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Objectives: Preoperative prediction of post-hepatectomy liver failure (PHLF) in patients

with hepatocellular carcinoma (HCC) is significant for developing appropriate treatment

strategies. We aimed to establish a radiomics-based clinical model for preoperative

prediction of PHLF in HCC patients using gadolinium-ethoxybenzyl-diethylenetriamine

(Gd-EOB-DTPA)-enhanced magnetic resonance imaging (MRI).

Methods: A total of 144 HCC patients from twomedical centers were included, with 111

patients as the training cohort and 33 patients as the test cohort, respectively. Radiomics

features and clinical variables were selected to construct a radiomics model and a clinical

model, respectively. A combined logistic regression model, the liver failure (LF) model

that incorporated the developed radiomics signature and clinical risk factors was then

constructed. The performance of these models was evaluated and compared by plotting

the receiver operating characteristic (ROC) curve and calculating the area under the curve

(AUC) with 95% confidence interval (CI).

Results: The radiomics model showed a higher AUC than the clinical

model in the training cohort and the test cohort for predicting PHLF in

HCC patients. Moreover, the LF model had the highest AUCs in both

cohorts [0.956 (95% CI: 0.955–0.962) and 0.844 (95% CI: 0.833–0.886),

respectively], compared with the radiomics model and the clinical model.
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Conclusions: We evaluated quantitative radiomics features from MRI images and

presented an externally validated radiomics-based clinical model, the LF model for the

prediction of PHLF in HCC patients, which could assist clinicians in making treatment

strategies before surgery.

Keywords: prediction model, magnetic resonance imaging, radiomics, post-hepatectomy liver failure,

hepatocellular carcinoma

INTRODUCTION

Hepatocellular carcinoma (HCC) is one of the most common
malignancies and the fourth leading cause of cancer death
worldwide (1). Surgical resection is an effective curative
treatment for HCC patients, which provides remarkable
survival benefits (2). However, the postoperative mortality of
hepatectomy is estimated to be about 3–14% (3), which is
even higher in patients with preexisting chronic liver disease
(4). The main reason for the high mortality is postoperative
complications, including bleeding, incisional infection, and liver
failure, etc. Among them, post-hepatectomy liver failure (PHLF)
is a severe one and the major cause of death (4, 5), with an
incidence of 12% (6, 7) and a mortality of up to 50% (3). PHLF
could also result in prolonged hospitalization, increased costs,
and poor long-term prognosis (3). Therefore, the risk of PHLF
needs to be assessed accurately before hepatectomy.

Previous literature has reported some clinical factors that
contributed to PHLF in HCC patients, including tumor size (8),
preoperative platelet (PLT) count (4, 9), future liver remnant
(FLR) (10), etc. Currently, commonly used clinical methods for
preoperative liver function assessment include routine blood test,
blood biochemistry test, indocyanine green (ICG) retention test,
and clinical scores such as Child-Pugh (CP) score, model for
end-stage liver disease (MELD) score, and albumin-bilirubin
(ALBI) score (11–13). However, all these methods are limited
to some extent with unsatisfactory performance, which is
probably due to limitations of clinical variables. Therefore,
there is an urgent need to explore a more effective means of
predicting PHLF.

In recent years, as radiomics has evolved rapidly, it becomes
increasingly promising in medical research. Quantitative features
could be extracted from digital medical images using radiomics
so that these high-dimensional data can be fully used for
assisting clinicians in disease diagnosis, treatment strategy
development, and prognosis assessment. Several studies have
shown that texture features were significantly associated with
overall survival (OS) and recurrence-free survival (RFS) of HCC
patients after hepatectomy (14, 15). It has also been found
that radiomics features were associated with liver fibrosis and
other pathologic features of HCC (16, 17). Therefore, it is
promising to apply radiomics to further assess the liver function
of HCC patients after hepatectomy. However, there is a lack
of study that researches the relationship between radiomics
and PHLF.

In this study, we aimed to establish models for the
prediction of PHLF in HCC patients using radiomics based on

gadolinium-ethoxybenzyl-diethylenetriamine (Gd-EOB-DTPA)-
enhanced magnetic resonance imaging (MRI), which could
potentially assist doctors in clinical decision making.

MATERIALS AND METHODS

Patients
The retrospective study was conducted in two medical centers:
First Affiliated Hospital of Sun Yat-sen University (FAHSYSU)
and Sun Yat-sen University Cancer Center (SYSUCC). Patients
from FASHSYSU were used as the training cohort for model
development, while patients from SYSUCC were used as the
test cohort for model validation. Patients who were diagnosed
with HCC from January 2016 to December 2019 were screened.
Inclusion criteria were: (1) underwent hemihepatectomy; (2)
pathologically diagnosed with HCC; (3) received Gd-EOB-
DTPA-enhanced MRI scan of the liver and ICG retention
test within 30 days prior to surgery. Exclusion criteria were:
(1) received any anti-tumor therapy before the surgery; (2)
incomplete clinical or pathological information. In accordance
with the International Study Group of Liver Surgery (ISGLS),
PHLF is defined as impaired functions of the liver, which
are characterized by hyperbilirubinemia and an increased
international normalized ratio (INR) on or after postoperative
day 5 (18).

