
268 (46.1%)

406 (69.9%)
175 (30.1%)

314 (54.0%)
267 (46.0%)

198 (34.1%)
383 (65.9%)
1.47 [1.24, 1.87]
1.41[1.18, 1.77]
2.26 [1.91, 2.76]
1.78 [1.50, 2.17]
67.60 [64.10, 71.00]
41.30 [39.10, 43.95]
2.00 [2.00, 2.00]
51.30 [49.10, 53.95]

546 (94.0%)

9 (1.5%)

9 (1.5%)

10 (1.7%)

7 (1.2%)
27.00 [17.00, 40.00]
26.00 [19.00, 37.00]
53.00 [29.00, 82.00]

1.00 [0.95, 1.04]

12.00 [11.40, 12.40]

3.79[2.90, 3.79]
1.90 [1.47, 1.97]
5.7 [4.73, 5.17]

17.90 [3.10, 774.50]
2.30[1.40, 3.50]

54 (46.6%)
62 (53.4%)

36 (31.0%)
80 (69.0%)

71 (61.2%)
45 (38.8%)

86 (74.1%)
30 (25.9%)

68 (58.6%)
48 (41.4%)

41 (35.3%)
75 (64.7%)
1.44 [1.24, 1.90]
1.39 [1.19, 1.79]
2.26 [1.88, 2.75]
1.77 [1.47, 2.19]
67.80 [65.30, 71.18]
41.65 [39.63, 44.38]
2.00 [2.00, 2.00]
51.65 [49.63, 54.38]

109 (94.0%)
3(2.6%)
2 (L.7%)
1(0.9%)
1(0.9%)
26.00 [17.00, 38.75]
24.00 [19.00, 35.75]
50.00 [29.00, 79.50]
1.00 [0.93, 1.04]
11.95 [11.23, 12.40]

3.79 [2.88, 3.79]
1.90 [1.46, 1.98]
5.17 [4.74, 5.17)

22.60 [3.13, 912.75]
2.00 [1.20, 2.80]

237 (51.0%)
228 (49.0%)

176 (37.8%)
289 (62.2%)

242 (52.0%)
223 (48.0%)

320 (68.8%)
145 (31.2%)

246 (52.9%)
219 (47.1%)

157 (33.8%)
308 (66.2%)
1.48[1.24, 1.85]
1.41[1.17, 1.77]
2.26 [1.91, 2.76]
1.79[1.51, 2.17]
6750 [63.90, 70.95]
41.30 [39.00, 43.90]
2.00 [2.00, 2.00]
51.30 [49.00, 53.90]

437 (94.0%)

6 (1.3%)

7 (1.5%)

9 (1.9%)

6 (1.3%)
27.00 [17.00, 41.00]
27.00 [19.00, 37.50]
54.00 [29.00, 82.50]

1.00 [0.95, 1.04]

12.00 [11.40, 12.50]

160.00 [116.00, 212.50] 170.50 [128.25, 225.75] 157.00 [114.00, 209.00]

3.77[2.90, 3.79]
1.90 [1.47, 1.97]
5.17 [4.73, 5.17]
16.50 [3.10, 774.50]
2.30[1.40, 3.60]

0.395

0.173

0.077

0.264

0.269

0.748

0.541
0.591
0.921
0.987
0.245
0.323
0.775
0.346
0.773

0.229
0.24
0.747
0.179
0.208
0.028
0.72
0.645
0.205
0.804
0.012

Note: SGA, Subjective Global Assessment; MNA, Mini Nutritional Assessment; PNI, Prognostic Nutritional Index; CONUT, Controlling Nutritional
Status; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; INR, international normalized ratio; PT,
prothrombin time; NLR, neutrophil-to-lymphocyte ratio; AFP, alpha-fetoprotein; CEA, carcinoembryonic antigen; MVI, microvascular invasion. Data
are presented as mean + standard deviation, median (interquartile range), or n (%), as appropriate. P values indicate comparisons between the
training and validation cohorts. The corresponding statistical tests and test statistics are provided in Supplementary Table 3. The MVI cohort was an
endpoint-specific subset of the overall 619-patient cohort; 38 patients were excluded from the MVI analysis because of incomplete postoperative
pathological MVI assessment and/or missing key modeling variables.

minor differences in several baseline variables
were observed between the training and vali-
dation cohorts in both the recurrence and MVI

3723

analyses, these differences were considered
acceptable in the context of prediction model-
ing and were not expected to introduce system-
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Table 3. Comparison of the predictive performance of individual clinical indicators and radiomics
features for 1-year postoperative recurrence in hepatocellular carcinoma

