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Original Article

Artificial intelligence algorithm was used to establish and verify 
the prediction model of portal hypertension in hepatocellular 
carcinoma based on clinical parameters and imaging features
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Background: Portal hypertension (PHT) is an important factor leading to a poor prognosis in patients 
with hepatocellular carcinoma (HCC). Identifying patients with PHT for individualized treatment is of great 
clinical significance. The prediction model of HCC combined PHT is in urgent need of clinical practice. 
Combining clinical parameters and imaging features can improve prediction accuracy. The application 
of artificial intelligence algorithms can further tap the potential of data, optimize the prediction model, 
and provide strong support for early intervention and personalized treatment of PHT. This study aimed 
to establish a prediction model of PHT based on the clinicopathological features of PHT and computed 
tomography scanning features of the non-tumor liver area in the portal vein stage. 
Methods: A total of 884 patients were enrolled in this study, and randomly divided into a training set of 
707 patients (of whom 89 had PHT) and a validation set of 177 patients (of whom 23 had PHT) at a ratio of 
8:2. Univariate and multivariate logistic regression analyses were performed to screen the clinical features. 
Radiomics and deep-learning features were extracted from the non-tumorous liver regions. Feature selection 
was conducted using t-tests, correlation analyses, and least absolute shrinkage and selection operator 
regression models. Finally, a predictive model for PHT in HCC patients was constructed by combining 
clinical features with the selected radiomics and deep-learning features.
Results: Portal vein diameter (PVD), Child-Pugh score, and fibrosis 4 (FIB-4) score were identified 
as independent risk factors for PHT. The predictive model that incorporated clinical features, radiomics 
features from non-tumorous liver regions, and deep-learning features had an area under the curve (AUC) of 
0.966 [95% confidence interval (CI): 0.954–0.979] and a sensitivity of 0.966 in the training set, and an AUC 
of 0.698 (95% CI: 0.565–0.831) and a sensitivity of 0.609 in the validation set.
Conclusions: The preoperative evaluation showed that increased PVD, higher Child-Pugh score, 
and increased FIB-4 score were independent risk factors for PHT in patients with HCC. To predict 
the occurrence of PHT more effectively, we construct a comprehensive prediction model. The model 
incorporates clinical parameters, radiomic features, and deep learning features. This fusion of multi-modal 
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Introduction

Liver cancer is a global health challenge. It is estimated 
that 1 million individuals will be affected annually by liver 
cancer by 2025, with hepatocellular carcinoma (HCC) being 
the most common form, accounting for approximately 
90% of cases (1,2). Surgical resection is the preferred 
treatment for primary HCC patients with good liver reserve 
function (3). However, portal hypertension (PHT) affects 
the choice of treatment for HCC, and clinically significant 
PHT is a predictor of post-hepatectomy liver failure and 
mortality (4). Research has shown that PHT may also be a 
predictor of postoperative HCC recurrence (5). Thus, the 

proper assessment and treatment of PHT is a key factor 
in improving the outcomes of HCC patients (6,7). There 
is an urgent need to accurately predict PHT to optimize 
preoperative treatment decisions for HCC patients.

Currently, the clinical surrogate standards for diagnosing 
PHT domestically and internationally mainly refer to 
imaging examinations, such as platelet (Plt) or white blood 
cell counts, spleen size, and esophageal and gastric varices, 
with a diagnosis of PHT made if two or more of these 
criteria are met (8). Domestic and international studies 
generally refer to the above diagnostic criteria, but a unified 
clinical standard for indirectly diagnosing PHT has not yet 
been specifically established (4).

Hepatic venous pressure gradient (HVPG) is currently 
the gold standard for accurately assessing changes in portal 
pressure internationally (9). However, HVPG is an invasive 
test with complex procedures and high costs, making it 
difficult to promote clinically. Moreover, HVPG only 
represents portal perfusion pressure, and actually reflects 
hepatic sinusoidal pressure not direct portal pressure (10). 
Direct puncture of the portal venous system, such as the 
right gastroepiploic vein, during surgery, can measure 
direct and reliable free portal pressure, but can only be used 
intraoperatively. Therefore, a non-invasive predictive tool 
that can identify PHT based on preoperative portal venous 
pressure (PVP) measurement would be highly beneficial and 
improve the perioperative management of HCC patients 
with PHT.

Clinicopathological factors used to assess predictors of 
PHT risk in HCC patients, including clinical parameters 
and imaging features, have improved understanding of 
PHT and contributed to clinical decision-making, but 
have limited predictors, insufficient accuracy, generality, 
and reproducibility. Therefore, we propose a high-
accuracy prediction model combining clinical parameters, 
radiological characteristics, and deep learning techniques, 
aiming to provide new ideas and methods for the prediction 
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and management of PHT in patients with HCC.
In recent years, the field of medical radiomics analysis 

has developed rapidly, resulting not only in an increase 
in the number of pattern recognition tools but also in an 
expansion in the scale of datasets. Various aspects of this 
field have been widely applied and deeply researched, 
including tumor detection, the automatic generation 
of structured diagnostic reports, the determination and 
quantitative assessment of disease properties, tumor feature 
extraction, and the precise localization of target organs in 
radiotherapy (11-14). Numerous studies have leveraged 
emerging radiomics technologies to significantly improve 
the accuracy of diagnosis, prognosis, and prediction in 
cancer research (15-18). Using artificial intelligence (AI) to 
determine the AIMMUNOx score, AImmunoscore (AIS)’s 
multi-stain deep learning model has strong prognostic 
ability, superior to other clinical, molecular, and immune 
cell-based parameters, and can also be used to predict the 
response of rectal cancer patients to neoadjuvant therapy, 
which is a valuable decision-making tool that can provide 
clinicians with tumor immune microenvironment-based 
(19). These studies have shown the immense potential of 
radiomics in early disease prediction and diagnosis.

