
WJG https://www.wjgnet.com 5341 August 28, 2021 Volume 27 Issue 32

World Journal of 

GastroenterologyW J G
Submit a Manuscript: https://www.f6publishing.com World J Gastroenterol 2021 August 28; 27(32): 5341-5350

DOI: 10.3748/wjg.v27.i32.5341 ISSN 1007-9327 (print) ISSN 2219-2840 (online)

MINIREVIEWS

Application of artificial intelligence in preoperative imaging of 
hepatocellular carcinoma: Current status and future perspectives

Bing Feng, Xiao-Hong Ma, Shuang Wang, Wei Cai, Xia-Bi Liu, Xin-Ming Zhao

ORCID number: Bing Feng 0000-
0003-1080-9551; Xiao-Hong Ma 
0000-0002-9048-8374; Shuang Wang 
0000-0001-9241-2018; Wei Cai 0000-
0002-6273-3678; Xia-Bi Liu 0000-
0003-1633-0648; Xin-Ming Zhao 
0000-0001-7286-771X.

Author contributions: Feng B 
performed literature review and 
drafted the manuscript; Cai W 
contributed to data collection of the 
study; Wang S, Liu XB, and Zhao 
XM reviewed the manuscript; Ma 
XH contributed to conception and 
design of the study, and critically 
revised this manuscript; all authors 
have read and approved the final 
manuscript.

Supported by CAMS Innovation 
Fund for Medical Sciences 
(CIFMS), No. 2016-I2M-1-001; 
PUMC Youth Fund, No. 
2017320010; Chinese Academy of 
Medical Sciences (CAMS) Research 
Fund, No. ZZ2016B01; Beijing 
HopeRun Special Fund of Cancer 
Foundation of China, No. 
LC2016B15; and PUMC 
Postgraduate Education and 
Teaching Reform Fund, No. 
10023201900303.

Conflict-of-interest statement: The 
authors declare no conflict of 
interests for this article.

Open-Access: This article is an 
open-access article that was 

Bing Feng, Xiao-Hong Ma, Shuang Wang, Wei Cai, Xin-Ming Zhao, Department of Diagnostic 
Radiology, National Cancer Center/National Clinical Research Center for Cancer/Cancer 
Hospital, Chinese Academy of Medical Sciences and Peking Union Medical College, Beijing 
100021, China

Xia-Bi Liu, Beijing Laboratory of Intelligent Information Technology, School of Computer 
Science and Technology, Beijing Institute of Technology, Beijing 100081, China

Corresponding author: Xiao-Hong Ma, MD, Associate Professor, Doctor, Department of 
Diagnostic Radiology, National Cancer Center/National Clinical Research Center for 
Cancer/Cancer Hospital, Chinese Academy of Medical Sciences and Peking Union Medical 
College, No. 17 Panjiayuan Nanli, Chaoyang District, Beijing 100021, China.  
maxiaohong@cicams.ac.cn

Abstract
Hepatocellular carcinoma (HCC) is the most common primary malignant liver 
tumor in China. Preoperative diagnosis of HCC is challenging because of atypical 
imaging manifestations and the diversity of focal liver lesions. Artificial 
intelligence (AI), such as machine learning (ML) and deep learning, has recently 
gained attention for its capability to reveal quantitative information on images. 
Currently, AI is used throughout the entire radiomics process and plays a critical 
role in multiple fields of medicine. This review summarizes the applications of AI 
in various aspects of preoperative imaging of HCC, including segmentation, 
differential diagnosis, prediction of histo-pathology, early detection of recurrence 
after curative treatment, and evaluation of treatment response. We also review the 
limitations of previous studies and discuss future directions for diagnostic 
imaging of HCC.

