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A B S T R A C T

Objectives: To assess whether radiomics signature can identify aggressive behavior and predict recurrence of
hepatocellular carcinoma (HCC) after liver transplantation.
Methods: Our study consisted of a training dataset (n=93) and a validation dataset (40) with clinically con-
firmed HCC after liver transplantation from October 2011 to December 2016. Radiomics features were extracted
by delineating regions-of-interest (ROIs) around the lesion in four phases of CT images. A radiomics signature
was generated using the least absolute shrinkage and selection operator (LASSO) Cox regression model. The
association between radiomics signature and recurrence-free survival (RFS) was assessed. Preoperative clinical
characteristics potentially associated with RFS were evaluated to develop a clinical model. A combined model
incorporating clinical risk factors and radiomics signature was built.
Results: The stable radiomics features associated with the recurrence of HCC were simply found in arterial phase
and portal phase. The prediction model based on the radiomics features extracted from the arterial phase showed
better prediction performance than the portal vein phase or the fusion signature combining both of arterial and
portal vein phase. A radiomics nomogram based on combined model consisting of the radiomics signature and
clinical risk factors showed good predictive performance for RFS with a C-index of 0.785 (95% confidence
interval [CI]: 0.674-0.895) in the training dataset and 0.789 (95% CI: 0.620-0.957) in the validation dataset. The
calibration curves showed agreement in both training (p= 0.121) and validation cohorts (p= 0.164).
Conclusions: Radiomics signature extracted from CT images may be a potential imaging biomarker for liver
cancer invasion and enable accurate prediction of HCC recurrence after liver transplantation.

1. Introduction

Hepatocellular carcinoma (HCC) is the most common primary liver
cancer and ranks third as a cause of cancer death worldwide [1]. In
patients with an absence of clinically relevant portal hypertension,
hepatectomy remains the golden standard for early stage disease [2].

However, most patients are in the middle or late stages when symptoms
occur. The resection rate is less than 30%; nevertheless, the recurrence
rate of 5 years is up to 70%. Liver transplantation, is the most efficient
treatment for end-stage liver disease and is recommended in patients
with clinically proven portal hypertension and early stage HCC meeting
the Milan criteria, whereby the 5-year disease-free survival rate is up to
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60% to 80% [3,4]. The Milan criteria uses tumor size and number, but
these criteria have limitations. Discordance exists between the true size
and actual number of tumors seen on explant and preoperative images
[5]. Microvascular invasion (MVI) and consequently, early tumor re-
currence, is noted in 20% of patients undergoing liver transplantation,
reducing the 5-year survival from 80% to 40% after liver transplanta-
tion [4,6,7]. Recurrence has been the main factor that affects the
curative effect of HCC after liver transplantation [8]. Prospective
identification of recurrence in patients with HCC thus has direct im-
plications for organ allocation, surgical techniques, prognosis, and
public policy.

Improvements in survival estimation are largely due to advances in
biologic and genomic technologies that have allowed incorporation of
survival-associated biologic or genetic signatures [9,10]. Previous stu-
dies have shown that risk factors such as MVI and histological differ-
entiation of HCC are associated with recurrence after liver transplan-
tation [4,11,12]. However, the inability to obtain comprehensive
information about heterogeneous tumors remains a limitation of these
invasive methods [12] Therefore, there is an urgent need for ap-
proaches that can accurately evaluate the biological characteristics of
HCC preoperatively so as to predict the risk of relapse after liver
transplantation.

The field of radiogenomics has recently gained interest for defining
association graphs between genomic phenotypes and imaging texture
features [13]. One study utilizing CT showed that 28 imaging pheno-
types precisely predicted the expression information of 6,732 genes
[14]. By extracting high-throughput quantitative descriptors from
routine CT studies, radiogenomics could non-invasively assess tumor
heterogeneity [15,16]. The high-throughput characteristics of arterial
and venous phases based on quantitative imaging analysis of enhanced
CT in 28 patients with hepatectomy may be potential substitute mar-
kers for MVI of HCC [17]. Previous reports have indicated that some
radiomic features extracted from tumor regions of CT images, especially
characteristics of arterial and portal phases, can surpass traditional
indicators such as Barcelona Clinic Liver Cancer (BCLC) for assessing
the efficacy of HCC hepatectomy [18]. These high-throughput char-
acteristics related to MVI or prognosis of HCC may be potential in-
dependent predictors of HCC recurrence after liver transplantation.

