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Background: Hepatocellular carcinoma (HCC) with microvascular invasion (MVI) has a poor prognosis,
is prone to recurrence and metastasis, and requires more complex surgical techniques. Radiomics is expected
to enhance the discriminative performance for identifying HCC, but the current radiomics models are
becoming increasingly complex, tedious, and difficult to integrate into clinical practice. The purpose of
this study was to investigate whether a simple prediction model using noncontrast-enhanced T2-weighted
magnetic resonance imaging (MRI) could preoperatively predict MVI in HCC.

Methods: A total of 104 patents with pathologically confirmed HCC (training cohort, n=72; test cohort,
n=32; ratio, about 7:3) who underwent liver MRI within 2 months prior to surgery were retrospectively
included. A total of 851 tumor-specific radiomic features were extracted on T2-weighted imaging (T2WT)
for each patient using AK software (Artificial Intelligence Kit Version; V. 3.2.0R, GE Healthcare). Univariate
logistic regression and least absolute shrinkage and selection operator (LASSO) regression were used in the
training cohort for feature selection. The selected features were incorporated into a multivariate logistic
regression model to predict MVI, which was validated in the test cohort. The model’s effectiveness was
evaluated using the receiver operating characteristic and calibration curves in the test cohort.

Results: Eight radiomic features were identified to establish a prediction model. In the training cohort,
the area under the curve, accuracy, specificity, sensitivity, and positive and negative predictive values of the
model for predicting MVI were 0.867, 72.7%, 84.2%, 64.7%, 72.7%, and 78.6%, respectively; while in the
test cohort, they were 0.820, 75%, 70.6%, 73.3%, 75%, and 68.8%, respectively. The calibration curves
displayed good consistency between the prediction of MVI by the model and actual pathological results in
both the training and validation cohorts.

Conclusions: A prediction model using radiomic features from single T2WI can predict MVI in HCC.
This model has the potential to be a simple and fast method to provide objective information for decision-

making during clinical treatment.
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Introduction

Hepatocellular carcinoma (HCC) is the most common
malignant tumor of the liver. In past decades, the incidence
of HCC has increased (1,2). The incidences of HCC over
the 3 decades spanning from 1983 to 2012 extracted from
the Surveillance, Epidemiology, and End Results (SEER)
database were 1.9, 3.1, and 4.9 per 100,000, respectively (2).
The 6-month relative survival rate of HCC increased from
31.0% in the 1980s to 42.9% in the 1990s to 57.2% in the
2000s (2). The increase in the incidence and survival rate is
largely due to the rapid development of imaging techniques
and treatment strategies.

Microvascular invasion (MVI), also known as
microvascular tumor embolism, refers to cancer cell nests in
the vascular cavity lined by endothelial cells. Patients with
HCC and MVTI have a poor prognosis and are more likely
to develop HCC recurrence and metastasis (3,4). Accurate
prediction of MVI in HCC can facilitate the accurate
estimation of patient prognosis, inform the appropriate
selection of effective treatment methods (5-7), including
anti-recurrence and anti-metastasis therapies (systemic
therapy or immunotherapy); guide posttreatment follow-up;
and predict the need for additional treatment. Radiomics
aims to objectively and quantitatively characterize the
structure of tumors and peritumoral tissue (8,9). Doing
so can describe tumor heterogeneity and reflect the
histopathologic grading and prognosis (10,11). Therefore,
radiomics can potentially be effective in the preoperative
prediction of MVI (12,13). Some studies suggest that liver
radiomics is insufficiently mature to routinely integrate
into clinical practice (14,15). In addition, previous radiomic
studies have involved multi-sequence and multiphase
imaging, resulting in a large amount of data, requiring
extensive computational analysis and a challenging and
complex operation process. Consequently, the wider
application of radiomics has been limited. The purpose
of this study was thus to develop and validate a simple,
stable, and repeatable radiomics model for MVI in HCC
based on T2-weighted imaging (T2WI) radiomic features.
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We present the following article in accordance with the
TRIPOD reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-22-1011/rc).

