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Abstract
BACKGROUND
The prognosis for hepatocellular carcinoma (HCC) in the presence of cirrhosis is

unfavourable, primarily attributable to the high incidence of recurrence.

AIM
To develop a machine learning model for predicting early recurrence (ER) of post-
hepatectomy HCC in patients with cirrhosis and to stratify patients’ overall survival

(OS) based on the predicted risk of recurrence.

METHODS

In this retrospective study, 214 HCC patients with cirrhosis who underwent curative
hepatectomy were examined. Radiomics feature selection was conducted using the least
absolute shrinkage and selection operator (LASSO) and recursive feature elimination
(RFE) methods. Clinical-radiologic features were selected through univariate and

multivariate logistic regression analyses. Five machine learning methods were used for




model comparison, aiming to identify the optimal model. The model’s performance was
evaluated using the receiver operating characteristic curve (area under the curve
[AUC]), calibration, and decision curve analysis(DCA). Additionally, the Kaplan-Meier

(K-M) curve was used to evaluate the stratification effect of the model on patient OS.

RESULTS

Within this study, the most effective predictive performance for ER of post-
hepatectomy HCC in the background of cirrhosis was demonstrated by a model that
integrated radiomics features and clinical-radiologic features. In the training cohort, this
model attained an AUC of 0.844, while in the validation cohort, it achieved a value of
0.790. The K-M curves illustrated that the combined model not only facilitated risk
stratification but also exhibited significant discriminatory ability concerning patients'

OS.

CONCLUSION
The combined model, integrating both radiomics and clinical-radiologic characteristics,
exhibited excellent performance in HCC with cirrhosis. The K-M curves assessing OS

revealed statistically significant differences.
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Core Tip: Hepatocellular carcinoma (HCC) ranks as the sixth most prevalent tumour
and stands as the third leading cause of cancer-related deaths globally. In contrast to

individuals with HCC in normal liver tissue, those with HCC in the context of cirrhosis




frequently experience a higher recurrence rate. Therefore, a machine learning model
aimed at predicting the early recurrence of post-hepatectomy HCC in patients with
cirrhosis was developed. The study also aimed to stratify patients” overall survival

based on the predicted risk of recurrence.

INTEODUCTION

Hepatocellular carcinoma (HCC) stands as the sixth most prevalent tumour and the
third leading cause of cancer-related deaths globallylll. Liver cirrhosis constitutes the
primary risk factor for HCC, affecting nearly 90% of patients with HCC to varying
degrees[1,2]. Curative-intent hepatectomy remains the preferred treatment for patients
with early HCCPl. However, the recurrence rate among patients with HCC surpasses
50%, significantly reducing long-term survival rates after resectionl4l. The heightened
risk of recurrence after curative-intent hepatectomy can be attributed to two patterns:
recurrence stemming from residual microvascular metastasis after liver resection and
recurrence due to the underlying liver carcinogenicity background!s. Compared to
patients with HCC in normal liver tissue, those with cirrhosis background HCC tend to
experience both modes of recurrence, resulting in a higher recurrence rate after
resection. Sasaki et al observed a consistently higher risk of recurrence in the early
postoperative period among patients with cirrhosis, with a 6% higher annualﬂisk
compared to non-cirrhotic resection for HCC (15%)[¢l. Numerous staging systems, such
as the Barcelona Clinic Liver Cancer (BCLC) staging system and the albumin-bilirubin
(ALBI) grade, have been introduced for assessing the prognosis of patients with HCC [7].
However, these staging systems are more suited for evaluating liver function or guiding
therapy. Given the high heterogeneity of HCC, patients with HCC during the same
period might exhibit varying prognosesl8l. Currently, there is a lack of individualised
prognosis assessment for patients, emphasising the crucial need for systematic
surveillance of HCC recurrence and the accurate prediction of recurrence in patients

with HCC.




In recent years, numerous studies have confirmed the impact of the inflammatory
status within the tumour microenvironment on the occurrence and progression of
tumours. However, the invasive nature of diagnosing these biomarkers, with associated
risks of tumour seeding, bleeding, and sampling errors, has led to current guidelines
not recommending biopsy diagnosis for HCCI’l. Therefore, there is a critical need for a
non-invasive HCC marker to predict the early recurrence (ER) of HCC. Radiomics, a
technique involving the extraction of quantitative image features through non-invasive,
high-throughput analysis of standard medical imaging, presents a promising avenue.
This method enables the extraction of data, which can be applied to enhance the
accuracy of diagnostic, prognostic, and predictive assessments, ultimately serving as a
bridge between medical imaging and individualised medical treatment[10,11]. The
specific study flow of radiomics is illustrated in Figure 1.