Clinical Variables
Clinical variables including gender, age, height, weight, body
mass index (BMI), diabetes mellitus (DM), history of alcohol
consumption, non-alcoholic fatty liver disease (NAFLD),
viral hepatitis (VH), hepatic encephalopathy (HE), ascites,
performance status (PS) score, CP score, Barcelona clinic
liver cancer (BCLC) stage, MELD score, and ALBI score were
collected from medical records. Laboratory test results within 7
days prior to surgery including PLT count, total bilirubin (TBIL),
serum creatinine (Cr), INR, alanine aminotransferase (ALT),
aspartate aminotransferase (AST), γ-glutamyl transpeptidase
(GGT), and ICG retention test at 15min (ICG-R15) were
obtained. BMI was determined by dividing the weight (kg) by
the square of the height (cm). The CP score was determined
by five parameters: serum albumin, TBIL, prothrombin time,
hepatic encephalopathy, and ascites (19). The MELD score was
calculated by using the formula: 3.8 × ln [TBIL (mg/dL)] + 11.2
× ln (INR)+ 9.6× ln [Cr (mg/dL)]+ 6.4 (20). The equation for
the ALBI score calculation was 0.66 × log10 [TBIL (µmol/L)] –
0.085× [albumin (g/L)] (21).
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FIGURE 1 | The radiomics workflow. (A) Regions of interests (ROIs) were delineated in the non-tumor area; (B) Radiomics features were extracted from ROIs; (C) The

selection of radiomics features; (D) The evaluation of the performance of prediction models.

MRI Image Acquisition and Evaluation
Details of MRI image acquisition are provided in
Supplementary Materials and Supplementary Table 1.

Three independent radiologists with more than 20 years
of experience reviewed the MRI images and evaluate the
following features: transient hepatic parenchymal enhancement
(THPE), tumor size, number of tumors, tumor boundary, tumor
capsule, vascular invasion, bile duct invasion, bile duct dilatation,
lymph node metastasis, adjacent tissue invasion, varicose veins,
hemorrhage, tumor thrombus, liver cirrhosis, and splenomegaly.

Region-of-Interest Segmentation and
Radiomics Feature Extraction
The radiomics workflow is shown in Figure 1. MRI images of
patients were imported into the ITK-SNAP 3.6.0 software (open-
source software; www.itksnap.org) (22). By using the software,
the radiologists delineated a circular region of interest (ROI) of
1 cm in diameter in each non-tumor liver segment as indicated in
the hepatobiliary phase on the transverse slice.

We then extracted and analyzed the MRI image features by
using the A.K. 2.0.0 software (house-made software; Analysis-
Kit, GE Healthcare). In total, 1,044 MRI image features of five
categories were extracted, including seven shape features, 44 first
order histogram features, 61 gray level size zone matrix (GLSZM)
features, 446 gray level cooccurrence matrix (GLCM) features,
and 486 gray level run-length matrix (GLRLM) features.

Development and Validation of the
Radiomics Model
The feature analysis was performed by using open-source
software (https://github.com/salan668/FAE). Original values of
radiomics features were normalized, where each value subtracted
the mean and then was divided by the L2 norm. Pearson’s

correlation coefficients of 1,044 radiomics features in each patient
were then calculated. Radiomics features with a correlation
coefficient higher than 0.86 were considered highly correlated
and would be randomly eliminated, leaving only one. The
recursive feature elimination (RFE) method was used for
subsequent feature selection. It is muchmore robust to data over-
fitting than other feature selection techniques and has shown its
power in many fields including radiomics, genomics, proteomics,
and metabolomics (23). The best features were picked out
from the whole by repeatedly constructing the model, and then
remaining features were used to select the best features. This
process was repeated until all features were traversed and the
order in which features were eliminated in the process was the
ordering of features. Thus, each feature was evaluated on their
contribution to the model. After selection, a desired number of
features were included in a logistic regression model. Finally,
five-fold cross-validation was used to prevent overfitting.

Based on the radiomics model, a radiomics score that
indicated the relative risk of PHLF for each patient in both the
training cohort and the test cohort was calculated. The actual
PHLFwas determined by clinical evaluation asmentioned before.
Then the performance of the radiomics model in each cohort
was evaluated by plotting the receiver operating characteristic
(ROC) curve and calculating the area under the curve (AUC),
accuracy, sensitivity, specificity, positive predictive value (PPV),
and negative predictive value (NPV).