Clinical features AUC ACC SEN SPE PPV NPV
Maximum tumor diameter 0.599 0.511 0.712 0.456 0.262 0.854
Tumor margin 0.578 0.649 0.432 0.708 0.286 0.821
Intratumoral Emax 0.576 0.565 0.545 0.571 0.256 0.822
Intratumoral Emean 0.573 0.611 0.492 0.643 0.272 0.824
Radiomics features
WT6IHM 0.581 0.430 0.811 0.326 0.246 0.864
WT7IRMS 0.575 0.357 0.932 0.201 0.240 0.916
WT7IHS 0.576 0.564 0.568 0.563 0.260 0.828
WT3IRMS 0.576 0.354 0.932 0.197 0.239 0.914
WT3IHS 0.575 0.533 0.614 0.511 0.254 0.830
WTBTGLSZMHGZE 0.581 0.590 0.530 0.606 0.267 0.826
IHK 0.559 0.591 0.508 0.614 0.263 0.821
WTSIK 0.575 0.622 0.485 0.659 0.278 0.825
WTA4TGLRLMGLV 0.576 0.481 0.765 0.405 0.258 0.864
WT1ISD 0.571 0.368 0.879 0.230 0.236 0.875

Note: AUC, area under the receiver operating characteristic curve; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive
predictive value; NPV, negative predictive value.
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Figure 2. Comparison of clinical and radiomics features between recurrence and non-recurrence groups. A. Boxplots
showing differences in representative clinical and imaging variables between the recurrence and non-recurrence
groups, including maximum tumor diameter, tumor margin, intratumoral Emax, and intratumoral Emean. The x-axis
indicates recurrence status, and the y-axis of each panel indicates the corresponding variable with units where ap-
plicable. Exact P values are shown in the figure. B. Paired boxplots showing the distribution of 10 selected radiomics
features associated with 1-year postoperative recurrence, including 7 intensity features and 3 texture features de-
rived from grayscale ultrasound and elastography images or their wavelet-transformed images.

atic bias in model performance. Univariable tumor diameter, Controlling Nutritional Status
comparisons between recurrence and non- (CONUT) score, age, tumor margin, mean sh-
recurrence groups and between MVI-positive ear wave velocity (Emean) and maximum shear
and MVl-negative groups are provided in wave velocity (Emax) were identified as signifi-
Supplementary Tables 2 and 3, respectively. cant candidate variables (Table 3). Paired box-

plot analysis showed differences between the
Prediction of 1-year recurrence recurrence and non-recurrence groups in sev-

eral representative variables, including maxi-
Clinical candidate variables: For prediction of mum tumor diameter, tumor margin, Emean,
1-year recurrence, univariable analysis iden- and Emax (Figure 2A). Because CONUT is a
tified Subjective Global Assessment (SGA), composite nutritional index, its component
tumor blood flow, tumor shape, maximum variables were not interpreted as separate
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Table 4. Comparison of the classification performance of different models for predicting 1-year post-

operative recurrence

Dataset Model AUC ACC SEN SPE PPV NPV

Cross-validation set (VA) Clinical 0.567 0.580 0.513 0.601  0.289 0.796
Cross-validation set (VA) Radiomics 0.660 0.743 0.412 0.848 0.462 0.820
Cross-validation set (VA) Clinical + radiomics 0.675 0.786 0.193 0.973 0.697 0.792
Independent test set (TE) Clinical 0.656 0.661 0.455 0.706  0.250 0.857
Independent test set (TE) Radiomics 0.759 0.766 0.364 0.853 0.348 0.861
Independent test set (TE)  Clinical + radiomics 0.771 0.774 0.545 0.824 0.400 0.894

Note: AUC, area under the receiver operating characteristic curve; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive
predictive value; NPV, negative predictive value; VA, cross-validation set; TE, independent test set.

Clinical Radiomics Clinical + radiomics
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Figure 3. Receiver operating characteristic (ROC) curves of different models for predicting 1-year postoperative
recurrence. The upper panel shows the ROC curves of the clinical model, radiomics model, and combined clinical-
radiomics model in the cross-validation set (VA), and the lower panel shows the corresponding ROC curves in the
independent test set (TE). The AUCs of the three models were 0.567, 0.660, and 0.675 in the cross-validation set,
and 0.656, 0.759, and 0.771 in the independent test set, respectively.

independent biological signals in the recur-
rence analysis.

Radiomics features: Ten radiomics features
associated with 1-year recurrence were re-
tained, including 7 intensity features and 3 tex-
ture features extracted from grayscale ultra-
sound and elastography images, either from
the original images or from wavelet-transform-
ed images (Table 3; Figure 2B). These selected
features represented differences in gray-level
distribution, texture pattern, and spatial hetero-
geneity between the two groups.