Key Words: Hepatocellular carcinoma; Radiomics; Artificial intelligence; Diagnosis; 
Treatment; Recurrence
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Core Tip: Hepatocellular carcinoma (HCC) threatens human health because of its high 
morbidity and recurrence rates. Patients with HCC may benefit from early diagnosis, 
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timely treatment, and appropriate follow-up strategies. In the era of big data, artificial 
intelligence (AI) provides critical information regarding the diagnosis, treatment, and 
prognosis of HCC. We herein discuss the role of AI in the following aspects of preope-
rative imaging: Segmentation, differential diagnosis, prediction of histopathology, 
early detection of recurrence after curative treatment, and evaluation of treatment 
response.
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INTRODUCTION
Hepatocellular carcinoma (HCC), which most often arises from chronic hepatitis B 
virus infection, is one of the main causes of cancer-related deaths worldwide, partic-
ularly in China[1]. HCC presents with characteristic radiological features and can be 
diagnosed without biopsy. Imaging is therefore crucial for diagnosis and management. 
Computed tomography (CT) is the most widely used method for HCC diagnosis, 
although magnetic resonance imaging (MRI) is the optimal diagnostic modality, owing 
to its multi-parameter imaging techniques. However, even with the application of 
dynamic contrast-enhanced MRI (DCE-MRI), the imaging diagnosis of HCC is 
challenging because of atypical imaging manifestations and liver tumor diversity.

A single clinical image contains a large amount of quantitative information that can 
provide crucial data for diagnostic and treatment purposes. This information can be 
processed using innovative methods. Radiomics has recently gained attention for its 
potential to further analyze images. It allows for the extraction of a large amount of 
quantitative objective data included in radiological images that could be explored for 
determining underlying biological processes[2]. The workflow of a radiomics study 
generally includes five stages: Image acquisition, segmentation, feature extraction, 
exploratory analysis, and modeling[3] (Figure 1). Every stage is closely related to 
artificial intelligence (AI). The concept of AI was first advocated in 1955 by McCarthy 
et al[4], who described AI as a computer program that attempts to simulate human 
cognitive functions. AI can learn and solve problems to improve itself.

Machine learning (ML) is at the core of AI and involves various techniques, such as 
artificial neural networks, support vector machines (SVM), and random forest (RF). 
Deep learning (DL) is an important branch of ML, and convolutional neural networks 
(CNNs) are a type of DL algorithm. The relationships among AI, ML, and DL are 
described in Figure 2. With technological advances and the use of AI, radiomics has 
rapidly developed in recent years, and all radiomics techniques have now been 
utilized in studies within the medical field. This review focuses on the application of 
AI for HCC imaging, including segmentation, differential diagnosis, prediction of 
histopathology, early detection of recurrence after curative treatment, and evaluation 
of treatment response.

SEGMENTATION OF HCC LESIONS
Although HCC segmentation is challenging, it is crucial for various medical imaging 
analyses. Manual and semi-manual segmentation are time-consuming and susceptible 
to interobserver variability, which might in turn lead to the biased results. In contrast, 
automatic segmentation based on an AI algorithm is more repeatable and efficient. 
CNNs have been successfully applied for the automatic segmentation of hepatic 
lesions in both CT and MRI. Chlebus et al[5] figured out a CNN model for the 
automatic segmentation of liver tumors on CT; however, with respect to tumor 
detection, the model performed poorly compared with human performance. 
Bousabarah et al[6] established a DL algorithm to automatically delineate the liver and 
HCC lesions on MRI. The model was a combination of a deep CNN, RF, and 
thresholding. The mean dice similarity coefficient between the DL model and manual 
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Figure 1  The five stages of a radiomics study where artificial intelligence can play a role.

Figure 2  Relationship of artificial intelligence, machine learning, and deep learning.

segmentation was 0.64/0.68 (validation/test) for tumor segmentation and 0.91/0.91 
for liver segmentations. Current methods do not achieve a comparably high level of 
performance in liver imaging for automatic tumor segmentation. This may be due to 
the heterogeneity of the liver parenchyma and the tumor itself. Larger datasets will be 
required to improve the accuracy of DL algorithms and will ensure optimal sensitivity 
and specificity.

