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ARTICLE INFO ABSTRACT
Keywords: Background: Previous studies mostly use single-type features to establish a prediction model. We
Artificial intelligence aim to develop a comprehensive prediction model that effectively identify patients with poor

Hepatocellular carcinoma

» ! prognosis for single hepatocellular carcinoma (HCC) based on artificial intelligence (AI). Patients
rognosis

and methods: 236 single HCC patients were studied to establish a comprehensive prediction
model. We collected the basic information of patients and used AI to extract the features of
magnetic resonance (MR) images.

Results: The clinical model based on linear regression (LR) algorithm (AUC: 0.658, 95%CI:
0.5021-0.8137), the radiomics model and deep transfer learning (DTL) model based on light
gradient-boosting machine (Light GBM) algorithm (AUC: 0.761, 95%CI: 0.6326-0.8886 and AUC:
0.784, 95%CI: 0.6587-0.9087, respectively) were the optimal prediction models. A comparison
revealed that the integrated nomogram had the largest area under the receiver operating char-
acteristic curve (AUC) (all P < 0.05). In the training cohort, the integrated nomogram was pre-
dictive of recurrence-free survival (RFS) as well as overall survival (OS) (C-index: 0.735 and
0.712, P < 0.001). In the test cohort, the integrated nomogram also can predict RFS and OS (C-
index: 0.718 and 0.740, P < 0.001) in patients.

Conclusion: The integrated nomogram composed of signatures in the prediction models can not
only predict the postoperative recurrence of single HCC patients but also stratify the risk of OS
after the operation.

1. Introduction

HCC is the most common primary liver cancer [1], and its morbidity and mortality rates are among the highest worldwide [2].
Surgical resection is the first-line treatment currently for patients with early HCC [3]. Advanced HCC or those who are inoperable due
to other factors, liver transplantation, radiofrequency ablation, targeted therapy, or immunotherapy is still available [4,5]. However,
the survival benefits of the patients are not well improved. Therefore, improving the survival benefits of HCC patients is still one of the
challenges in current medicine.
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With the completion of the human genome project, the concepts of precision oncology and personalized medicine were born [6].
HCC is a highly genetically heterogeneous tumor [7], which reduces the value of genomic analysis to some extent. Genomic analysis is
based on surgical tumor specimens or invasive biopsies. Due to factors such as repeatability and safety, it is difficult to promote and
popularize genomic analysis in clinical practice. Radiomics has arisen because of its ability to optimize existing imaging resources. At
present, there are no unified definitions of radiomics. It generally means the high-throughput extraction of quantitative features from
medical images and further analysis of the extracted features by specific algorithms, to develop prediction models for clinical diag-
nosis, efficacy evaluation after treatment, prognosis, and other clinical decisions [8]. According to the radiomics hypothesis, the
imaging presentation of the tumor contains information reflecting the underlying pathophysiology [9]. Some scholars pointed out that
the radiological characteristics are highly correlated with the heterogeneity index [10]. As a non-invasive, relatively safe, and highly
repeatable examination method, imaging examination has been widely accepted by patients. For patients with HCC, non-invasive MR
imaging examination is of great significance. Because the clinical diagnosis of HCC can be carried out without relying on invasive
histopathological examination.

At present, solving complex problems through interdisciplinary cooperation has become the mainstream. The application of Al in
medical field is helpful to form research results with practical guiding significance [11]. Deep learning and machine learning
commonly used in medical study belong to the Al, a branch of computer science [12]. In the medical field, deep learning has been
extensively used recently. Among them, the depth convolutional neural network (DCNN) is an artificial neural network widely used in
deep learning, which is usually used for image recognition [13]. The DCNN can automatically extract and learn the deep features of the
input data without manual design [14]. Al is likely to improve the comprehensive management of HCC by improving the accuracy of
diagnosis, prognosis, and risk prediction of HCC [15]. There are some scholars have successfully established models to distinguish HCC
from other space-occupying lesions based on AI [16-18]. Deep learning based on MR images can be used to evaluate the microvascular
invasion (MVI) of HCC [19-21], and the grading of HCC before operation [22,23]. Studies have shown that it is effective to develop a
prediction model to predict the prognosis of HCC based on MR imaging radiomics [24]. Some scholars have successfully predicted the
recurrence of HCC after treatment using deep learning analysis of baseline MR images characteristics [25]. And there are some scholars
have established nomograms based on deep learning to predict the postoperative recurrence of HCC [26].

