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Purpose: To develop and internally validate a multiphase contrast-enhanced computed tomography (CT) based radiomics–clinical 
nomogram for pre-operative prediction of inadequate future liver remnant (FLR) hypertrophy after portal vein embolization (PVE), 
with the aim of guiding individualized surgical planning.
Patients and Methods: We retrospectively enrolled patients who underwent PVE at our centre. Contrast-enhanced CT and clinical 
data were collected before and 2–5 weeks after PVE for calculated FLR (cFLR≥30% defined as adequate hypertrophy). After liver 
segmentation on triphasic CT, radiomic features were extracted and reduced by LASSO to build a Rad-signature. This signature was 
integrated with significant clinical variables into an MLP fusion model, visualised as a nomogram, and evaluated using ROC, 
calibration and decision-curve analyses.
Results: A total of 98 patients were included in this study. The fusion model achieved an area under the receiver-operating- 
characteristic curve (AUC) of 0.913 (95% CI 0.846–0.981) in the training cohort and 0.833 (95% CI 0.605–1.000) in the internal 
test cohort, outperforming the clinical-only model (AUC 0.714; DeLong P = 0.017). Sensitivity and specificity in the test set were 
0.824 and 1.000, respectively. Pre-PVE FLR, cFLR, serum pre-albumin, prior chemotherapy, hepatitis status and underlying cirrhosis 
were independent predictors of adequate hypertrophy. Decision-curve analysis demonstrated net clinical benefit within a threshold 
probability range of 20–80%.
Conclusion: The proposed multiphase CECT radiomics–clinical nomogram showed potential for identifying patients at high risk of 
insufficient FLR hypertrophy after PVE. This internally validated model holds promise for supporting personalised planning in 
hepatobiliary surgery.
Keywords: portal vein embolization, future remnant liver hypertrophy, radiomics, outcome prediction

Introduction
Hepatocellular carcinoma (HCC) ranks as the sixth most common malignancy worldwide and represents the third leading 
cause of cancer-related mortality.1 Curative-intent hepatectomy remains the treatment of choice; however, large tumour 
burden or unfavourable anatomical location frequently necessitates extended liver resection.2,3 Such extensive procedures 
are associated with a markedly elevated incidence of postoperative complications and mortality.4 Among these, acute 
liver failure attributable to an insufficient future liver remnant (FLR) is the most severe,5,6 occurring in 22–33% of cases 
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and carrying a mortality rate of 52–68%. Pre-operative augmentation of FLR is therefore the most effective strategy to 
prevent post-hepatectomy liver failure.7–10

Currently, portal vein embolization (PVE) is the standard clinical approach to augment FLR. Nevertheless, approxi
mately 32% of patients who undergo PVE ultimately fail to proceed to curative resection, primarily because of tumour 
progression during the hypertrophy interval and, secondarily, owing to inadequate or absent FLR growth.11,12 Accurate 
pre-operative prediction of post-PVE liver hypertrophy is therefore essential for tailoring individualized therapeutic 
strategies. Although the literature continues to debate the optimal volumetric cut-off, a FLR/total liver volume ratio ≥ 
30% is generally accepted for patients with preserved hepatic function.13–16 To date, however, no reliable parameter or 
universally recognized gold standard exists for pre-operatively determining whether this threshold will be attained 
after PVE.

Radiomics is an emerging high-throughput discipline that extracts and quantifies imperceptible imaging phenotypes 
from standard medical images. Predictive models derived from these features have been increasingly employed for 
diagnosis, treatment response assessment, and prognosis estimation, thereby supporting individualized clinical decision- 
making.17 Current research indicates that CT texture features can predict liver regenerative capacity.18 The objective of 
this study was to develop an integrated nomogram that combines radiomic signatures from triphasic contrast-enhanced 
computed tomography (arterial, portal-venous, and delayed phases) with pertinent clinical variables to pre-operatively 
predict adequate FLR hypertrophy following portal vein embolization.