Delta-radiomics involves extracting radiomics features from the same region of
interest in a given patient to examine changes in radiomics characteristics over time.
Unlike traditional radiomics methods that use single-phase images for feature
extraction, which overlooks the image feature changes induced by alterations in blood
flow after the introduction of a contrast agent, delta-radiomics offers a more
comprehensive reflection of changes in pathological tissue or blood flow over time. This
is particularly evident in patients with cirrhosis, where the pathophysiological
conditions involve microvascular short-circuiting, compression of portal vein branches
and hepatic veins by new modules, and disordered arrangement of hepatocyte cords!'2.
In patients with cirrhosis, the liver buffer effect is continuously activated, resulting in
compensatory arterial blood flow while the portal blood flow is reduced™l. Delta-
radiomics, by integrating the temporal component and radiomics features, provides
additional insights into the evolution of feature values. The fixed time intervals of
enhanced computed tomography (CT) images obtained during the arterial and portal
phases lay the foundation for establishing delta-radiomics. Delta-radiomics features
exhibit potential in diagnosing, prognosing, and predicting the therapeutic effects of

certain tumours[14,15]. Han et al used delta-radiomics features to predict the main




pathological response of patients with non-small cell lung cancer to neoadjuvant
chemotherapy and immunotherapy. The results indicated that the model formed by
delta-radiomics features outperformed the single radiomics model[(’I. Based on the
delta-radiomics model comprising eight features, Han et al achieved an area under the
curve (AUC) of 0.805 and 0.857 in the training and validation cohorts, respectively!'7l.
Several prior studies have explored the correlation between radiomics and HCC ER
after curative-intent hepatectomy|[18-22]. It is essential to note that these previous
studies focussed solely on extracting radiomics features from tumours and
peritumoural tissues. However, this study specifically addresses the background of
cirrhosis, where the degree of cirrhosis in the remaining liver parenchyma varies subtly
among different patients. Consequently, the analysis of radiomics characteristics
encompasses not only the tumour tissue but also the residual liver tissue in this study.
This study aims to develop a machine learning model for predicting ER in HCC
patients with cirrhosis. Additionally, the study aimed to assess whether the predicted

outcomes of the model could accurately stratify patient overall survival (OS).

MATERIALS AND METHODS

This retrospective study was approved by the Institutional Review Board of our
institution (2021-RE-043), and the need for written informed consent was waived.
Clinical information

From January 2014 to June 2020, 563 patients underwent hepatectomy for HCC at
the First Affiliated Hospital of the University of Science and Technology of China
(Anhui Provincial Hospital). Personal information, clinical information, and imaging
features were retrospectively collected. The clinical index data and personal
information, encompassing age and sex, for all included participants, were retrieved
from the electronic medical records using the hospital system and the corresponding
patient hospitalisation number.

HCC diagnosis was confirmed by postoperative pathology. The diagnosis of

cirrhosis was based on clinical symptoms, laboratory tests, and imaging examinations,




identifying compensated cirrhosis/?3l. Curative resection was defined as the complete
removal of all detectable tumour nodules by preoperative imaging and intraoperative
exploration. This includes criteria such as negative liver margin pathology, the absence
of gross vascular and biliary invasion, no lymph node or extrahepatic distant
metastasis, and, for most serum alpha-fetoprotein (AFP) positive patients,
normalisation of marker levels within 2 months after surgery, coupled with imaging
showing no new tumours. The exclusion criteria were as follows: (1) non-cirrhotic
patients; (2) tumours with extrahepatic metastasis or invasion of major blood vessels; (3)
inability to obtain complete enhanced CT images or preoperative enhanced CT within a
month; (4) patients who underwent preoperative treatments such as partial hepatic
resection, ablation, transarterial chemoembolisation, and other interventions. A total of
214 eligible patients were included in the study, and they were randomly assigned in a
7:3 ratio to the training cohort (150 patients) and the validation cohort (64 patients). The
specific workflow is depicted in Figure 2.
CT equipment