Therefore, our study aimed to develop and validate a novel bio-
marker which could predict recurrence of HCC after liver

transplantation to better stratify patients and guide organ allocation
and surgical techniques.

2. Materials and methods

2.1. Ethical approval

This study was approved by the medical ethics committee of our
institution. The necessity to obtain informed consent was waived.

2.2. Patients

By searching electronic medical records, 450 patients who under-
went liver transplantation in our institution with histopathologically
confirmed HCC were recruited. The inclusion criteria were as follows:
(ⅰ) patients with HCC who underwent initial liver transplantation with
curative intention between October 2011 and December 2016; (ⅱ)
those with preoperative enhancement CT in abdomen performed within
1 month; (ⅲ) follow up for at least 1 year; (ⅳ) no treatment was re-
ceived before operation; (ⅴ) conventional anti-immune rejection
(Tacrolimus Capsules, Mycophenolate Mofetil Tablets, hormone dose
adjusted according to concentration) and prevention program (in-
traoperative administration of hepatitis B globulin 4000 IU to patients
with hepatitis B, postoperative low-dose hepatitis B immunoglobulin
combined with nucleoside analogues to prevent hepatitis B recurrence,
and close monitoring) were obtained during and after the operation.
The exclusion criteria were as follows: (ⅰ) patients with lack of available
imaging data as preoperative CT was performed at some other institu-
tion (n=24) or patients had undergone preoperative magnetic re-
sonance imaging (MRI) instead (n=26); (ⅱ) those with a history of
transcatheter arterial chemoembolization (TACE), percutaneous
ethanol injection (PEI), or radiofrequency ablation (RFA) before the
date of imaging (n=189); (ⅲ) those with abdominal lymphatic me-
tastasis with pathological confirmation (n= 46); (ⅳ) loss to follow-up
within 1 year (n=32). In total, 133 patients (114 men and 19 women;
mean age, 52.52 years± 8.17; range, 16.67–70.83 years) were enrolled
in our study (Fig. 1); 51 were in line with Milan standards and 82 ex-
ceeded Milan standards. Of all patients, 42 had recurrence within 1 year
after surgery, and 91 patients did not relapse. Patients were randomly
assigned to the training and validation datasets at a ratio of 7:3.

Fig. 1. Flowchart for inclusion and exclusion of patients within archive. RFA: radiofrequency ablation; PEI: percutaneous ethanol injection; TACE: transcatheter
arterial chemoembolization.
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2.3. Clinical characteristics

Clinical characteristics potentially related to recurrence of HCC
after liver transplantation included age, gender, albumin (≤40 or>
40 g/L), total bilirubin (≤21 or> 21 umol/L), PT (≤8.8 s, 8.8–13.8 s,
≥13.8 s), Model for end-stage liver disease (MELD)score, ascites (none,
mild, severe), hepatitis B surface antigen (HBsAg) or hepatitis C anti-
body (HCVAb) status (positive or negative), alpha-fetoprotein (AFP)
(≤7 or> 7 ng/mL), alanine amino-transferase (ALT) (≤40 or> 40 U/
L), γ-glutamyltranspeptadase (GGT) (≤45 or> 45 U/L), aspartate
amino-transferase (AST) (≤35 or> 35 U/L), Child–Pugh grade (A, B,
or C), and BCLC (A, B, C, or D). The threshold values chosen for AFP,
ALT, and AST levels were based on the normal ranges used at our in-
stitution. Some patients enrolled were single hepatocellular carcinoma
and some were multiple hepatocellular carcinomas in our study. Single
tumor was delineated in one lesion, and the larger tumor was deli-
neated in multiple lesions [19].