Patients and Methods
Study Population
This single-centre, retrospective study consecutively screened 452 patients who underwent portal vein embolization 
(PVE) at the Third Affiliated Hospital of Naval Medical University between November 2014 and April 2024. Due to the 
retrospective nature of the study, informed consent from patients was waived by the Third Affiliated Hospital of Naval 
Medical University Ethics Committee (approval ID: EHBHKY2022-H-P002). The study was conducted in accordance 
with the Declaration of Helsinki, ensuring patient data confidentiality and privacy were strictly maintained throughout the 
research process. Three-hundred and fifty-four individuals were excluded for incomplete clinical records or failure to 
undergo two standardized three-dimensional abdominal computed tomography (CT) reconstructions (pre-PVE and post- 
PVE follow-up). Consequently, 98 patients were retained for final analysis (Figure 1). Owing to the retrospective design, 
the requirement for informed consent was waived, and the study protocol was approved by the institutional ethics 
committee (approval ID: EHBHKY2022-H-P002).

PVE
Under ultrasound guidance, a 21-gauge EV needle was advanced into the right portal vein, and a hydrophilic soft-tipped 
guidewire was inserted. A 5-F angiographic catheter was then introduced over the wire, and its tip was positioned in the 
main portal trunk to obtain a portogram delineating the entire intrahepatic portal venous anatomy. Using a combined 
wire–catheter technique, the right portal vein was selectively cannulated, and a micro-catheter was further advanced into 
the secondary-order branches supplying the target hepatic segments. Embolization was performed with a mixture of 
n-butyl-2-cyanoacrylate (NBCA) tissue adhesive or polyvinyl alcohol (PVA) particles, supplemented with metallic coils, 
until complete occlusion of all intended portal branches was achieved.19 Following the initial embolization, repeat 
portography was performed via the main portal trunk to verify the extent of occlusion. If any targeted portal branches 
remained patent, the aforementioned embolization sequence was repeated until complete segmental occlusion was 
angiographically confirmed.

CT Imaging and Volumetry
All CT datasets were acquired on a third-generation dual-source 96-row Siemens SOMATOM Force scanner using the 
following parameters: tube voltage 120 kVp, tube current modulated automatically (Auto mAs), slice thickness 1 mm, 
increment 0.7 mm, and rotation time 0.8s. Non-ionic iodinated contrast medium (iopromide, 350 mgI/mL) was 
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administered intravenously at 4.0–4.5 mL/s via a power injector. Each patient underwent unenhanced imaging followed 
by three contrast-enhanced phases: arterial, portal-venous, and delayed.

DICOM datasets were imported into a proprietary 3-D visualization platform (Shenzhen Xudong Digital Medical 
Imaging Technology Co., Ltd.) for automated segmentation and volumetric assessment of the spleen, tumour, and total 
liver. FLR was defined as the combined volume of Couinaud segments II and III. The calculation of the FLR ratio 
correlates with both the total liver volume (TLV) and tumour volume (TV). The calculated FLR ratio (cFLR) was 
computed as: cFLR = FLR / (TLV − TV) × 100%.20,21 Follow-up CT performed 2–5 weeks after PVE was used to 
determine hypertrophy adequacy; a cFLR ≥ 30% was considered sufficient hypertrophy, whereas values < 30% indicated 
insufficient hypertrophy.

Image Segmentation and Feature Extraction
The radiomics workflow comprised lesion segmentation, feature extraction, feature selection, and model construction, as 
illustrated in Figure 2. To ensure stability and reproducibility, two abdominal radiologists with 5 and 10 years of 
experience, respectively, manually delineated the liver contour on each slice of arterial, portal-venous, and delayed-phase 
contrast-enhanced CT images using 3D Slicer (v.4.11), generating three-dimensional volumes of interest (VOIs). Under 
identical settings (bin width = 25, window level = 50, window width = 280), both readers independently extracted 
radiomic features from each VOI with the Python pyradiomics package. Features with an intraclass correlation 
coefficient (ICC) ≥ 0.8 were retained, yielding 321 robust features per patient: 54 first-order statistics, 42 shape attributes, 
and 225 texture descriptors quantifying morphology (eg, compactness, sphericity), intensity distribution (mean, standard 
deviation, median, and higher-order histogram metrics), and spatial heterogeneity. Texture features included five matrix 
types: gray-level dependence matrix (GLDM), gray-level co-occurrence matrix (GLCM), gray-level run-length matrix 
(GLRLM), gray-level size-zone matrix (GLSZM), and neighboring gray-tone difference matrix (NGTDM).