With continuous advancements in AI, the use of deep 
learning has become increasingly prevalent in medical 
image analysis, and the fusion of medical imaging and AI is 
regarded as one of the fields with the greatest development 
potential (20,21). Deep transfer learning (DTL), as an 
efficient machine-learning strategy, can fully leverage 
previously accumulated knowledge and experience to 
address complex modeling challenges. A DTL method 
that combines deep learning with radiomics features has 
demonstrated significant results in predicting survival rates 
among patients with high-grade gliomas, particularly in 
distinguishing between long- and short-term survivors (22). 
Additionally, AI has shown excellent performance in the 
non-invasive prediction of PVP, providing an important 
auxiliary means for the diagnosis and treatment of PHT.

The prediction model of PHT plays an important role in 
improving the clinical outcome of HCC patients with PHT. 
By continuously optimizing and improving the predictive 
model, we can more accurately assess the disease and risk of 
patients and develop more reasonable treatment plans for 
patients, thereby improving the survival rate and quality of 
life of patients. Therefore, this study sought to explore the 
clinical features of PHT and the imaging features of portal 
phase liver computed tomography (CT) in non-tumor areas, 

establish and evaluate PHT prediction models using various 
methods, and comprehensively evaluate the advantages and 
shortcomings of different models in predicting efficacies, 
to provide strong support for clinical decision making. 
We present this article in accordance with the TRIPOD 
reporting checklist (available at https://jgo.amegroups.com/
article/view/10.21037/jgo-2024-931/rc).

Methods

Study participants

The study was reviewed and approved by the Ethics 
Committee of the First Affiliated Hospital of Guangxi 
Medical University (No. 2023-E488-01). The study was 
conducted in accordance with the Declaration of Helsinki 
(as revised in 2013). Because the patient data were collected 
retrospectively, informed consent was not required. 
Retrospective data were collected from HCC patients who 
underwent open hepatectomy with intraoperative portal 
vein pressure measurements between January 2013 and 
January 2020 from the First Affiliated Hospital of Guangxi 
Medical University. To be eligible for inclusion in this study, 
the patients had to meet the following inclusion criteria: (I) 
be aged ≥18 and <70 years; and (II) have HCC confirmed by 
postoperative pathology. Patients were excluded from the 
study if they met any of the following exclusion criteria: (I) 
had no available preoperative contrast-enhanced liver CT 
scans; (II) had portal vein, splenic vein cancer thrombus, 
invasion of any large blood vessel, or arteriovenous fistula; 
(III) had postoperative recurrence, had liver cancer rupture 
and hemorrhage, or had previously undergone upper 
abdominal surgery or preoperative interventions [e.g., 
transcatheter arterial chemoembolization (TACE) and 
hepatic artery infusion chemotherapy (HAIC)], portal vein 
ligation, splenectomy, or splenic artery ligation; (IV) had 
missing preoperative important examination data; and/or 
(V) had other tumors. The normal range of portal pressure 
is usually between 13 and 24 cmH2O. PHT was defined as 
a portal pressure level of 25 cmH2O or more, and less than 
25 cmH2O is defined as non-PHT. The definition of PHT 
with a portal pressure of 25 cmH2O is based on the normal 
range of portal pressure, the definition criteria of PHT, the 
clinical significance of PHT, and the relationship between 
PHT and cirrhosis. A total of 884 patients were included 
in the study and randomly assigned at a ratio of 8:2 to the 
training group (which comprised 707 patients, 89 of whom 
had PHT) and the validation group (which comprised  
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177 patients, 23 of whom had PHT) (Figure 1). The reasons 
for the small sample size are as follows: first, HCC and its 
complications, such as PHT, are relatively complex diseases, 
and their occurrence and development involve multiple 
factors. Therefore, it is not easy to collect patient data that 
meets the research criteria and has complete information. 
Secondly, this study has high requirements for data quality 
and needs to ensure the accuracy and consistency of data, 
which limits the expansion of sample size to a certain extent. 
Finally, due to time, resources, and ethical constraints, we 
cannot collect a large amount of patient data for verification 
in a short period.

Data collection and follow-up

The basic data, laboratory indicators, operation-related 
indicators, and CT image data of the patients were collected 
from the electronic medical record system, and the patients 
were followed-up through an outpatient system, imaging 
system, telephone calls, and other means to evaluate their 
postoperative recovery and recurrence according to criteria 
the Guidelines for Diagnosis and Treatment of Primary 

Liver Cancer (2019 edition) (3). The deadline for follow-up 
was December 31, 2023. Relapse-free survival was defined 
as the time from the date of surgery to recurrence or the 
last follow-up. Overall survival was defined as the time from 
the date of surgery to the patient’s death or the last follow-
up. For cases lacking important data, we deleted them. By 
identifying lost data, assessing the impact, selecting the 
appropriate processing method, verifying the processing 
effect, and reporting the processing process in detail, the 
impact of lost data on the analysis results can be minimized, 
and the accuracy and reliability of the data can be improved.