2.4. Follow-up

The end point of this study was RFS, which was defined as the time
from the date of liver transplantation until the date of relapse that refers
to intrahepatic recurrence or extrahepatic metastasis, or until the date
that the patient was last known to be free of relapse.

All patients were continuously followed up for at least 1 year after
liver transplantation until it recurred. Those without relapse were fol-
lowed up to January 1, 2018. As of the last follow-up, 42 patients
(31.6%) had experienced a confirmed disease relapse. The mean RFS
was 969 days, and the median RFS was 852 days. The longest RFS was
2251 days, and the shortest RFS was 14 days.

Postoperative recurrence was monitored by AFP and ultrasound, or
enhanced CT/MRI at the first month after operation and every 3 months
thereafter. Patients with elevated AFP levels with atypical or negative
imaging findings were followed up once a month or checked by biopsy.
The relapse about HCC was confirmed in our research by imaging. The
criteria for the diagnosis of recurrence is described in the
Supplementary Information.

2.5. CT examination, region-of-interest segmentation and radiomics feature
extraction

High-throughput quantitative descriptors of HCC were obtained
from four phases of CT images by delineating ROI around the lesion,
extracting, and analyzing radiomics features on all cross-sectional areas
of the whole tumour volume in thin-layer CT images in this study.
Details on image retrieval procedure, parameters for CT image scan-
ning, tumor region segmentation, and radiomics feature extraction with
reproducibility analysis are described in the Supplementary
Information.

2.6. Statistical analysis

All statistical analyses were performed using SPSS (version 20)
software and R platform (version 3.4.1). Mann-Whitney U test and χ2

test were used to determine whether the values of clinical-pathologic
variables were significantly different between training and validation
groups. Two-sided P-values less than 0.05 were considered significantly
different.

2.7. Clinical predictive model-building

Clinical characteristics with p-values< 0.05 in univariate Cox
proportional hazard regression analysis were integrated into stepwise
multivariate Cox proportional hazard model. Variables with p-va-
lues< 0.05 in multivariate analysis were identified as potential clinical
characteristics related to survival and were included in clinical

predictive model-building.

2.8. Radiomics feature selection, model-building, and evaluation

Radiomics features which had greater ICCs considering a threshold
of 0.8 were robust and adopted for subsequent analysis. The LASSO
method, which is appropriate for the regression of high-dimensional
data [20], was utilized to select the most predictive feature set as the
training dataset in Cox’s proportional hazards model. For each patient,
we evaluated the output of the model using a radiomics score (Rad-
score) calculated by the linear combination of the selected feature set
with their individual coefficients. Radiomics signature was built with
the rad-score of arterial phase. A combined predictive model was built
by incorporating the clinical risk factors and radiomics signature with
multivariable Cox regression model. Patients were finally stratified into
high-risk and low-risk groups based on the combined model with cut-off
values at the median of the training dataset in arterial phase. The Log-
rank test was computed to compare the two separated KM survival
curves.

Performance of the clinical, radiomics, and combined models was
evaluated with the concordance index (C-Index). C-Index is the area
under the curve for continuous time-to-event survival data which
measures the discrimination of a prognostic model. A value of 1 sig-
nifies perfect discrimination, and 0.5 represents equal discriminative
power with randomness. The Hosmer-Lemeshow test was applied for
the prognosis model [21]. We further built a nomogram for the model
to predict the possibility of 1-year, 2-year, and 3-year RFS intuitively.
Calibration curve was plotted to analyze the prognostic performance of
the nomogram on both training and validation datasets [22].

3. Results

3.1. Clinical characteristics

Clinical characteristics of the training and validation datasets are
shown in Table 1. A set of 93 patients and 40 patients were enrolled in
training and validation cohorts respectively. Analysis of the distribution
of clinical characteristics in both datasets revealed no significant dif-
ferences between training and validation datasets, with p values ran-
ging from 0.179 to 0.945 for all clinical characteristics.