DIFFERENTIAL DIAGNOSIS
Imaging-based differential diagnosis improves the accuracy of diagnosis. For HCC, the 
primary diagnostic modalities are CT and MRI. Radiomics with AI has been gradually 
applied in clinical research, as it can provide quantitative information, including 
additional differential characteristics not yet recognized in current radiological 
diagnosis. This could, in turn, help less-experienced radiologists diagnose focal liver 
lesions more accurately. Table 1 summarizes the studies on the differential diagnosis 
of HCC with AI.

CT
Some studies have applied conventional ML algorithms for the differentiation of liver 
masses. In the non-cirrhotic liver, Nie et al[7,8] reported CT-based radiomics 
nomograms for the preoperative differentiation of HCC from hepatocellular adenoma 
(HCA) and focal nodular hyperplasia (FNH). It showed good discrimination 
capability, with an area under the curve (AUC) of 0.96/0.94 and 0.979/0.917 (tra-
ining/validation) for differentiating HCC from HCA and FNH, respectively. In 
patients with cirrhosis, ML techniques could classify indeterminate liver nodules as 
HCC or non-HCC based on triphasic CT scans, with an AUC of 0.70/0.66 (tra-
ining/validation)[9]. Ponnoprat et al[10] developed an ML method to differentiate 
between HCC and intrahepatic cholangiocarcinoma (ICC), the two most common 
malignant liver tumors, based on multi-phase CT. They reported an 88% accuracy in 
HCC-ICC classification. DL with CNN for the differential diagnosis of liver lesions 
also showed relatively high diagnostic capability, reaching an AUC of 0.86-0.99[11-13].



Feng B et al. AI in preoperative imaging of HCC

WJG https://www.wjgnet.com 5344 August 28, 2021 Volume 27 Issue 32

Table 1 Summary of studies on differential diagnosis of hepatocellular carcinoma

Ref. Aim of the study Modality Patients Method AUC of the final 
model

Nie et al[7] Differentiation between HCC and HCA CT 131 ML T: 0.96, V: 0.94

Nie et al[8] Differentiation between HCC and FNH CT 156 ML T: 0.979, V: 0.917

Mokrane et al[9] Differentiation between HCC and non-HCC 
nodules

CT 178 ML T: 0.70, V: 0.66

Ponnoprat et al[10] Differentiation between HCC and ICC CT 257 ML NA

Shi et al[11] Differentiation of HCC from other FLLs CT 342 DL 0.925

Yasaka et al[12] Liver mass classification CT 560 DL 0.92

Cao et al[13] FLL classification CT 375 DL V: 0.88-0.99

Jiang et al[14] Comparing the diagnostic accuracies of 
EASL (v2018), LI-RADS criteria, and 
radiomics models for HCC

MRI 211 ML T: 0.861, V: 0.810

Zhen et al[15] Classification of liver tumors MRI 1411 DL 0.963-0.998

Liu et al[16] Differentiation of cHCC-CC from CC and 
HCC

MRI 85 ML 0.77

Huang et al[17] Diagnosis of DPHCC MRI 100 ML 0.784 

Jian et al[18] Characterization of HCC MRI 112 DL NA

Wu et al[19] Classification of HCC and hepatic 
hemangioma

MRI 369 ML T: 0.86, V: 0.89

T: Training cohort; V: Validation cohort; NA: Not available; AUC: The area under the receiver operating characteristic curve; ML: Machine learning; DL: 
Deep learning; HCC: Hepatocellular carcinoma; HCA: Hepatocellular adenoma; FNH: Focal nodular hyperplasia; ICC: Intrahepatic cholangiocarcinoma; 
cHCC-CC: Combined hepatocellular cholangiocarcinoma; CC: Cholangiocarcinoma; DPHCC: Dual-phenotype hepatocellular carcinoma; FLL: Focal liver 
lesion.

