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Abstract
Purpose This study was conducted in order to investigate the value of magnetic resonance imaging (MRI)-based radiomics
signatures for the preoperative prediction of hepatocellular carcinoma (HCC) grade.
Methods Data from 170 patients confirmed to have HCC by surgical pathology were divided into a training group (n = 125) and
a test group (n = 45). The radiomics features of tumours based on both T1-weighted imaging (WI) and T2WI were extracted by
using Matrix Laboratory (MATLAB), and radiomics signatures were generated using the least absolute shrinkage and selection
operator (LASSO) logistic regression model. The predicted values of pathological HCC grades using radiomics signatures,
clinical factors (including age, sex, tumour size, alpha fetoprotein (AFP) level, history of hepatitis B, hepatocirrhosis, portal
vein tumour thrombosis, portal hypertension and pseudocapsule) and the combined models were assessed.
Results Radiomics signatures could successfully categorise high-grade and low-grade HCC cases (p < 0.05) in both the training
and test datasets. Regarding the performances of clinical factors, radiomics signatures and the combined clinical and radiomics
signature (from the combined T1WI and T2WI images) models for HCC grading prediction, the areas under the curve (AUCs)
were 0.600, 0.742 and 0.800 in the test datasets, respectively. Both the AFP level and radiomics signature were independent
predictors of HCC grade (p < 0.05).
Conclusions Radiomics signatures may be important for discriminating high-grade and low-grade HCC cases. The combination
of the radiomics signatures with clinical factors may be helpful for the preoperative prediction of HCC grade.
Key Points
• The radiomics signature based on non-contrast-enhanced MR images was significantly associated with the pathological grade
of HCC.

• The radiomics signatures based on T1WI or T2WI images performed similarly at predicting the pathological grade of HCC.
• Combining the radiomics signature and clinical factors (including age, sex, tumour size, AFP level, history of hepatitis B,
hepatocirrhosis, portal vein tumour thrombosis, portal hypertension and pseudocapsule) may be helpful for the preoperative
prediction of HCC grade.
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Abbreviations
3D Three-dimensional
AFP Alpha fetoprotein
AUC Area under the curve
CHB Chronic hepatitis B
CI Confidence interval
DWI Diffusion-weighted imaging
GLCM Grey-level co-occurrence matrix
GLN Grey-level run-length non-uniformity
GLRLM Grey-level run-length matrix
HCC Hepatocellular carcinoma
LASSO Least absolute shrinkage and selection operator
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MRI Magnetic resonance imaging
MVI Microvascular invasion
NSCLC Non-small cell lung cancer
OR Odds ratio
PACS Picture archiving and communication system
ROC Receiver operating characteristic
ROI Region of interest
T1WI T1-weighted imaging
T2WI T2-weighted imaging
TE Echo time
TR Repetition time

Introduction

Hepatocellular carcinoma (HCC) is now the most common
malignant tumour and the second leading cancer-related cause
of death worldwide [1–3]. Clinically, HCC is prone to metas-
tasis and recurrence, and its prognosis is very poor.
Pathological grading is one of the factors that influence
intrahepatic recurrence [4], and high-grade HCC tumours
have a higher rate of intrahepatic recurrence than low-grade
tumours [5]. Most patients with high-grade HCC tumours are
reportedly at high risk of recurrence and need large safety
margins at surgical resection, frequent posttreatment follow-
up examinations or both, whereas patients with low-grade
HCC have lower risk of recurrence [6, 7]. Therefore, accurate
prediction of the HCC grade before treatment might facilitate
the selection of treatment strategy.

Radiomics is an emerging research field that aims to utilise
the full potential of medical images [8], and it can be used for
high-throughput extraction of quantitative features, such as
shape, greyness, texture and wavelet, from medical images
[9, 10]. Radiomics signatures have been proven to reflect tis-
sue heterogeneity [11–16]. Computed tomography (CT)-
based texture analysis has been used to predict tumour grade
in both oesophageal cancer and non-small cell lung cancer
(NSCLC) [17, 18], and the combined analysis of multiple
predictors has been regarded as a powerful method to assist
tumour grading [19].