However, previous studies mostly focused on the prediction of the outcome based on single-type features, and few studies
established prediction models based on comprehensive clinical features, radiomics features, and DTL features. Based on the above, we
attempted to establish a comprehensive prediction model capable of predicting the prognosis of the single HCC using Al Therefore, we
aim to develop a comprehensive predictive model that effectively identifies patients with poor prognosis after curative surgery for the
single HCC.

2. Material and methods
2.1. Patient population

Our research has been reviewed and approved by the Hospital Ethics Committee. Patients with a single HCC who visited our
hospital from May 2017 to July 2018 were selected. According to the following inclusion and exclusion criteria, a total of 236 patients
were included. Inclusion criteria: (1) patient diagnosed with HCC by histopathology; (2) patient undergoing curative hepatectomy; (3)
patient with single HCC. Exclusion criteria: (1) patient under 18 years old; (2) patient with transferred liver cancer; (3) patient with
other malignant tumors; (4) patient with severe cardiac, pulmonary, hepatic, and renal insufficiency; (5) patient without enhanced MR
imaging examination of the liver; (6) patient with preoperative anti-tumor therapy. Our follow-up ended in May 2023. The follow-up
methods were the hospital’s electronic medical record system and telephone. Recurrence was defined as a recurrence of the tumor
diagnosed on imaging.

2.2. MR images acquisition and tumor segmentation

Preoperative MR images of all enrolled patients were downloaded from the hospital’s imaging system. The tumor region seg-
mentation process of each MR image was performed twice by a radiologist with more than 10 years of work experience at different
times to reduce the segmentation error. First, the unenhanced phase, arterial phase, portal venous phase, and delayed phase of the MR
images were selected. And then the maximum tumor area layer was determined in the images of each phase. Finally, the contour edges
of the tumors were manually drawn using 3D-Slicer software to obtain the region of interest (ROI).

2.3. Statistical analysis

See the supplementary document 1 for the method of comparing the differences of variables. To identify the independent clinical
predictors of 5-year recurrence in HCC patients after the operation, we use the univariate and multivariate logistic regression. The
clinical features with a P value < 0.05 were selected as the final features for the construction of the clinical model. We adopt four
methods as the means of feature screening, namely Spearman’s rank correlation coefficient, intraclass correlation coefficient (ICC), T-
test, and the least absolute shrinkage and selection operator (LASSO). Evaluation of prediction performance of prediction model by the
accuracy, sensitivity, specificity, negative predictive value (NPV), positive predictive value (PPV), and AUC. Evaluation of calibration
efficiency of prediction model by the Calibration curves and Hosmer-Lemeshow test. In addition, the decision curve analysis (DCA) was
used to evaluate the clinical practicability of the prediction model. The differences between the AUC were examined by the DeLong
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test. The survival curve of RFS and OS is identified by Kaplan-Meier analysis, and the differences are compared by the log-rank test.
Statistical analysis was performed using Python (version 3.7), MedCalc (version 20.0), and SPSS (version 25.0). P < 0.05 was
considered statistically significant.

3. Result

The total number of eligible patients we enrolled was 236. There are 206 males and 30 females. The median follow-up time was
61.75 months (range 8.9-73.9). A total of 158 subjects had a postoperative recurrence until the end of the follow-up. The 1-, 3-, and 5-
year OS was 98.7 %, 76.7 %, and 55.1 %, respectively. Two patient cohorts of a training cohort and a test cohort were established by
random allocation in a 3:1 allocation ratio (supplementary document 2 and Table S1).

See supplementary document 3 for the calculation method of inflammatory markers and non-invasive scoring systems. Table S2
shows that gender, liver cirrhosis, MVI status, total bilirubin, alkaline phosphatase, albumin-bilirubin (ALBI), and y-glutamyl
transpeptidase-to-lymphocyte ratio (GPR) were associated with 5-year recurrence in the training cohort (P < 0.05). Tumor diameter,
alanine aminotransferase (ALT) and aspartate aminotransferase (AST) were associated with 5-year recurrence in the test cohort (P <
0.05).

