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Abstract 
Background: The aim of this study is to investigate a model for predicting the early recurrence of hepatocellular carcinoma 
(HCC) after ablation.

Methods: A total of 181 patients with HCC after ablation (train group was 119 cases; validation group was 62 cases) were 
enrolled. The cases of early recurrence in the set of train and validation were 63 and 31, respectively. Radiomics features were 
extracted from the enhanced magnetic resonance imaging scanning, including pre-contrast injection, arterial phase, late arterial 
phase, portal venous phase, and delayed phase. The least absolute shrinkage and selection operator cox proportional hazards 
regression after univariate and multivariate analysis was used to screen radiomics features and build integrated models. The 
nomograms predicting recurrence and survival of patients of HCC after ablation were established based on the clinical, imaging, 
and radiomics features. The area under the curve (AUC) of the receiver operating characteristic curve and C-index for the train 
and validation group was used to evaluate model efficacy.

Results: Four radiomics features were selected out of 34 texture features to formulate the rad-score. Multivariate analyses 
suggested that the rad-score, number of lesions, integrity of the capsule, pathological type, and alpha-fetoprotein were 
independent influencing factors. The AUC of predicting early recurrence at 1, 2, and 3 years in the train group was 0.79 (95% CI: 
0.72–0.88), 0.72 (95% CI: 0.63–0.82), and 0.71 (95% CI: 0.61–0.83), respectively. The AUC of predicting early recurrence at 1, 
2, and 3 years in the validation group was 0.72 (95% CI: 0.58–0.84), 0.61 (95% CI: 0.45–0.78) and 0.64 (95% CI: 0.40–0.87).

Conclusion: The model for early recurrence of HCC after ablation based on the clinical, imaging, and radiomics features 
presented good predictive performance. This may facilitate the early treatment of patients.

Abbreviations: 3D = 3-dimensional, AFP = alpha-fetoprotein, AUC = area under the curve, CT = computer tomography, HCC 
= hepatocellular carcinoma, LASSO = least absolute shrinkage and selection operator, MRI = magnetic resonance imaging, VOI 
= volume of interest.
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1. Introduction

Hepatocellular carcinoma (HCC) was the fifth most com-
mon cancer and the second most frequent cause of cancer-re-
lated death globally.[1] The recurrence of HCC reduces the 
overall survival of the patients. Recognition of early recur-
rence helps with the timely treatment and in developing a 
follow-up strategy. Shortening follow-up intervals and mul-
tidisciplinary tactics should be performed in cases of early 
recurrence. In previous studies, several indicators such as 
microvascular invasion, texture analysis, and Ki67 expres-
sion had been studied.[2–4] However, recognition of early 

recurrence is still a clinical challenge. Until now, there was 
no effective strategy that predicts early recurrence for HCC 
patients after ablation.

Several indicators may indicate the prognosis for hepatec-
tomy, such as tumor differentiation, level of alpha-fetoprotein 
(AFP), clinical stages and status, hepatitis type, Child-Pugh 
class, microvascular invasion and so on.[5,6] In addition, the fea-
tures of tumor imaging probably present heterogeneity. Some 
imaging features were known as independent factors for recur-
rence, such as tumor margin, and peritumoral hypointensity.[7,8] 
However, no quantification measure was reliable for the predic-
tion of HCC recurrence within 1 year.
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Radiomics is a comprehensive method used to analyze medi-
cal images which was first proposed in 2012.[9,10] Essential steps 
such as data acquisition and preprocessing, feature extraction, 
and modeling are involved in radiomics.[9] The radiomic features 
highlighted the prediction of HCC early recurrence by quantifi-
cation signatures.[11,12] Until now, there were few studies around 
radiomics and ablation therapy. However, results of the studies 
proved that the texture analysis was reliable for predicting the 
prognostic of HCC after hepatectomy.[11,12] Although there was 
no consensus, the radiomics feature carried a lot of weight for 
directions of oncology, such as predicting recurrence, outcome, 
survival, and differential diagnosis.[13–20] Meanwhile, almost all 
kinds of modalities could be utilized for analysis, such as com-
puter tomography (CT), magnetic resonance imaging (MRI), 
PET-CT and US.[21–23]

Previous studies had proved that the texture analysis was 
reliable for predicting the prognostic of HCC after hepatec-
tomy.[11,12] However, there were few reports on the prediction 
model of early recurrence of HCC after ablation. In the present 
study, we established a model for predicting the early recurrence 
of HCC after ablation. This exploration probably provides new 
evidence and conclusions for personalized medicine, and layer 
patients of high risk with close follow-up or supplementary 
treatment.