MRI
MRI can provide more comprehensive information for differential diagnosis than CT 
because of its multi-parameter techniques and various tissue contrast mechanisms. 
Accurate diagnosis of HCC remains a challenge because of liver tumor diversity and 
relies on the experience of radiologists. Jiang et al[14] established a radiomics signature 
from multi-sequence MRI using the least absolute shrinkage and selection operator 
(LASSO) model and multivariate logistic regression analysis. The AUC of the 
radiomics signature was 0.810. It showed a comparable accuracy with the LI-RADS 
(0.841) and EASL criteria (0.811) for HCC diagnosis. Zhen et al[15] used CNNs to 
develop a DL model to classify liver tumors based on MR images. The CNN model 
combined with clinical data performed well in identifying HCC (AUC, 0.985; 95%CI: 
0.960-1.000), metastatic tumors (AUC, 0.998; 95%CI: 0.989-1.000), and other primary 
malignancies (AUC, 0.963; 95%CI: 0.896-1.000). Some researchers have also applied ML 
algorithms to the differential diagnosis of primary liver cancer subtypes. Liu et al[16] 
reported an ML analysis of MRI radiomics features for the differentiation of combined 
hepatocellular cholangiocarcinoma (cHCC-CC) from HCC and cholangiocarcinoma. 
The model showed acceptable performance, with an AUC of 0.77. Huang et al[17] 
created a radiomics signature from Gd-EOB-DTPA-enhanced MRI for the diagnosis of 
dual-phenotype HCC (DPHCC). They used LASSO and four classifiers: Multi-layer 
perceptron, SVM, logistic regression, and K-nearest neighbor. The combination of 
different phases and classifiers achieved the best performance in the preoperative 
diagnosis of DPHCC. ML and DL algorithms can also be used in non-contrast MRI to 
increase the diagnostic accuracy of HCC[18,19]. This is beneficial for patients who 
cannot receive contrast injections.

CT- or MRI-based ML and DL models have demonstrated promising predictive 
performance and have reached a high level of accuracy similar to that of experienced 
radiologists. Accurate preoperative diagnosis of focal liver lesions can help clinicians 
make proper decisions, optimize patient management, and improve patient prognosis.



Feng B et al. AI in preoperative imaging of HCC

WJG https://www.wjgnet.com 5345 August 28, 2021 Volume 27 Issue 32

PREOPERATIVE PREDICTION OF HISTOPATHOLOGY
Grade
Histological grade represents the biological behavior and aggressiveness of tumors. 
The high recurrence rate of HCC is associated with its pathological grade. The 
pathological grade of HCC determined using imaging may provide valuable 
prognostic information. Mao et al[20] developed an ML model based on contrast-
enhanced CT for preoperative prediction of the pathological grade of HCC. The model 
achieved an AUC of 0.8014 when combined with clinical factors. The radiomics 
signature based on T1WI, T2WI, and DCE-MRI was also found to be significantly 
related to the histopathological grade of HCC[21,22]. Yang et al[22] proposed a DL 
model with a multichannel fusion three-dimensional CNN (3D-CNN) based on DCE-
MR to differentiate among pathological grades. The model reached an average 
accuracy of 0.7396 ± 0.0104. Thus, further improvements are needed to achieve better 
diagnostic performance of radiomics models for histological grade.

Microvascular invasion 
In addition to predicting the HCC grade, the prediction of microvascular invasion 
(MVI) has also become a common topic of study. MVI status is a crucial factor 
influencing treatment selection and follow-up planning; thus, it must be determined 
preoperatively[23,24]. Some studies have tried to predict MVI before surgery using 
radiological images and clinical factors. They found that MVI was closely related to 
several factors. Some studies used LASSO to construct radiomics signatures from CT 
and MRI and developed models with various conventional ML algorithms for the 
preoperative prediction of MVI[25-27]. The results showed favorable predictive 
accuracy for MVI status in HCC patients, especially when combined with clinical 
factors[28,29]. Jiang et al[30] figured out a CT-based model using eXtreme Gradient 
Boosting and DL algorithm with 3D-CNN to predict MVI preoperatively. The 3D-
CNN model demonstrated high diagnostic capability, with an AUC of 0.980/0.906 
(training/validation). However, different dimensionality reduction and modeling 
methods affect the diagnostic performance of the final models. Ni et al[31] 
retrospectively analyzed 206 HCC cases to explore the best radiomic-based diagnostic 
model. The LASSO + GBDT method showed better performance than the other 
methods, when the threshold probability was more than 0.22.