Development and Validation of the Clinical
Model and the Combined Model
In the training cohort, clinical variables were included in the
univariate logistic regression analysis. The odds ratios (ORs) and
corresponding 95% confidence intervals (CIs) for all variables
were calculated. Each variable with a p-value lower than 0.2 was

Frontiers in Oncology | www.frontiersin.org 3 March 2021 | Volume 11 | Article 605296

http://www.itksnap.org
https://github.com/salan668/FAE
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles


Chen et al. Radiomics for Liver Failure Prediction

further included in the multivariate logistic regression analysis,
in which the corrected ORs and the corresponding 95% CIs
were calculated. A variable with a p-value lower than 0.05 was
considered as an independent risk factor for PHLF.

Based on the selected clinical features, a clinical model was
then established. After combining with the radiomics signature,
a combined model called the liver failure (LF) model was then
constructed. Five-fold cross-validation was used for the model’s
tuning. The performance of both models in each cohort was
evaluated like the radiomics model.

Statistical Analysis
Categorical variables were compared by using Chi-square tests
or Fisher’s exact tests. For continuous variables, Kolmogorov–
Smirnov tests and Levene tests were firstly used for testing
normality of distribution and homogeneity of variance,
respectively. Student’s t-test was used if the variable satisfied
both normal distribution and homogeneous variance, otherwise
Mann–Whitney U-test was used. All statistical tests were two-
tailed. Python 3.6 software was used for all statistical analyses.
Graphs were generated by using the matplotlib package and
the seaborn package in python 3.6 software and the pheatmap
package in R 3.4 software.

RESULTS

Patient Characteristics
A total of 144 HCC patients were included in the study, among
whom 111 were from FAHSYSU (training cohort) and 33 were
from SYSUCC (test cohort). For the training cohort, the number
of PHLF and non-PHLF patients were 56 and 55, respectively.
For the test cohort, the number of PHLF and non-PHLF patients
were 15 and 18, respectively. Clinical characteristics of patients in
two cohorts were shown and compared in Table 1.

Development, Performance, and Validation
of the Radiomics Model
For each ROI of each patient, 1,044 radiomics features were
extracted from the MRI image and then normalized. Pearson’s
correlation coefficients of a same feature of different ROIs from
the same patient were calculated and all showed highly correlated
with a value higher than 0.95. Thus, the average value of different
ROIs for a same feature was calculated and used in subsequent
analyses. Pearson’s correlation coefficients of all 1,044 radiomics
features in each patient were calculated (Figure 2) and highly
correlated features were randomly eliminated, from which a total
of 864 features were left. Subsequently, 24 radiomics features
were selected based on the RFE method, including three first
order histogram features, 4 GLRLM features, and 17 GLCM
features (Figure 3). The list of these 24 features was shown in
Supplementary Table 2. Pearson’s correlation coefficients of 24
radiomics features were calculated and shown in Figure 2. The
ranks of selected radiomics features were shown in Figure 3.

A radiomics model that included these 24 features was
then developed (Supplementary Materials), which showed
satisfactory performance in the training cohort and the test
cohort, with the AUCs of 0.900 (95% CI: 0.898–0.909) and

0.804 (95% CI: 0.792–0.845), respectively. The performance of
the radiomics model in both cohorts was shown in Table 2 and
Figures 4A,B.

Development, Performance, and Validation
of the Clinical Model and the Combined
Model
Based on the univariate logistic regression analysis that included
clinical features, height, viral hepatitis, splenomegaly, AST, PLT
count, INR, ICG-R15, tumor size, and MELD score were
identified and further included in the multivariate logistic
regression analysis. The multivariate analysis found that PLT
count and tumor size were independent risk factors for PHLF,
with ORs of 0.990 (95% CI: 0.983–0.997) and 1.347 (95%
CI: 1.139–1.594), respectively. The results of univariate and
multivariate logistic regression analysis were shown in Table 3.

A clinical model that included PLT count and tumor size
were constructed, while a combined model called the LF model
that incorporated these two features and the radiomics score was
constructed (Table 4). The performance of the clinical model
and the LF model in both cohorts were shown in Table 5 and
Figures 4A,B. The AUCs of the clinical model in the training
cohort and the test cohort were 0.705 (95% CI: 0.700–0.716)
and 0.630 (95% CI: 0.603–0.667), respectively. The AUCs of
the LF model in the training cohort and the test cohort were
0.956 (95% CI: 0.955–0.962), and 0.844 (95% CI: 0.833–0.886),
respectively. AUCs of both cohorts were significantly improved
in the radiomics model, compared with those in the clinical
model, which indicated the crucial role of radiomics features in
predicting PHLF. Moreover, the LF model had the highest AUCs
in both cohorts, which indicated it as a better prediction model
for PHLF in HCC patients.

DISCUSSION

In this study, we developed and validated the LF model that
incorporated clinical and radiomics features for predicting PHLF
in HCC patients, which had the best performance compared with
the clinical model and the radiomics model. Although the clinical
model included tumor size and PLT count could also predict
PHLF in HCC patients, the performance was inferior to the
radiomics model and the LF model. These results suggested that
MRI images contained important information for liver function
assessment and radiomics had huge potential in mining image
information for PHLF prediction. Compared with other methods
for liver function evaluation or prediction, our radiomics model
has potential advantages in terms of convenience, effectiveness,
and cost. Thus, the radiomics model could assist clinician in
making treatment strategy.