Enhanced CT scanning technology

The CT examination was performed using GE 64 
LightSpeed VCT and Siemens dual-source CT scanners. 
Non-ionic contrast media (300 mg/mL) was used for 
enhanced scanning. A blob (3 mL/kg) of contrast agent was 
injected through a vein in the forearm at a rate of 2.5 mL/s 
using a high-pressure syringe. Arterial (22–30 s delay), venous 
(50–55 s delay), delayed (180 s delay), and continuous spiral 
scans (6–8 s delay) were acquired at 8 mm layer thickness, 

Figure 1 Flow chart showing the patient’s tolerance criteria and the model’s construction process. ROI, region of interest.
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120 kV tube voltage, 280 mA beam, and 0.5 revolutions per 
seconds. The images were stored in the Digital Imaging 
and Communications in Medicine format in the Picture 
Archiving and Communication System.

Radiomics feature extraction and selection

ITK – SNAP 4.0 software (http://www.itksnap.org/pmwiki/
pmwiki.php) was used to select the region of interest (ROI) 
in the manual sketch, select the portal vein phase CT, and 
sketch the liver ROI. All ROI segmentation was carried out 
by two professional doctors. To evaluate the repeatability 
of the features, the same sketcher outlined the images of all 
patients, and segmentation was then repeated on the CT 
scans of 30 randomly selected patients, and the features 
were extracted. To evaluate the feature repeatability among 
the sketchers, another sketcher independently divided and 
extracted the features from the same 30 patients. Finally, 
the intraclass correlation coefficient (ICC) was calculated. 
Imaging features with high reproducibility (an ICC >0.8) 
were screened.

To reduce the interference and bias that tissues other 
than liver tissues might have on DTL, we erased the images 
of the surrounding tissues and mainly focused on the images 
of the liver. Using the maximum cross-section of the non-
tumor area of the liver as a reference point, we selected 
images of the second and fourth layers toward the head, 
and similarly, the second and fourth layers toward the tail. 
Together, these five layers comprised a 2.5-day CT image 
of a patient’s non-tumor area of the liver. This enabled us 
to focus more closely on the liver and reduce the confusion 
and interference that other tissues may cause when training 
the DTL model. Python language and the image omics 
processing library Pyradiomics (version 3.0.1; https://
pyradiomics.readthedocs.io/en/2.1.2/) were used for the 
omics image preprocessing and image feature extraction (see 
Appendix 1).

Model development and testing

We established machine-learning prediction models. The 
features from the final selection were used to construct 
three machine-learning algorithm models; that is, a logistic 
regression (LR) model, K-nearest neighbor (KNN) model, 
and random forest model. Following an analysis of the 
performance of the three models, the KNN algorithm 
model was selected. In addition, to intuitively and effectively 

evaluate the incremental prediction value of deep-learning 
features and imaging omics features in terms of the clinical 
risk factors, we combined deep-learning features, imaging 
omics features, and clinical risk factors based on the LR 
regression analysis, and established a new linear prediction 
model based on pre-feature fusion, and then mapped a 
nomogram. Finally, we evaluated the performance of the 
model on the training and test sets. Receiver operating 
characteristic (ROC) curve, calibration, and clinical decision 
curves were used to evaluate the accuracy, calibration 
degree, and clinical applicability of the model, respectively.

The basic DTL algorithm design was created in 
Anaconda open-source software, based on the Python 
programming language Pytorch (https://pytorch.org/) 
open-source programming package. The selection of 
ResNet-50 as the backbone network for the DTL model 
and Adam as the optimizer is based on their combined 
advantages in terms of performance, generalization, and 
computational efficiency. These choices help to improve 
the overall performance and application of DTL models. 
The selected loss function was binary cross-entropy, the 
parameter optimizer was Adam, the learning rate was set 
to 0.0001, the AlphaDropout parameter was set to 0.5, the 
activation function was real, and the classification function 
was sigmoid. The Epoch for training was set to 50. After 
the Restnet50 was retrained, the model parameters were 
saved, and the test set was predictive classified.

Statistical analysis

The continuous variables were presented as the mean ± 
standard deviation, or the median spacing. Depending on 
whether the variables conformed to a normal distribution, 
the t-test or U-test was used to compare differences between 
the groups. The categorical variables were presented as 
the quantity (percentage), and differences between groups 
were compared using the Chi-squared test or Fisher’s 
exact probability method. A principal component analysis, 
t-test, correlation analysis, and least absolute shrinkage 
and selection operator (LASSO) regression algorithm 
were used to reduce the dimensionality of the extracted 
image features, and the clinical features were screened by 
univariate analysis and multiple LR analysis to identify the 
most relevant clinical, imaging omics, and deep-learning 
features for predicting PHT. All statistical analyses were 
performed in R (version 4.2) and Python (version 3.9), and 
P<0.05 on both sides was considered statistically significant.
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Results

Baseline data

We compared the preoperative clinical baseline data 
for PHT and non-PHT in the training and test sets, 
respectively. We found statistically significant differences 
between the PHT and non-PHT groups in the two datasets 
in terms of spleen volume, portal vein diameter (PVD), 
splenic vein diameter (SVD), Plt, hepatitis B virus NDA, 
Child-Pugh score and fibrosis 4 (FIB-4) (P<0.05). We also 
found statistically significant differences in the training set 
in terms of Plt, total bilirubin (Tbil), Child-Pugh score and 
FIB-4 (P<0.05) (Table 1).

Clinical feature screening

A univariate LR analysis of all preoperative clinical data was 
performed, and variables with P values <0.05 were included 
in the multivariate LR analysis. Variables with odds ratio 
(OR) values >1 and P values <0.05 were screened. Finally, 
PVD [OR: 1.027, 95% confidence interval (CI): 1.015–1.04, 
P<0.001], Child-Pugh (OR: 1.132, 95% CI: 1.05–1.221, 
P=0.01), and FIB-4 score (OR: 1.087, 95% CI: 1.048–1.126, 
P<0.001) were found to be independent risk factors for 
PHT (Table 2).