In the training cohort, the P < 0.05 variables in the univariate logistic regression were gender, liver cirrhosis, MVI status,
neutrophil-to-lymphocyte ratio (NLR), and ALBI, which were included in the multivariate logistic regression. Ultimately, we concluded
that the three clinical features of gender, liver cirrhosis, and MVI status were risk factors for postoperative recurrence in patients with
single HCC (all P < 0.05, Table 1).

Different acquisition protocols may cause differences in the distances between different voxels in the MR images. The pixels of the

Table 1
Univariate and multivariate logistic analysis in training cohort.

Variable Univariate analysis Multivariate analysis
OR (95%CI) P OR (95%CI) P

Gender (female) 0.367 (0.153-0.880) 0.025 0.376 (0.143-0.991) 0.048
Age 1.014 (0.985-1.044) 0.337
HBsAg (+) 0.728 (0.334-1.590) 0.426
TNM stage

I 1.000

I 0.911 (0.371-2.239) 0.839

111 1.082 (0.450-2.603) 0.860

v / 0.999
Liver cirrhosis (yes) 2.026 (1.070-3.834) 0.030 2.148 (1.085-4.251) 0.028
Cell differentiation

poor 1.000

moderate 1.176 (0.618-2.238) 0.620

well 1.098 (0.255-4.731) 0.900
MVI status (+) 2.948 (1.272-6.837) 0.012 3.362 (1.387-8.149) 0.007
Tumor diameter (cm) 1.112 (0.999-1.237) 0.052
AFP 1.000 0.619
WBC (*1079/L) 1.084 (0.924-1.272) 0.324
Neutrophil (*10"9/L) 1.221 (0.978-1.526) 0.078
Lymphocyte (*10"9/L) 0.883 (0.543-1.435) 0.616
Monocyte (*10"9/L) 3.154 (0.650-15.317) 0.154
Hemoglobin (g/L) 1.004 (0.985-1.022) 0.691
Platelet (*10"9/L) 0.998 (0.994-1.002) 0.282
ALT (U/L) 1.006 (0.995-1.017) 0.313
AST (U/L) 1.017 (0.996-1.038) 0.107
Albumin (g/L) 0.948 (0.880-1.022) 0.166
TBil (pmol/L) 1.064 (1.000-1.133) 0.051
ALP (U/L) 1.009 (1.000-1.019) 0.060
y-GT (U/L) 1.002 (0.999-1.006) 0.236
PT (S) 1.178 (0.832-1.669) 0.356
NLR 1.427 (1.035-1.968) 0.030 1.407 (0.988-2.003) 0.058
PLR 1.001 (0.996-1.005) 0.741
PNI 0.964 (0.913-1.019) 0.194
APRI 1.448 (0.843-2.486) 0.180
ALBI 2.640 (1.067-6.530) 0.036 1.882 (0.684-5.178) 0.221
Fib-4 1.145 (0.940-1.395) 0.178
GPR 1.567 (0.884-2.776) 0.124

OR: odd ratio, CI: confidence interval, HBsAg: hepatitis B surface antigen, TNM: tumor node metastasis, MVI: microvascular invasion, AFP: alpha-
fetoprotein, WBC: white blood cell, ALT: alanine aminotransferase, AST: aspartate aminotransferase, TBil: total bilirubin, ALP: alkaline phospha-
tase, y-GT: y-glutamyl transpeptidase, PT: prothrombin time, NLR: neutrophil-to-lymphocyte ratio, PLR: platelet-to-lymphocyte ratio, PNI: prognostic
nutritional index, APRI: aspartate aminotransferase-to-lymphocyte ratio index, ALBI: albumin-bilirubin, Fib-4: fibrosis 4 score, GPR: y-glutamyl
transpeptidase-to-lymphocyte ratio.
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rendered ROIs were adjusted using a fixed resolution (Imm x 1mm x 1 mm) before the selection of radiomics features to reduce the
impact of differences on feature extraction. The geometry features, intensity features, and texture features extracted from each ROI are
collectively referred to as handcrafted features (supplementary document 4). The entire process is based on PyRadiomics (supple-
mentary document 5), which meets the ISBI standard. We used several different radiomics algorithms (supplementary document 6).
Finally, we extracted 1834 features including 14 geometry features, 360 intensity features, and 1460 texture features from each ROIL.

