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AIM: To develop liver a computed tomography (CT) radiomics model to predict gastro-
oesophageal variceal bleeding (GVB) secondary to hepatitis B-related cirrhosis.
MATERIALS AND METHODS: Electronic medical records and image data of liver triple-phase

contrast-enhanced CT examinations of 295 patients with hepatitis B-related cirrhosis were
collected retrospectively from two hospitals. Two hundred and thirty-six and 59 patients were
enrolled randomly into the training and validation cohorts, respectively; and 75 in the training
cohort and 16 in the validation cohort endured GVB while the others did not during follow-up
period. Radiomics features of the liver were extracted from the portal venous phase images,
and clinical features came frommedical records. The tree-based method and univariate feature
selection were used to select useful features. The radiomics model, clinical model, and inte-
gration of radiomics and clinical models were built using the useful image features and/or
clinical features. Predicting performance of three models was evaluated with the area under
receiver-operating characteristic curve (AUC), accuracy, and F-1 score.
RESULTS: Twenty-one useful radiomics features and/or three clinical features were selected

to build prediction models that correlated with GVB. AUC of integration of radiomics and
clinical models was larger than of clinical or radiomics models for the training cohort
(0.83�0.09 versus 0.64�0.08 or 0.82�0.10) and the validation cohort (0.64 versus 0.61 or 0.61).
Integration of radiomics and clinical models obtained good performance in predicting GVB for
both the training and validation cohorts (accuracy: 0.76�0.07 and 0.73, and F-1 score:
0.77�0.09 and 0.72, respectively).
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CONCLUSION: Integration of the radiomics and clinical models may be a non-invasive
method to predict GVB.

� 2019 The Royal College of Radiologists. Published by Elsevier Ltd. All rights reserved.
Introduction

There are nearly 360 million hepatitis B virus carriers in
the world.1 About 20% of the carriers will develop chronic
hepatitis, and of these patients, 50% with chronic hepatitis
may develop cirrhosis. Cirrhosis of the liver will produce a
series of complications, of which gastro-oesophageal vari-
ceal bleeding (GVB) is one of the most serious complica-
tions.2 In patients with cirrhosis who survive the first bleed,
the probability of rebleeding is 33e76%within the following
year,3 and it greatly increases mortality. Therefore, it is
particularly important to predict the first GVB in patients
with hepatitis B-related cirrhosis.

The first to fifth versions of the Baveno Consensus on
portal hypertension have recommended regular endos-
copy for portal hypertension patients because it is the
only method that can directly observe varicose veins and
measure their size4; however, endoscopy is an invasive
examination, which will cause some pain to the patient,
and may also cause bleeding of the oesophageal and
gastric varices, and critically ill patients are generally
intolerant. The sixth Baveno Consensus (Baveno VI) is the
first to recommend the use of non-invasive tools, such as
magnetic resonance imaging (MRI), computed tomogra-
phy (CT), and Doppler ultrasound, to detect varicose veins
at high risk of bleeding.5 Doppler ultrasound is highly
dependent on the examiner, so sensitivity is affected. MRI
and CT have certain specificities, but MRI has some rela-
tive contraindications such as pacemakers and metal
implants.

Radiomics is an emerging image-analysis technology
that is increasingly receiving attention from radiologists
and clinicians due to its innovative and quantitative ad-
vantages. This innovative approach first transforms
medical images into high-dimensional quantitative fea-
tures through post-processing techniques, and then per-
forms image analysis. It uses a robust and repeatable
method to comprehensively analyse these features and
clinical data to get the final result, and avoids any dif-
ferences between the inter- or intra-observers, is not
related to the experience of the radiologist, making the
results more objective, and it is a non-invasive exami-
nation that avoids unnecessary pain for the patients.6e8

To the authors’ knowledge, there is no literature to date
regarding the determination of whether radiomics can
better predict GVB secondary to cirrhosis. Therefore, the
purpose of the present study was to explore and validate
a radiomics model that predicts GVB secondary to hepa-
titis B-related cirrhosis.
Materials and methods

Patients

This retrospective study was approved by the institu-
tional review board. Patient consent for the study was
waived as it was retrospective and anonymised. This study
was performed in accordance with the Declaration of Hel-
sinki. Medical record review was performed in accordance
with the guidelines of the institutional ethics review board.