Radiomics features and deep-learning features

A total of 1,834 features were extracted, including 360 
first order statistics (FOS) features and 440 grey level co-
occurrence matrix (GLCM) features. Grey level run length 
matrix (GLRLM) 320 features, grey level size zone matrix 
(GLSZM) 320 features, neigbouring gray-tone difference 
matrix (NGTDM) features 100, gray level dependence 
matrix (GLDM) features 280, shape features 14 (Figure S1). 
After the t-test, correlation coefficient analysis, and LASSO 
regression, the corresponding image features of imagomics 
and deep learning were screened out. For the characteristic 
parameters of the model and their corresponding weighting 
coefficients (Tables S2,S3).

Performance evaluation of machine-learning algorithm 
models

Three machine-learning algorithm models (i.e., LR, KNN, 
and random forest) were constructed using the identified 
features, and their prediction efficiency was compared. The 
accuracy, area under the curve (AUC) value, sensitivity, 

specificity, positive predictive value, negative predictive 
value, accuracy rate, recall rate, and F1 score of each model 
were compared on the training set and test set. All three 
machine-learning models showed good performance. Due 
to the limitation of the data, we took the training group 
with a large amount of data as the standard, combined with 
the results of the machine learning algorithm model in 
the third part of this study, and finally selected the KNN 
algorithm with the best results. The KNN algorithm had 
the highest AUC value of 0.903 (95% CI: 0.881–0.926), 
0.911 (95% CI: 0.889–0.933), 0.933 (95% CI: 0.915–
0.951) in the PHT prediction of the LR, KNN, Random 
Forest with the training set (Table 3, Figure 2). When 
selecting the KNN model, it is necessary to consider the 
data characteristics, the importance of features, and the 
advantages of the model. KNN is popular because it is 
simple and intuitive, non-parametric, and flexible in local 
modeling. Evaluate performance through cross-validation 
and optimize parameters to handle missing values. Taken 
together, KNN becomes an effective option for handling 
complex data sets and preventing potential bias.

Pre-feature fusion linear model based on radiomics 
features, deep-learning features, and clinical features

In the machine-learning predictive model training set, the 
clinical features, radiomics features, and radiological joint 
deep-learning features were well-fitted. Similar results 
were found in the test set. A LR algorithm was used to 
combine the clinical features with the radiological deep-
learning features to build a new linear prediction model  
(Figure 3). The performance of these different feature sets 
was compared under the KNN classifier, and the nomogram 
had the best results in the training set (AUC: 0.966). The 
correction curve showed a good calibration degree, and the 
prediction probability was highly consistent with the actual 
observation probability, which indicated that the prediction 
accuracy of the model was high. Our model also showed 
excellent performance in the analysis of clinical decision 
curves. Under different threshold settings, the model 
achieved higher net benefits (Table 4, Figure 4).

Discussion

In this study, we conducted univariate and multivariate 
regression analyses of preoperative clinical data, ultimately 
identifying PVD, Child-Pugh score, and FIB-4 score 
as independent risk factors for PHT. Additionally, we 
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Table 1 Clinical baseline data of PHT and non-PHT patients for development and test sets

Feature
Development cohort Test cohort

Non-PHT PHT P value Non-PHT PHT P value

Gender 0.19 0.73

Female 82 (13.27) 17 (19.10) 19 (12.34) 4 (17.39)

Male 536 (86.73) 72 (80.90) 135 (87.66) 19 (82.61)

Age (years) 49.76±11.20 50.43±10.17 0.45 48.76±11.30 52.26±11.04 0.18

BMI (kg/m2) 22.51±3.08 22.90±3.64 0.6 22.94±3.32 23.89±3.66 0.27

Diabetes 0.62 0.84

No 588 (95.15) 83 (93.26) 149 (96.75) 23 (100.00)

Yes 30 (4.85) 6 (6.74) 5 (3.25) 0

NLR 2.26±1.33 2.47±1.14 0.005 2.65±3.12 2.38±0.82 0.59

Plt (109/L) 206.03±84.19 139.70±94.39 <0.001 200.84±80.32 120.28±71.98 <0.001

Tbil (mmol/L) 12.33±6.13 19.46±25.85 <0.001 12.68±6.71 16.19±8.22 0.031

Alb (g/L) 39.31±3.95 36.87±3.86 <0.001 39.37±4.24 39.95±5.19 0.95

Ascites 0.037 0.052

No 506 (81.88) 64 (71.91) 125 (81.17) 14 (60.87)

Yes 112 (18.12) 25 (28.09) 29 (18.83) 9 (39.13)

AST (U/L) 44.72±38.30 68.90±120.04 <0.001 49.76±40.30 42.13±27.81 0.28

ALT (U/L) 44.26±43.29 71.95±186.07 0.23 45.71±39.12 38.09±32.40 0.13

AST/ALT 1.25±1.82 1.35±0.77 0.003 1.27±0.88 1.21±0.49 0.66

APRI <0.001 >0.99

≤2 575 (93.04) 70 (78.65) 142 (92.21) 21 (91.30)

>2 43 (6.96) 19 (21.35) 12 (7.79) 2 (8.70)

INR 0.99±0.11 1.04±0.11 <0.001 1.00±0.11 1.02±0.09 0.25

Child Pugh <0.001 <0.001

A 576 (93.20) 61 (68.54) 136 (88.31) 13 (56.52)

B 42 (6.80) 27 (30.34) 18 (11.69) 10 (43.48)