Clinically, preoperative medical imaging is routinely
performed for assessing tumor status and liver function in HCC
patients. In fact, with the rapid development of medical imaging
technology, it is increasingly important to obtain information
on tumor areas and non-tumor areas from medical images.
It has been shown that the FLR can be accurately measured
before surgery by simulated resection assessment using 3D
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TABLE 1 | Baseline characteristics of the FAHSYSU cohort and the SYSUCC cohort.

Variables Levels FAHSYSU cohort SYSUCC cohort P-value

Total

(n = 111)

PHLF

(n = 56)

Non PHLF

(n = 55)

P-value Total

(n = 33)

PHLF

(n = 15)

Non PHLF

(n = 18)

P-value

Age Median (IQR) 54.00 (17.00) 54.50 (18.00) 53.00 (17.00) 0.552 50.00 (12.00) 55.00 (12.00) 48.00 (13.25) 0.354 0.637

Gender Male (%) 97 (87.39%) 51 (91.07%) 46 (83.64%) 0.267 29 (87.88%) 11 (73.33%) 18 (100.00%) 0.033 1.000

Female (%) 14 (12.61%) 5 (8.93%) 9 (16.36%) 4 (12.12%) 4 (26.67%) 0 (0.00%)

Height Median (IQR) 167.00 (7.00) 168.00 (7.00) 167.00 (9.50) 0.132 170.00 (12.00) 168.00 (11.50) 172.00 (13.50) 0.069 0.216

Weight Median (IQR) 62.00 (14.75) 62.00 (15.25) 61.00 (13.25) 0.423 64.00 (10.00) 66.50 (10.00) 63.75 (13.25) 0.908 0.147

BMI Median (IQR) 22.23 (3.75) 22.45 (3.98) 22.05 (3.39) 1.000 22.76 (3.99) 23.23 (4.43) 22.33 (2.52) 0.317 0.217

DM Absent (%) 99 (89.19%) 50 (89.29%) 49 (89.09%) 1.000 29 (87.88%) 14 (93.33%) 15 (83.33%) 0.607 0.762

Present (%) 12 (10.81%) 6 (10.71%) 6 (10.91%) 4 (12.12%) 1 (6.67%) 3 (16.67%)

Alcohol

consumption

Absent (%) 79 (71.17%) 41 (73.21%) 38 (69.09%) 0.679 22 (66.67%) 11 (73.33%) 11 (61.11%) 0.712 0.667

Present (%) 32 (28.83%) 15 (26.79%) 17 (30.91%) 11 (33.33%) 4 (26.67%) 7 (30.91%)

NAFLD Absent (%) 109 (98.20%) 55 (98.21%) 54 (98.18%) 1.000 33 (100.00%) 15 (100.00%) 18 (100.00%) 1.000 1.000

Present (%) 2 (1.80%) 1 (1.79%) 1 (1.82%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

VH HBV (%) 89 (80.18%) 49 (87.50%) 40 (72.73%) 0.060 22 (66.67%) 9 (60.00%) 13 (72.22%) 0.488 0.155

HCV (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

Neither (%) 22 (19.82%) 7 (12.50%) 15 (27.27%) 11 (33.33%) 6 (40.00%) 5 (27.78%)

Both (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

CP score A (%) 111 (100.00%) 56 (100.00%) 55 (100.00%) 1.000 33 (100.00%) 15 (100.00%) 18 (100.00%) 1.000 1.000

B (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

C (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

BCLC stage 0∼A (%) 53 (47.75%) 25 (44.64%) 28 (50.91%) 0.795 31 (93.94%) 14 (93.33%) 17 (94.44%) 1.000 <0.000

B (%) 20 (18.02%) 11 (19.64%) 9 (16.36%) 2 (6.06%) 1 (6.67%) 1 (5.56%)

C (%) 38 (34.23%) 20 (35.71%) 18 (32.73%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

MELD score Median (IQR) 6.87 (1.07) 7.11 (1.49) 6.71 (5.22) 0.010 6.43 (6.49) 6.43 (6.97) 6.43 (4.21) 0.818 0.070

ALBI score Median (IQR) 0.69 (0.19) 0.70 (0.20) 0.66 (0.19) 0.477 0.61 (0.19) 0.64 (0.20) 0.59 (0.21) 0.044 0.025

PS score Normal (%) 111 (100.00%) 56 (100.00%) 55 (100.00%) 1.000 33 (100.00%) 15 (100.00%) 18 (100.00%) 1.000 1.000

Abnormal (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

ICG-R15 Median (IQR) 6.70 (4.57) 7.45 (4.10) 6.15 (5.20) 0.293 2.90 (2.80) 1.80 (0.97) 3.05 (0.80) 0.591 0.000