All clinical characteristics were analyzed by univariate analysis and
multivariate analysis in the training dataset (Table 2). After multi-
variate analysis, the final clinical model included HBsAg (HR (Hazard
ratio, HR)=0.255, 95% CI: 0.099-0.654; P=0.004) and BCLC
(HR=1.373, 95% CI: 1.086–1.735); P= 0.008) as effective predictors.

3.2. Feature selection and radiomics signature building

The ROI for data extraction was evaluated in the whole volume of
the tumor in four phases of CT images. However, the stable radiomics
features associated with the recurrence of HCC were simply found in
arterial phase and portal phase.

After the robust analysis, 84 radiomic features remained in arterial
phases. Barplots for the feature stability distribution (inter- and intra-
observer reproducibility) in arterial phases are presented in Fig. 2. All
the selected features were adopted to the LASSO-Cox model. According
to the leave-one-out cross validation, 84 stable features were reduced to
nine potential predictors in arterial phase on the basis of 93 patients in
the training dataset (Fig. 3). 105 stable features were reduced to one
potential predictor in portal phase on the basis of 93 patients in the
training dataset. The radiomics signature was established with a Rad-
score calculated using the formula in Table 3. The prediction model
based on the radiomics features extracted from the arterial phase
showed better prediction performance than the portal vein phase or the
fusion signature combining both of arterial and portal vein phase
(Table 4). So the radiomics features were extracted from the arterial
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phase to build the predictive model finally. The patients were classified
into high-risk or low-risk groups according to the combined model with
cut-off value at the median of the training dataset in arterial phase. Log-
rank test revealed significant differences in RFS between the high-risk
and low-risk subgroups in both the training (p < 0.001) and validation
set (p= 0.011) (Fig. 4).

3.3. Model performance for RFS and predictive values for RFS within or
exceeding Milan standard

The C-indexes of the predictive models for RFS are shown in

Table 4. The C-indexes of the clinical model for RFS in training and
validation datasets were 0.675 (95% CI: 0.568–0.782) and 0.713 (95%
CI: 0.549–0.877), respectively. The C-indexes of the radiomics model
based on arterial phase for RFS in training and validation datasets were
0.743 (95% CI: 0.632–0.853) and 0.705 (95% CI: 0.537–0.874), re-
spectively. The combined model with radiomics signature based on
arterial phase and clinical characteristics was significantly associated
with RFS in the training dataset (C-index, 0.785; 95% CI: 0.643–0.864),
and this finding was confirmed in the validation dataset (C-index,
0.789; 95% CI: 0.620–0.957). It exhibited the best performance among
all the models. The combined model had good predictive performance
for RFS with C-index 0.773 (95% CI: 0.532–1.000) in patients within
Milan standard, with C-index 0.726 (95% CI: 0.623-0.829) exceeding
Milan standard (Table 5).

3.4. Development of an individualized prediction model

A radiomics nomogram based on the best model which included the
radiomics signature in the arterial phase and efficient clinical char-
acteristics was built (Fig. 5). Calibration curves of the nomogram for the
probability of 1-year, 2-year, and 3-year RFS are shown in Fig. 6. There
was an agreement between the estimation using the radiomics nomo-
gram and actual observation, with Hosmer-Lemeshow test yielding p
values of 0.121 and 0.164 in both training and validation datasets,
respectively.

4. Discussion

To predict the recurrence of HCC after liver transplantation, we

Table 1
Patient characteristics in training and validation datasets.