C 0 1 (1.12) 0 0

FIB-4 score <0.001 <0.001

Grade 1: <1.45 411 (66.50) 31 (34.83) 104 (67.53) 6 (26.09)

Grade 2: 1.45–3.25 172 (27.83) 28 (31.46) 39 (25.32) 11 (47.83)

Grade 3: >3.25 35 (5.66) 30 (33.71) 11 (7.14) 6 (26.09)

Viral hepatitis B 0.99 0.002

No 178 (28.80) 25 (28.09) 35 (22.73) 13 (56.52)

Yes 440 (71.20) 64 (71.91) 119 (77.27) 10 (43.48)

Viral hepatitis C 0.92 >0.99

No 609 (98.54) 87 (97.75) 150 (97.40) 22 (95.65)

Yes 9 (1.46) 2 (2.25) 4 (2.60) 1 (4.35)

Hepatitis B virus DNA (IU/mL) 559,224.67±2,130,042.60 1,033,299.27±2,602,084.38 0.053 403,645.64±857,289.22 246,966.86±282,990.96 0.53

AFP (ng/mL) 0.47 0.85

<400 417 (67.48) 64 (71.91) 107 (69.48) 17 (73.91)

≥400 201 (32.52) 25 (28.09) 47 (30.52) 6 (26.09)

Table 1 (continued)
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Table 1 (continued)

Feature
Development cohort Test cohort

Non-PHT PHT P value Non-PHT PHT P value

PIVKA-II (μg/L) 5,367.98±10,344.92 6,228.65±14,011.10 0.45 4,866.27±4,977.18 4,678.90±3,863.34 0.68

Liver fluke 0.21 0.09

Feminine character 473 (76.54) 64 (71.91) 120 (77.92) 16 (69.57)

Weakly positive 62 (10.03) 7 (7.87) 8 (5.19) 4 (17.39)

Positive 83 (13.43) 18 (20.22) 26 (16.88) 3 (13.04)

SV (mm3) 202,872.23±100,514.90 390,356.57±273,150.53 <0.001 227,370.38±123,624.37 434,484.70±253,936.50 <0.001

LV (mm3) 1,316,280.30±373,654.21 1,309,202.94±398,792.82 0.71 1,347,538.18±397851.91 1,297,818.78±288,764.62 0.74

Liver tumor volume (mm3) 187,329.72±288,238.23 191,042.74±327,058.81 0.07 194,386.91±339,030.83 63,119.55±112,830.65 0.002

Volume of liver non-tumor 

area (mm3)

1,128,950.57±241,003.40 1,118,160.20±258,896.85 0.57 1,153,151.27±233,341.90 1,234,699.23±281,131.70 0.2

Volume proportion of liver 

tumors (%)

11.88±14.20 11.29±15.86 0.07 11.81±13.74 4.56±7.34 0.001

Volume proportion of liver 

non-tumor area (%)

88.12±14.20 88.71±15.86 0.07 88.19±13.74 95.44±7.34 0.001

PVD (mm) 14.17±2.02 16.66±2.13 <0.001 14.12±2.27 16.66±2.21 <0.001

SVD (mm) 10.12±1.45 11.87±1.83 <0.001 10.24±1.70 11.87±1.96 <0.001

Maximum tumor diameter (cm) 6.45±3.60 6.32±4.15 0.26 6.62±3.94 4.99±3.25 0.071

No. of liver segments invaded by tumors 0.97 0.3

1 257 (41.59) 39 (43.82) 67 (43.51) 16 (69.57)

2 232 (37.54) 32 (35.96) 61 (39.61) 4 (17.39)

3 64 (10.36) 9 (10.11) 13 (8.44) 2 (8.70)

4 62 (10.03) 9 (10.11) 11 (7.14) 1 (4.35)

5 3 (0.49) 0 1 (0.65) 0

6 0 0 1 (0.65) 0

CNLC 0.55 <0.001

Ia 254 (41.10) 43 (48.31) 58 (37.66) 18 (78.26)

Ib 287 (46.44) 35 (39.33) 82 (53.25) 3 (13.04)

IIa 56 (9.06) 6 (6.74) 11 (7.14) 0

IIb 4 (0.65) 1 (1.12) 1 (0.65) 0

IIIa 15 (2.43) 3 (3.37) 2 (1.30) 2 (8.70)

IIIb 2 (0.32) 1 (1.12) 0 0

BCLC 0.07 0.036

A 541 (87.54) 78 (86.52) 140 (90.91) 21 (91.30)

B 60 (9.71) 8 (8.99) 12 (7.79) 0

C 17 (2.75) 3 (3.37) 2 (1.30) 2 (8.70)

Tumor number 0.59 0.32

Single 544 (88.03) 76 (85.39) 132 (85.71) 22 (95.65)

Multiple 74 (11.97) 13 (14.61) 22 (14.29) 1 (4.35)

Data are presented as n (%) or mean ± standard deviation. Non-PHT, non-portal hypertension; PHT, portal hypertension; AFP, alpha-fetoprotein; ALT, alanine 

aminotransferase; AST, aspartate aminotransferase; BCLC, Barcelona Clinic Liver Cancer Stage; BMI, body mass index; CNLC, China Liver Cancer Staging; 

LV, liver volume; PVD, portal vein diameter; SV, spleen volume; SVD, splenic vein diameter; NLR, neutrophil-to-lymphocyte ratio; Plt, platelet; Tbil, total 

bilirubin; Alb, albumin; INR, international normalized ratio; FIB-4, fibrosis 4 score; APRI, aspartate aminotransferase-to-platelet ratio index; PIVKA-II, protein 

induced by vitamin K absence or antagonist-II.
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Table 2 Clinical features univariate and multifactorial logistic regression