All imaging procedures were performed using the GE Discovery HD 750 multi-row
spiral CT scanner. Initially, a routine plain abdominal CT scan was performed on all
patients to assess the extent of the lesions. During the scanning process, the abdominal
CT parameters, including voltage, current, scanning layer thickness, layer spacing, and
pixel matrix size, were set at 120 kV, 200-350 mA, 5 mm, 5 mm, and 512 x 512,
respectively. After the non-enhanced CT scan, each patient received a non-ionic iodine
contrast injection at a rate of 3.0 mL/s with a dose of 1.5 mL/kg. The arterial phase scan
commenced 35 s after the density of the descending aorta reached 95 HU, followed by
the initiation of the portal phase scan 35 s after the arterial phase scan.
Imaging information

Digital Imaging and Communications in Medicine-formatted CT images of all
patients were retrieved from the hospital picture archiving and communication system.
During the assessment, two readers, each possessing extensive experience in liver

imaging (ZLX and JLL), independently recorded nine semantic features: non-peripheral




washout, maximum tumour diameter, tumour capsule, intratumour vascularity,
tumour growth pattern, fusion lesions, intratumour necrosis, peritumoural
enhancement, and arterial phase hyperenhancement. Simultaneously, the three-
dimensional volume algorithm was employed to calculate the tumour volume. In cases
where multiple lesions were present in the patient’s liver, the tumour with the
maximum diameter was selected as the subject for evaluation. To provide a more visual
understanding of these imaging semantic features, reference images are included for
illustration (Figure 3).
Follow-up

All discharged patients were subjected to regular follow-ups, encompassing
monitoring of serum AFP levels, liver function tests, and abdominal ultrasound within
the first month after curative liver resection. Subsequent evaluations for HCC
recurrence occurred every 3 or 6 months thereafter. In cases where an unexplained
elevation in serum AFP levels or abnormal abdominal ultrasound or enhanced
ultrasound findings were observed during follow-up, further assessment was
performed through dynamic contrast-enhanced CT or magnetic resonance
imaging. Recurrence-free survival was defined as the duration from the date of surgery
to the first recurrence, metastasis, or the last follow-up. OS was defined as the time from
the date of surgery to death from any cause. The study was reviewed on 31 August
2023.
Image segmentation and feature extraction

The volume of interest (VOI) was defined as the entire tumour or the residual liver,
excluding peritumoural vessels or bile ducts. Two readers, ZLX and JLL, blinded to
patient outcomes, delineated the patients' VOI layer by layer using ITK-SNAP (v3.6). To
ensure the stability of the extracted features, the interobserver reproducibility of the
extracted features between the two readers was evaluated. Subsequently, images from
40 cases in the derivation cohort were randomly selected, and the same segmentation

procedure was repeated a month later by the same two radiologists to evaluate




intraobserver reproducibility. Interobserver reproducibility was evaluated by
calculating the intraclass correlation coefficient (ICC).

The Pyradiomics (v3.1.0) software package in Python (v3.8.4) was used for the
extraction of radiomics features. To ensure the reproducibility of the extracted features,
standardised calculations of radiomics features were used. Within the Pyradiomics
package, the following steps were executed: Considering our hospital's machine had a
sampling layer thickness of 5 mm, resampling was performed only for the coronal and
sagittal positions, with a resampling size of 1x1x5 mm. In terms of image types, the
original, square, square root, logarithm, exponential, gradient, Laplacian of Gaussian
filter, and wavelet filters were applied to the original image.

The extracted features were classified into seven distinct types: (1) shape; (2) first-
order statistics; (3) grey level co-occurrence matrix; (4) grey level run length matrix; (5)
grey level size zone matrix; (6) neighbouring grey tone difference matrix; (7) grey level
dependence matrix. After excluding features that could not be analysed, each patient
yielded six groups of features, including tumour and residual liver during the arterial
and portal phases, along with delta-radiomics (representing the difference between the
tumour and residual liver in the portal and arterial phases). This resulted in 1512
features within each group.