Medical imaging plays an important role in the diagnosis of
HCC [20]. Magnetic resonance imaging (MRI) has been used
widely for the detection and assessment of HCC. MRI with a
liver-specific contrast agent and diffusion-weighted imaging
(DWI) have been shown to be helpful in assessing the histo-
logical grade of HCC [21–23], while the results of these
methods for HCC grading vary, and the costs of liver-
specific agents are too high to be suitable for most HCC pa-
tients. Texture analysis based on arterial phase contrast-
enhanced MR images was reported to evaluate the grade of
HCC [24]; however, the case number in the study was very
limited, and the results lacked validation. To the best of our
knowledge, no studies have determined whether non-contrast-

enhanced MRI radiomics features could be used to predict
HCC grade. Therefore, the aim of this study was to investigate
the value of non-contrast-enhanced MRI-based radiomics sig-
natures to preoperatively predict HCC grade.

Materials and methods

Patients

This is a retrospective study for which ethical approval was
obtained. The inclusion criteria were as follows: (1) patients
who underwent surgical resection for pathologically con-
firmed HCC with an available histological report of HCC;
(2) patients who underwent liver MRI within 1 week before
operation; (3) patients who received no previous treatment,
such as radiofrequency ablation, transcatheter arterial
chemoembolisation (TACE), liver resection or percutaneous
ethanol injection; and (4) the image quality met the require-
ment of analysis (clearly image without artefact in more than
three slices and the lesion visible on the transverse plane). In
total, 170 patients at our institute were retrospectively recruit-
ed between February 2012 and December 2016, consisting of
141 males and 29 females, with a median age of 55 years
(range 25 to 74 years). One hundred fifty-six patients were
infectedwith hepatitis B, and 14 patients did not have hepatitis
B. The data for 170 patients were divided into two groups,
namely, a training dataset (125 patients; 104 males [83.2%]
and 21 females [16.8%], with a median age of 53 years [range
25 to 71 years]) and a test dataset (45 patients; 37 males
[82.22%] and 8 females [17.78%], with a median age of
57 years [range 28 to 74 years]).

HCC histological grading

The histological grading data were retrieved from archived
clinical histology reports, in which the histological grades of
HCC tumours were noted. Low-grade tumours correspond to
Edmondson grades I, I–II and II, and high-grade tumours cor-
respond to Edmondson grades II–III, III, III–IV and IV [25].

MRI protocol and feature extraction

MR images were acquired with a 3.0-T MRI scanner
(Discovery MR750, 3.0 T, GE Healthcare) with an eight-
channel phase array coil that covered the entire liver.
Baseline MRI included fast spoiled gradient-recalled echo
T1-weighted imaging (WI) and periodically rotated overlap-
ping parallel lines with enhanced reconstruction fat-
suppression fast spin-echo T2WI. The detailed parameters of
the MR sequences used are shown in Table 1.

Both T1WI and T2WI images were retrieved from a picture
archiving and communication system (PACS, Carestream).
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The MR images were loaded into the ITK-SNAP software for
manual segmentation (open source software; http://www.itk-
snap.org), and a three-dimensional (3D) region of interest
(ROI) that covered the whole tumour was delineated on both
the axial T1WI and T2WI images on each slice respectively
segmented by a radiologist with over 10 years of experience in
abdominal imaging. The procedure is highlighted in Fig. 1.

A total of 656 3D features from primary tumours were ex-
tracted, in which 328 features were based on T1WI and 328
features were based on T2WI. The features were divided into
four groups: grey features (group 1), shape features (group 2),
texture features (group 3) and wavelet features (group 4). The
radiomics feature extraction methodology and the imaging
traits are described in detail in Supplementary information 1.

Feature selection, radiomics signature construction
and model training

Because the extracted features are high dimensional, the least
absolute shrinkage and selection operator (LASSO) logistic

Fig. 1 a Delineation of the lesion using the ITK-SNAP software. b
Generation of a 3D ROI

Table 1 Magnetic resonance imaging sequences and parameters

Sequence FSPGR-TIWI Propeller-FSE-FS-T2WI

TR/TE (ms) 180/2.1 3333–7058/83

FA 80 110

Section thickness (mm) 7 7

Matrix size 320 × 192 320 × 320

Bandwidth (Hz/pixel) 83.33 83.33

Field of view (cm) 36–40 36–40

Acquisition time (s) 19 148

Echo train length 1 26–32

No. of excitations 1 2

TR repetition time, TE echo time, FA flip angle, FSPGR-TIWI fast spoiled
gradient-recalled echo T1-weighted image, Propeller-FSE-FS-T2WI
periodically rotated overlapping parallel lines with enhanced reconstruc-
tion fat-suppression fast spin-echo T2-weighted image

Fig. 2 Flow chart of the study

Table 2 Characteristic of HCC patients corresponding to the training
and test datasets