Characteristic Training Dataset
(N=93)

Validation Dataset
(N=40)

P value

Age, Median (IQR), year 52.497.66 51.509.36 0.522
Gender, No. (%) 0.877
Male 80 (86.0) 34 (85.0)
Female 13 (14.0) 6 (15.0)

Tumor diameter 4.764.11 4.072.50 0.325
MELD, Median (IQR) 15.106.63 14.807.30 0.819
Albumin, No. (%), (g/L) 0.644
≤40 71 (76.3) 32 (80.0)
>40 22 (23.7) 8 (20.0)

Total bilirubin, No. (%), µmol/
L

0.783

≤21 70 (75.3) 31 (77.5)
>21 23 (24.7) 9 (22.5)

GGT, No. (%),45 U/L 0.705
≥45 77 (82.8) 32 (80.0)
≤7 15 (16.1) 8 (20.0)
7-45 1 (1.1) 0 (0)

AST, No. (%),45 U/L 0.785
≥35 52 (55.9) 21 (52.5)
≤13 4 (4.3) 1 (2.5)
13-35 37 (39.8) 18 (45.0)

ALT, No. (%),45 U/L 0.738
≤7 1 (1.1) 0 (0)
≥40 61 (65.6) 28 (30.0)
7-40 31 (33.3) 12 (70.0)

PT, No. (%), s 0.682
≤13.8 55 (59.1) 25 (62.5)
>13.8 38 (40.9) 15 (37.5)

AFP, No. (%), ng/mL 0.740
≤7 33 (35.5) 13 (32.5)
>7 60 (64.5) 27 (67.5)

BCLC, No. (%) 0.179
A 32 (34.4) 19 (27.5)
B 18 (19.4) 8 (17.5)
C 8 (8.6) 0 (7.5)
D 35 (37.6) 13 (47.5)

Child-Pugh class, No. (%) 0.945
A 24 (25.8) 10 (25.0)
B 39 (41.9) 18 (45.0)
C 30 (32.3) 12 (30.0)

Ascites, No. (%) 0.631
None 44 (47.3) 21 (52.5)
Mild 31 (33.3) 10 (25.0)
Severe 18 (19.4) 9 (22.5)

HBsAg, No. (%) 0.355
Positive 70 (75.3) 27 (67.5)
Negative 23 (24.7) 13 (32.5)

Anti-HCV, No. (%) 0.696
Positive 19 (20.4) 7 (17.5)
Negative 74 (79.6) 33 (82.5)

Follow-up time,
Median (IQR), month

32.625.3 32.623.3 0.934

Note: No significant differences were found between the training dataset and
the validation dataset value ranged from 0. 179 to 0.945 in all the clinical
factors. HBsAg, hepatitis B surface antifen; Anti−HCV, anti-hepatitis C virus
antibody; AFP, alpha-fetoprotein; ALT, alanine amino-transferase; GGT, γ-glu-
tamyltranspeptadase; AST, aspartate amino-transferase; IQR, inter-quartile
range.

Table 2
Results of univariate and multi-variable analysis.

Clinical predictors Univariate analysis Multi-variable analysis

p-value HR (95% CI) p-value HR (95% CI)

Gender 0.153 0.391
(0.108-1.416)

Age 0.103 0.964
(0.922-1.007)

MELD 0.092 1.054
(0.992-1.119)

Albumin 0.194 0.542
(0.215-1.366)

AFP 0.208 0.509
(0.178-1.455)

Total bilirubin 0.526 0.699
(0.231-2.114)

GGT 0.268 0.510
(0.155-1.681)

AST 0.474 1.256
(0.673-2.341)

ALT 0.990 1.006
(0.419-2.413)

PT 0.500 1.324
(0.585-2.996)

Ascites 0.314 1.315
(0.772-2.241)

HBsAg 0.059 0.223
(0.047-1.059)

0.004 0.255
(0.099-0.654)

Anti-HCV 0.106 5.258
(0.704-39.251)

Child-Pugh class 0.210 0.628
(0.304-1.299)

BCLC 0.064 1.405
(0.981-2.014)

0.008 1.373
(1.086-1.735)

Tumor diameter 0.362 1.041
(0.955-1.134)

Rad-score 0.004 1.893
(1.232-2.909)

< 0.001 2.287
(1.697-3.084)