2. Materials and methods

2.1. Patients

This study was approved by the Ethics Committee of Beijing 
Youan Hospital, and the informed consent requirement was 
waived. A total of 181 patients of HCC after ablation were 
recruited. The cases were confirmed pathologically in Beijing 
Youan Hospital, from November 2012 to April 2018, and had 
undergone ablation. The cases of male and female were 146 
and 35, respectively. The cases were separated into 2 groups 
(train and validation) randomly by computer generated num-
bers. There were 119 and 62 cases in the groups of train and 
validation. The cases of early recurrence in the set of train and 
validation were 63 and 31, respectively.

2.1.1. Inclusion criteria. 

 (1)  The patient was diagnosed by pathology.
 (2)  Preablation enhanced MRI image was available.
 (3)  Cases with complete clinical data. Early recurrence was 

defined as enhanced CT, MRI or DSA showed new lesion 
in the remnant liver or outside the liver within 1 year after 
ablation.

Follow up: the patient took examination and test every 3 
months. All the values of alanine transaminase, aspartate trans-
aminase, platelet, AFP, overall survival, recurrence time, age, 
gender, tumor node metastasis stage, maximum tumor diameter, 
and pathological type were recorded. Image characteristics of 
the lesion were recorded, such as lesion number, artery supply, 
capsule, margin, necrosis, uniform enhancement.

2.2. MRI examination

The patients underwent enhanced MRI scanning, including 
pre-contrast injection, arterial phase, late arterial phase, portal 
venous phase, delayed phase. The time was 12 to 15 seconds, 
26 to 29 seconds, 180 seconds, and 300 seconds. The scanning 
sequence were axial T1WI, axial T2WI, axial inverse phase 
imaging and multiphase enhanced T1WI, T2WI coronal plane 
and DWI transverse plane. Scanning range from diaphragm 
roof to complete liver, gallbladder, pancreas and spleen. The 
inspection machine was a Siemens Tro Tim 3.0T superconduct-
ing MRI system, and the phase coil was a SENSE body coil. 

Plain scan was performed using axial Turbo-FLASH T1WI (TR: 
1400 seconds; TE: 2.46 ms; slice thickness: 6 mm; slice spacing: 
1.8 mm; FOV: 380; excitation times 1; matrix 320 × 256), axial 
TSE T2WI (TR: 1500 ms; TE: 92 ms; layer thickness 6 mm; layer 
spacing 1.8 mm; FOV: 380 mm; excitation times: 1; matrix: 
320 × 256). Enhanced scanning was performed using 3-dimen-
sional (3D)-VIEB (TR: 3.5 ms; TE: 1.28 ms; slice thickness: 
3 mm; slice distance: 0.6 mm; FOV: 380 mm; excitation times: 
1; matrix: 320 × 256). Gd-DTPA was used as contrast agent 
for enhanced scanning, with a dose of 0.2 to 0.3 mL/kg and a 
flow rate of 2.5 mL/s. All patients were with an empty stomach 
before examination.

2.3. Image segmentation

The digital imaging and communications in medicine format 
image was down load from PACS in Youan Hospital, Beijing. 
The ITK-SNAP software was used to outline the lesions. The 
enhanced MRI imaging (T1W, T2W, late arterial phase, por-
tal-veinous phase, delayed portal phase) of tumors were 
delineated manually slice by slice. The radiologists delineated 
the lesion was blind of the follow-up outcome of the cases. 
Radiologists manually delineated the region of interest along 
the edge of the lesion, layer by layer. The volume of interest 
(VOI) of the lesion was automatically generated by the com-
puter. If there were 3 lesions, we chose the biggest 1. LIFEx 4.90 
software extracted radiomics features from the imaging. The 
end time of the study was 31st December of 2019.