Characteristic Training dataset Test dataset p value

Sex (no. [%])
Male 104 (83.2%) 37 (82.22%) 0.881
Female 21 (16.8%) 8 (17.78%)

Age (years, median [range]) 53 (25, 71) 57 (28, 74) 0.428
Stage (no. [%])
High grade 70 (56%) 25 (55.56%) 0.894
Low grade 55 (44%) 20 (44.44%)

P value < 0.05 indicates a significant difference in patient characteristic
between the training and test datasets

HCC hepatocellular carcinoma
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regression model, which is suitable for the regression of high-
dimensional data, was used to select the most useful features
from the primary data in the training dataset to solve the
multicollinearity problem and construct the prediction model.
The radiomics score (Rad-score) was calculated for each patient

by using the linear combination of selected features multiplied
by their respective coefficients. A 10-fold cross-validation was
applied for training and selecting the optimal model for the
pathological grading of HCC. The detail procedures are de-
scribed in Supplementary information 2.

Table 3 Rad-scores for the
training and test datasets Rad-score High-grade HCC

Median (IQR)

Low-grade HCC

Median (IQR)

p value

Based on T1WI

Training dataset 0.4923 (0.2068 to 0.6847) − 0.002311 (− 0.2035 to 0.2737) < 0.0001

Test dataset 0.4298 (− 0.00231 to 0.6877) − 0.1032 (− 0.5899 to 0.2781) 0.0194

Based on T2WI

Training dataset 0.5268 (0.2505 to 0.9539) − 0.1935 (− 0.6472 to 0.3074) < 0.0001

Test dataset 0.4163 (− 0.08090 to 0.7208) − 0.2091 (− 1.2217 to 0.1249) 0.0112

Based on T1WI and T2WI

Training dataset 0.7079 (0.2714 to 1.1129) − 0.1482 (− 0.8746 to 0.2948) < 0.0001

Test dataset 0.6458 (− 0.1144 to 0.9932) − 0.09459 (− 1.4707 to 0.2028) 0.0057

P value < 0.05 indicates a significant difference in the median Rad-scores between high-grade and low-grade
HCC patients

IQR interquartile range

Fig. 3 Boxplots of Rad-scores in HCC patients. a–cMedians of the Rad-scores of high-grade cases based on T1WI (a), T2WI (b) and combined T1WI
and T2WI (c) are higher than those of low-grade cases in the test dataset
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Predictive ability of the radiomics signature

The model assessed in the training dataset was applied to
the test dataset. The areas under the receiver operating
characteristic (ROC) curves (AUCs) along with 95% con-
fidence intervals (CIs) and standard errors were analysed
by the DeLong test in the MedCalc (Version 16.2.0, https://
www.medcalc.org) software, and the cutoff value was
selected according to the Youden index to determine the
corresponding sensitivity and specificity. The AUCs were
used to assess the predictive ability of the model. The
process is outlined in Fig. 2.

Predictive ability of the clinical model
and the combined model

A clinical prediction model was built to include age, sex,
tumour size, alpha fetoprotein (AFP) level, history of hep-
atitis B, hepatocirrhosis, portal vein tumour thrombosis,
portal hypertension and pseudocapsule based on a logistic
regression model. Then, a combined model integrating the
radiomics signature and all clinical information was built
based on the logistic regression model. The predictive abil-
ity of the clinical model and the combined model was
assessed with ROC curves generated and associated clas-
sification measures (AUC, sensitivity, specificity and
accuracy).

Results

Clinicopathologic characteristics of patients

The clinicopathologic characteristics of patients whose da-
ta were classified into the training and test datasets are
shown in Table 2. There were no differences between the
training dataset and the test dataset in terms of age, sex or
clinicopathologic characteristics (all p > 0.05).

Fig. 4 Images based on T1WI and T2WI of patients with high-grade and
low-grade HCC and the respective Rad-scores. a Patient 1, male, 60 years
old, with Edmondson grade I–II (low-grade) HCC; Rad-scores based on
T1WI, T2WI and combined T1WI and T2WI were − 0.0619, − 0.61134
and − 0.77037, respectively. b Patient 2, male, 65 years old, with
Edmondson grade III (high-grade) HCC; Rad-scores based on T1WI,
T2WI and combined T1WI and T2WI were 0.39853, 0.776079 and
0.999876, respectively. c Patient 3, male, 47 years old, with
Edmondson grade II (low-grade) HCC; Rad-scores based on T1WI,
T2WI and combined T1WI and T2WI were 0.013299, − 0.43544 and
− 0.83285, respectively. d Patient 4, male, 45 years, with Edmondson
grade II–III (high-grade) HCC; Rad-scores based on T1WI, T2WI and
combined T1WI and T2WI were 0.485025, 0.653283 and 0.777851,
respectively. e Rad-scores of patients 1, 2, 3 and 4 based on T1WI,
T2WI and combined T1WI and T2WI