In order to extract the features of DTL, the gray values for each ROI were first normalized to a minimum-to-maximum conversion in
the range of [—1, 1]. Using nearest neighbor interpolation, the cropped sub-region image is then adjusted to 224 x 224 pixels. In
addition, the cosine annealing algorithm is used to improve the generalization of the model (supplementary document 7). We select the
fine-tuned ResNet50 model as the DCNN model to extract the DTL feature, which has been pre-trained on the ImageNet ILSVRC-2012
dataset (supplementary document 8). We know that the latter layer of the general network has stronger semantic expression ability. So,
the penultimate layer, namely the avgpooling layer, is selected to extract the feature, which extracts 2048-dimensional features. To
understand the features related to model classification in ROIs, we use the gradient-weighted class activation mapping, which is also
convenient for studying the interpretability of the DTL model. It can be seen that these thermal diagrams highlight those local areas in
the particular category identified by the model (Fig. S1).

To improve the stability of the features used for recurrence prediction, avoid over-fitting of the features, and improve the
generalization of the prediction model, we have screened the extracted radiomics features and DTL features (supplementary document
9). After feature selection, different machine learning algorithms are used to establish prediction models for clinical features, the
selected radiomics features, and DTL features. We developed predictive models by several different machine learning algorithms: LR,
support vector machine (SVM), Extra-Trees, eXtreme Gradient Boosting (XG Boost), and Light GBM. To obtain a prediction model with
optimal performance, we use the Grid-Search algorithm to search for optimal hyperparameters for each machine learning algorithm.

Next, we use different machine learning algorithms to construct clinical models in the training cohort, respectively (Fig. 1a).
Similarly, for the radiomics features and DTL features selected in the training cohort, different machine learning algorithms are used to
respectively construct the radiomics models (Fig. 1b) and DTL models (Fig. 1c). Detailed results for the performance of different
predictive models using different machine learning algorithms are presented in Table S3. We uniformly selected the prediction model
with the largest AUC in the test cohort as the optimal prediction model for the postoperative recurrence of patients with HCC. The
clinical model based on the LR algorithm, the radiomics model, and the DTL model based on the Light GBM algorithm are the optimal
prediction models (Table 2). In the test cohort, the ROC curves of all prediction models are shown in Fig. S2.

To improve the prediction efficiency, we further attempted to establish a nomogram that integrates the above three models for
predicting the recurrence of HCC after surgery (Fig. 2a), and compared the individual prediction capabilities of the four predictive
models (Table S4). A comparison revealed that the integrated nomogram had the largest AUC (all P < 0.05; Table 3). The calibration
curves of the different model analyses showed the integrated nomogram had a relatively good fit in the training cohort (Fig. 2b). The
decision curves analysis both indicated that the integrated nomogram could add more benefit to patients than the clinical model,
radiomics model, and DTL model (Fig. 2¢). We also performed the DeLong test (Table S5), the calibration curves, and the decision
curves (Fig. S3) in the test cohort. Although the results were not as ideal as those in the training cohort, they were still of scientific
value.

We evaluated the predictive value of the integrated nomogram for RFS and OS in patients using Cox proportional hazards model.
High risk was defined for patients with HR > 1 and low risk for patients with HR < 1. The c-index is used to evaluate the prediction
performance (Table S6). In the training cohort, the integrated nomogram was predictive of RFS (Fig. 3a, C-index 0.735, P < 0.0001) as
well as OS (Fig. 3b, C-index 0.712, P < 0.0001). Next, we validate the integrated nomogram is still able to predict RFS (Fig. 3c, C-index
0.718, P = 0.0039) and OS (Fig. 3d, C-index 0.740, P < 0.0001) in patients in the test cohort.

4. Discussion

Many studies have shown that compared with the traditional prediction model, the prediction model constructed by Al has higher
accuracy [27,28]. Comparing to the radiomics model, some studies have pointed out that the deep learning model has better
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Fig. 1. The ROC curves of clinical models(a), radiomics models(b) and DTL models(c) in the training cohort.
ROC: receiver operating characteristic, DTL: deep transfer learning, LR: linear regression, SVM: support vector machine, XG Boost: eXtreme Gradient
Boosting, Light GBM: light gradient-boosting machine.
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Table 2