The initial diagnosis of cirrhosis in patients with hepatitis
B was based on physical findings, laboratory investigations,
and imaging findings whenever available according to the
American Association for the Study of Liver Diseases (AASLD)
practice guidelines on chronic hepatitis B (2015).9 Cases
with hepatitis B were identified through laboratory in-
vestigations. During the period from January 2013 to
February 2017, the records of 1,587 patients with a first-
diagnosis of cirrhosis were collected from two hospitals,
according to the following exclusion criteria: (1) complicated
with liver cancer or other space-occupying lesions (n¼626);
(2) lost to follow-up (n¼205); (3) previously received
transjugular intrahepatic portosystemic shunt or other
related surgery (n¼67); (4) poor quality of CT images or
incomplete clinical data (n¼284); or (5) complicated with
ulcerative gastrointestinal bleeding or primary haemato-
logical disease or other diseases, which might lead to
gastrointestinal bleeding (n¼110). In addition, the CT image
quality was subjectively analysed on a five-point scale (1,
worst; 2, suboptimal; 3, adequate; 4, very good; and 5,
excellent) according to the image-quality scoring system.10 If
the score of the liver was three or more, the CT image could
meet the requirements of the subsequent image segmenta-
tion for feature extraction. Patients were divided into GVB
and non-GVB groups based on the GVB outcomes at tele-
phone interview during the follow-up period. Patients
without GVB were enrolled into the non-GVB group ac-
cording to the following criterion: patients with first-
diagnosed cirrhosis from January 2013 to February 2017
who were followed up by means of telephone and medical
records in September 2018 to verify that patients had no
GVB. Patients with GVB were enrolled into GVB group if
patients with hepatitis B-related cirrhosis from January 2013
to February 2017 who were followed up by means of tele-
phone interview and medical records in September 2018 to
verify that patients had GVB. The questions asked at tele-
phone interview were whether the patients had GVB or not,
and whether the GVB was the first bleed or rebleeding. The
mean follow-up period for the non-GVB groupwas 20.8�3.7
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months (18.5e34.6 months), and the mean interval for the
GVB groupwas approximately 22.5�4.3months (range from
17.6 to 35.6 months). Consequently, the study involved 295
cases. Of all patients, 91 experiencedGVB and 204 did not. All
patients were divided randomly into two separate cohorts:
the training cohort (n¼236); and the validation cohort
(n¼59), among which 75 and 16 patients with GVB were
assigned to the training cohort and the validation cohort,
respectively. Relevant clinical data including gender, age,
portal hypertension, and portal vein thrombosis were
collected. Additionally, portal hypertension was identified
according to the report: portal vein diameter of�13mm; the
formation of portosystemic collaterals, splenomegaly, and
ascites are indirect indicators of portal hypertension.11 The
research sequence is illustrated in Fig 1.