R
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Radiomics signature construction

In total, 656 features were extracted from MR images (328
features from T1WI and 328 from T2WI images). Based on
T1WI, T2WI and combined T1WI and T2WI, 14, 18 and 20
features were selected, respectively, using the LASSO logistic
regression model. The equation used to calculate the Rad-
score for each patient was as follows:

Rad−score ¼ constantþ coefficients� features

and the detailed parameters of the equation are shown in
Supplementary information 3.

Predictive ability of radiomics signature (models)

A significant difference was observed between the median of
the radiomics signature between high-grade and low-grade
cases in both the training dataset (p < 0.05) and the test dataset
(p < 0.05) (Table 3 and Figs. 3 and 4). The radiomics signa-
tures based on T1WI and T2WI images performed well for the

discrimination of high-grade patients from low-grade patients,
with an average AUC of 0.712 and 0.722 in the test dataset
(Fig. 5a, b; Table 4). The radiomics model from the combined
T1WI and T2WI images displayed an AUC of 0.742 (95% CI
0.590 to 0.861) in the test dataset (Fig. 5c).

Predictive ability of the clinical model and the clinical
model combined with the radiomics signatures

The AUC of the clinical model was 0.600 in the test dataset.
The predictive ability (sensitivity, specificity and accuracy) of
the clinical model is shown in Table 4. The predictive perfor-
mance of the clinical model for the classification of high-grade
vs. low-grade HCC cases in the test datasets is presented as
ROC curves and described in Fig. 5d.

The combined model with clinical factors and radiomics
signatures (based on T1WI images, T2WI images and com-
bined T1WI and T2WI images) demonstrated AUCs of 0.742
(95% CI 0.590 to 0.861), 0.786 (95% CI 0.638 to 0.894) and
0.800 (95% CI 0.654 to 0.904), respectively, for the test
dataset (Fig. 6a–c).

Fig. 5 ROC curves of the
radiomics signatures and the
clinical model in the test dataset. a
The ROC curve of the radiomics
signature based on T1WI for the
test dataset; the AUC was 0.712.
b The ROC curve of the
radiomics signature based on
T2WI for the test dataset; the
AUC was 0.722. c The ROC
curve of the radiomics signature
based on combined T1WI and
T2WI for the test dataset; the
AUC was 0.742. d The ROC
curves of the clinical model for
the test dataset; the AUC was
0.600
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As for the combined LASSO logistic regression models,
both the AFP level and the radiomics signature were mean-
ingful in classifying high-grade and low-grade HCC
(p < 0.05) (Table 5).

Discussion

Radiomics has been shown to be useful in staging in lung
and head and neck cancer, the prediction of survival of oro-
pharyngeal squamous cell carcinoma and the determination
of prognostic biomarkers of distant metastasis in lung ade-
nocarcinoma patients [8, 26, 27]. In this study, we described
a radiomics signature using non-contrast-enhanced MR im-
ages. The radiomics signatures based on T1WI and T2WI
images were separately extracted, and three regression
equations, which were used to calculate Rad-score, were
obtained by a LASSO regression model, a 14-feature-
based T1WI radiomics signature, an 18-feature-based
T2WI radiomics signature and a 20-feature-based combined
T1WI and T2WI signatures to test the discrimination of
high-grade from low-grade HCC. Our results showed that
the radiomics signature based on non-contrast-enhanced
MR (T2WI or T1WI) images could successfully categorise
HCC tumours into high-grade and low-grade cases in both
the training dataset (p < 0.05) and the test dataset (p < 0.05).
This indicates that T1WI or T2WI images could reflect the
heterogeneity of tumours and radiomics features can be
used to distinguish tiny signal differences in tumours.