2.4. Radiomics features and modeling

We used LIFEx 4.90 software to extract radiomics features after 
delineating the VOI of each lesion, totally 200 for each patient. 
The Student’s t test and Mann–Whitney U test were used for 
screening the potential relative features by R studio. Among 
the 200 radiomics features, 34 radiomics features were used 
for analyzed. The mean value was filled in the absent 1. Four 
radiomics features were left for the least absolute shrinkage and 
selection operator (LASSO) cox proportional hazards regres-
sion after univariate and multivariate analysis. We established 
an integration predictive model, including radiomics features, 
clinical and imaging semantic features. The area under the curve 
of receiver operating characteristic curve for train and valida-
tion group was used to evaluate model efficacy.

2.5. Statistics analysis

R studio was used to perform LASSO, in order to get the pre-
dictive radiomics features. The LASSO cox proportional haz-
ards regression was performed to establish radiomics signature 
model. Clinical information and image semantic features were 
added to construct combined model. SPSS (IBM Corporation: 
Armonk, NY) 19.0 software was used to analysis the index. If 
they were normal distribution, we used Student’s t-test, other-
wise we used Mann–Whitney U test to find statistic significant. 
If P value less than .05, it was considered statistically significant.

3. Results

3.1. Characteristics of the patients

Total of 181 cases were randomly divided into train group and 
validation group by computer. The characteristics of the patients 
are presented in Tables 1 and 2, and there was no significant dif-
ference in variables between the 2 groups. The basic character-
istics of the 2 groups of patients are as follows. The B hepatitis 
were 124 cases, C hepatitis were 19 cases. Alcoholic hepatitis 
were 6 cases. Mix type (B and C or B and alcoholic or C and 
alcoholic) were 14 cases, and others were 18 cases. Class I of 
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tumor node metastasis stage were 152 cases, and class II were 
29 cases. Low differentiation of pathology type were 39 cases, 
and others were 142 cases. As shown in Table 2, there were no 
significant differences in radiological characteristics between the 
2 groups.

The mean time of recurrence in the train and validation group 
were 10.53 (3.6–33.1) months and 12.13 (4.76–29.28) months, 
and the mean follow-up time were 45.17 (25.00–57.67) months 
and 41.50 (24.42–61.50) months, respectively. There were 94 
cases of recurrence at 1 year, 26 cases at 2 years, 14 cases at 3 
years, and 47 cases without recurrence.

3.2. Feature selection of radiomics and development of the 
rad-score

The LASSO cox proportional hazards regression was used to 
reduce the dimensionality of the above high-dimensional fea-
tures based on the optimal λ parameters, and the features with 
highly relevant were screened (Figs. 1 and 2). There were 4 out 
of 34 radiomic features selected, including T1. HISTO_Kurtosis, 

T1.SHAPE_Sphericity, T1.SHAPE_Compacity, and 
T1.NGLDM_Contrast. The rad-score calculation formula 
consisting of these features. The optimal cutoff for rad-score 
was –0.76. Patients were divided into high (>–0.76) and low 
(≤–0.76) groups according to the rad-score. Patients with high 
rad-score were positively associated with early recurrence, sug-
gesting that high rad-score may indicate tumor early recurrence 
(Fig. 3). The LASSO Cox proportional hazards regression was 
used to construct radiomic model.

Rad-score = 0.7199 * SCOR + 0.5184 * Number + 0.4056 * 
capsule – 0.8551 * (Biopsy-1) + 0.3416 * log10 AFP.

3.3. The performance of predictive model

In this study, meaningful features for constructing predictions 
model included rad-score, number of lesions, capsule integrity, 
necrosis, age, gender, pathological type, AFP, and alanine trans-
aminase. Multivariate analyses suggested that the rad-score, 
number of lesions, integrity of the capsule, biopsy result, and 
AFP were independent influencing factors (Tables  3 and 4). 

Table 1

The characteristics of the patients.