3725

Model performance: For prediction of l-year
recurrence, the combined clinical-radiomics
model achieved the best overall performance
among the three models. In the cross-valida-
tion set, the area under the receiver operating
characteristic curve (AUC) values of the clinical,
radiomics, and combined models were 0.567,
0.660, and 0.675, respectively. In the indepen-
dent test set, the corresponding AUC values
were 0.656, 0.759, and 0.771, respectively
(Table 4; Figure 3). These results showed that
the combined model provided the highest dis-
criminative ability in both datasets, whereas
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Figure 4. Confusion matrices of different models for predicting 1-year postoperative recurrence. The upper panel
shows the confusion matrices of the clinical model, radiomics model, and combined clinical-radiomics model in
the cross-validation set (VA), and the lower panel shows the corresponding confusion matrices in the independent
test set (TE). The horizontal axis represents the predicted class, and the vertical axis represents the true class. The
results showed that the combined model had the strongest ability to identify non-recurrent patients in the cross-
validation set and demonstrated superior overall classification performance in the independent test set.

the radiomics model alone also outperformed
the clinical model, particularly in the indepen-
dent test set.

Confusion matrix analysis further demonstrat-
ed differences in classification performance
among the three models (Figure 4). In the
cross-validation set, the combined model
showed improved identification of non-recur-
rent cases compared with the clinical model
and the radiomics model. In the independent
test set, the combined model demonstrated
the best overall classification performance.

The distribution plots of predictive scores
showed that all three models had a certain
degree of risk stratification ability in both the
cross-validation and independent test sets
(Figure 5). However, substantial overlap in pre-
dictive scores was observed between recu-
rrent and non-recurrent cases in the clinical
model, indicating limited discriminative perfor-
mance. By comparison, the radiomics model
showed improved separation between the two
groups, whereas the combined model demon-
strated the clearest stratification pattern, with

3726

recurrent cases more frequently distributed in
the high-score range and non-recurrent cases
more frequently distributed in the low-score
range. A similar trend was observed in the in-
dependent test set, supporting the stability
and generalizability of the combined model.

Prediction of MVI

Clinical candidate variables: For MVI predic-
tion, univariable analysis identified prognostic
nutritional index (PNI), albumin, total protein,
neutrophil-to-lymphocyte ratio (NLR), prothrom-
bin time (PT), and international normalized ra-
tio (INR) as significant clinical candidate vari-
ables (Figure 6A). PNI and albumin showed
relatively stronger statistical significance than
the other variables. After LASSO regression,
PNI, albumin, NLR, and total albumin were
retained as the final clinical predictors for model
development. Because some of these nutrition-
al variables were mathematically related, they
were interpreted as overlapping host-related
nutritional-inflammatory signals rather than
completely independent biological factors
(Table 5).
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Figure 5. Distribution of predictive scores of different models for 1-year postoperative recurrence. The upper panel shows the predictive score distributions of the
clinical model, radiomics model, and combined clinical-radiomics model in the cross-validation set (VA), and the lower panel shows the corresponding distributions
in the independent test set (TE). The horizontal axis represents individual samples, and the vertical axis represents predictive scores. Compared with the clinical
model, the radiomics model and the combined model showed clearer separation between recurrent and non-recurrent cases, with the combined model demonstrat-

ing the most distinct stratification pattern.
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Figure 6. Comparison of clinical and radiomics features between MVI-positive and MVI-negative groups. A. Boxplots
showing the distributions of PNI, albumin, NLR, PT, total protein, and INR in the MVI-positive and MVI-negative
groups. The x-axis indicates MVI status, and the y-axis of each panel indicates the corresponding variable with units
where applicable. Exact P values are shown in the figure. B. Paired boxplots showing the distributions of selected

radiomics features associated with MVI.