Methods
Study population

This study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The study was
reviewed and approved by the ethics committee of West
China Hospital. Written informed consent was waived
owing to the retrospective nature of this study. Data were
obtained from patients with HCC who underwent routine
preoperative liver magnetic resonance imaging (MRI)
examinations within 2 months prior to surgery between
January 2012 and January 2021. The inclusion criteria were
as follows: (I) a diagnosis of primary HCC according to
the Guidelines for Diagnosis and Treatment of Primary Liver
Cancer (2017 China Edition) (16); (IT) an MRI examination
performed within 2 months before the operation; (III)
a complete surgical resection and MVI evaluation; and
(IV) no previous treatment. The exclusion criteria were as
follows: (I) incomplete clinical or pathological information;
(IT) previous medical history of other malignant tumors; (I1I)
hematologic disease with obvious hepatic iron deposition or
other related diseases leading to long-term abnormal liver
function, (i.e., the history of repeated blood transfusions
leading to liver iron overload and abnormal liver function
caused by systemic diseases such as leukemia or lymphoma);
and (IV) obvious image artifacts (i.e., poor respiratory
coordination of patients leading to obvious image
artifacts or uneven magnetic field signals leading to image
deformation or signal abnormalities). A total of 104 patients
were enrolled in this study.

Pathological criteria for MVI

Surgical treatment was performed within 2 months after
the completion of the MRI examination. The histologic
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Table 1 MRI scan sequence and parameters

Name Orientation Category TR (ms) TE (ms) FOV (cm)  Matrix NEX Seam(rtll:ris)kness satLllzra:tion Br:i?c:h
T1WI in/out TRA FSPGR 71 4.7/2.1 40x36 288x224 2 5 Yes/no No
phase (in/out phase)

T2WI-FS TRA/COR  FRFSE  6,500-7,000 90 42x42  288x224 2 5 Yes No
DWI TRA SS SE-EPI 7,500 70 42x42  288x224 2 5 Yes Yes
TiWI+C  TRA/COR LAVA 7.1 35 40x36  256x192 - 5 Yes Yes

MRI, magnetic resonance imaging; T1WI in/out phase, T1-weighted images in phase/out phase; T2WI, T2-weighted images; FS, fat
suppression; DWI, diffusion-weighted imaging; C, contrasted; TRA, transverse axial; COR, coronal axial; FSPGR, fast-spoiled gradient
echo; FRFSE, fast relaxation fast spin echo; SS SE-EPI, single shot spin-echo echo-planar imaging; LAVA, liver acquisition with volume

acceleration; TR, repetition time; TE, echo time; FOV, field of view; NEX, number of excitations.

presence of cancer cell nests within the lumen of blood
vessels lined by endothelial cells was considered diagnostic
of MVI. MVI is most commonly detected in the small
branching vessels of the portal vein in paracancerous liver
tissue and the vessels within the tumor capsules. In this
study, the patients were divided into the MVI (MVI-positive)
and non-MVI (MVI-negative) groups based on the presence
or absence of MVI. Without consulting the patient’s
pathological reports and clinical data, 2 pathologists who
had specialized in abdominal pathology for more than
5 years reviewed all the pathological sections together.

MRI examination

Liver MRI examinations were performed on a 1.5T MRI
scanner (GE Healthcare) using a body phased-array coil.
All patients underwent pre-enhanced axial and coronal
T2WI fat suppression (FS), axial T1-weighted in/out-of-
phase imaging, diffusion-weighted imaging (DWI), and
post-enhanced axial and coronal multiphase scanning. After
bolus injection of gadoteric acid meglumine salt (0.2 mL/kg
body weight) at a 1-mL/s flow rate, hepatic arterial, portal,
and delayed phase images were obtained using the liver
acquisition with volume acceleration (LAVA) sequence,
with suspended respiration at 25-30, 50-60, and 110-
120 s, respectively. Table I lists the parameters of each scan

sequence.