Feature
Univariate Multifactorial

OR 95% CI P value OR 95% CI P value

Gender 0.948 0.894–1.006 0.14

Age (years) 1.001 0.999–1.002 0.6

BMI (kg/m2) 1.004 0.998–1.011 0.27

Diabetes 1.044 0.95–1.147 0.45

NLR 1.014 0.998–1.03 0.15

Plt (109/L) 0.999 0.999–0.999 0 1 1–1 0.56

Tbil (mmol/L) 1.007 1.005–1.008 0 1.002 1–1.004 0.1

Alb (g/L) 0.984 0.978–0.988 0 0.995 0.99–0.999 0.06

Ascites 1.073 1.018–1.13 0.026 0.954 0.906–1.005 0.13

AST (U/L) 1.001 1–1.001 0 1.001 1–1.001 0.27

ALT (U/L) 1.001 1–1.001 0.002 1 0.999–1 0.99

AST/ALT 1.004 0.992–1.016 0.61

APRI 1.219 1.134–1.31 0 0.962 0.89–1.041 0.42

INR 1.647 1.362–1.992 0 1.081 0.909–1.285 0.46

Child Pugh 1.356 1.271–1.446 0 1.132 1.05–1.221 0.01

FIB-4 score 1.164 1.13–1.2 0 1.087 1.048–1.126 <0.001

Viral hepatitis B 1.004 0.959–1.05 0.89

Viral hepatitis C 1.058 0.897–1.25 0.57

Hepatitis B virus DNA 1 1–1 0.057

AFP (ng/mL) 0.978 0.935–1.022 0.40

PIVKA-II (μg/L) 1 1–1 0.49

Liver fluke 1.024 0.996–1.054 0.16

SV (mm3） 1 1–1 <0.001 1 1–1 0

LV (mm3) 1 1–1 0.87

Liver tumor volume (mm3) 1 1–1 0.91

Volume of liver non-tumor area (mm3) 1 1–1 0.7

Volume proportion of liver tumors (%) 1 0.998–1.001 0.72

Volume proportion of liver non-tumor area (%) 1 0.999–1.002 0.72

PVD (mm) 1.059 1.049–1.068 0 1.027 1.015–1.04 <0.001

SVD (mm) 1.077 1.064–1.09 0 1.009 0.991–1.026 0.41

Maximum tumor diameter (cm) 0.999 0.993–1.005 0.75

Number of liver segments invaded by tumors 0.996 0.975–1.017 0.73

CNLC 0.996 0.973–1.02 0.8

BCLC 1.016 0.969–1.065 0.58

AFP, alpha-fetoprotein; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BCLC, Barcelona Clinic Liver Cancer Stage; BMI, 
body mass index; CNLC, China Liver Cancer Staging; LV, liver volume; PVD, portal vein diameter; SV, spleen volume; SVD, splenic vein 
diameter; NLR, neutrophil-to-lymphocyte ratio; Plt, platelet; Tbil, total bilirubin; Alb, albumin; INR, international normalized ratio; FIB-4, 
fibrosis 4 score; APRI, aspartate aminotransferase-to-platelet ratio index; PIVKA-II, protein induced by vitamin K absence or antagonist-II.
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Table 3 Performance evaluation of machine-learning algorithm models

Model feature Accuracy AUC (95% CI) Sensitivity Specificity PPV NPV Precision Recall F1

Radiology feature

LR

Development cohorts 0.736 0.76 (0.701–0.819) 0.674 0.744 0.275 0.941 0.275 0.674 0.391

Test cohorts 0.701 0.834 (0.762–0.906) 0.826 0.682 0.279 0.963 0.279 0.826 0.418

KNN

Development cohorts 0.887 0.903 (0.881–0.926) 0.596 0.929 0.546 0.941 0.546 0.596 0.57

Test cohorts 0.864 0.654 (0.532–0.777) 0.087 0.981 0.4 0.878 0.4 0.087 0.143

Random forest

Development cohorts 0.832 0.815 (0.765–0.864) 0.629 0.861 0.394 0.942 0.394 0.629 0.485

Test cohorts 0.842 0.77 (0.676–0.864) 0.478 0.896 0.407 0.92 0.407 0.478 0.44

Pre-fusion feature

LR

Development cohorts 0.736 0.894 (0.858–0.931) 0.674 0.744 0.275 0.941 0.275 0.674 0.391

Test cohorts 0.701 0.768 (0.667–0.869) 0.826 0.682 0.279 0.963 0.279 0.826 0.418

KNN

Development cohorts 0.887 0.911 (0.889–0.933) 0.596 0.929 0.546 0.941 0.546 0.596 0.57

Test cohorts 0.864 0.634 (0.515–0.753) 0.087 0.981 0.4 0.878 0.4 0.087 0.143

Random forest

Development cohorts 0.832 0.855 (0.809–0.901) 0.629 0.861 0.394 0.942 0.394 0.629 0.485

Test cohorts 0.842 0.666 (0.536–0.796) 0.478 0.896 0.407 0.92 0.407 0.478 0.44

Clinical features

LR

Development cohorts 0.829 0.859 (0.819–0.899) 0.854 0.825 0.413 0.975 0.413 0.854 0.557

Test cohorts 0.672 0.854 (0.779–0.929) 0.739 0.662 0.246 0.944 0.246 0.739 0.37

KNN

Development cohorts 0.895 0.933 (0.915–0.951) 0.596 0.939 0.582 0.942 0.582 0.596 0.589