Image acquisitions

All patients underwent abdominal contrast-enhanced
CT with the two 128-section multidetector CT machines
(SOMATOM Definition Flash, Siemens Healthcare systems,
Germany) in two hospitals. During the abdominal CT, the
patients were placed in supine position on the scanning
bed and were instructed to take a deep aspiration and hold
their breaths. After a routine unenhanced scan, the triple-
phase contrast-enhanced CT was obtained using automatic
Figure 1 The CT data stream sequence in this study. Firstly, the entire live
are subsequently extracted. Then, in the training cohort, the effective feat
indicators are constructed and validated, and finally, the validation coho
dicators. Ultimately, this study has shown that radiomics indicators can p
scanning based on the trigger threshold of CT attenuation
of 100 HU at the abdominal aorta, and started 20e30
seconds after the initiation of the injection of the contrast
agent (iohexol; Omnipaque, GE Healthcare, Chicago, Illi-
nois, USA) via a 20-G needle into an antecubital vein at a
rate of 3 ml/s for a total of 80e100 ml calculated according
to 2 ml/kg body weight with a pump injector, followed by
a 20-ml saline flush. The arterial phase, portal vein phase,
and delayed phase images were obtained 20e30, 50e60,
and 90 seconds, respectively, after the contrast agent was
injected. The CT imaging parameters for the unenhanced
and contrast-enhanced scans were 140 kVp peak voltage,
240 mA tube current (automatic exposure control
employed), section thickness of 5 mm, detector collimation
of 128�0.125 mm, a pitch of 1.75, and a matrix of 512�512
mm. The coverage of CT scan was from the dome to the
lower edge of the liver. The window width was set to 200
HU, and the window level was 50 HU. The image data were
then transferred directly to the picture archiving and
communication system. All images were exported in
DICOM format for image feature extraction.

Image segmentation and feature extraction

The images used for the segmentation and feature
extraction were all from the picture archiving and
r contours are manually outlined layer by layer and relevant features
ures are selected. Based on the selected characteristics, the radiomics
rt is used to verify the predictive performance of the radiomics in-
redict GVB secondary to hepatitis B-related cirrhosis.
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communication system, and each patient’s image data were
set in the optimal window. Because the GVB could be best
shown on the portal venous phase images when the triple-
phase contrast-enhanced scans were performed, the image
data from this phase were selected separately for the sub-
sequent data analysis by two gastrointestinal radiologists
(readers 1 and 2, with 6 and 8 years of experience,
respectively, in gastrointestinal CT imaging) who were un-
aware of clinical information and laboratory tests.

For the segmentation of regions of interest (ROI) of the
liver (Fig 2) and extraction of radiomics features, the entire
liver was delineated by the above-mentioned two radiolo-
gists on the portal venous phase scans using the IBEX (b1.0,
http://bit.ly/IBEX_MDAnderson) package (open source,
source code version), which was developed in 64-bit
MATLAB 2015b (Math Works).12 The senior radiologist
(T.W.C.) with 21 years of experience in gastrointestinal
radiology checked all the returns on the previous two
readers’ investment on the portal venous phase images.
Each ROI was as close as possible to the liver margin, but not
beyond the liver margin, to avoid adjacent organs such as
the gallbladder, intestine, stomach, spleen, kidney, and
mesentery. When reader 1 and reader 2 disagreed, they
reached a consensus after discussion, and the consensus
was checked by the previous senior radiologist. In order to
evaluate the reproducibility inside the observer, reader 1
repeated the ROI depiction twice in a week with the same
procedure. The interobserver reproducibility was evaluated
by the ROI segmentation of the previous readers 1 and 2.
Based on the ROI, all feature extraction methods employed
IBEX software using the in-house developed texture anal-
ysis algorithms. In this study, each patient produced 455
features from the portal venous phase images. These
extracted features included the following key features:
shape, intensity histogram, grey-level co-occurrence matrix
(GLCM), and grey-level run length matrix (GLRLM) from the
IBEX (Table 1).12,13

Because each ROI was separately delineated by two ra-
diologists (readers 1 and 2), there could be a certain
Figure 2 The liver contours are manually outlined on the contrast-
enhanced portal venous phase CT data.
difference in the segmentation. The interobserver correla-
tion coefficient (ICCinter) was used to quantify the agree-
ments of the 455 radiomics features extracted from the
depicted ROIs by readers 1 and 2 separately. The intra-
observer correlation coefficient (ICCintra) was used to
quantify the agreements of the 455 radiomics features
extracted from the depicted ROIs by reader 1 twice. When
both ICCinter and ICCintra were >0.75, radiomics feature
extraction was considered to be reproducible.14 All the im-
age features were extracted, and were further processed to
have zero mean and unit variance (z-score normalisation):

xnorm ¼ x� m

s

where x is the original feature value, m is the mean value of
this feature, and s is its standard deviation.15