Ascites Absent (%) 111 (100.00%) 56 (100.00%) 55 (100.00%) 1.000 33 (100.00%) 15 (100.00%) 18 (100.00%) 1.000 1.000

Present (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

HE Absent (%) 111 (100.00%) 56 (100.00%) 55 (100.00%) 1.000 33 (100.00%) 15 (100.00%) 18 (100.00%) 1.000 1.000

Present (%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

TBIL Median (IQR) 14.30 (7.70) 14.55 (7.82) 13.60 (7.25) 0.494 12.30 (5.90) 12.70 (7.82) 11.75 (7.65) 0.062 0.082

Cr Median (IQR) 76.00 (21.00) 76.50 (23.25) 75.00 (19.50) 0.363 77.90 (16.80) 77.70 (29.15) 78.65 (15.45) 0.829 0.727

INR Median (IQR) 1.02 (0.10) 1.04 (0.10) 0.99 (0.10) 0.003 1.01 (0.11) 1.00 (0.12) 1.01 (0.10) 0.670 0.725

AST Median (IQR) 45.00 (33.00) 49.00 (30.50) 41.00 (33.50) 0.067 29.60 (14.50) 33.20 (23.45) 25.30 (9.73) 0.065 0.000

ALT Median (IQR) 36.00 (30.00) 38.50 (31.50) 35.00 (24.50) 0.286 36.20 (32.20) 37.10 (20.75) 25.15 (32.32) 0.240 0.560

(Continued)
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TABLE 1 | Continued

Variables Levels FAHSYSU cohort SYSUCC cohort P-value

Total

(n = 111)

PHLF

(n = 56)

Non PHLF

(n = 55)

P-value Total

(n = 33)

PHLF

(n = 15)

Non PHLF

(n = 18)

P-value

GGT Median (IQR) 106.50 (157.75) 125.50 (141.75) 102.00 (139.25) 0.175 84.80 (109.90) 92.30 (104.15) 72.75 (108.40) 0.527 0.089

PLT Median (IQR) 205.00 (112.50) 199.00 (132.00) 208.00 (117.00) 0.215 216.00 (89.00) 224.00 (48.00) 202.50 (107.25) 0.731 0.384

Tumor size Median (IQR) 7.60 (5.05) 9.55 (4.70) 6.90 (4.65) 0.002 5.80 (4.60) 7.00 (5.10) 5.10 (4.23) 0.270 0.014

Number of tumors 1 (%) 74 (66.67%) 37 (66.07%) 37 (67.27%) 1.000 30 (90.91%) 14 (93.33%) 16 (88.89%) 1.000 0.007

2 (%) 11 (9.91%) 6 (10.71%) 5 (9.09%) 3 (9.09%) 1 (6.67%) 2 (11.11%)

>3 (%) 26 (23.42%) 13 (23.22%) 13 (23.64%) 0 (0.00%) 0 (0.00%) 0 (0.00%)

Vascular invasion Absent (%) 73 (65.77%) 36 (64.29%) 37 (67.27%) 0.842 29 (87.88%) 14 (93.33%) 15 (83.33%) 0.607 0.016

Present (%) 38 (34.23%) 20 (35.71%) 18 (32.73%) 4 (12.12%) 1 (6.67%) 3 (16.67%)

Splenomegaly Absent (%) 93 (83.78%) 44 (78.57%) 49 (89.09%) 0.198 27 (81.82%) 13 (86.67%) 14 (77.78%) 0.665 0.793

Present (%) 18 (16.22%) 12 (21.43%) 6 (10.91%) 6 (18.18%) 2 (13.33%) 4 (22.22%)

Varicose veins Absent (%) 100 (90.09%) 50 (89.29%) 50 (90.91%) 1.000 32 (96.97%) 14 (93.33%) 18 (100.00%) 0.455 0.297

Present (%) 11 (9.91%) 6 (10.71%) 5 (9.09%) 1 (3.03%) 1 (6.67%) 0 (0.00%)

Adjacent tissue

invasion

Absent (%) 109 (98.20%) 56 (100.00%) 53 (96.36%) 0.243 31 (93.94%) 15 (100.00%) 16 (88.89%) 0.489 0.225

Present (%) 2 (1.80%) 0 (0.00%) 2 (3.64%) 2 (6.06%) 0 (0.00%) 2 (11.11%)

Cirrhosis Absent (%) 88 (79.28%) 42 (75.00%) 46 (83.64%) 0.350 26 (78.79%) 14 (93.33%) 12 (66.67%) 0.095 1.000

Present (%) 23 (20.72%) 14 (25.00%) 9 (16.36%) 7 (21.21%) 1 (6.67%) 6 (33.33%)

Bile duct invasion Absent (%) 109 (98.20%) 55 (98.21%) 54 (98.18%) 1.000 32 (96.97%) 15 (100.00%) 17 (94.44%) 1.000 0.545

Present (%) 2 (1.80%) 1 (1.79%) 1 (1.82%) 1 (3.03%) 0 (0.00%) 1 (5.56%)