Radiomics and clinical-radiologic feature statistics

Given the substantial number of features and their high dimensions, complete
inclusion in the model might increase the risk of overfitting. To mitigate this and
enhance generalisation, a three-step feature screening method was implemented. First,
features with an ICC of <0.8 were excluded. Subsequently, the selected features
underwent Z-score standardisation and were subjected to the least absolute shrinkage
and selection operator (LASSO) fitting. To prevent overfitting resulting from an
excessive number of features after LASSO, if the number of features after remained >1,
a decision tree classifier was employed as the kernel, and recursive feature
elimination(RFE) was applied to determine the optimal number of features in each

group. This screening process was iteratively conducted for each feature group to




acquire more representative features. Ultimately, the Rad-score was computed based on
the feature-weighted regression coefficient derived from LASSO.

R software (v4.3.0) was employed for analysing clinical-radiologic data.
Continuous data were subjected to the t-test, and their distribution is presented as the
mean * standard deviation. Categorical data underwent analysis using the chi-square
test or Fisher's exact test, and the results are presented as percentages. In the univariate
analysis, variables with a p-value of <0.05 were selected and subsequently included in
the multivariable logistic regression model for further analysis. All statistical tests were
two-sided, with statistical significance set at p <0.05.

Machine learning model building

To minimise discrepancies arising from varying optimal models for different
features, this study did not adhere to a fixed model. Instead, the best model was chosen
based on the data of each feature, followed by a comparison of the final results. The
training cohort was used to identify optimal parameters and develop the prediction
model, while the validation cohort was employed to assess prediction performance. The
radiomics model was constructed using the scikit-learn (v1.0.2) package in Python,
including Support Vector Machine (SVM), Random Forest, K-Nearest Neighbour
(KNN), Light Gradient-boosting Machine, and eXtreme Gradient Boosting. A five-fold

cross-validation was performed on the training cohort, and the average AUC was
calculated. To prevent overfitting and underfitting, models were excluded if their
average AUC in the training cohort exceeded or fell below 10% of that in the validation
cohort. Subsequently, the AUC of the validation cohort was calculated to evaluate
model performance, and the best-selected model was used for the subsequent

comparison.

RESULTS
Patient baseline characteristics
This study included 214 patients, among which 114 experienced ER. For model

development, 150 patients were randomly assigned to the training cohort. The baseline




values of clinical-radiologic characteristics for the training and validation cohorts are

presented in Table 1, and no significant differences were observed between the
characteristics of the two cohorts (p >0.05). The results of the univariate and
multivariate analyses are presented in Table 2, revealing that the final three clinical-
radiologic features, namely, gamma-glutamyl transferase (GGT), tumour capsule, and
peritumoural enhancement, were included in the subsequent analysis.
Feature selection

To evaluate the characteristics of ER of HCC with cirrhosis, each patient's six
feature groups included the following: arterial phase tumours (A1), arterial phase liver
(A2), portal phase tumour (P1), portal phase liver (P2), the characteristic difference
between portal and arterial phase tumour (delta-T), and the difference between portal
and arterial liver (delta-L). After the feature selecting step, two features were obtained
in Al, one feature in A2, three features in P1, three features in P2, and three delta-
radiomics (comprising two features in delta-T and one feature in delta-L). In total, 12
features were extracted from the six groups.
Model comparison

Initially, three models were developed based on the radiomics features. Model 1
comprised Al and P1, Model 2 included Al, P1, A2, and P2, and Model 3 included A1,
P1, A2, P2, and delta-radiomics. All three radiomics feature models employed SVM as
the optimal machine learning method. The performance effects among the models are
illustrated in Figure 4, with Model 3 achieving an AUC value of 0.756 in the validation
cohort. Compared with Models 1 and 2 performance, our subsequent study opted for
the radiomics features in Model 3. Furthermore, a combined model was established by
integrating clinical-radiologic and radiomics features, which was compared with the
clinical-radiologic model and the radiomics model. As shown in Table 3, the SVM
emerged as the best model established by radiomics, while the KNN was the optimal
model established by the clinical-radiologic and combined models.