Test cohorts 0.825 0.733 (0.617–0.85) 0.261 0.909 0.3 0.892 0.3 0.261 0.279

Random forest

Development cohorts 0.823 0.875 (0.837–0.913) 0.742 0.835 0.393 0.957 0.393 0.742 0.514

Test cohorts 0.672 0.84 (0.758–0.921) 0.609 0.682 0.222 0.921 0.222 0.609 0.326

LR, logistic regression; KNN, K-nearest neighbor; AUC, area under the curve; CI, confidence interval; PPV, positive predictive value; NPV, 
negative predictive value.

conducted an in-depth exploration of CT images of non-
tumorous liver areas during the portal venous phase, 
employing radiomics and deep-learning techniques for 
feature extraction and selection. Baseline data with partial 
differences between the PHT and non-PHT groups, 

considering that these data may have an impact on treatment 
decisions. Therefore, we compared the diverging baseline 
data with imaging features combined with individual or 
joint modeling to build the best predictive model. Based on 
these extensive data, we successfully developed the following 
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Figure 2 Performance evaluation of the machine-learning algorithm models. (A,B) Radiology feature: (A) Development cohorts, (B) test 
cohorts; (C,D) pre-fusion feature: (C) development cohorts, (D) test cohorts; (E,F) clinical features: (E) development cohorts; (F) test 
cohorts. AUC, area under the curve; LR, logistic regression; KNN, K-nearest neighbor; CI, confidence interval.
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Table 4 Comparison of model prediction efficiency

Model Accuracy AUC (95% CI) Sensitivity Specificity PPV NPV Precision Recall F1

Development cohorts

Clinic 0.883 0.933 (0.915–0.951) 0.73 0.905 0.524 0.959 0.524 0.73 0.61

Rad 0.887 0.903 (0.881–0.926) 0.596 0.929 0.546 0.941 0.546 0.596 0.57

DTL 0.781 0.832 (0.788–0.876) 0.73 0.788 0.332 0.953 0.332 0.73 0.456

Combined 0.895 0.911 (0.889–0.933) 0.596 0.939 0.582 0.942 0.582 0.596 0.589

Nomogram 0.861 0.966 (0.954–0.979) 0.966 0.846 0.475 0.994 0.475 0.966 0.637

Test cohorts

Clinic 0.87 0.733 (0.617–0.85) 0.435 0.935 0.5 0.917 0.5 0.435 0.465

Rad 0.864 0.654 (0.532–0.777) 0.087 0.981 0.4 0.878 0.4 0.087 0.143

DTL 0.661 0.623 (0.504–0.743) 0.565 0.675 0.206 0.912 0.206 0.565 0.302

Combined 0.825 0.634 (0.515–0.753) 0.261 0.909 0.3 0.892 0.3 0.261 0.279

Nomogram 0.729 0.698 (0.565–0.831) 0.609 0.747 0.264 0.927 0.264 0.609 0.368

Clinic, clinical features; Rad, radiology features; DTL, deep (transfer) learning; Combined, radiology features and deep-learning features 
pre-fusion; AUC, area under the curve; CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value.
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Figure 3 Pre-feature fusion linear model based on radiology features, deep-learning features and clinical features. PVD, portal vein 
diameter; FIB-4, fibrosis 4 score; ALL, prediction probability after fusion of deep learning and image omics features; Child_pugh 1/2/3, 
Child_pugh A/B/C.

five predictive models: a clinical feature-based predictive 
model; a radiomics feature-based predictive model; a pre-
fusion feature-based predictive model; a nomogram that 
integrates radiomics features, deep-learning features, and 

clinical features through pre-fusion in a linear manner; and 
a deep learning-based model. Among these models, the 
nomogram exhibited particularly outstanding performance 
in the training set (AUC: 0.966), demonstrating excellent 
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Figure 4 Performance evaluation of machine-learning algorithm models. From top to bottom are ROC curve, correction curve and clinical 
decision curve respectively. Clinic, clinical features; Rad, radiology features; DTL, deep (transfer) learning; Combined, radiology features 
and deep-learning features pre-fusion; ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval; DCA, 
decision curve analysis.
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predictive capability. The AUC of the Nomogram decreased 
significantly from the training set (AUC: 0.966) to the test 
set (AUC: 0.698), indicating potential overfitting problems. 
This may be because the training set data is too complex or 
noisy, and the model does not generalize effectively to the 
test set. In addition, improper feature selection, excessive 
model complexity, or large differences in the distribution of 
test sets and training sets may also lead to this phenomenon. 
Overall, the predictive performance of each feature model 
in the training group was higher than that in the validation 
group.

Recent research has shown that radiomics has significant 
potential as a means of comprehensively analyzing organ 
changes through imaging examinations. Zhao et al. used 
CT-based imaging scores to predict re-bleeding and 
mortality in HCC patients with PHT after acute variceal 
bleeding (23). Similarly, Yu et al. developed a non-invasive 
prediction tool based on spleen volume to aid in predicting 
liver decompensation in patients with compensated cirrhosis 
without the need for HVPG measurements (24). Further, 
Liu et al. designed a model incorporating texture features, 
morphological features, and volumes of both the liver and 
spleen, which significantly outperformed models using 
the liver stiffness measurement and other radiological and 
clinical indicators when HVPG was used as the reference 
standard (25). These studies showed the effectiveness of 
CT-based radiomics analysis in predicting PHT. However, 
there is still a significant gap in research on PHT patients 
with HCC. This study adopted a unique approach by 
conducting an in-depth analysis of non-tumorous liver 
areas and successfully constructed a predictive model with 
excellent performance.