Features Selection and Radiomics Model Building
Initially, using z-score standardization, all feature values were normalized to a range between 0 and 1, which improves 
comparability. Normally distributed features were compared using an independent-samples t-test, while non-normally 
distributed features were assessed with the Mann–Whitney U-test; only features with P < 0.05 were retained. Next, 

Figure 1 Patient selection flowchart illustrating inclusion and exclusion criteria for the final study cohort.
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Spearman rank correlation coefficients were computed among the remaining features, and when |ρ| > 0.9, the feature with 
higher redundancy was discarded. A greedy recursive elimination strategy was then applied to iteratively remove the 
most redundant feature until no further reduction was possible, yielding 23 stable features.

In the training cohort, these 23 features were further refined using least absolute shrinkage and selection operator 
(LASSO) logistic regression to construct the radiomics signature (Rad Signature). The optimal tuning parameter λ was 
selected via ten-fold cross-validation based on the minimum mean squared error criterion. Features with non-zero 
coefficients were retained, and their corresponding regression coefficients were used as weights. All LASSO analyses 
were implemented using the scikit-learn package in Python. We utilized a Multilayer Perceptron (MLP) classifier in our 
analysis, configured with a specific architecture designed to optimize performance. The MLP model comprised four 
hidden layers with neuron counts of 61, 128, 64, and 32 respectively. The training process was governed by a maximum 
of 300 iterations, and employed the stochastic gradient descent (SGD) optimizer. To ensure generalizability and prevent 
overfitting, we incorporated L2 regularization. The model was initialized with a random state set to 0 for reproducibility. 
Finally, the selected features were fed into the MLP model, and the final radiomics score (Rad-score) was derived 
through five-fold cross-validation.

The Building of the Clinical Model and Radiomics-Clinical Model
To ensure unbiased comparison between the clinical model and radiomics model, we constructed the clinical feature set 
following the identical protocol. Initially, univariate logistic regression analysis was conducted in the training cohort to 
identify variables with statistically significant differences (P < 0.05) for subsequent modeling. Subsequently, a clinical 
signature was built using the same machine learning algorithms as the radiomics model, with fixed ten-fold cross- 
validation and an independent test set to ensure a fair comparison between the two approaches. Finally, multivariable 

Figure 2 This figure illustrates the completed workflow of radiomics model development. Initially, liver images were segmented in anterior-posterior (AP), vertical (VP), and 
dorsal (DP) views to isolate the region of interest. Subsequently, features were extracted from the segmented images, categorized into first-order features (n=54), shape 
features (n=42), and texture features (n=225), which include various gray-level co-occurrence matrix (GLCM) measures. Following this, the extracted features were 
analyzed for distribution and their coefficients of cross-validation (CV) were determined to select the most informative features. Finally, model performance was evaluated 
using ROC curves, decision curve analysis (DCA), and calibration curves.
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logistic regression integrating the retained clinical and radiomic features was performed, with backward stepwise 
elimination used to derive the combined radiomics-clinical prediction model, which was subsequently visualised as 
a nomogram.

Statistical Analysis
To evaluate the consistency of feature distributions between the training and test cohorts, continuous variables were 
compared using either an independent-samples t-test or the Mann–Whitney U-test, depending on normality; normally 
distributed data are presented as mean ± SD, and non-normally distributed data as median (inter-quartile range). 
Categorical variables were compared using the χ2-test. In univariate logistic regression, variables with p-values < 0.05 
were included in multivariate logistic regression to identify independent predictors.

To comprehensively evaluate the predictive performance of the clinical-only, radiomics-only, and combined radio
mics-clinical models, we used the area under the receiver operating characteristic curve (AUC), sensitivity, specificity, 
and overall accuracy as key metrics. Statistical differences between AUCs were assessed with DeLong’s test. Decision 
curve analysis (DCA) and calibration plots were further employed to quantify the net clinical benefit and predictive 
consistency of the combined model.