Additionally, we also assessed the predictive values of
the radiomics signature model (based on T1WI, T2WI and
combined T1WI and T2WI images), the clinical model and
the combined clinical and radiomics signature model
(radiomics signature based on T1WI, T2WI and combined
T1WI and T2WI images). Our results demonstrated that the
radiomics signature based on T1WI or T2WI images
showed similar performance in the prediction of the HCC
grade (with AUCs of 0.712 and 0.722 in the test dataset).
However, the clinical model showed the lowest AUC of
0.600 in the test dataset, while the combined clinical model
and radiomics signature (based on combined T1WI and
T2WI images) showed the highest AUC of 0.800 in the test
dataset. Our results were very consistent with those from the
study of Liang et al on radiomics signature-based grading
on colorectal cancer [19], but the combined model in our
study was more effective than that for colorectal cancer
(with an AUC of 0.719 in the test dataset). This result may
be related to the different tumour types having different
heterogeneities.

Zhou et al [24] reported that texture features indexed by the
mean value and grey-level run-length non-uniformity (GLN)
based on Gd-DTPA-enhanced MR images were associated
with the pathological grade of HCC (with AUCs of 0.827–Ta
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0.918), and their results were higher than ours. This may be
related to enhanced MR images providing more information
about tumour heterogeneity. However, only texture features

were analysed in 46 HCC patients, which limited the compre-
hensive assessment of tumour heterogeneity compared with
that achievable with radiomics signatures; additionally, the

Fig. 6 ROC curves of the
combined model. a–c The ROC
curves of the combined T1WI-
based radiomics signature and
clinical model (a the AUC was
0.742 for the test dataset), the
combined T2WI-based radiomics
signature and clinical model (b
the AUC was 0.786 for the test
dataset) and the combined T1WI-
and T2WI-based radiomics sig-
natures and clinical model (c the
AUC was 0.800 for the test
dataset)

Table 5 Preoperative prediction
models of HCC stage Constant and variables Clinical model combined with radiomics signature

Coefficient Odds ratios (95% CI) p value

(Intercept) − 1.62296 0.197314 (0.002069364, 15.46645799) 0.47184
Sex 0.25197 1.286557 (0.312187843, 5.351018269) 0.724723
Age 0.008593 1.00863 (0.953834931, 1.067860919) 0.763147
Area − 0.00865 0.991384 (0.978776522, 1.003666023) 0.17116
Hepatitis B − 0.81439 0.442908 (0.068233682, 2.490051132) 0.368815
AFP 1.60718 4.988721 (1.55812206, 17.70259494) 0.008811*
Pseudocapsule 0.369264 1.44667 (0.348626767, 6.320018507) 0.613113
Portal vein tumour thrombus 1.828037 6.22166 (1.139032241, 43.03709302) 0.055424
Hepatocirrhosis − 0.33644 0.714312 (0.080615757, 5.828646879) 0.753226
Portal hypertension 0.957269 2.604574 (0.889554499, 8.029800585) 0.085092
Radiomics 2.52892 12.53996 (4.898494867, 39.15938992) 1.56E-06*

The combined model showing the results of a multivariate analysis of preoperative factors

95% CI 95% confidence interval

*p value < 0.05

Eur Radiol (2019) 29:2802–2811 2809



case number was very limited, and the data lacked further test,
which may have led to a possible risk of data overfitting.

In the combined model identified in our study, both the
AFP level and radiomics signature were independent factors
that could discriminate between high-grade and low-grade
HCC (p = 0.008811 and p = 0.00000156, respectively). In pre-
vious studies, AFP levels were significant predictors of overall
and disease-free survival in univariate analysis of HCC pa-
tients without microvascular invasion (MVI) [28] and of
long-term HCC risk in patients with chronic hepatitis B
(CHB) [29] and were independent risk factors associated with
pathological grade, progression and survival [30], which was
consistent with the results of our study.

However, there are some limitations in the current study.
First, the number of HCC cases was limited, and the HCC
tumours were divided into low-grade and high-grade cases
instead of using the Edmondson grades. Thus, the validity of
our findings may have been impaired. Therefore, more cases
are needed for future studies. Second, in our study, most pa-
tients had a history of hepatitis B, and the group of patients
was relatively homogeneous; thus, further research is needed
to determine if our findings are reproducible in more hetero-
geneous liver diseases such as hepatitis C-related liver dis-
eases and alcohol-related cirrhosis. Third, other MRI se-
quences, such as DWI and contrast-enhanced imaging, were
not used in our study, and these might be useful in HCC
grading. Thus, the images of these sequences should also be
incorporated in future studies.

In conclusion, radiomics signatures based on T1WI and
T2WI images may be useful for predicting the histological
grade of HCC. A combination of clinical factors with the
radiomics signatures can help distinguish high-grade HCC
tumours from low-grade HCC tumours.
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