In the present study, the ratio of patients with and
without GVB was 91:204, suggesting that the data were
unbalanced. For the unbalanced data, it was difficult to
obtain good results using traditional learning algorithms. It
was therefore necessary to preprocess the data before ma-
chine learning using the training set so that there was no
difference between patients with and without GVB, which
could be achieved by oversampling.16 Oversampling could
improve the accuracy and recall of the model as shown by
the tests on actual medical diagnostic data.16,17 Over-
sampling was done by randomly selecting the patients with
GVB for replication, thereby increasing the proportion of
these participants.16,18

The following are the statistical analyses for radiomics
feature selection. Each patient presented a large number of
image features, but many of these features might be just
noise or highly correlated with each other, so features
needed to be reduced to select subsets of useful and unique
features to improve prediction accuracy and minimise
computational cost.19 Tree-based estimators were chosen
to select the most useful image features for predicting GVB,
and then all selected features were tested using an inde-
pendent sample t-test or chi-square KruskaleWallis H test.
The importance of each feature was evaluated by p-value,
leaving only the features with a p-value <0.05. Four clinical
factors possibly associated with GVB secondary to cirrhosis,
including gender, age, portal hypertension, and portal vein
thrombosis, were also collected. Statistical analysis was
also performed using the t-test or chi-square
KruskaleWallis H test to determine whether these clin-
ical features were statistically significant for prediction of
GVB.

The previous selected radiomics and clinical features
were used to construct three predictive models through
random forest, including a radiomics model, a clinical
model, and an integration of the radiomics and clinical
features. The training process was optimised by the 10-fold
cross-validation and grid search method to obtain an
optimal training result, and then the performance of the
model was tested through the test set. Training results and
test results were evaluated using three differentiating in-
dicators including area under the receiver operating char-
acteristic curve (AUC), accuracy, and F-1 score.

http://bit.ly/IBEX_MDAnderson


Table 1
Feature extraction.

Radiomics features

Shape The shape presents descriptors of the three-dimensional size and shape of the liver, including the following: tightness 1,
firmness 2, convex, convex volume (CHV), convex volume 3D (CHV3D), mass, maximum 3D diameter (M3DD), average
width (MB), number of voxels, direction, roundness, spherical inhomogeneity (SD), sphericity, surface area (SA),
surface area density, (SAD) and volume

Intensity histogram The intensity histogram mainly includes the following contents: interquartile range, kurtosis, mean absolute deviation
(MAD1), median absolute deviation (MAD2), percentile, percentile area, points Number of digits, range, and skewness

GLCM GLCM describes general information of intensity levels of CT images in different directions and offsets and arrangement
pattern of different voxels. In this study, each GLCM feature was measured by four directions (q¼0� , 45� , 90� , 135�) and
three offsets (d ¼1, 4, 7), including the following: autocorrelation, dissimilarity, energy, entropy, homogeneity 1,
homogeneity 2, max probability (MA), sum average (SA), sum entropy and sum variance

GLRLM GLRLM quantifies grey level runs in CT images. In this study, each GLRLM feature was measured by two directions
(q¼0�, 90�) and one offset (l ¼ 1), including the following: grey-level non-uniformity, high grey-level run emphasis,
long run emphasis, long run high grey-level emphasis, long run low grey-level emphasis, low grey-level run
emphasis, run-length non-uniformity, run percentage, short run emphasis, short run high grey-level emphasis,
and short run low grey-level emphasis

GLCM, grey-level co-occurrence matrix; and GLRLM, grey-level run length matrix.
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Statistics

All statistical analyses were conducted using R (Version
3.4.1, https://www.r-project.org/). The reported statistical
significance levels were bilateral, with a p-value of <0.05
indicating statistical difference.