Evaluation of performance on Clinical model, radiomics model and DTL model in test cohort.
Algorithm AUC 95 % CI Accuracy Sensitivity Specificity PPV NPV
Clinical model
LR 0.658 0.5021-0.8137 0.650 0.659 0.750 0.794 0.462
SVM 0.474 0.3169-0.6318 0.717 0.976 0.188 0.714 0.750
Extra-Trees 0.612 0.4445-0.7788 0.650 0.659 0.750 0.794 0.462
XGBoost 0.658 0.5021-0.8137 0.650 0.659 0.750 0.794 0.462
Light GBM 0.626 0.4773-0.7756 0.633 0.659 0.688 0.771 0.440
Radiomics model
LR 0.721 0.5872-0.8557 0.700 0.683 0.737 0.848 0.519
SVM 0.685 0.5404-0.8306 0.650 0.561 0.842 0.885 0.471
Extra-Trees 0.729 0.5980-0.8603 0.667 0.585 0.842 0.889 0.485
XGBoost 0.653 0.5044-0.8024 0.667 0.634 0.778 0.839 0.483
Light GBM 0.761 0.6326-0.8886 0.700 0.610 0.895 0.926 0.515
DTL model
LR 0.714 0.5631-0.8644 0.783 0.878 0.579 0.818 0.687
SVM 0.701 0.5523-0.8495 0.717 0.780 0.579 0.800 0.550
Extra-Trees 0.724 0.5801-0.8679 0.750 0.829 0.579 0.810 0.611
XGBoost 0.767 0.6299-0.9041 0.783 0.878 0.611 0.818 0.687
Light GBM 0.784 0.6587-0.9087 0.783 0.829 0.684 0.850 0.650

AUC: area under the receiver operating characteristic curve, CI: confidence interval, PPV: positive predictive value, NPV: negative predictive value,
DTL: deep transfer learning, LR: linear regression, SVM: support vector machine, XG Boost: eXtreme Gradient Boosting, Light GBM: light gradient-
boosting machine.
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Fig. 2. Integrated nomogram (a), Calibration curves (b), and Decision curve analysis (c) for guiding recurrence in training cohort.
DTL: deep transfer learning.

performance [14]. Therefore, the prediction performances of different models are not compared in our study. Based on the results of
previous studies, nomograms perform well in the evaluation of prognosis for a variety of cancers, including HCC [29,30,31,32]. So, we
combined the clinical signatures, radiomics signatures, and DTL signatures to establish a visualized integrated nomogram. Our results
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Table 3

Delong test of different models in training cohort.
Prediction models P
Clinical model Vs integrated Nomogram <0.05
Radiomics model Vs integrated Nomogram <0.05
DTL model Vs integrated Nomogram <0.05

DTL: deep transfer learning.
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Fig. 3. Kaplan-Meier curves of RFS (a) and OS (b) in the training cohort, and Kaplan-Meier curves of RFS (c) and OS (d) in the test cohort.
RFS: recurrence free survival; OS: overall survival.

show that the integrated nomogram can not only predict the recurrence of single HCC after the operation but also predict the RFS and
OS of single HCC. The innovation of our research consists in the use of multidisciplinary cross-integration to synthesize three kinds of
features to improve the accuracy of prediction.

First, radiomics features and DTL features are extracted from the preoperative multi-phase MR images of HCC patients. The crafted
signatures in the radiomics model are extracted using machine learning algorithm, while the DTL signatures in the DTL model are
extracted using DCNN. After the crafted signatures and DTL signatures extraction is completed, the extracted signatures are selected
using Spearman’s rank correlation coefficient, ICC, T-test, and the LASSO methods. After the selection, LR, SVM, Extra-Trees, XG Boost,
and Light GBM are used to establish the prediction model of the selected clinical signatures, crafted signatures, and DTL signatures,
respectively. Then, the signatures of the established prediction model are visualized as an integrated nomogram. The results showed
that an integrated nomogram could also predict the recurrence of HCC five years after the operation, and its performance was superior
to any single prediction model. Finally, we used the integrated nomogram to predict the RFS and OS of HCC after surgery.