MVI usually occurs in the peritumoral region, but it is unclear whether including 
the features of the peritumoral region could improve predictive capability. Nebbia et al
[32] developed an ML model for preoperative prediction of MVI status using 
multiparametric MRI. They found that radiomics features extracted from the tumor 
region had good diagnostic performance, with an AUC of 0.867. Radiomics features 
from the peritumoral region also showed an association with MVI; however, the AUC 
was slightly lower than that of intratumoral radiomics features. Although peritumoral 
enhancement pattern is reported to be a good predictor of MVI status[33], the 
usefulness of the features extracted from peritumoral regions for predicting MVI 
status needs further evaluation in larger populations.

Molecular profiling 
HCC originates from hepatocytes and/or hepatic progenitor cells and can express 
various molecular phenotypes[34]. As such, prognosis varies even among patients 
with the same pathological grade. Molecular profiling is an important modality that 
may reflect the biological behavior and invasiveness of tumors. Several studies have 
used ML methods to identify the molecular phenotypes of HCC preoperatively. CK19 
is a biliary-specific marker, and CK19 positivity is associated with a poor posto-
perative prognosis in HCC[35,36]. In a recent study, the radiomics signature derived 
from gadoxetic acid–enhanced MRI was used to predict CK19 status in HCC. The final 
model combined the radiomics signature and clinical factors and achieved a sensitivity 
of 0.818/0.769 (training/validation) and specificity of 0.974/0.818 (training/vali-
dation)[37].

Glypican 3 (GPC3), a type of heparan sulfate proteoglycan, is located on the cell 
surface. Previous studies have found that GPC3 is closely associated with 
postoperative metastasis and recurrence in patients with HCC[38]. Furthermore, GPC3 
is considered a potential immunotherapeutic target for HCC therapy, especially in 
patients with unresectable HCC. Gu et al[39] constructed a radiomics signature from 
MRI and achieved good predictive efficacy, with an AUC of 0.879/0.871 (tra-
ining/validation). Combining the radiomics signature with α-fetoprotein levels further 
improved the predictive performance, with an AUC of 0.926/0.914 (train-
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ing/validation). Another molecular biomarker of HCC is the Ki-67 index. A high Ki-67 
index is related to early recurrence and poor prognosis, thus making it a potential 
indicator of tumor aggressiveness. Recent studies have reported that the Ki-67 status 
can be predicted preoperatively using CT and MRI[40,41]. Prediction of molecular 
phenotypes via preoperative imaging can aid in the selection of individualized 
therapeutic strategies.

PREDICTION OF TREATMENT RESPONSE AND EARLY RECURRENCE 
AFTER CURATIVE TREATMENT 
Individualized medical care depends on accurate risk stratification systems. These 
systems help select the proper treatment and evaluate treatment response. 
Pretreatment imaging acts as an important role in predicting the effects of treatment, 
helping clinicians choose the best individualized treatment strategy for patients.

Early recurrence, that is, recurrence within 1-2 years after resection or ablation, is a 
strong influencing factor of poor prognosis in patients with HCC. A radiomics 
nomogram derived from preoperative CT and MRI was established to predict early 
recurrence after surgery or curative ablation in HCC patients[42,43]. The radiomics 
nomogram comprising both the radiomics score and clinicoradiological risk factors 
demonstrated good performance, with an AUC of 0.785-0.844[44,45]. Prediction of 
early recurrence is critical for planning follow-up surveillance strategies and 
determining the necessity of further interventions after curative treatment. Wang et al
[46] proposed a DL-based radiomics approach from multi-phase CT images to predict 
the early recurrence of HCC; it achieved an AUC of 0.825. Unfortunately, image-based 
radiomics models for early recurrent HCC have poor reproducibility among medical 
centers[47], limiting their application in clinical practice.