Variables Train Validation P 

Gender Male 99 (83.2%) 47 (75.8%) .232

Female 20 (16.8%) 15 (24.2%)
TNM Stage I 101 (84.9%) 51 (82.3%) .649

Stage II 18 (15.1%) 11 (17.7%)
Differentiation
 Low 21 (17.6%) 18 (29.0%) .077

Others 98 (82.4%) 44 (71.0%)
Age (yr) 58.48 ± 11.23 56.74 ± 9.93 .266
ALT (U/L) 32.70 38.05 .519
AST (U/L) 35.00 38.50 .267
AFP (ng/mL) 15.17 19.96 .086
PLT (e + 12) 117.00 112.00 .881

AFP = alpha-fetoprotein, ALT = alanine aminotransferase, AST = aspartate aminotransferase, PLT = platelet, TNM = tumor-node-metastasis.

Table 2

The characteristics of radiology.

Radiology trails Total Train Validation P 

Lesions
  Lesion number = 1 126 (69.6%) 83 (69.7%) 43 (69.4%) .956
  Lesion number > 1 55 (30.4%) 36 (30.3%) 19 (30.6%)  
Artery supply
  Present = 1 67 (37%) 42 (35.3%) 25 (40.3%) .506
  Absent = 0 114 (63%) 77 (64.7%) 37 (59.7%)  
Capsule
  Present = 1 52 (28.7%) 38 (31.9%) 14 (22.6%) .187
  Absent = 0 129 (71.3%) 81 (68.1%) 48 (77.4%)  
Margin clear
  Yes = 0 142 (78.5%) 89 (74.8%) 53 (85.5%) .097
  No = 1 39 (21.5%) 30 (25.2%) 9 (14.5%)  
Enhancement
  Homogeneous = 0 41 (22.7%) 29 (24.4%) 12 (19.4%) .444
  Heterogeneous = 1 140 (77.3%) 90 (75.6%) 50 (80.6%)  
Necrosis
  Present = 1 67 (37%) 43 (36.1%) 24 (38.7%) .733
  Absent = 0 114 (63%) 76 (63.9%) 38 (61.3%)  
TNM
  I stage = 1 152 (84%) 101 (84.9%) 51 (82.3%) .649
  II stage = 2 29 (16%) 18 (15.1%) 11 (17.7%)  
Differentiation
  Low = 1 39 (21.5%) 21 (17.6%) 18 (29%) .077
  Others = 2 142 (78.5%) 98 (82.4%) 44 (71%)  

Low = low differentiation, TNM = tumor-node-metastasis.
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Based on the results of multivariate analysis, rad-score based 
nomogram predicting recurrence of HCC after ablation, as 
showed in Figure 4. In the nomogram, each factor was ascribed 

a weighted point that implied a risk of recurrence or survival. 
The calibration curve shows the excellent prediction accuracy of 
the model predicting the recurrence in the train and validation 
groups (Fig. 5a–f).

The C-index of the train group and validation group was 
0.72 (95% CI: 0.66, 0.78) and 0.71 (95% CI: 0.67, 0.76), 
respectively. The area under the curve of predicting early recur-
rence at 1, 2, and 3 years in the train group was 0.79 (95% 
CI: 0.72–0.88), 0.72 (95% CI: 0.63–0.82), and 0.71 (95% CI: 
0.61–0.83) (Fig.  6a), respectively. The result of the validation 
group was 0.72 (1 year) (95% CI: 0.58–0.84), 0.61 (2 years) 
(95% CI: 0.45–0.78) and 0.64 (3 years) (95% CI: 0.40–0.87) 
(Fig. 6b), respectively. The performance of the predictive model 
is showed in Tables 5 and 6. Evaluation indicators include pre-
cision, accuracy, sensitivity, specificity, positive predictive value, 
and negative predictive value.

4. Discussion
There are still challenges to effectively predicting early recur-
rence after HCC ablation. In the present study, we constructed a 
predictive integrated model which was the combination of clin-
ical data, imaging and radiomics features. We used MRI-based 
radiomics because it might powerful in detecting tumor hetero-
geneity compared to CT, however, lacked further quantitative 
data. Therefore, radiomics of MRI combined with CT maybe 
improve the model’s effectiveness. The integrated model pre-
sented good predictive performance, suggesting that early HCC 
recurrence after ablation required multidimensional markers 
of clinical and radiography. This result was in accordance with 
previous studies.[24–26]

First-order features quantitatively delineate the distribution 
of voxel intensities within the image through fundamental 
metrics, such as features of histogram and shape-based. The 
histogram is frequency distribution of pixel/vovel gray values 
without considering their spatial orientation. Tumor intensity 
histogram-based features reduce the 3D data of a tumor volume 
into a single histogram. This histogram describes the fractional 
volume for a selected structure for the range of voxel values.[16] 
Shape-based features present the morphological structure of the 
lesion.[27] It shows how the tumor is nearly spherical, round, 

Figure 1. LASSO regression coefficients. LASSO = least absolute shrinkage 
and selection operator.