The correlation coefficient was used to quantify the
intra-observer and interobserver agreements for each of the
extracted 455 radiomics features. Clinical characteristics
were measured based on the type of variable. The
ShapiroeWilk test was used to assess the normality of the
feature distribution, and the uniformity of the variance was
tested by the Bartlett test. Continuous variables were
expressed as mean or median, and compared by indepen-
dent t-test. The categorical variables were measured in
proportion, and compared using a chi-square test. The tree-
based estimators were performed using R software version
3.4.4 (https://www.r-poject.org), and other analyses were
done using python 3.6 (http://www.python.org).

Results

Baseline clinical independent predictors for GVB

A total of 295 patients were recruited, and the specific
clinical features are shown in Table 2. With regards to
Table 2
Clinical characteristics of enrolled patients.

The training cohort

With GVB (n¼75) Without GVB (

Median age (year) 58.08 (40e85) 58.24 (15e99)
Gender (%)
Male 45 (60) 102 (63.4)
Female 30 (40) 59 (36.6)
Portal hypertension (%)
Yes 42 (56) 93 (57.8)
No 33 (44) 68 (42.2)
Portal vein thrombosis (%)
Yes 16 (21.3) 9 (5.6)
No 59 (78.8) 152 (94.4)

GVB, gastro-oesophageal variceal bleeding.
the relevant clinical information, there were statistical
differences in gender, portal hypertension, and portal
vein thrombosis between cirrhosis patients with and
without GVB, indicating that these three clinical indexes
could be used to establish a model to predict GVB
(Table 3). The p-value was >0.05 in age, suggesting no
statistical difference in this index between patients with
and without GVB.

Intra- and interobserver variability in assessment of
image features extraction

For the intra- and interobserver agreements of features
extraction, ICCintra and ICCinter were>0.75 for the extraction
of 445 features while either ICCintra or ICCinter was less than
0.75 for that of the remained 10 features, indicating that the
previous 445 features extracted by reader 1 could be
reproducible. The 445 features from reader 1 with both
ICCintra and ICCinter >0.75 were used to build a multivariate
predictive model.

Feature selection and radiomics signature building

From the 445 image features extracted by reader 1
with both ICCintra and ICCinter >0.75, 50 useful features
were selected by the tree-based method (9.1:1 ratio) as
shown in Fig 3. Based on the t-test or chi-square
The validation cohort

n¼161) With GVB (n¼16) Without GVB (n¼43)

56.31 (33e81) 61.67 (23e81)

13 (81.3) 27 (62.8)
3 (18.7) 16 (37.2)

9 (56.3) 21 (48.8)
7 (43.7) 22 (51.2)

5 (31.3) 4 (9.3)
11 (68.7) 39 (90.7)

https://www.r-project.org/
https://www.r-poject.org
http://www.python.org


Table 3
Selected features with description.

Feature name p-Value

Image feature
Max 3D diameter 0.001
X0.025 quantile 0.007
Roundness 0.046
X90 low grey-level run emphasis 0.005
Number of voxel 0.015
X.333 short run low grey-level emphasis 0.017
Convex hull volume 0.008
Surface area 0.028
Volume 0.019
X90SRGLG 0.016
X5 percentile 0.024
X45.7 contrast 0.026
X0 low grey-level run emphasis 0.002
Convex hull volume 3D 0.017
X90 high grey-level run emphasis 0.018
X0 short run low grey-level emphasis 0.031
X45.4 inverse diff moment norm 0.032
X45.4 contrast 0.027
X45.7 inverse diff moment norm 0.031
Texture strength 0.021
X135.4 cluster prominence 0.020

Clinical feature
Sexy 0.009
Portal vein thrombosis <0.001
Portal hypertension 0.015
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KruskaleWallis H test, a total of 21 important image
features were ultimately selected for predicting GVB
(Table 3).
Figure 3 The tree-based method used in this study for the radiomics feat
by-step node splitting, and also has “grouping properties”, which enable
variables. In this study, a tree-based method is used to screen out 50 re
radiomics features are shown to be associated with the prediction of GVB
Model construction and prediction performance