All statistical analyses were performed using SPSS 21.0 (IBM Corp)., Python 3.11.8, and R 3.6.1; a two-tailed 
P value < 0.05 was considered statistically significant.

Results
Patient Characteristics
Table 1. Baseline Characteristics of Patients in the Training and Test Cohorts summarises the baseline characteristics of 
the training and test cohorts. No statistically significant differences were observed in any clinical variable between the 
two groups, confirming balanced distribution.

Table 2 presents the results of univariate and multivariate logistic regression analyses, elucidating the association 
between various clinical and biochemical parameters and cFLR≥30% in patients undergoing portal vein embolisation 
therapy. Univariate analysis revealed that hepatitis, cirrhosis, tumour type, prior chemotherapy history, preoperative 
albumin, preoperative FLR, and preoperative cFLR were all significantly associated with liver hyperplasia (all P<0.05). 
Multivariate regression analysis further validated the independent prognostic value of these variables. Multivariate 
analysis revealed hepatitis (Odds Ratio (OR) =0.06, 95% Confidence Interval (CI)=0.01–0.54, P=0.012) and preoperative 
cFLR (OR=1.2, 95% CI=1.01–1.42, P=0.046) as independent predictors of cFLR ≥30%.

Establishment and Performance of the Radiomics Model
After LASSO selection, 5 features with non-zero coefficients were retained, whose details are shown in Figure 3 The 
Radiomics Score was then generated by feeding these selected features into MLP.

All selected features were used to construct the radiomics model. In the training cohort, the model achieved an AUC 
of 0.880 (95% CI 0.796–0.963), with sensitivity, specificity, and accuracy of 0.898, 0.737, and 0.859, respectively. In the 
test cohort, the AUC was 0.785 (95% CI 0.528–1.000), and sensitivity, specificity, and accuracy were 0.881, 0.632, and 
0.821, respectively (Table 3 and Figure 4).

Establishment and Performance of the Clinical Model and Radiomics-Clinical Model
Variables for the clinical model were selected if their univariate P-values were < 0.05 in the training cohort. This model 
achieved an AUC of 0.743 (95% CI 0.606–0.880) in the training set, with sensitivity, specificity and accuracy of 0.824, 
0.667 and 0.800, respectively; corresponding values in the test set were 0.743 (95% CI 0.448–0.996), 0.588, 1.000 and 
0.650.

The Radiomics-Clinical fusion model reached an AUC of 0.913 (95% CI 0.846–0.981) in the training cohort, with 
sensitivity 0.864, specificity 0.789 and accuracy 0.846; in the test cohort the AUC was 0.833 (95% CI 0.605–1.000), 
yielding sensitivity 0.824, specificity 1.000 and accuracy 0.850. A nomogram was constructed from this fusion model 
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Table 1 Baseline Characteristics of Patients in the Training and Test Cohorts

Characteristic Train (n = 78) Test (n = 20) P

Age, years Mean + SD 55.58+ 11.42 54.55 +9.28 0.711
Gender, n(%) 0.275

Female 18 (23.08) 7 (35.00)

Male 60 (76.92) 13 (65.00)
BMI, kg/m2 Mean ± SD 23.86 ± 2.72 23.22 ± 3.60 0.384

Hepatitis, n(%) 0.270

No 44 (56.41) 14 (70.00)
Yes 34 (43.59) 6 (30.00)

Cirrhosis, n(%) 0.205
No 58 (74.36) 12 (60.00)

Yes 20 (25.64) 8 (40.00)

ALBI grade, n(%)

1 33 (42.31) 11 (55.00)
2 44 (56.41) 8 (40.00)

3 1 (1.28) 1 (5.00)

Diagnosis, n(%) 0.702
HCC 39 (50.00) 10 (50.00)

PCC 25 (32.05) 6 (30.00)

ICC 11 (14.10) 2 (10.00)
Others* 3 (3.85) 2 (10.00)

Previous chemotherapy, n(%) 0.397

No 55 (70.51) 16 (80.00)
Yes 23 (29.49) 4 (20.00)