Table 5. Comparison of the predictive performance of individual clinical indicators and radiomics

features for MVI in hepatocellular carcinoma

Clinical features AUC ACC SEN SPE PPV NPV
PNI 0.610 0.590 0.532 0.645 0.586 0.594
Albumin 0.610 0.590 0.532 0.645 0.586 0.594
NLR 0.560 0.549 0.869 0.247 0.521 0.667
Total Albumin 0.547 0.546 0.472 0.615 0.536 0.553
Radiomics features
WTATGLRLMRLV 0.578 0.573 0.433 0.706 0.581 0.569
WT8TGLSZMZSV 0.531 0.540 0.706 0.385 0.520 0.581
WT5TGLRLMRLV 0.568 0.583 0.504 0.659 0.582 0.585
WTATGLSZMSZE 0.553 0.554 0.787 0.334 0.527 0.625
WT2TGLSZMGLV 0.542 0.547 0.720 0.385 0.525 0.593
WTATGLSZMZSN 0.553 0.554 0.344 0.753 0.567 0.549
WTS5TGLSZMGLV 0.530 0.542 0.741 0.355 0.520 0.592
WTBTNGTDMS 0.533 0.535 0.706 0.375 0.516 0.574
WTSTNGTDMS 0.534 0.542 0.688 0.405 0.522 0.579
WT3TGLSZMGLV 0.543 0.552 0.592 0.515 0.535 0.572

Note: AUC, area under the receiver operating characteristic curve; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive
predictive value; NPV, negative predictive value; PNI, Prognostic Nutritional Index; NLR, Neutrophil-to-lymphocyte ratio.

Radiomics features: During univariable screen-
ing, 18 radiomics features significantly associ-
ated with MVI were identified, all of which were
texture features. These features were mainly
derived from wavelet-transformed grayscale
ultrasound and elastography images and inclu-
ded parameters from the gray-level run length
matrix (GLRLM), gray-level size zone matrix
(GLSZM), and neighborhood gray-tone differ-
ence matrix (NGTDM) (Figure 6B). After LASSO
regression, 10 radiomics features were re-
tained for subsequent model construction,
including WTATGLRLMRLV, WT8TGLSZMZSV,
WT5TGLRLMRLV, WTATGLSZMSZE, WT2TGLS-
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ZMGLV, WTATGLSZMZSN, WT5TGLSZMGLY,
WTB6TNGTDMS, WTSTNGTDMS, and WT3TGL-
SZMGLYV (Table 5).

Model performance: For MVI prediction, the
combined clinical-radiomics model achieved
the highest performance among the three
models. In the cross-validation set, the AUCs
of the clinical, radiomics, and combined mod-
els were 0.836, 0.667, and 0.860, respec-
tively. In the independent test set, the corre-
sponding AUCs were 0.793, 0.661, and 0.819,
respectively (Table 6; Figure 7). The radiomics
model alone performed worse than the clini-
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Table 6. Comparison of the classification performance of different models for predicting MVI in hepa-
tocellular carcinoma

Dataset Model AUC ACC SEN SPE PPV NPV

Cross-validation set (VA) Clinical 0.836 0.768 0.800 0.737 0.741  0.797
Cross-validation set (VA) Radiomics 0.667 0.655 0.689 0.622 0.637 0.675
Cross-validation set (VA) Clinical + radiomics  0.860 0.796 0.782 0.808 0.793 0.798
Independent test set (TE) Clinical 0.793 0.733 0.941 0.604 0.716 0.762
Independent test set (TE) Radiomics 0.661 0.621 0.730 0.491 0.630 0.605

Independent test set (TE) Clinical + radiomics  0.819 0.776 0.810 0.736 0.785 0.765

Note: AUC, area under the receiver operating characteristic curve; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive
predictive value; NPV, negative predictive value; VA, cross-validation set; TE, independent test set.
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Figure 7. Receiver operating characteristic (ROC) curves of different models for predicting microvascular invasion
(MVI). The upper panel shows the ROC curves of the clinical model, radiomics model, and combined clinical-ra-
diomics model in the cross-validation set (VA), and the lower panel shows the corresponding ROC curves in the
independent test set (TE). The AUCs of the three models were 0.836, 0.667, and 0.860 in the cross-validation set,
and 0.793, 0.661, and 0.819 in the independent test set, respectively.

cal model, whereas the combined model con- with the clinical model also showing relatively
sistently showed the highest discriminative good stratification ability (Figure 9).
ability.

Discussion
Confusion matrices showed that the combined
model had better overall classification perfor- In this study, we developed a preoperative
mance than the radiomics model and achie- multimodal prediction framework for two clini-
ved a more balanced classification pattern cally important endpoints in HCC, namely recur-
in the independent test set (Figure 8). Con- rence within 1 year after curative hepatectomy
sistently, predictive score distribution plots and pathological MVI. By integrating routine
demonstrated clearer separation between conventional ultrasound, elastography, and cli-
MVI-positive and MVI-negative cases in the nical nutritional indicators, we found that the
combined model than in the radiomics model, combined clinical-radiomics models achieved
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Figure 8. Confusion matrices of different models for predicting microvascular invasion (MVI). The upper panel shows
the confusion matrices of the clinical model, radiomics model, and combined clinical-radiomics model in the cross-
validation set (VA), and the lower panel shows the corresponding confusion matrices in the independent test set
(TE). The horizontal axis represents the predicted class, and the vertical axis represents the true class. Overall,
the three models showed distinct classification performance across the two datasets, and the combined model
achieved the best overall classification performance in the independent test set.

the best overall predictive performance for
both endpoints. These findings support the
concept that postoperative recurrence and
invasive behavior in HCC are not determined
by a single dimension of tumor biology, but
rather reflect the combined influence of tu-
mor aggressiveness, tumor microenvironment
remodeling, and host systemic condition [26].