Note: * P value< 0.05. HBsAg and BCLC were integrated to clinical model.
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constructed a radiomics signature basing on contrast-enhanced CT
images in artery phase. A multi-feature-based radiomics signature was
identified to be an effective biomarker for the prediction of HCC re-
currence after liver transplantation in this study, with potential prog-
nosis value for individualized RFS. The radiomics signature successfully
stratified patients with HCC into high-risk and low-risk groups, with
significant differences in RFS. Furthermore, the radiomics nomogram
based on the combined model which integrates effective clinical char-
acteristics and radiomics signature showed good discrimination and
prominent predictive performance for RFS in HCC patients after liver
transplantation. For patients with high recurrence, liver transplantation
is not recommended, so that the scarce donor liver resources can be
allocated to patients who urgently need liver transplantation and have a
good prognosis.

Solid tumors have spatial and temporal heterogeneity, and detection
methods based on invasive biopsy have limitations that do not reflect
the biological characteristics of the overall tumor, while imaging as-
sessment has the unique ability to detect tumors as a whole, allowing
observation of heterogeneity within the tumor. To a certain extent,
radiomics with high dimensional features of imaging can surpass the
boundaries of tumor anatomy and morphological data. In our study,
radiomics was first used to predict recurrence of HCC after liver
transplantation. Radiomics prediction method was established through
a series of coherent comprehensive evaluations of tumor biological

behavior and clinical prognosis. It is conducive to fully exploit potential
images using artificial intelligence and big data technology to overcome
limitations of traditional evaluation methods, improve the predictive
performance of HCC recurrence after liver transplantation, facilitate the
rational distribution of donors in clinical practice, and conduct neces-
sary intraoperative or postoperative prophylactic treatment for patients
with high recurrence.

Our study demonstrated that nine robust radiomic features ex-
tracted form arterial phase including original_glszm_ZoneEntropy and

Fig. 2. Histogram of the Inter-class correlation coefficient and Intra-class correlation coefficient. After robustness test, (A) 110 and (B) 152 of the initial 853 CT image
features in arterial phase were retained.

Fig. 3. Radiomics feature selection using the least absolute shrinkage and selection operator (LASSO) cox regression model. (a) Partial likelihood deviance was drawn
versus log (λ) in arterial phase; (b) The coefficients of the selected features are shown by lambda parameter in arterial phase.

Table 3
Radiomics score (Rad-score) for CT image in Arterial phase.

Phase Radiomics signature

Arterial phase Rad-score= 0.088+0.073* original_glcm_Correlation +
0.829 * original_glszm_GrayLevelNonUniformity +
0.496 * original_glszm_ZoneEntropy +
0.578 * original_shape_MajorAxis –
0.507 * wavelet.HLH_gldm_LargeDependenceEmphasis +
0.248 * wavelet.HLH_glszm_GrayLevelNonUniformity +
0.05 * wavelet.HLL_gldm_DependenceNonUniformity -
0.334 * wavelet.LHL_glrlm_RunPercentage –
0.968 * wavelet.LLL_glszm_GrayLevelNonUniformity

Note: Features were selected by LASSO modelling via leave-one cross-valida-
tion.
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original_shape_MajorAxisetc were associated with RFS after liver
transplantation. Original_shape_MajorAxis is the largest and principal
component axis; it has an inverse association with elongation, which
measures the degree of circle-like properties of the tumor. In our study,
the less Original_shape_MajorAxis corresponded to greater elongation,
which represented a rounder tumor area and better RFS [23]. The
original_glszm_ZoneEntropy feature measures the uncertainty or ran-
domness in the distribution of zone sizes and gray levels; a higher value
suggests more tumor heterogeneity in texture patterns and implied
worse RFS in our study. We observed that wavelet features such as
wavelet_HLH_gldm_LargeDependenceEmphasis and wave-
let_HLH_glszm_GrayLevelNonUniformity were associated with recur-
rence of HCC, consistent with previous studies [24–28].