PT, s Mean ± SD 11.76 ± 1.57 11.41 ± 0.77 0.162

APTT, s Mean ± SD 27.58 ± 3.55 26.87 ± 3.30 0.421
Albumin, g/L Mean ± SD 39.11 ± 5.10 39.85 ± 4.48 0.555

Globulin, g/L Mean ± SD 27.92 ± 8.07 27.70 ± 4.14 0.905

Prealbumin, mg/L Mean ± SD 183.54 ± 88.71 200.65 ± 87.73 0.442
Pre-FLR, cm3 Mean ± SD 328.97 ± 95.90 347.19 ± 101.69 0.456

Pre-cFLR, Mean ± SD 20.02 ± 4.32 21.57 ± 4.44 0.071

Time after PVE to CT, days Mean ± SD 20.04 ± 6.02 21.70 ± 4.67 0.254
Total Bilirubin, μmol/L n(%) 0.316

<20.6 μmol/L 37 (47.44) 12 (60.00)

≥20.6 μmol/L 41 (52.56) 8 (40.00)
ALT, U/L n(%) 0.390

<35 U/L 27 (34.62) 9 (45.00)

≥35 U/L 51 (65.38) 11 (55.00)
AST, U/L n(%) 0.828

<40 U/L 33 (42.31) 9 (45.00)

≥40 U/L 45 (57.69) 11 (55.00)
Outcome, n(%) 0.552

cFLR<30 19 (24.36) 3 (15.00)

cFLR≥30 59 (75.64) 17 (85.00)

Notes: Data are expressed as n (%) unless otherwise specified. *colorectal carcinoma n = 2, gallbladder 
carcinoma n = 2, gastrointestinal stromal tumor n = 1. 
Abbreviations: BMI, body-mass index; ALBI, Albumin-Bilirubin Score; HCC, Hepatocellular carcinoma; 
ICC, Intrahepatic cholangiocarcinoma; PCC, Perihilar cholangiocarcinoma; PT, prothrombin time; APTT, 
activated partial thromboplastin time; FLR, future liver remnant; cFLR, calculated future liver remnant 
ratio; PVE, portal vein embolization; TBIL, total bilirubin; ALT, alanine aminotransferase; AST, aspartate 
aminotransferase.
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Table 2 Univariate and Multivariate Analysis of Variables Related to cFLR≥30% in Training Cohorts

Trail Cohort (n=78) Univariable Multivariable

Characteristic OR 95% CI P OR 95% CI P

Age, years Mean + SD 1.04 1.00 ~ 1.09 0.058

Gender, n(%)

Female Reference 95% CI

Male 0.14 0.02 ~ 1.11 0.063

BMI, kg/m2 Mean ± SD 1.18 0.95 ~ 1.47 0.131

Hepatitis, n(%)

No Reference

Yes 0.02 0.00 ~ 0.17 <0.001 0.06 0.01 ~ 0.54 0.012

Cirrhosis, n(%)

No Reference

Yes 0.18 0.06 ~ 0.57 0.003

ALBI grade

1 Reference

2/3 0.75 0.24 ~ 2.39 0.629

Diagnosis, n(%)

HCC Reference

PCC/ICC/Others* 32.57 4.06 ~ 261.50 0.001

Previous chemotherapy, n(%)

No Reference

Yes 0.13 0.04 ~ 0.42 <0.001

PT, s Mean ± SD 0.84 0.62 ~ 1.15 0.279

APTT, s Mean ± SD 0.91 0.79 ~ 1.05 0.212

Albumin, g/L Mean ± SD 1.06 0.96 ~ 1.18 0.241

Globulin, g/L Mean ± SD 1.08 0.97 ~ 1.20 0.172

Prealbumin, mg/L Mean ± SD 1.01 1.01 ~ 1.02 0.02

Pre-FLR, cm3 Mean ± SD 1.01 1.01 ~ 1.01 0.043

Pre-cFLR, Mean ± SD 1.34 1.12 ~ 1.59 0.001 1.2 1.01 ~ 1.42 0.046

Time after PVE to CT, days Mean ± SD 1 0.92 ~ 1.09 0.974

Total Bilirubin, μmol/L n(%)

<20.6 μmol/L Reference

≥20.6 μmol/L 1.75 0.61 ~ 4.97 0.297

ALT, U/L n(%)