Cholangiectasis Absent (%) 101 (90.99%) 50 (89.29%) 51 (92.73%) 0.742 29 (87.88%) 13 (86.67%) 16 (88.89%) 1.000 0.738

Present (%) 10 (9.01%) 6 (10.71%) 4 (7.27%) 4 (12.12%) 2 (13.33%) 2 (11.11%)

Lymph node

metastasis

Absent (%) 98 (88.29%) 51 (91.07%) 47 (85.45%) 0.392 24 (72.73%) 12 (80.00%) 12 (66.67%) 0.458 0.050

Present (%) 13 (11.71%) 5 (8.93%) 8 (14.55%) 9 (27.27%) 3 (20.00%) 6 (33.33%)

Distant metastasis Absent (%) 109 (98.20%) 56 (100.00%) 53 (96.36%) 0.243 32 (96.97%) 14 (93.33%) 18 (100.00%) 0.455 0.545

Present (%) 2 (1.80%) 0 (0.00%) 2 (3.64%) 1 (3.03%) 1 (6.67%) 0 (0.00%)

Tumor capsule Absent (%) 1 (0.90%) 1 (1.79%) 0 (0.00%) 0.839 / / / / /

Complete (%) 18 (16.22%) 9 (16.07%) 9 (16.36%) / / /

Incomplete (%) 31 (27.93%) 17 (30.36%) 14 (25.45%) / / /

Tumor boundary Explicit (%) 53 (47.75%) 25 (44.64%) 28 (50.91%) 0.529 12 (36.36%) 8 (53.33%) 4 (22.22%) 0.088 0.017

Unclear (%) 18 (16.22%) 8 (14.29%) 10 (18.18%) 13 (39.39%) 3 (20.00%) 10 (55.56%)

THPE Absent (%) 89 (80.18%) 47 (83.93%) 42 (76.36%) 0.350 / / / / /

Present (%) 22 (19.82%) 9 (16.07%) 13 (23.64%) / / /

Hemorrhage Absent (%) 91 (81.98%) 44 (78.57%) 47 (85.45%) 0.460 31 (93.94%) 14 (93.33%) 17 (94.44%) 1.000 0.107

Present (%) 20 (18.02%) 12 (21.43%) 8 (14.55%) 2 (6.06%) 1 (6.67%) 1 (5.56%)

Tumor thrombus Absent (%) 73 (65.77%) 38 (67.86%) 35 (63.64%) 0.692 26 (78.79%) 13 (86.67%) 13 (72.22%) 0.413 0.201

Present (%) 38 (34.23%) 18 (32.14%) 20 (36.36%) 7 (21.21%) 2 (13.33%) 5 (27.78%)
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FIGURE 2 | Heatmaps of correlations among radiomics features. (A) Heatmap depicting correlation coefficients matrix of 1,044 radiomics features in the training

cohort. (B) Heatmap depicting correlation coefficients matrix of 24 selected radiomics features in the training cohort.

FIGURE 3 | Radiomics features selection. (A) The determination of 24 radiomics features; (B) The ranks of the 24 selected features.

computed tomography (CT) imaging (24) and that the ratio
of CT-derived liver volume (CTLV) to standard liver volume
(SLV) can be used to predict the prognosis of acute liver failure
(25). However, the physical volume of the liver does not always
reflect liver function, which could be affected by blood supply,
liver cirrhosis, and other factors (26). MRI is another valid and
commonly used imaging method for assessing liver function
preoperatively, especially dynamic hepatocyte-specific contrast-
enhanced MRI (DHCE-MRI) with gadolinium-based contrast
agents like Gd-EOB-DTPA. DHCE-MRI was found to be an ideal

candidate for accurate determination of liver function before
liver resection (27). Therefore, in the present study, we used
Gd-EOB-DTPA-enhanced MRI as a valid preoperative imaging
tool for PHLF risk assessment in HCC patients.

In recent years, due to the rapid development of related
technologies, radiomics has become emergingly promising
in medical research. Radiomics uses advanced computational
methods to deeply explore the features of traditional images for
cancer diagnosis, tumor staging, prognosis prediction, disease
monitoring, and so on (28, 29). In this study, based on radiomics,
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we deeplymined potential risk factors of PHLF from preoperative
MRI images of HCC patients and developed prediction models.
The radiomics model had great performance in the training
cohort and the test cohort, which included a total of 24 selected
radiomics features (including three first order histogram features,
4 GLRLM features, and 17 GLCM features) that potentially
reflected the features of the non-tumor area under the influence
of tumor. The first order histogram features reflect overall
differences between MRI images from a lower hierarchical level.
Both the GLRLM features and the GLCM features are texture
features, which had been previously reported to have potential
values in HCC (14, 15). The GLRLM features are related to the
grayscale distribution of the image, and the grayscale change of
the image is indicative of the heterogeneity of the tissue. The
GLCM features are a matrix describing the grayscale relationship
between a pixel and its neighbors or pixels within a certain
distance of a region. The GLCM features are further divided into
five subclasses, including Cluster Prominence, Cluster Shade,
Correlation, Joint Entropy, and Inverse Difference Moment
(IDM). The Cluster Prominence reflects the abruptness of
different tissues in MRI images and indicates abnormal features
in liver and tumor tissues. The Cluster Shade is related to the

TABLE 2 | Performance of the radiomics model in the training cohort and the

test cohort.