Volume of interest (VOI) determination and segmentation

The 3-dimensional (3D) volume area of the lesion was
identified and manually delineated using the VOI on T2WI
after the consensus of 2 radiologists with more than 3 years
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of experience in MRI diagnosis of abdominal diseases
(Figure 1). This process was completed without consulting
the patient’s radiological and pathological reports.
T2W images of all patients were preprocessed before
delineating the VOI to make the images of each patient
more homogeneous. The VOI avoided areas with necrosis,
cystic degeneration, and hemorrhage. The lesions showed
high signal intensity on T2WI and DWI and low signal
intensity on T1WI compared with the normal background
liver parenchyma. Enhanced lesions showed enhancement
on dynamic contrast-enhanced (DCE)-MRI with various
enhancement patterns, including fast wash-in and wash-
out, fast wash-in and slow wash-out, or continuous
enhancement. The VOI was manually delineated for each
layer in all tumor regions.

Radiomics feature extraction

Feature extraction was performed using AK software
(Artificial Intelligence Kit Version; V. 3.2.0R, GE
Healthcare). All radiomic features, including first order,
shape, gray-level co-occurrence matrix (GLCM), gray-level
size zone matrix (GLSZM), gray-level run length matrix,
neighboring gray-tone difference matrix, and gray-level
dependence matrix were extracted. Wavelet transform was
selected, and a bin width of 25 mm with a distance of 1 mm
was set. A total of 851 feature parameters were extracted (for
an operational example, see Figure 2).

Model configurations

Patients were randomly assigned to the training and
verification cohorts using a ratio of about 7:3. We established
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Figure 1 The flowchart of the study. (A) Data of patients with HCC who met the inclusion and exclusion criteria were collected; (B)

D [Resecon’

Testing samples (32)

Training samples (72)

) Prediction Hrfi
model L ’/

E | Pathology (MVI)

segmentation: the volume of interest was delineated by experienced radiologists, and 3-dimensional images were formed; (C) extraction

of radiomics features from AK software; (D) tumor resection; (E) pathologic diagnosis; (F) patients were grouped in about a 7:3 ratio; (G)

the model was established to predict microvascular invasion using machine learning. Features based on dimension reduction were used to

establish the model using machine learning and to obtain quantitative radiomics scores for predicting microvascular invasion; (H) statistical

verification. Statistical evaluation of model diagnostic performance was conducted by testing samples. MRI, magnetic resonance imaging;

VOI, volume of interest; AK, Artificial Intelligence Kit Version; HCC, hepatocellular carcinoma.

a prediction model to predict the MVI results using
statistical feature de-redundancy. First, a univariate logistic
regression analysis was used for feature selection, and
features with P<0.05 were retained. Then, the least absolute
shrinkage and selection operator (LASSO) regression model
was applied, and the minimum A was selected using 5-fold
cross-validation. Heatmap analysis was used to show the
correlation between the radiomics features and MVI results.
Each patient’s radiomic score was displayed using different
colors. Finally, we established a predictive model with
several selected features using logistic regression.

Statistical analysis

The Mann-Whitney test was used for continuous variables
with an abnormal distribution. Fisher exact test or the chi-
squared test was used for nominal variables. All statistical
analyses in this study were performed using R version 3.5.1
(The R Foundation for Statistical Computing; https://www.
freesoftwarefiles.com/math/r-for-windows-3-5-1-free-
download/) and Python version 3.5.6 (Python Software
Foundation; https://www.python.org/downloads/release/
python-356/). Statistical significance was defined as a
2-tailed P value <0.05.

Continuous variables are presented as the median with
interquartile ranges. Categorical variables are presented as

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

numbers and percentages. Hepatitis B DNA was classified
as follows: 0, normal; 1, low level [<10° copies (cps)/mL];
and 2, middle-high level (>10° cps/mL).

The area under the curve (AUC) was obtained from the
receiver operating characteristic (ROC) curve analysis. The
specificity, sensitivity, and positive and negative predictive
values were calculated and verified in the test cohort. The
consistency between the model’s prediction and actual
results confirmed with pathological diagnosis was evaluated
using calibration curve analysis. Decision curve analysis was
used to assess the clinical applicability of the model.