A key finding of the present study was the sub-
stantial incremental value of radiomics for pre-
dicting 1-year recurrence. In the independent
test set, the radiomics model performed better
than the clinical model, while the combined
model yielded the best overall discrimination.
This pattern is biologically plausible. Early re-
currence after curative hepatectomy is widely
regarded as a manifestation of aggressive pre-
existing tumor biology, such as occult micro-
metastatic disease, early vascular spread, or
residual microscopic lesions present at the
time of surgery. These processes are closely
linked to intratumoral heterogeneity, which may
not be adequately reflected by routine visual
assessment alone. Radiomics offers a quanti-
tative means of capturing subtle differences in
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gray-level distribution, texture, and spatial com-
plexity, and previous studies have reported
associations between imaging-derived features
and recurrence risk as well as adverse patho-
logical characteristics in HCC [27]. Our findings
are consistent with these previous radiomics
studies and further suggest that a multimodal
ultrasound-based strategy can provide clini-
cally useful preoperative information without
reliance on CT- or MRI-based workflows. Thus,
ultrasound-based radiomics may serve as a
practical approach for capturing clinically rele-
vant tumor heterogeneity associated with early
postoperative relapse.

The significant conventional ultrasound and
elastography variables identified in the recur-
rence analysis are also in line with current
understanding of aggressive HCC phenotypes.
In our cohort, larger tumor size, irregular tumor
margin, abnormal vascularity, and higher stiff-
ness-related parameters were associated with
recurrence. Larger tumors and irregular mar-
gins are commonly regarded as indicators of
infiltrative growth and structural disorganiza-
tion, whereas increased vascular signals may
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Figure 9. Distribution of predictive scores of different models for microvascular invasion (MVI). The left column shows the cross-validation set (VA), and the right
column shows the independent test set (TE). From top to bottom, the panels present the predictive score distributions of the clinical model, radiomics model, and
combined clinical-radiomics model, respectively. The horizontal axis represents the samples, the vertical axis represents the predictive score, and different colors
indicate different true classes.
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reflect angiogenesis, vascular remodeling, or
altered intratumoral perfusion [6, 7]. In addi-
tion, shear wave elastography-derived para-
meters, such as mean and maximum shear
wave velocity, may reflect tissue stiffness he-
terogeneity caused by fibrosis, extracellular
matrix remodeling, increased cellular density,
and stromal reaction [28-30]. Taken together,
these features likely represent an imaging phe-
notype associated with enhanced invasive
potential and increased risk of postoperative
recurrence.

Compared with recurrence prediction, the pat-
tern observed for MVI prediction was different.
In this part of the analysis, the clinical model
already showed relatively good discrimination,
whereas the radiomics-only model was less
effective. Even so, incorporating radiomics fea-
tures into the clinical model led to additional
improvement in predictive performance. This
pattern suggests that, for MVI, routinely avail-
able host-related and laboratory variables may
capture a substantial part of the baseline risk,
whereas radiomics contributes supplementary
rather than primary discriminative information.
Prior CT- and MRI-based radiomics studies
have already shown that imaging heterogeneity
can be used to predict MVI before surgery [13,
14]. Likewise, earlier ultrasound studies have
indicated that conventional sonographic find-
ings and shear wave elastography-derived pa-
rameters may also be helpful for preoperative
identification of MVI [8]. Our findings are gener-
ally consistent with these reports, but further
suggest that, within an ultrasound-based fra-
mework, MVI prediction may benefit most from
combining radiomics with host nutritional-
inflammatory-coagulation information rather
than relying on imaging features alone.