Training (n = 111) Test (n = 33)

AUC (95% CI) 0.900 (0.898–0.909) 0.804 (0.792–0.845)

Accuracy 0.856 0.727

Sensitivity 0.875 0.800

Specificity 0.836 0.667

PPV 0.845 0.667

NPV 0.868 0.800

symmetry of MRI images and suggests characteristic differences
within normal liver tissue and between tumor and normal liver
tissue. The IDM and Joint Entropy reflect the degree of regularity
of the image texture. The lower the IDM, the higher the Joint
Entropy, indicating the more irregular MRI image texture and
the greater the tumor heterogeneity.

In our study, tumor size and PLT count were found to be
independent clinical risk factors of PHLF. Although it is generally
accepted that patients with large tumor size or multiple tumors
can still be considered as candidates for surgical resection, they
are prone to develop PHLF due to potentially insufficient FLR
after extensive resection. Ma et al. studied 2,613 patients who
underwent hepatectomy and found that the incidence of PHLF
was significantly higher in the group with tumor diameter ≥

50mm than the group with tumor diameter < 50mm (8).
Therefore, during the clinical management of HCC, tumor size
should be accurately evaluated and considered to effectively
prevent the occurrence of PHLF and the poor prognosis after
resection. PLT count is one of the routine preoperative tests for
surgical patients. PLT plays an important role in cooperating with
hepatic sinusoidal endothelial cells and Kupffer cells to directly
induce hepatocyte regeneration and improve liver function (30–
33). Preoperative thrombocytopenia was reported to be an
important independent predictor for themorbidity andmortality
of postoperative complications (34). Thus, the need of additional
perioperative care in patients with thrombocytopenia has also
been proposed (35). Ohkohchi et al. identified the clinical impact
of PLT transfusion by demonstrating that platelet transfusion
improved liver function in patients with chronic liver disease
(36, 37). In summary, insufficient PLT count is a significant risk
factor for HCC patients, whose correction would bring about a
significant reduction in the incidence of PHLF.

Our study had some limitations that need to be considered.
Firstly, most included HCC patients in the current study were
with hepatitis B, while only a few were with hepatitis C. In

FIGURE 4 | Comparison of ROC curves between the clinical model, radiomics model, and the LF model in the training (A) and test (B) cohorts.
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TABLE 3 | Risk factors of PHLF in patients with HCC.

Variables Levels Univariate logistic regression Multivariate logistic regression

OR (95%CI) Statistics P-value OR (95%CI) Statistics P-value

Age / 1.010 (0.977–1.045) 0.599 0.549

Gender Male 1 −1.164 0.244

Female 0.501 (0.157–1.604)

Height / 1.056 (0.993–1.124) 1.724 0.085 0.993 (0.916–1.076) −0.167 0.867

Weight / 1.015 (0.978–1.054) 0.808 0.419

BMI / 1.009 (0.894–1.138) 0.142 0.887

DM Absent 1 −0.033 0.974

Present 0.980 (0.296–3.248)

Alcohol

consumption

Absent 1 −0.479 0.632

Present 0.818 (0.359–1.862)

NAFLD Absent 1 −0.013 0.990

Present 0.982 (0.060–16.099)

VH Absent 1 1.911 0.056 1 −1.683 0.092

HBV 2.625 (0.976–7.062) 0.017 (0.000–1.950)

BCLC stage 0∼A 1 / /

B 1.369 (0.487–3.846) 0.596 0.551

C 1.244 (0.540–2.867) 0.607 0.607

MELD score / 1.252 (1.076–1.456) 2.911 0.004 2.062 (0.966–4.400) 1.871 0.061

ALBI score / 3.179 (0.436–23.166) 1.141 0.254

ICG-R15 / 1.009 (1.000–1.017) 2.071 0.038 1.007 (0.997–1.017) 1.411 0.158

TBIL / 1.031 (0.985–1.080) 1.317 0.188 0.989 (0.924–1.059) −0.306 0.760

Cr / 1.007 (0.992–1.023) 0.906 0.365

INR / 570.563

(3.003–108,405.650)

2.371 0.018 1.758

(0.001–2,089.404)