Results
Study population

A total of 104 patients were enrolled, including 89 males
and 15 females, with a median age of 55 years (range, 25—
77 years). Among the 104 patients with HCC included in
the study, 40 had histologic evidence of MVI (the MVI-
negative group, 49.03%), and 55 did not (the MVI-positive
group, 50.97%). There were 34 patients with MVI and
38 without in the training cohort. In the test cohort, 15
patients had MVI and 17 did not. The clinical characteristics
are listed in Table 2. Age, carbohydrate antigen199, and
carcinoembryonic antigen levels were not significantly
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Figure 2 The parameter settings for feature extraction using AK software (Artificial Intelligence Kit Version; V. 3.2.0R, GE Healthcare). A
33-year-old male patient. The physical examination revealed a huge space-occupying mass in the right posterior lobe of the liver. (A) Fat-
suppressed-T2WI and (B) DWI showed a high-intensity space-occupying mass in the right posterior lobe of the liver; (C) the arterial phase
of DCE-MRI showed obvious and inhomogeneous enhancement; (D) the portal-venous phase of DCE-MRI showed markedly decreased
enhancement and pseudo-capsule enhancement using fast wash-in and wash-out; (E) the ROI is outlined in the lesion areas and parameter
setting. T2WI, T2-weighted image; DWI, diffusion-weighted image; DCE-MRI, dynamic enhancement magnetic resonance imaging; ROI,

region of interest.
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Table 2 Baseline clinical characteristics of the sample

Variable Sample MVI-negative (n=51, 49.03%) MVI-positive (n=53, 50.97 %) Statistics P value
Age (years), mean = SD 104 54.20+11.23 53.49+10.42 0.332 0.74
Gender 9.931 0.002
Male 89 38 (74.51%) 51 (96.23%)
Female 15 13 (25.49%) 2 (3.77%)
Hepatitis B DNA (cps/mL) -2.094 0.036
0 50 31 (60.78%) 19 (35.85%)
1 15 5 (9.80%) 10 (18.87%)
2 39 15 (29.41%) 24 (45.28%)
AFP (ng/mL) 104 18.60 (4.27, 273.92) 139.40 (17.06, 1,899.10) -2.725 0.006
CA199 (U/mL) 104 12.16 (10.62, 30.81) 12.16 (8.98, 32.01) 0.016 0.987
CEA (ng/mL) 104 2.43 (2.08, 3.58) 2.43 (1.69, 4.30) -0.065 0.948

Continuous variables are expressed as the median and interquartile range. Categorical variables are expressed as numbers and
percentages. SD, standard deviation; AFP, alpha-fetoprotein; CA199, carbohydrate antigen199; CEA, carcinoembryonic antigen; MVI,
microvascular invasion. Hepatitis B DNA classification: 0, normal; 1, low level [<10° copies (cps)/mL]; 2, middle-high level (>10° cps/mL).

different between the MVI-positive and MVI-negative
groups. MVI was more likely to be detected in males than
in females in our samples. Serum alpha-fetoprotein levels in
patients who were MVI-positive were higher than those in
patients who were MVI-negative. Lower serum hepatitis B
DNA levels were found in patients who were MVI-negative.
The incidence of MVI was significantly higher in the cohort
with DNA that was positive for hepatitis B, especially in
the middle-high level hepatitis B DNA group. The absence
of MVI was more likely to be observed in the cohort with
DNA that was negative for hepatitis B.

Radiomics model establishment

The heatmaps of the model for selecting features in the
training samples are shown in Figure 3. After univariate
logistic regression, 24 features (P<0.05) were retained.
The remaining 8 features were selected to establish a
predictive model using LASSO regression (Figure 4). The
8 features were as follows: original_shape_elongation,
wavelet-HLH_firstorder_Mean, wavelet-LLH_glem_
ClusterShade, wavelet-LLL_glem_Imc2, wavelet-LHL_
glszm_GrayLevelNonUniformity, wavelet-HLH_glem_
MCC, wavelet-LLL_glem_Imel, and wavelet-HLH_
glem_Imcl [Feature naming rules: image type (original
image/transformed image)_feature type (shape/texture)_

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

feature name. For the explanation of various radiological
features, please refer to the website: https://pyradiomics.
readthedocs.io/en/latest/features.html#]. The box map
of the distribution of each feature contained in the MVI-
negative and MVI-positive population is shown in Figure 5.