Figure 2. Cross validation plot for the penalty term.

Figure 3. Prognostic significance of rad-score for patients of HCC after ablation. HCC = hepatocellular carcinoma.
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or elongated in shape. Quantitative features describe the geo-
metric shape of a tumor, and could also be extracted from the 
3D surface of the rendered volumes. Tumors that were more 
spherical were less likely to have early recurrence, this was con-
sistent with previous research.[12] Lesions that were not nearly 
spherical probably indicated microvascular invasion, suggesting 
early recurrence.[28] Density means that the denser the tumor, 
the higher the heterogeneity and suggests a worse prognosis. 
Kurtosis is the peak of the region of interest pixel distribution, 
which could be used to describe the concentration degree of 

image brightness information. A higher kurtosis implies that the 
mass of the distribution is concentrated towards the tail rather 
than that towards the mean.[8,29] In the present study, we outlined 
every slice of the whole tumor. Although this work took time, 
more radiomics features were obtained. These works improved 
the credibility of the research and the accuracy of the results. 
It is probably more precise than studies that only measure the 
largest dimension of the tumor.[30] At present, many radiom-
ics studies on HCC had used CT images as the main data.[31] 
However, in this study, we applied MRI images to extract radio-
mics features and constructed the prediction model for the early 
recurrence of HCC.

Radiological features are an important part of tumor 
research. In the present study, we recorded imaging characteris-
tics to build the integrated model such as margin, artery supply, 
capsule, and necrosis. Some of them were proven independent 
factors for the prognosis of HCC.[32,33] The previous study 

Table 3

Univariate logistic regression analysis of radiological and 
clinical features.

Variables HR 95% CI P 

Rad-score 1.42 1.06–1.90 .0196*
Number of lesions 2.97 1.39–6.36 .0050*
Artery supply 1.33 0.76–2.33 .3127
Capsule 2.63 1.34–5.18 .0052*
Margin clear 1.44 0.75–2.76 .2693
Uniform 1.01 0.48–2.14 .9821
Necrosis 1.80 0.94–3.44 .0745
Age 1.25 0.86–1.83 .2457
Gender 0.48 0.20–1.14 .0950
TNM 0.58 0.24–1.40 .2260
Low differentiation 0.44 0.21–0.90 .0253*
AFP 1.59 1.10–2.30 .0135*
PLT 1.01 0.68–1.51 .9641
AST 1.00 0.54–1.86 .9999
ALT 1.65 0.90–3.01 .1049

AFP = alpha-fetoprotein, ALT = alanine aminotransferase, AST = aspartate aminotransferase, PLT 
= platelet, TNM = tumor-node-metastasis.
* represents significant differences.

Table 4

Multivariate logistic regression analysis of radiological and 
clinical features.

Variables HR 95% CI P 

Rad-score 1.45 1.09–1.93 .0098*
Number of lesions 2.27 1.28–4.02 .0048*
Capsule 2.67 1.46–4.89 .0015*
Necrosis 1.81 0.99–3.28 .0529
Gender 0.56 0.25–1.28 .1690
Differentiation 0.36 0.18–0.70 .0028*
AFP 1.68 1.21–2.32 .0018*
ALT 1.50 1.12–2.01 .0059

AFP = alpha-fetoprotein, ALT = alanine aminotransferase.
* represents significant differences.