<35 U/L Reference

≥35 U/L 0.99 0.35 ~ 2.82 0.984

AST, U/L n(%)

<40 U/L Reference

≥40 U/L 2.75 0.95 ~ 7.94 0.062

Notes: Data are expressed as n (%) unless otherwise specified. *colorectal carcinoma n = 2, gallbladder carcinoma n = 2, 
gastrointestinal stromal tumor n = 1. 
Abbreviations: BMI, body-mass index; ALBI, Albumin-Bilirubin Score; HCC, Hepatocellular carcinoma; ICC, Intrahepatic cholan
giocarcinoma; PCC, Perihilar cholangiocarcinoma; PT, prothrombin time; APTT, activated partial thromboplastin time; FLR, future 
liver remnant; cFLR, calculated future liver remnant ratio; PVE, portal vein embolization; TBIL, total bilirubin; ALT, alanine 
aminotransferase; AST, aspartate aminotransferase.
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(Figure 5). Decision-curve and calibration analyses demonstrated that the model provides a favourable net clinical benefit 
across a wide range of risk thresholds and exhibits excellent agreement between predicted probabilities and actual 
observations (Figure 6).

DeLong’s test indicated that the Radiomics-Clinical model achieved a significantly higher AUC than the clinical-only 
model (P = 0.017), whereas the differences between the radiomics and clinical models (P = 0.183) and between the 
combined and radiomics models (P = 0.207) were not statistically significant.

Discussion
The central aim of this study was to resolve the clinical dilemma of pre-operatively identifying patients who will fail to 
achieve adequate future liver remnant (FLR) hypertrophy after portal vein embolization (PVE). By constructing and 
validating a combined model that integrates triphasic CT radiomic signatures with key clinical variables, we demon
strated—in a cohort of 98 Chinese patients—an AUC of 0.833 in the independent test set, significantly superior to the 
clinical-only model (DeLong test, P = 0.017). Calibration and decision-curve analyses support the model’s predictive 
accuracy and potential clinical utility. Consistent with prior reports, our findings establish baseline FLR, calculated FLR 
ratio (cFLR), serum pre-albumin levels, prior chemotherapy, coexisting hepatitis, and underlying cirrhosis as pivotal 

Figure 3 The histogram of the coefficients of the selected features.

Table 3 Predictive Performance of Three Models in the Training Cohort and Test Cohort

Model Training Cohort (n = 78) Test Cohort (n = 20)

AUC (95% CI) Sensitivity Specificity Accuracy AUC (95% CI) Sensitivity Specificity Accuracy

Clinical model 0.743 (0.606–0.880) 0.824 0.667 0.800 0.743 (0.448–0.996) 0.588 1 0.650

Radiomics model 0.880 (0.796–0.963) 0.898 0.737 0.859 0.785 (0.528–1.000) 0.881 0.632 0.821

Radiomics-clinical model 0.913 (0.846–0.981) 0.864 0.789 0.846 0.833 (0.605–1.000) 0.824 1 0.850

Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval.
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determinants of post-PVE hepatic regeneration.22–24 The Rad-score, derived from GLCM, GLRLM, NGTDM, and shape 
features, may reflect hepatic regenerative potential at a micro-architectural level, although this interpretation requires 
further validation.

Figure 4 Receiver operating characteristic curves of the radiomics model, clinical model, and radiomics-clinical model in the training cohort (A) and test cohort (B).
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Compared with existing literature, our study yields three noteworthy findings. First, whereas Gerwing et al21 relied 
solely on portal-venous phase CT, we demonstrate that arterial-phase texture features contribute most to the prediction of 
early regenerative capacity, implying that perfusion-related information may exert a pivotal influence via the “hepatic 
blood-flow–regeneration axis”.25 Second, Heise et al26 using an artificial neural network (ANN), reported an AUC of 
0.75 with specificity as low as 44.4%; Our integrated model achieved an AUC of 0.833 and an accuracy of 0.85, 
confirming the synergistic benefit of integrating clinical variables—capturing macroscopic pathological context (fibrosis, 
chemotherapy toxicity)—with radiomic textures that quantify micro-scale parenchymal heterogeneity. Third, we intrigu
ingly observed that “liver parenchyma GLCM entropy” inversely correlates with hypertrophy, aligning with Kim et al18 

yet contrasting with Gerwing’s “MaximumProbability_liver” metric.21 We hypothesize that this discrepancy stems from 
our cohort’s higher proportion of HCC/ICC and prevalent HBV background, as chronic inflammation inherently elevates 
texture entropy;27 subgroup validation is warranted in future studies.