Test of the radiomics model

The AUC, accuracy, specificity, sensitivity, and positive and
negative predictive values of the model for predicting MVI
in training and test cohorts are presented in Tuble 3; in the
training cohort, these values were 0.867, 72.7%, 84.2%,
64.7%, 72.7%, and 78.6%, respectively, while in the test
cohort, they were 0.820, 75%, 70.6%, 73.3%, 75%, and
68.8%, respectively. The AUC in our model (Figure 6) was
more than 0.8, which was close to or higher than that in
many complex radiomics studies of MVI (17,18)

The calibration curves displayed good consistency in
both the training and test cohorts for MVI prediction using
the model (Figure 7). The radiomics scores of the logistic
model in the training and test cohorts are shown in the bar
chart in Figure 8. These findings indicated that the MVI-
positive group scored higher than did the MVI-negative
group.

After extracting the features of the lesion image using
AK software, we selected 8 key features as mentioned
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Figure 3 Heatmaps. (A) A heatmap depicting the correlation coefficients matrix of 24 features in the training cohort. Unsupervised
clustering analysis was used. Red represents a positive correlation, and blue represents a negative correlation. (B) A heatmap depicting the
correlation coefficients matrix of 10 selected features in the test cohort. Red represents a positive correlation, and blue represents a negative
correlation. LLH, low low high; LLL, low low low; LHL, low high low; HLH, high low high.
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Figure 4 Dimensionality reduction of features using LASSO regression. (A) MSE was estimated using a 10-fold cross-test. The vertical axis
represents the MSE of the model, and the horizontal axis represents the logarithmic value of parameter o of the model. LASSO regression
determines the optimal parameter o according to the minimum MSE. The vertical dashed line represents the optimal value of a. (B) By
compressing the regression coefficients of the insignificant variables to zero, the LASSO regression constructs a penalty function using
the optimal parameters. The number of intersections between the vertical dashed line and the curve represents the number of features in
the LASSO regression, and the corresponding ordinate represents the magnitude of the coefficient for each variable. CV, cross variation;

LASSO, least absolute shrinkage and selection operator; MSE, mean squared error.
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glszm_GrayLevelNonUniformity; (F) wavelet-HLH_glem_MCC; (G) wavelet-LLL_glem_Imecl; (H) wavelet-HLH_glem_Imcl [Feature
naming rules: image type (original image/transformed image)_feature type (shape/texture)_feature name. For the explanation of various
radiological features, please refer to the website: https://pyradiomics.readthedocs.io/en/latest/features.html#]. HLH, high low high; LLH,
low low high; LLL, low low low; LHL, low high low; MVI, microvascular invasion.
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Table 3 AUC, accuracy, sensitivity, specificity, positive predictive value, and negative predictive value of the training and test cohort

Grou AUC Accuracy Sensitivity Specificity =~ Positive predictive value ~ Negative predictive value
P (95% CI) (%) (%) (%) (%) (%)
Training cohort  0.867 (0.789-0.946) 72.7 84.2 64.7 72.7 78.6
Test cohort 0.820 (0.670-0.969) 75 70.6 73.3 75 68.8
AUC, area under the curve; Cl, confidence interval.
A ROC of logistic model in training samples B ROC of logistic model in testing samples
1.0 4 1.0 4
0.8 A 0.8 A
2 0.6 2 0.6
= =
B 0.4 & 04 -
0.2 0.2
004 ¥ —— AUC =0.867 004 ¥ —— AUC =0.820
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity

1-Specificity

Figure 6 The ROC curves of the radiomic signature model to predict MVI in the training and test cohorts. (A) The ROC curve of the

radiomic signature model in the training cohort. (B) The ROC curve of the radiomic signature model in the test cohort. AUC, area under

the curve; ROC, receiver operating characteristic; MVI, microvascular invasion.
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Figure 7 Calibration curves of the radiomic signature model in the training and test cohorts. (A) The calibration curve of the radiomic

signature model in the training cohort; (B) the calibration curve of the radiomic signature model in the test cohort. The gray dotted

line represents a perfect prediction using an ideal model with a deviation of 0, and the blue dot line represents the model’s predictive

performance. The closer the blue dot line is to the gray dotted line the closer the prediction probability of the model is to the actual

probability.
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A Rad_score figure of logistic model in training samples
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B Rad_score figure of logistic model in testing samples