The representations of the radiomics signature and nomogram were
demonstrated to estimate RFS in our study. A recent established no-
mogram integrating multiple clinical-pathologic risk factors success-
fully estimated the overall survival for patients with resected NSCLC
(Non-small-cell lung cancer, NSCLC) (C-index: 0.71) [29].Compared
with long-term overall survival outcomes, RFS is an end point that
avoids extended follow-up and enables earlier adjustment of therapy
[30]. Thus, our study may present a more efficient tool that enables
earlier personalised treatment. A combined model incorporating clin-
ical risk factor and radiomics signature had the most optimal perfor-
mance of the three predictive models, which is consistent with previous
results [31]. Radiomics analyses were performed on the whole tumor
rather than the maximum cross section area in our study. One study
showed better separation of entropy and uniformity in whole tumor
analysis compared to the maximum cross section area for 5-year overall
survival [32].

China has the highest incidence of liver cancer in the world. Many
patients with HCC are eager to undergo liver transplantation every

year. The Milan standard has limitations and does not comprehensively
assess the biological characteristics, aggressive behavior, and RFS of
HCC. The radiomics model we have established can more comprehen-
sively evaluate tumor biological characteristics of HCC, and it can be
used as a supplement to the Milan standard in selecting liver transplant
patients.

There are several limitations in our study. First, this study was
retrospective with unavoidable potential bias. Reproducibility and
variability of radiomics research can be influenced by slice thickness
and machine acquisition parameters [24,33] Nevertheless, we carefully
selected patients who underwent abdomen enhancement CT scans with
sheet thicknesses of 1.25mm and removed patients who had received
treatment before the operation. This may have excluded any patients,
but minimized bias of radiomics features. Despite these limiting factors,
our study highlights the potential predictive value for CT-based radio-
mics signature as a prognostic marker for liver cancer patients after
liver transplantation. Although the usefulness of the proposed nomo-
gram lacks external validation, calibration curve analysis demonstrated
that the radiomics nomogram was consistent with actual observations
for the probability of tumor recurrence at 1, 2, or 3 years. This indicates
that radiomics signature has the potential to be used as a biomarker for
recurrence in HCC patients after liver transplantation. Further, radio-
mics can be used to predict MVI and histopathological differentiation
closely related to prognosis of HCC.Radiomics technique is expected to
become an important cornerstone of accurate diagnosis and treatment
of HCC.

5. Conclusion

Our study indicates that radiomics signature has the potential to be
used as a biomarker for recurrence in HCC patients after liver

Table 4
Predictive performance for RFS of the proposed models.

Different models Training Dataset
N=93

Validation Dataset
N=40

C-index (95%CI) C-index (95%CI)

Clinical model
Clinical factor 0.675

(0.568-0.782)
0.713
(0.549-0.877)

Radiomics model
Arterial phase 0.743

(0.632-0.853)
0.705
(0.537-0.874)

Combined model
Arterial phase +

Clinical factor
0.785
(0.674-0.895)

0.789
(0.620-0.957)

Note. C-index (Harrell concordance index) indicates the predictive performance.

Fig. 4. Kaplan-Meier analysis in the (A) training dataset and (B) validation dataset of recurrent free survival based on the combined model with cut-off value at the
median of the training dataset in arterial phase.

Table 5
Predictive performance for RFS of the proposed models within and exceeding
Milan standard.

Different models Within Milan standard
N=51

Exceeding Milan standard
N=82

C-index (95%CI) C-index (95%CI)

Clinical model
Clinical factor 0.748

(0.507-0.989)
0.639
(0.539-0.740)

Radiomics model
Arterial phase 0.748

(0.507-0.989)
0.661
(0.559-0.764)

Combined model
Arterial phase +

Clinical factor
0.773
(0.532-1)

0.726
(0.623-0.829)
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transplantation, and may predict recurrence of HCC after liver trans-
plantation as well as guide organ allocation and surgical technique in
clinical practice.
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