0.156 0.876

AST / 1.009 (0.999–1.020) 1.828 0.068 0.997 (0.977–1.018) −0.291 0.771

ALT / 1.006 (0.998–1.013) 1.476 0.140 1.006 (0.988–1.024) 0.657 0.511

GGT / 1.001 (0.999–1.004) 1.050 0.294

PLT / 0.997 (0.993–1.001) −1.458 0.145 0.990 (0.983–0.997) −2.895 0.004

Tumor size / 1.177 (1.057–1.311) 2.961 0.003 1.347 (1.139–1.594) 3.477 0.001

Number of tumors 1 1 / /

2 1.200 (0.337–4.279) 0.281 0.779

>3 1.000 (0.409–2.444) −1.73e-16 1.000

Vascular invasion Absent 1 0.332 0.740

Present 1.142 (0.521–2.503)

Splenomegaly Absent 1 1.479 0.139 1 −0.831 0.406

Present 2.227 (0.771–6.436) 0.537 (0.124–2.329)

Varicose veins Absent 1 0.286 0.775

Present 1.200 (0.344–4.188)

Adjacent tissue

invasion

Absent 1 −0.001 1.000

Present 0.000 (0.000–inf)

Cirrhosis Absent 1 1.116 0.265

Present 1.704 (0.668–4.344)

Bile duct invasion Absent 1 −0.013 0.990

Present 0.982 (0.060–16.099)

Cholangiectasis Absent 1 0.630 0.529

Present 1.530 (0.407–5.750)

(Continued)
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TABLE 3 | Continued

Variables Levels Univariate logistic regression Multivariate logistic regression

OR (95%CI) Statistics P-value OR (95%CI) Statistics P-value

Lymph node

metastasis

Absent 1 −0.912 0.362

Present 0.576 (0.176–1.885)

Distant metastasis Absent 1 −0.001 1.000

Present 0.000 (0.000–inf)

Tumor capsule Complete 1 / /

Incomplete 1.214 (0.379–3.888) 0.327 0.744

Tumor boundary Smooth 1 / /

Rough 1.515 (0.663–3.464) 0.985 0.325

THPE Absent 1 −0.995 0.320

Present 0.619 (0.240–1.594)

Hemorrhage Absent 1 0.938 0.348

Present 1.602 (0.599–4.289)

Tumor thrombus Absent 1 −0.468 0.640

Present 0.829 (0.378–1.818)

TABLE 4 | Multivariate analysis of risk factors for the LF model.

Variables Levels Multivariate logistic regression

OR (95%CI) Statistics P-value

Height / 1.096 (0.882–1.360) 0.827 0.408

VH Absent 1 −0.583 0.560

HBV 0.151 (0.000–86.590)

MELD score / 1.020 (0.396–2.631) 0.041 0.967

ICG-R15 / 0.987 (0.965–1.010) −1.095 0.273

TBIL / 1.049 (0.951–1.156) 0.954 0.340

INR / 3,513.303 (0.009–

1,372,603,876.860)

1.243 0.214

AST / 0.996 (0.952–1.043) −0.155 0.877

ALT / 1.002 (0.968–1.037) 0.114 0.910

PLT / 0.973 (0.957–0.989) −3.207 0.001

Tumor size / 1.583 (1.119–2.241) 2.593 0.010

Splenomegaly Absent 1 −1.554 0.120

Present 0.083 (0.004–1.915)

Radiomics score / 1,697.575

(31.422–91,711.756)

3.860 0.000

western countries, however, hepatitis C virus infection and
alcoholic steatohepatitis are the main causes of HCC. Secondly,
since only HCC patients who underwent hemihepatectomy were
included, the remnant liver volume was not used as a risk factor.
In fact, hepatectomy with less than half of the liver being resected
would have a significantly lower risk of PHLF (9). Thirdly,
relevant studies have also reported that intraoperative factors
such as intraoperative bleeding, intraoperative blood transfusion,
and hepatic portal block were related to PHLF (38, 39). As the
aim of this study was to develop a preoperative prediction model
for PHLF, intraoperative factors were not included. Fourthly, we

TABLE 5 | Performance of the clinical model and the LF model in the training

cohort and the test cohort.

Statistics Clinical model LF model

Training

(n = 111)

Test

(n = 33)

Training

(n = 111)

Test

(n = 33)

AUC

(95% CI)

0.705

(0.700–0.716)

0.630

(0.603–0.667)

0.956

(0.955–0.962)

0.844

(0.833–0.886)

Accuracy 0.685 0.667 0.901 0.788

Sensitivity 0.589 0.500 0.911 0.867

Specificity 0.782 0.889 0.891 0.722

PPV 0.733 0.526 0.895 0.722

NPV 0.652 0.643 0.907 0.867

used Gd-EOB-DTPA-enhancedMRI images in this study and the
uptake of Gd-EOB-DTPA in HCC could be influenced by some
factors, which need to be investigated in future studies. Finally,
since this study was a retrospective study with a relatively small
data set, the results need to be further validated in a large-scale
prospective study.

In conclusion, our study, for the first time as we
acknowledged, comprehensively evaluated radiomics features
of MRI images in HCC patients and successfully established a
radiomics-based clinical model for predicting PHLF, which could
be potentially applied to assist treatment strategy development.
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