Deep learning is  a branch of machine learning 
with extensive applications in various fields of image  
analysis (26). In the medical profession, deep learning 
is most widely applied in radiology and pathology, and 
it can be used to extract data from medical images that 
are not readily apparent to human analysts, which can 
inform results related to molecular status, prognosis, or 
treatment sensitivity (27). One of the main advantages of 
2.5-dimensional (2.5D) imaging in deep learning is its ability 
to incorporate spatial context from adjacent slices, which 
can improve detection and segmentation accuracy compared 
to traditional 2D models. A study developed a 2.5D 
deep-learning object detection model for the automatic 
detection of brain metastases, which demonstrated better 
performance than 2D models by reducing false positives and 
increasing the positive predictive value (28). Additionally, 

2.5D methods can address issues related to building deep-
learning models on small datasets. Another study combined 
transfer learning strategies with 2.5D data slicing strategies, 
and successfully improved the ability of the model to 
segment contrast-enhanced lesions in brain magnetic 
resonance imaging scans, demonstrating the effectiveness of 
2.5D imaging in situations with limited data (29). Given the 
advantages of deep learning, our study adopted algorithms 
based on 2.5D deep learning, and the multiple predictive 
models constructed exhibited good predictive performance. 
The poor performance of the 2.5D deep learning test set 
can be attributed to the differences in data distribution 
and weak generalization due to insufficient training; The 
complexity of the model is too high, and the parameters 
are inappropriate, resulting in overfitting. Improper feature 
selection and high dimension affect performance; lack of 
biological significance feature extraction; the test set is 
improperly set or the model is overfitted. It is necessary to 
optimize the data, adjust the model, improve the feature 
extraction, combine the advantages of radionics, and 
rationally set the test set to improve the performance.

Further, our study also explored the independent and 
combined application effects of radiomics features and 
deep-learning features in predictive models. We found that 
the pre-fusion model that combined radiomics features 
and deep-learning features exhibited superior predictive 
performance on the training set compared to either feature 
set alone. Its performance on the test set was slightly 
inferior to that of the radiomics model; however, it still 
outperformed the deep-learning model.

The exceptional performance of the fusion model on 
the training set may be attributed to the complementarity 
between radiomics features and deep-learning features. 
Radiomics features typically rely on the statistical and 
texture analysis of images to capture macroscopic structural 
information, while deep-learning features learn more 
abstract and deeper representations of images through 
neural networks (30-32). The combination of these two 
types of features may provide richer information for 
prediction tasks, thus achieving higher accuracy on training 
sets. Our study used a method that combined clinical 
features with radiomics features and deep-learning (2.5D) 
features to predict the occurrence of PHT from multiple 
dimensions, which is also one of the innovative points of 
this study.

Surgical resection is currently the preferred treatment 
for patients with HCC, but clinically significant PHT 
increases the risk of postoperative liver failure, and was once 
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considered a contraindication for liver resection. However, 
with advancements in surgical techniques and perioperative 
management, postoperative complications have been 
significantly reduced. Existing HCC guidelines recommend 
extending liver resection to HCC patients with clinically 
significant PHT. However, accurately selecting the optimal 
candidates for liver resection remains a challenge that 
needs to be addressed urgently. Liver transplantation can 
simultaneously address both the tumor and PHT issues, 
but the shortage of liver donors and high costs make its 
practical application difficult (33,34). Another option is to 
administer systemic drug therapy and/or combined hepatic 
artery infusion chemotherapy, but the disease control rate 
is limited (35). Our predictive model can identify HCC 
patients with PHT early, allowing for the formulation 
of personalized treatment strategies to optimize their 
treatment outcomes and improve prognosis. Imaging and 
deep learning predictive models face many challenges in 
clinical practice, including the high cost of data acquisition 
and annotation, poor model interpretability, difficult 
integration of clinical workflow, resource constraints, and 
large professional training needs. These challenges limit the 
clinical translation and wide application of the model and 
require interdisciplinary collaboration and ongoing research 
to overcome.

Our study made some new discoveries, but it also had 
some limitations. First, due to the relatively small number 
of PHT cases, the model performance on the test set was 
not ideal, especially in the training of the deep-learning 
models, where its powerful learning and generalization 
capabilities could not be fully utilized. To some extent, this 
limited our comprehensive evaluation and optimization 
of model performance. The image quality of imaging is 
affected by equipment, procedure, and patient conditions, 
which may lead to inaccurate diagnosis. In addition, the 
interpretation of imaging features is subjective and may 
vary between different observers. Predictive models are 
limited by data quality, sample selection bias, and model 
generalization ability. Incomplete data or noise can degrade 
model performance while overfitting can cause the model 
to perform poorly on new data. Therefore, these factors 
should be considered comprehensively to improve the 
accuracy and reliability of imaging diagnosis and prediction 
models. Visual representations such as feature importance 
heat maps and confusion matrices can visually show the 
feature contributions and classification performance of 
models, significantly improving the interpretability of deep 
learning models. However, the goal of our research is to 

build efficient predictive models.

Conclusions

In summary, we found that among our various predictive 
models, our nomogram model that combined clinical 
features with radiomics features of non-tumor liver 
areas and deep-learning features outperformed the 
radiomics models, deep-learning models, and combined 
radiomics deep-learning models. Compared to the clinical 
prediction models, our model showed improved predictive 
performance on the training set. Our predictive model 
is easy to apply and provides a basis for clinical decision 
making in HCC patients with PHT. Further research needs 
to be conducted to explore the universal utility of our model 
and apply it in clinical practice.
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