Combined model construction and performance evaluation




The combined model, integrating both radiomics and clinical-radjologic features,
demonstrated enhanced diagnostic and predictive efficacy, achieving an AUC of 0.844
in the training cohort and an AUC o£0.790 in the validation cohort. In contrast, the
AUC for the clinical-radiologic model was 0.763 in the training cohort and 0.701 in the
validation cohort. The AUC values for radiomics features were 0.726 and 0.756,
respectively (Figure 5A and B). The Delong test, presented in Table 4, revealed the
superiority of the combined model compared to the clinical-radiologic model. Both the
calibration curve and the DCA curve illustrated the commendable calibration and
clinical applicability of the combined model (Figure 5C-F). The optimal cut-off value,
determined as the maximum Youden index (0.53) in the combined model training
cohort, was applied to the training and validation cohorts. This facilitated the
categorisation of patients into low-risk and high-risk groups, and the stratification
results of patients’” OS were analysed using the Kaplan-Meier (K-M) curve. The K-M

curve shows that the optimal cut-off value successfully stratified patients OS (Figure 6).

DISCUSSION

HCC is characterised by considerable heterogeneity, and the status of ER in HCC
significantly influences the OS.HCC associated with cirrhosis exhibits a higher
recurrence rate compared to HCC arising in an individual with a normal hepatic
background, thereby contributing to diminished survival ratesl¢l. In our study, among
the 214 patients, 114 patients experienced ER, constituting 53.3% of the total study
population. Consequently, the imperative to develop models capable of predicting HCC
ER before surgery is of great importance in clinical practice.

Our study revealed that tumour capsule, peritumoural enhancement, GGT, and
Rad-score serve as predictors of ER in HCC within the context of cirrhosis. Employing
the KNN algorithm, a combined model was established, establishing an AUC of 0.844 in
the training cohort and 0.790 in the validation cohort. The Delong test revealed that the
difference between the radiomics and clinical-radiologic models in the validation cohort

lacked statistical significance, suggesting that the radiomics model can yield predictive




results comparable to those of the clinical-radiologic model. Furthermore, the combined
model outperformed the clinical-radiologic model in the training and validation
cohorts, indicating the pivotal role of radiomics in predicting HCC within the context of
liver cirrhosis (Table 4). For patient stratification, the maximum Youden index of the
combined model was used as the optimal cut-off value (0.53), categorising patients into
ER high-risk and low-risk groups. Subsequently, K-M curve analysis was employed to
stratify patients” OS. The results demonstrated a significant difference in the OS
between patients in ER high-risk and low-risk groups.

Previous studies have reported that peritumoural enhancement and tumour
capsule are predictive factors for postoperative HCC recurrence[23,25]. This association
might stem from the correlation between peritumoural enhancement, tumour capsule,
and microvascular invasion (MVI) in HCCI?¢l. Numerous studies have consistently
identified MVI as an independent risk factor for early recurrence and unfavourable
prognosis after HCC surgery[27,28]. Additionally, GGT has been identified as a
predictive factor for adverse outcomes after HCC[29,30]. Our study findings, indicating
GGT, tumour capsule, and peritumoural enhancement as independent risk factors for
ER of HCC, align with previous studies. However, predicting the ER of HCC solely
based on clinical-radiologic factors remains suboptimal (AUC 0.701). Therefore, there is
a need for a more precise and convenient method to predict patient outcomes.
Radiomics, an emerging imaging analysis approach, uses data mining algorithms to
extract features from existing medical images. Subsequently, statistical analysis tools are
employed to analyse high-throughput imaging features, providing predictive or
prognostic information!'l. Prior to this study, radiomics has been widely used for
predicting the diagnosis and prognosis of HCC[31-33]. Notably, delta-radiomics has
demonstrated the ability to establish models with high performance. In a study by Xia et
al, a hybrid model combining clinical-radiologic features and delta-radiomics predicted
MVI with AUC values of 0.86 and 0.84 in the internal and external validation cohorts,
respectively. This model also effectively classified the ER-free rate and OS[3l. Another

study by Liu ef al developed a model based on the AP-TP 5 signal for OS in patients




with HCC, achieving AUC values between 0.774-0.837 in the training cohort and 0.754-
0.810 in the validation cohort for 1-3year predictionsl®l. Unlike previous studies that
primarily discussed the ER of HCC with cirrhosis, previous solely using clinical datal3],
our study not only addressed this issue but also incorporated radiomics and compared
it with clinical-radiologic features. Ultimately, a combined model with an AUC of 0.790
in the validation cohort was developed.