To our knowledge, this study proposes an innovative multi-phase fusion radiomics-clinical predictive model. By 
extracting key imaging features from the arterial, portal venous, and delayed phases, it enables preoperative prediction of 
inadequate residual liver tissue proliferation following portal vein embolisation. This approach is particularly applicable 
to patient cohorts predominantly affected by hepatitis B virus infection. Subsequent investigations may delve into the 
molecular pathways and biological processes associated with these imaging features, as their mechanisms may govern 
post-PVE hepatic regeneration, thereby deepening our understanding of liver tissue repair and its predictive mechanisms. 
Concurrently, the integrated model we have developed effectively distinguishes between PVE responders and non- 
responders, offering the prospect of truly personalised treatment planning. Decision curve analysis further confirms its 
significant clinical net benefit. Finally, by focusing on a Chinese population with high HBV prevalence, our investigation 
fills the ethnic gap left by previous Euro-American studies and provides much-needed evidence for Asian patients.

Our study has several limitations. First, the sample size was relatively small (n = 98) and the retrospective design 
predisposes to model overfitting and selection bias; larger training cohorts and multicentric external validation are 
therefore warranted. Second, techniques for PVE, liver volumetry, and formulas for calculating the future liver remnant 
(FLR) ratio remain heterogeneous. Clinicians usually set cFLR thresholds at 20–25% for healthy livers, 30% for post- 
chemotherapy livers, and 40% for cirrhotic livers, according to underlying hepatic status.24,28,29 We chose a uniform 
cFLR cut-off of 30%, which lies above the lower limit for normal liver and below the upper limit for cirrhotic liver, 
thereby covering the widest safety margin in our cohort and minimising the loss of potentially resectable patients.

Furthermore, given the limited number of outcome events in the training set (n=19), we employed a rigorous feature 
selection process—including univariate testing, correlation pruning, recursive elimination, and LASSO regularisation— 
to reduce model complexity. Secondly, we evaluated the model’s generalisation ability through five-fold cross-validation 
and an independent test set. Nevertheless, owing to the small test set sample size (n=20) and limited outcome events 
(only 3), the reliability of our reported sensitivity and specificity estimates is constrained. Consequently, performance 
metrics should be interpreted cautiously, and future studies should consider increasing sample sizes to enhance the 
precision of statistical analyses. Finally, owing to the limited sample size and our focus on preoperative prediction, we 

Figure 5 The radiomics-clinical Nomogram for Predicting Adequate Future Liver Remnant Hypertrophy After Portal Vein Embolization.
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did not evaluate the kinetic growth rate (KGR) of the liver. This omission may restrict the comprehensive understanding 
of the dynamic process of liver hypertrophy. Future studies should further investigate key factors such as KGR to more 
thoroughly assess the dynamic changes in liver hypertrophy and explore the biological heterogeneity of liver growth.

Conclusions
We developed and internally validated a contrast-enhanced CT-based radiomics–clinical nomogram that identifies 
patients at risk of inadequate response before portal vein embolization. Integrating only five robust radiomic features 
with routinely available clinical variables, the model achieved an AUC of 0.833 in the test cohort and favorable decision- 
curve performance. Future large-scale, multicenter, prospective studies across diverse ethnic populations are warranted to 

Figure 6 Calibration curve (A) and decision curve (B) analyses of the nomogram.

Cancer Management and Research 2026:18                                                                                     https://doi.org/10.2147/CMAR.S573304                                                                                                                                                                                                                                                                                                                                                                                                      11

Zhou et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



confirm its generalizability and to further elucidate the biological links between arterial-phase texture signatures and liver 
regenerative capacity.
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