Figure 4. The prognostic nomogram for recurrence.
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showed that the integrity of the capsule was an independent 
factor for prognosis.[34] However, patients in that study were 
treated with hepatectomy, not after ablation. The radiological 
features were relative with tumor heterogeneity. In the present 
study, results showed that the integrity of the capsule is the only 
one that was relative to early recurrence. Meanwhile, when the 
capsule was integral, it was easy to make sure of the ablation 

margin. Clear ablation margins are critical to treatment success. 
Encapsulated lesions are more likely to make clear the borders 
of ablation and margins extending to the periphery to prevent 
recurrence. In addition, if the tumor border is un-capsulated or 
not smooth, with feeding arteries and surrounding dark areas, 
these imaging features may suggest microvascular invasion, 
leading to early recurrence.[2] The previous study also proved 

Figure 5. Calibration curves of the nomogram for recurrence.
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that the non-smooth tumor margin was a significant predictor 
for early recurrence.[14]

In the present study, 4 radiomics features were selected by 
LASSO, they were T1. HISTO_Kurtosis, T1. SHAPE_Sphericity, 
T1. SHAPE_Compacity, and T1. NGLDM_Contrast. We inves-
tigated 5 different series images, for more details of the image 
would be gained from different phases and series. But some 
studies had investigated partial series.[35] After analysis, the 
meaningful features of radiomics obtained were all derived from 
T1WI. T1WI could show the characteristics of tissue anatomy 
well. SHAPE_Sphericity showed the characteristic of the lesion 
being close to spherical. Sphericity was equal to 1 for a perfect 
sphere. The previous study suggested that non-smooth tumor 
margins predict early recurrence of single HCC.[36] Ablation 

would be well performed when the tumorous margin was reg-
ular and smooth. The electrode needle forms a spherical area 
of ablation, covering the tumor and its surrounding margin so 
that the tumor tends to be cured. Clinically, patients with lesions 
that are aspheric, multiple, non-encapsulated, poorly differenti-
ated, and high in alpha-fetoprotein value, should be followed 
up strictly. Combined therapy should be performed as soon 
as possible, such as targeted and immunotherapy, traditional 
Chinese medicine, radiotherapy and other combined therapy. 
SHAPE_Compacity reflected how compact the VOI was. The 
radiomic feature may relative with the amount of hepatocel-
lular carcinoma. During ablation, power and treatment time 
are both important factors in the success of the operation. For 
patients with early recurrence, it may be necessary to increase 

Figure 6. ROC curves. ROC = receiver operating characteristic curve.

Table 5

The performance of train group.

 Precision Accuracy Sensitivity Specificity PPV NPV 

1 yr 0.74 0.77 0.87 0.66 0.74 0.82
2 yr 0.86 0.66 0.60 0.78 0.86 0.47
3 yr 0.87 0.66 0.66 0.67 0.87 0.37

NPV = negative predictive value, PPV = positive predictive value.

Table 6

The performance of validation group.

 Precision Accuracy Sensitivity Specificity PPV NPV 

1 yr 0.66 0.73 0.87 0.58 0.68 0.82
2 yr 0.75 0.73 0.88 0.43 0.75 0.64
3 yr 0.89 0.84 0.92 0.45 0.89 0.56

NPV = negative predictive value, PPV = positive predictive value.
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the power or prolong the treatment time. In addition, compared 
with enhanced MRI, plain MRI is more economical and saves 
examination time. This is very beneficial for patients with renal 
failure or for whom enhanced MRI is contraindicated. As far 
as we know, although some studies suggested that the portal 
venous phase or series of DWI were meaningful for the prog-
nosis of HCC,[37] only this study was based on ablation therapy 
until now. T1WI could well present tissue anatomy, and most of 
the radiomics features are related to spatial distribution, such 
as shape and histogram. In addition, NGLDM_Contrast is the 
intensity difference between neighboring regions. Spatial dis-
tribution of pixel/voxel gray levels in relation to their relative 
positions. In the present study, the radiomics feature, NGLDM_
Contrast, was related to the gray level intensity variation of the 
pixels that make up the tumor image.

The present study still has some limitations. Research data 
was limited, and this was a retrospective study. The study data 
came from our own institution. The multiple centers, prospec-
tive study with more samples will be needed in the future. It 
was suggested that the peritumor segmentation could better 
predict recurrence. DWI series is important for HCC prognosis. 
However, some of the lesions in the present study were too small 
to segmentation. We aim to made some effort to prove it further.

5. Conclusions
We established a predictive integrated model for early recur-
rence of HCC after ablation, and the model presented good 
predictive performance. For the early recurrence patient, the 
individual medicine was required.
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