Another important observation is the contribu-
tion of nutritional and inflammatory indicators
to both endpoints, particularly to MVI predic-
tion. Variables such as prognostic nutritional
index (PNI) [31], albumin, CONUT score [32],
and neutrophil-to-lymphocyte ratio (NLR) [33]
have been repeatedly associated with progno-
sis, recurrence, and postoperative outcomes
in HCC [34]. Their value in our models is the-
refore consistent with prior evidence. From a
mechanistic perspective, low albumin-related
nutritional indices may reflect impaired hepatic
synthetic reserve, chronic inflammation, oxida-
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tive stress, and reduced tolerance to tumor-
associated metabolic burden. Composite nutri-
tional indicators such as PNI and CONUT
additionally incorporate lymphocyte-related in-
formation and may therefore reflect the bal-
ance between nutritional reserve and antitu-
mor immune surveillance. A low PNI or high
CONUT score may be associated with reduc-
ed immune competence, persistent systemic
inflammation, and a tumor-promoting microen-
vironment, which in turn may facilitate inva-
sive behavior, microvascular spread, and early
postoperative recurrence. From a biological
perspective, hypoalbuminemia and poor nutri-
tional status may reflect impaired hepatic syn-
thetic function, chronic systemic inflammation,
and reduced immune competence, whereas
elevated NLR is widely regarded as a marker of
tumor-promoting inflammatory activation and
immune imbalance [35, 36]. These findings
support the view that recurrence and invasive
behavior in HCC are shaped not only by tumor-
centered pathological features, but also by the
metabolic, nutritional-inflammatory status, and
immune context of the host [37, 38].

From a mechanistic standpoint, the present
results are also compatible with current mo-
dels of HCC progression. MVI has been linked
to epithelial-mesenchymal transition, extracel-
lular matrix remodeling, metabolic reprogram-
ming, immune suppression, and adaptation of
the vascular niche [6, 26, 39]. Similarly, early
postoperative recurrence reflects a complex
biological process involving metastatic disse-
mination, immune evasion, stromal interaction,
and treatment resistance [10, 37, 38, 40]. This
mechanistic framework may help explain why
radiomics contributed more substantially to
recurrence prediction, whereas host-related
clinical variables carried a stronger baseline
signal for MVI prediction in the present
study. Recent molecular studies have further
highlighted the roles of tumor-associated neu-
trophils, macrophages, lysosomal-autophagic
pathways, ferroptosis resistance, and EMT-
related signaling in shaping aggressive HCC
phenotypes [7, 37]. Although molecular vali-
dation was not incorporated into the present
model, the performance pattern observed for
ultrasound radiomics and nutrition-related in-
dicators is consistent with these biology-driven
frameworks. In this context, imaging-derived
and host-related biomarkers may serve as
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clinically accessible surrogates for deeper mo-
lecular programs that are otherwise difficult to
measure preoperatively.

The present study also has potential transla-
tional significance. Compared with CT- or MRI-
based radiomics strategies, ultrasound-based
assessment is more accessible, less costly,
and easier to integrate into routine hepatobili-
ary practice, particularly in scenarios requiring
repeated evaluation or perioperative monitor-
ing. Elastography can be incorporated into
standard liver ultrasound workflows with rela-
tively limited additional burden, and previous
studies have already suggested its value in the
diagnosis and prognostic assessment of HCC.
Accordingly, the multimodal ultrasound-based
strategy proposed here may represent a more
feasible approach for real-world clinical imple-
mentation, especially in centers where large-
scale cross-sectional radiomics pipelines are
less practical.

Several limitations of this work should be
acknowledged. First, this was a retrospective
single-center study, and the generalizability
of the proposed models requires validation
in external multicenter cohorts. Second, ultra-
sound is inherently operator-dependent, and
the reproducibility of the models across differ-
ent ultrasound platforms, acquisition settings,
and segmentation procedures warrants further
investigation. Third, formal evaluation of model
calibration and clinical utility, including calibra-
tion curve analysis and decision curve analysis
(DCA), was not performed in the present study.
Therefore, the clinical net benefit and decision-
making value of the proposed models remain
to be established. In addition, the absence of
external validation further limits the genera-
lizability and translational applicability of the
current models. Future prospective multicen-
ter studies are warranted to comprehensively
assess model calibration, clinical net benefit,
and real-world utility. Fourth, although ROI de-
lineation was performed under a two-reader
consensus-based workflow and image quality
control criteria were applied during data selec-
tion, formal quantitative reproducibility assess-
ment of radiomics features, such as intraob-
server and interobserver intraclass correlation
coefficient (ICC) analysis, was not performed,
which may affect the robustness of feature sta-
bility. Finally, the present study focused on con-
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ventional ultrasound and elastography; future
work should investigate whether contrast-en-
hanced ultrasound and more biologically inter-
pretable multimodal strategies, as well as inte-
gration with molecular profiling and multi-omics
data, can further improve predictive perfor-
mance and biological interpretability.