The 21 selected image features and three selected clinical
features were applied to develop three diagnostic models
for prediction of GVB by using the training cohort. The three
predictive models included a radiomics model, a clinical
model, and a model created by integrating the radiomics
and clinical features. The most suitable model was selected
based on the receiver operating characteristic (ROC) curves
illustrated in Fig 4, together with the AUC, accuracy, and F-1
score as shown in Table 4. Through the integration of
radiomics and clinical features, the model was superior to
either of the other two models for prediction of GVB sec-
ondary to hepatitis B-related cirrhosis.
Discussion

The increasing popularity of precision medicine has led
to the emergence and development of radiomics. Radiomics
uses state-of-the-art machine learning techniques to
quickly extract large quantities of quantitative features from
CT, MRI or positron-emission tomography, convert these
quantitative features into usable data, and then analyse and
develop amedical model using sophisticated bioinformatics
tools.20e22 This model can predict the occurrence of disease
and improve the accuracy of diagnosis. This study was
carried out to develop and validate a radiomics model for
prediction of GVB secondary to hepatitis B-related cirrhosis.
Based on abdominal contrast-enhanced CT images and/or
ure extraction. The tree-based method has the greedy nature of step-
s the tree to skilfully handle the correlation and interaction between
lated features from the 445 radiomics candidate features. These 50
secondary to cirrhosis.



Figure 4 The ROC curves of the integration of both radiomics and clinical model, the clinical model, and the radiomics model have been ob-
tained to predict GVB secondary to hepatitis B-related cirrhosis in the validation cohort.

Table 4
Performance of the models in training and validation cohorts.

Prediction model AUC Accuracy F-1 score

The training cohort
Integration of both radiomics and clinical model 0.83�0.09 0.76�0.07 0.77�0.09
Radiomics model 0.82�0.10 0.74�0.10 0.75�0.10
Clinical model 0.64�0.08 0.61�0.09 0.67�0.09

The validation cohort
Integration of both radiomics and clinical model 0.64 0.73 0.72
Radiomics model 0.61 0.66 0.66
Clinical model 0.61 0.54 0.57

AUC, area under receiver operating characteristic curve.
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clinical features, three predictive models were developed
and validated, including a radiomics model, a clinical
model, and a model created by integrating the radiomics
and clinical features for prediction of GVB secondary to
hepatitis B-related cirrhosis. The present study showed that
the model of integrating both radiomics and clinical fea-
tures could be better than the clinical or radiomics models
for prediction of GVB, indicating that this integrated model
is promising for clinical use so as to alert high-risk patients
with GVB secondary to cirrhosis.

As shown in the present study, independent clinical
risk factors for GVB secondary to cirrhosis observed in
both training and validation cohorts included gender,
portal hypertension, and portal vein thrombosis. Gender
can be an independent predictor, which can be explained
by the difference in the incidence of cirrhosis between
men and women. The incidence of cirrhosis in men may
be significantly higher than in women (men versus
women: 187 versus 108). The presence and severity of
oesophageal varices depend on the severity of portal
hypertension secondary to cirrhosis,23 indicating that
portal hypertension could be a clinical risk factor for GVB.
In addition, portal thrombosis can be an independent
predictor, which may be related to the cause of portal
hypertension; however, when a clinical model containing
only clinical features is established to predict GVB, its
performance cannot be satisfactory in the training and
validation cohorts.

A radiomics model using the selected 21 image features
was developed for predicting GVB, showing a slightly better
performance compared with the above-mentioned clinical
model. In order to improve the performance for prediction
of GVB, integration of both radiomics and clinical models
was undertaken. The findings show that the performance of
the integrated model is better than that of either the
radiomics model or the clinical model for prediction of GVB
because of higher AUC, accuracy, and F-1 score observed for
both the training and validation cohorts. This finding can be
explained in that the radiomics features complement the
relevant clinical features to improve the predictive perfor-
mance.20,21,24 Since the sixth Baveno Consensus (Baveno VI)
on portal hypertension recommends the use of non-
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invasive tools such as CT to detect varicose veins at high risk
of bleeding,5 the present study suggests the integration of
both CT radiomics and clinical models as a new non-
invasive tool for screening cirrhotic patients with a higher
risk of GVB.