Past studies often compared clinical-radiologic models, radiomics models, and
combined models using the same machine learning methods!¥l. However, the optimal
models corresponding to different features might vary. To address this issue, our study
employed five different machine learning methods and compared the best models
corresponding to each feature using specific algorithms, mitigating the bias introduced
by different model selections. In this study, three models were compared: one only with
tumour features (Model 1), another with tumour and residual liver features (Model 2),
and a third with tumour, residual liver, and delta-radiomics features (Model 3). The
results revealed the superior performance of Model 3, established with SVM.
Simultaneously, this algorithm was used to compare the clinical-radiologic, radiomics,
and combined models. The outcomes demonstrated that the combined model,
established by KNN exhibited the best performance. This approach allows for a more
accurate assessment of the various models’ performance and enables the selection of the
most suitable model for predicting the prognosis of HCC.

However, it is crucial to acknowledge certain limitations in our study. First, being a
retrospective study, the possibility of selection bias could not be eliminated. Second, the
study was conducted solely at a single centre, and conducting a multicentre validation
study would enhance the reliability of the results. Therefore, it is expected that future
studies will involve a multicentre prospective study to validate our findings. Third, the
primary aetiology among patients with cirrhosis in our study was hepatitis B and C.
Consequently, further verification of the model established by us is warranted in HCC
patients with cirrhosis caused by other factors. Fourth, from a machine learning

perspective, the sample size in this study is relatively small. Consequently, ongoing




efforts will involve the inclusion of new samples to continually train and validate our
model. Fifth, in our study, manual delineation was still employed, proving to be time-
consuming and resource-intensive. Although attempts were made to employ deep
learning networks for training tools to automatically segment the liver and tumour, the
results were not sufficiently accurate, primarily due to the limitation of a small sample
size. Moving forward, the plan is to expand the sample size to train a deep learning
network model capable of fully automating the segmentation of the patient's tumour

and the residual liver.

CONCLUSION

In this study, the combined_model for predicting the ER of HCC was constructed
using KNN. The AUC values were 0.844 and 0.790 in the training and validation
cohorts, respectively. The K-M curves demonstrated that the outcomes predicted by the
combined model could correctly stratify patients” OS. The prospective application of
this model in clinical practice holds promise for delivering precise, individualised

guidance for patient prognosis.

ARTICLE HIGHLIGHTS

esearch background
Hepatocellular carcinoma (HCC) ranks as the sixth most prevalent tumour and stands
as the third leading cause of cancer-related deaths globally. Liver cirrhosis emerges as
the primary risk factor for HCC, affecting nearly 90% of patients with HCC to varying
degrees. The prognosis for HCC with cirrhosis remains poor, primarily attributable to

the elevated recurrence rates.

Research motivation
Individuals with HCC in the background of cirrhosis frequently experience higher

recurrence rates compared to patients with HCC in a non-cirrhotic liver. Therefore, the




purpose of our study was to establish a model that could predict early recurrence (ER)

of HCC within the context of cirrhosis.

éesearch objectives
To develop a machine learning model to predict the ER of post-hepatectomy HCC in
patients with cirrhosis and stratify patients” overall survival (OS) based on the

predicted risk of recurrence.

Research methods

In this retrospective study, 214 HCC patients with cirrhosis who underwent curative
hepatectomy were examined. Radiomics feature selection employed the least absolute
shrinkage and selection operator and recursive feature elimination. Clinical-radiologic
features were selected through univariate and multivariate logistic regression analyses.
Five mac‘ﬂ"ne learning methods were used for model comparison and optimal model
selection. The area under the receiver operating characteristic curve (AUC), calibration,
and decision curve analysis were used to evaluate the model’s performance. The
Kaplan-Meier (K-M) curve was used to assess the model’s stratification effect on

patient OS.

Research results

The optimal performance in predicting ER of HCC within the context of cirrhosis was
observed in a model that integrated radiomics features and clinical-radiologic features.
This model attained an AUC of 0.844 in the training cohort and 0.790 in the validation
cohort. K-M curves demonstrated that the combined model not only allowed for risk

stratification but also exhibited significant discrimination in patients' OS.

Research conclusions




The combined model that integrates radiomics and clinical-radiologic characteristics
achieved excellent performance in patients with HCC with a background of cirrhosis.

K-M curves assessing OS revealed statistically significant differences.

Research perspectives
Given the significant impact of ER on the prognosis of HCC in patients with cirrhosis,
accurately predicting such recurrence is paramount. The study aims to investigate the

prediction of ER in HCC with cirrhosis using enhanced computed tomography

radiomics.
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