Conclusions

In patients with HCC undergoing curative he-
patectomy, a combined model integrating con-
ventional ultrasound, elastography-derived ra-
diomics, and clinical nutritional indicators dem-
onstrated favorable performance for preopera-
tive prediction of both 1-year recurrence and
MVI. The contribution of radiomics was more
prominent for early recurrence, whereas clinical
indicators showed stronger predictive value for
MVI. This multimodal ultrasound-based strate-
gy provides a proof-of-concept framework for
individualized risk stratification in HCC.
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Supplementary Table 1. Categories and composition of radiomics features extracted in this study

Feature category  Subcategory

No. of features Feature names

Histogram features Original intensity-based
features

Texture features Gray-Level Co-occurrence

Matrix (GLCM)
Gray-Level Run Length
Matrix (GLRLM)

Texture features

Texture features Gray-Level Size Zone Ma-

trix (GLSZM)

Texture features Neighborhood Gray-Tone

Difference Matrix (NGTDM)

18

13

13

5

Energy; histogram entropy; peak value;
maximum; mean absolute deviation; mean;
median; minimum; intensity range; root mean
square; skewness; standard deviation; histo-
gram uniformity; variance; histogram mean;
histogram variance; histogram skewness;
histogram peak

Energy; contrast; correlation; homogeneity;
variance; sum average; entropy; dissimilarity
Short-run emphasis; long-run emphasis; gray-
level non-uniformity; run-length non-uniformity;
run percentage; low gray-level run emphasis;
high gray-level run emphasis; short-run low
gray-level emphasis; short-run high gray-level
emphasis; long-run low gray-level emphasis;
long-run high gray-level emphasis; gray-level
variance; run-length variance

Small-zone emphasis; large-zone emphasis;
gray-level non-uniformity; zone-size non-unifor-
mity; zone percentage; low gray-level zone em-
phasis; high gray-level zone emphasis; small-
zone low gray-level emphasis; small-zone high
gray-level emphasis; large-zone low gray-level
emphasis; large-zone high gray-level emphasis;
gray-level variance; zone-size variance
Coarseness; contrast; busyness; complexity;
strength

Note: A total of 18 histogram features and 39 texture features were extracted from each original image. Wavelet decomposi-
tion generated eight wavelet sub-band images. Therefore, histogram and texture features were extracted from both the original
image and the eight wavelet-transformed images, resulting in 162 histogram features (18x9) and 351 texture features (39x9),
respectively. After initial extraction of 513 radiomics features, feature standardization and dimensionality-reduction proce-
dures were sequentially performed before the final selected subset was retained for model construction.
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Supplementary Figure 1. Radiomics workflow. The workflow included image acquisition, ROl delineation, image
preprocessing, extraction of 513 radiomics features from original and wavelet-transformed images, feature stan-
dardization, univariable screening, dimensionality reduction to reduce redundancy and collinearity, and final model
construction for endpoint-specific prediction.
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Supplementary Table 2. Statistical test results for univariable comparisons between the recurrence

and non-recurrence groups

Variable Statistical test Test statistic P value
Sex Chi-square test x?=0.204 0.652
Ethnicity Chi-square test x?=0.000 0.999
Age, years Independent-samples t test t=2.695 0.007
Body mass index, kg/m? Independent-samples t test t=-0.418 0.676
Subjective Global Assessment (SGA) Chi-square test x? = 16.695 <0.001
Mini Nutritional Assessment (MNA) Chi-square test x> =0.602 0.438
History of tumor Chi-square test X2 =1.170 0.279
History of hepatitis Chi-square test X2 =1.282 0.258
Antiviral therapy Chi-square test x?=0.650 0.420
Number of tumors Chi-square test x?>=0.185 0.667
Surgical approach Chi-square test x? = 0.040 0.841
Maximum tumor diameter, mm Independent-samples t test =-3.129 0.002
Peritumoral cirrhosis Chi-square test x2 =0.091 0.763
Histopathological subtype Chi-square test x> =10.358 0.035
Tumor differentiation Chi-square test x> =1.913 0.167
Hep-1 expression Chi-square test x> =5.939 0.015
Arginase expression Chi-square test x?=3.398 0.065
GPC-3 expression Chi-square test x?=0.020 0.888
CD34 expression Chi-square test x> =0.345 0.557
Tumor shape Chi-square test X2 =9.827 0.002
Echogenicity Chi-square test x> =0.075 0.784
Tumor margin Chi-square test x> = 7.350 0.007
Blood flow signal Chi-square test X2 =12.323 <0.001
Peritumoral Emax, m/s Independent-samples t test t=0.180 0.857
Peritumoral Emean, m/s Independent-samples t test t=-2.057 0.040
Intratumoral Emax, m/s Independent-samples t test =-2.618 0.009
Intratumoral Emean, m/s Independent-samples t test t=-2.547 0.011
Total protein, g/L Independent-samples t test t=0.598 0.550
Albumin, g/L Independent-samples t test t=0.399 0.690
Lymphocyte count, x10°%/L Independent-samples t test t=-0.522 0.602
Prognostic Nutritional Index (PNI) Independent-samples t test t=0.221 0.826
Controlling Nutritional Status (CONUT) score Chi-square test X2 =16.821 0.002
ALT, U/L Independent-samples t test t=0.902 0.368
AST, U/L Independent-samples t test t=-0.347 0.729
GGT, U/L Independent-samples t test t=-1.701 0.089
INR Independent-samples t test t=-0.502 0.616
PT, s Independent-samples t test t=-0.798 0.425
PLT, x10°%/L Independent-samples t test t=-1.329 0.185
Neutrophil count, x10%/L Independent-samples t test t=-0.657 0.512
NLR, x10°%/L Independent-samples t test t=-0.087 0.931
Glucose, mmol/L Independent-samples t test t=0.033 0.974
AFP, ng/mL Independent-samples t test t=-0.305 0.760
CEA, ng/mL Independent-samples t test t=-0.209 0.835