The following aspects ensure the robustness of the
radiomics and clinical models. When contrasted with the
traditional practice of treating medical images only as
visually interpreted images, the radiomics model can
improve the accuracy of prediction. In addition, the radio-
mics model is a quantitative analytic model that is inde-
pendent of subjective analysis.22 In the present study, the
correlation coefficient of the intra- and interobserver
agreements of the 445 image feature extraction is >0.75,
suggesting a high degree of stability can be found in the
useful radiomics features for prediction of GVB.

On the other hand, the feature extraction process pro-
duces a large number of features; however, a number of
features is useless, and selecting the useful features and
eliminating the redundant features can improve the per-
formance of the predictive model.22 In the present study,
the tree-based method and t-test or chi-square
KruskaleWallis H test have been used to select the texture
features, and 21 of the 445 candidate features have been
selected to be most relevant to GVB secondary to cirrhosis,
which ensures the importance and independence of each
feature in the ultimate model. The three clinical features are
also screened with t-test or chi-square KruskaleWallis H
test to predict GVB. Random forest was used in the present
study to build themodels for predicting GVB, which is based
on the principle that random forest is a tree-based
ensemble machine learning tool, and the tree has a
“grouping property” that enables random forest to quickly
handle correlations between variables, using variable
importance for feature selection and sorting.25

In addition, the GVB prediction model has uniqueness.
Unlike the prediction model that only contains radiomics
features, this multivariate model was developed by inte-
gration of radiomics and clinical features, and improved the
performance of GVB prediction for precise intervention of
cirrhotic patients with a higher risk of GVB. Compared with
the referenced study regarding the prediction of oesopha-
geal varices in cirrhotic patients with apparent diffusion
coefficient of the spleen,26 the present results for GVB in
cirrhotic patients have been derived from the training
cohort and have been validated in the testing cohort while
the results in this published study have not been validated,
indicating that the present results could be more reliable.

This study has several limitations. Firstly, the sample size
was relatively small, because the aim was to ensure data
consistency and CT data from the same scanner using the
same scanning parameters were selected. This predictive
model will be validated using CT data from different scan-
ners in other hospitals as the next step, and multicentre
validation will be undertaken to confirm the present find-
ings. Secondly, new radiomics features discovered by deep
learning were not considered. The radiology combination
function with deep learning discovery function can further
improve the prediction accuracy automatically.7,13 Thirdly,
there is a high drop-off rate of patients in this study.
Cirrhotic patients were excluded, as listed in the exclusion
criteria, in order to keep the accuracy of the extracted CT
radiomics features of hepatitis B-related cirrhosis. Although
this high drop-off rate might not have introduced bias, the
present findings will be confirmed in a future prospective
study. Fourthly, genotyping of cirrhosis was not considered.
As demonstrated in the published studies regarding
cirrhosis in patients with chronic hepatitis C, multiple genes
interacting with environmental factors could affect the
progression of liver fibrosis.27,28 Radiogenomics is con-
cerned with the relationship between imaging radiomics
and genomics. Establishingwhether a radiogenomicsmodel
is superior to a radiomics model for prediction of GVB has
yet to be undertaken.

In summary, a multivariate model was developed based
on the CT features and related clinical features that showed
good accuracy in predicting GVB secondary to hepatitis B-
related cirrhosis. It is hoped that the present model can help
predict the possibility of GVB secondary to hepatitis B-
related cirrhosis for timely treatment decision-making, and
can help to develop the predictive model for GVB in patients
with cirrhosis from other causes.
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