GUIDANCE OF TREATMENT SELECTION
Trans-arterial chemoembolization 
Patients with unresectable HCC can undergo trans-arterial chemoembolization 
(TACE), local radiofrequency ablation, and systemic treatment with sorafenib. ML or 
DL models based on pretreatment CT or MRI have been recently considered as 
potential tools for predicting treatment response to TACE for HCC[48,49]. Morshid et 
al[50] used pretreatment quantitative CT image features and clinical factors to develop 
an ML model to predict treatment response to TACE; the model had an accuracy of 
74.2%. Abajian et al[51] used MR imaging and clinical data to create an AI model for 
the prediction of TACE treatment response; the model had an overall accuracy of 78%. 
Similar results were obtained in other studies, confirming the usefulness of radiomics 
features extracted from pretreatment CT or MRI for the prediction of tumor response 
to TACE[52-54]. Peng et al[55] described a DL model of a residual CNN to predict the 
treatment response to TACE for HCC. The final model had a high accuracy in 
predicting four different therapy response types (complete response, partial response, 
stable disease, and progressive disease). Thus, it could help clinicians identify patients 
who will optimally benefit from TACE.

Immunotherapy
Immunotherapy has been shown to be a promising treatment for HCC; however, 
treatment response to immunotherapy remains low[56-58]. Therefore, it is necessary 
for clinicians to identify which patients will respond to immunotherapy. Treatment 
response to immunotherapy is highly dependent on the immune status of the tumor
[59]. Tumor immunoprofiling is thus important in predicting its effect. A contrast-
enhanced CT-based Rad score developed using the ML algorithm showed high 
predictive power for CD8+ T-cell infiltration, which is associated with the immuno-
therapy response[60]. Hectors et al[61] reported that MRI radiomics features were 
correlated with various immunohistochemical cell markers and the expression of 
certain immunotherapy targets. Chen et al[62] used clinical data and intratumoral and 
peritumoral radiomics features to build an ML model from Gd-EOB-DTPA-enhanced 
MRI. The model showed excellent performance in predicting the immunoscore, with 
an AUC of 0.926 (95%CI: 0.884-0.967). Collectively, these findings indicated that 
radiomics features extracted by ML methods might serve as noninvasive predictors of 
the immune characteristics of HCC and assist physicians in identifying patients who 
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will benefit from immunotherapy.

LIMITATIONS
The application of AI in different fields of medical research has demonstrated 
promising results; however, there are some limitations. First, nearly all the research 
was retrospective and included a relatively small sample size. Therefore, the 
performance of these predictive models should be validated in larger, multicenter, and 
prospective studies. Second, the predictive models had limited reproducibility for 
application in clinical practice, and image heterogeneity might be a significant 
influencing factor. Third, the AI calculation algorithm requires specialized software 
packages, leading to increased medical costs. The workflow includes imaging acqui-
sition, segmentation, feature extraction, exploratory analysis, and modeling, making it 
complex and diverse, further limiting its clinical application.

While AI and radiomics have proven useful in various aspects of HCC, the 
underlying mechanisms have not been clearly stated, such as pathological correlation 
and relationship between radiomics and genomics. More research is needed to explore 
the relationships among imaging, pathophysiology, and prognosis.

CONCLUSION
AI has been applied in many studies on preoperative imaging of HCC. It can extract a 
large amount of quantitative information from images and reflect pathophysiological 
processes. Diagnostic and predictive models using AI algorithms have demonstrated 
promising results in the fields of segmentation, differential diagnosis, prediction of 
histology, and guidance for treatment selection. However, considering the limitations 
and complexity of AI, additional research is needed before it can be widely used in 
clinical practice. Some specific issues, such as reproducibility, heterogeneity of 
imaging acquisition, and lack of external multicenter validation, need to be considered. 
Further research will be crucial in improving the accuracy and reproducibility of 
diagnostic and predictive models, enabling their application for individualized 
treatment in patients with HCC.
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