Note: x? values were obtained from chi-square tests for categorical variables, and t values were obtained from independent-

samples t tests for continuous variables.
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Supplementary Table 3. Statistical test results for univariable comparisons between the MVI-positive

and MVI-negative groups

Variable Statistical test Test statistic P value
Sex Chi-square test x> =3.559 0.059
Ethnicity Chi-square test x> =6.840 0.009
Age, years Independent-samples t test t=1.493 0.136
Body mass index, kg/m? Independent-samples t test t=1.147 0.252
Subjective Global Assessment (SGA) Chi-square test X2 =2.961 0.085
Mini Nutritional Assessment (MNA) Chi-square test x> = 1.886 0.170
History of tumor Chi-square test x> =0.013 0.908
History of hepatitis Chi-square test x> =1.280 0.258
Antiviral therapy Chi-square test x> =2.305 0.129
Number of tumors Chi-square test x> =3.437 0.064
Surgical approach Chi-square test x> =0.689 0.406
Maximum tumor diameter, mm Independent-samples t test t=0.647 0.518
Peritumoral cirrhosis Chi-square test X2 = 8.250 0.004
Histopathological subtype Chi-square test x> = 180.266 <0.001
Tumor differentiation Chi-square test x?=14.331 <0.001
Hep-1 expression Chi-square test x> =9.208 0.002
Arginase expression Chi-square test x> =2.632 0.105
GPC-3 expression Chi-square test x> =1.618 0.203
CD34 expression Chi-square test X2 =6.792 0.009
Tumor shape Chi-square test X2 =1.159 0.282
Echogenicity Chi-square test x? = 0.069 0.793
Tumor margin Chi-square test x> =3.959 0.047
Blood flow signal Chi-square test x> =0.235 0.627
Peritumoral Emax, m/s Independent-samples t test t=-0.811 0.418
Peritumoral Emean, m/s Independent-samples t test t=0.639 0.523
Intratumoral Emax, m/s Independent-samples t test =-1.351 0.177
Intratumoral Emean, m/s Independent-samples t test t=-0.010 0.992
Total protein, g/L Independent-samples t test t=-2.072 0.039
Albumin, g/L Independent-samples t test t=-4.877 <0.001
Lymphocyte count, x10°%/L Independent-samples t test t=-3.725 <0.001
Prognostic Nutritional Index (PNI) Independent-samples t test t=-4.951 <0.001
Controlling Nutritional Status (CONUT) score Chi-square test x?=18.271 0.001
ALT, U/L Independent-samples t test t=0.181 0.857
AST, U/L Independent-samples t test t=1.740 0.082
GGT, U/L Independent-samples t test t=1.798 0.073
INR Independent-samples t test t=2.124 0.034
PT, s Independent-samples t test t=2.225 0.026
PLT, x10°%/L Independent-samples t test t=0.685 0.494
Neutrophil count, x10%/L Independent-samples t test t=0.899 0.369
NLR, x10°%/L Independent-samples t test t=2.478 0.013
Glucose, mmol/L Independent-samples t test t=1.399 0.162
AFP, ng/mL Independent-samples t test t=0.079 0.937
CEA, ng/mL Independent-samples t test t=0.465 0.642

Note: x? values were obtained from chi-square tests for categorical variables, and t values were obtained from independent-

samples t tests for continuous variables.