There are several studies have pointed out that NLR, platelet-to-lymphocyte ratio (PLR), and GPR are closely related to the
prognosis of HCC [33-35]. Aspartate aminotransferase-to-lymphocyte ratio index (APRI) and fibrosis 4 score (Fib-4) have certain value
in the prediction of liver cirrhosis-related adverse events, which has also been confirmed by many scholars [36,37], Some studies have
also shown that they have clinical value in the prognosis of HCC [38]. Therefore, when we established the clinical model for predicting
the recurrence of HCC five years after the operation, in addition to considering the common clinical characteristics such as gender, age,
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tumor node metastasis stage, cell differentiation, and MVI status, and basic test items such as routine blood test, liver function, and
alpha-fetoprotein, we also considered inflammatory markers such as NLR, PLR, and GPR, as well as non-invasive scoring systems such
as APRI and Fib-4.

In our study, only gender, liver cirrhosis, and MVI status were independent risk factors for the recurrence of HCC five years after
surgery. The incidence of HBV-associated HCC is significantly higher in men than in women [39]. Studies have pointed out that there
are also gender differences, and the prognosis of female patients is better than that of male patients in the prognosis of HCC [40]. Our
results suggest that there are also gender differences in the risk of recurrence five years after the operation. It is generally believed that
liver cirrhosis is a risk factor for HCC [41]. Here, our findings suggest that liver cirrhosis is also an independent risk factor for the
recurrence of HCC five years after the operation. MVI positive is currently recognized as an important indicator that increases the risk
of local invasion and distant metastasis of HCC [42]. Our results are also consistent with this view.

As early as 2013, Choi et al. discovered the value of imaging markers by studying the gadoxetic acid-enhanced MR Images of HCC,
which have potential predictive value for postoperative tumor recurrence [43]. In recent years, more and more scholars have con-
ducted a series of medical research based on preoperative MR images of HCC. The radiomics model established by Kim et al. based on
preoperative MR images can predict the recurrence in HCC patients after operation [44]. Chong et al. established a nomogram to
predict the MVI status and prognosis of a single HCC with a diameter <5 cm before operation based on a radiomics model [45].
Kucukkaya et al. showed that it is feasible to predict the recurrence of early HCC from MR images before treatment by using a deep
learning algorithm [25]. Zhang et al. prospectively developed a nomogram based on preoperative MR images to predict the recurrence
of HCC one year after the operation [46]. Although the methods used are different, all the above studies show that preoperative MR
images can effectively predict the prognosis of HCC.

Our research has reached a similar conclusion. Besides, our results also show that in addition to predicting postoperative tumor
recurrence, preoperative MR images can also predict postoperative survival of HCC. Moreover, unlike most previous studies, we use
multi-parameter MR images. Extracting imaging features from different MR image sequences can provide more abundant tumor
biological information, so as to evaluate tumor features more accurately [47].

Due to the lack of a gold standard for evaluating radiomics, we will not compare and evaluate the performance of our prediction
model with that of other research models here. We choose a 2D tumor region to represent the whole tumor. Although its represen-
tativeness may not be as that of 3D tumor region in general cognition, 2D tumor region segmentation has the advantages of simple
operation and small overall error. Moreover, the process of 3D tumor region analysis is more complicated and takes longer.

The advantages of Al in the medical field are obvious, and in the future, it is likely to become an important tool for medical
development [48]. But we can’t ignore the existing unresolved limitations. Here, we briefly discuss the limitations of establishing a
prediction model based on Al First of all, the model established by AI depends on the size and diversity of samples, which has certain
influence on the promotion of the model. Secondly, it is still difficult to fully explain the prediction model based on Al, which leads to
the decline of the credibility of the model. Third, there is a lack of standardization of analytical tools. Fourthly, there is a lack of means
to automatically segment the target area, because manual segmentation will inevitably lead to human errors. If the limitations can be
effectively solved, the individualized treatment and management of HCC may be further improved with the help of MR imaging
radiomics based on Al

Our research also has the following limitations: 1. Lack of external verification queues; 2. Single-center small sample research may
lead to limited universality of data; 3. Retrospective studies may cause bias in data selection, which cannot fully reflect the population
of the research object. In the future, relevant prospective studies are needed to further verify our prediction model.

5. Conclusion

We established the prediction models that can be used in the clinic to predict the recurrence of single HCC five years after the
operation. The integrated nomogram composed of signatures in the prediction models can not only predict the postoperative recur-
rence of single HCC patients but also stratify the risk of OS after the operation. Our research results provide a reference for individ-
ualized treatment and management of HCC.
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