Rad score

Figure 8 Radiomics scores for each patient in the training and test cohorts. (A) The radiomics score for each patient in the training cohort; (B)

the radiomics score for each patient in the test cohort. Light blue bars indicate scores for patients who were MVI-positive. Pink bars indicate

scores for patients who were MVI-negative. Rad, radiomics; MVI, microvascular invasion.
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Figure 9 DCA for the radiomics model in the training and test cohorts. (A) Decision curve analysis for the radiomics model in the training

cohort; (B) decision curve analysis for the radiomics model in the test cohort. The y-axis measures the net benefit. The pink line represents

the radiomics nomogram. The x-axis measures p, (threshold probability), where the expected benefit of treatment is equal to the expected

benefit of avoiding treatment. The broken line represents the assumption that all patients have MVI. The black line represents the

assumption that no patient has MVI. The decision curve shows that if the threshold probability of a patient in the training cohort is 4%,

the prediction of MVI using the radiomics nomogram in our study adds more advantages than the treatment of all patient regimens or non-

treatment regimens, and the threshold probability of patients in the verification cohort is more than 30%. DCA, decision curve analysis;

MVI, microvascular invasion.

above, and running this model, we established a predictive
model which could predict the presence of MVI in the
lesions. The decision curve showed that if the threshold
probability of a patient in the training cohort was 4%, the
prediction of MVI using the radiomics nomogram in our
study added more advantages than did the treatment of all
patient regimens or non-treatment regimens. The threshold
probability of patients in the verification cohort was more

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

than 30% (Figure 9).

Discussion

In this study, we established a radiomics model to predict
preoperative MVI using radiomic features from T2WI.
In contrast to the existing complex multi-sequence and
multifactor model studies, the single-sequence radiomics
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model in our study obtained good performance in MVI
prediction. The AUC was more than 0.80, and the
correction curve showed that the MVI predicted using the
model was in good agreement with the pathological results
in the training and test cohorts. The main reason that the
AUC in our model was higher than 80%, which was close
to or higher than that in many complex radiomics studies
on MVI (17,18), might be due to the model stability and
data repeatability. This finding may be attributable to two
main factors. First, it was difficult to guarantee consistency
in each patient when checked, and the VOI was manually
delineated for each layer in the tumor region. Manual
extraction of imaging features has the disadvantage of large
deviation, low sensitivity, and poor generalization ability.
Deep learning—based techniques for automatic segmentation
and radiomic analysis, such as rigorous workflow, manual/
semiautomatic lesion annotation, inadequate feature
criteria, and multicenter validation, are being analyzed to
address limitations, (19). Massive and high-quality medical
image data is the basis of deep learning technology that
can achieve accurate image diagnosis. However, due to
the limitations of imaging equipment and acquisition
time, these techniques will inevitably be affected by noise,
artifacts, and other factors in the process of medical imaging
(19,20). The more sequences that are included, the more
unstable the data (14,15,18), which leads to poorer model
repeatability. Simple radiomic studies may yield better and
more stable results. Second, the accurate discrimination of
lesion boundaries is more conducive to radiomics research.
T2WI sequence images show very high resolution, and
the signal difference between the surrounding normal liver
parenchyma and tumor tissue in T2WI was more obvious
than in other plain scan sequences. Other sequences,
such as DCE-MRI and DWI, show poorer resolution.
The objectivity, accuracy, and repeatability of DCE-MRI
radiomics are also questionable due to individual differences
in circulation. The stability of the diffusion-weighted
sequences is relatively poor, with a lack of repeatability. The
VOI in our study included all tumor slices on T2WI, which
made the features more representative and stable than those
on 2-dimensional VOI (17). Furthermore, radiomics studies
have the advantages of high repeatability, stable calculation,
indefatigability, and freedom from subjective interference
(21-23). Our study was based on single-sequence radiomics,
and the model is expected to be more stable and repeatable.

In our study, 8 quantitative radiological features
associated with MVI in HCC were extracted. Among these

© Quantitative Imaging in Medicine and Surgery. All rights reserved.
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8 features, 6 were matrix-based features (wavelet-LLH_
glem_ClusterShade, wavelet-LLL_glem_Imc2, wavelet-
LHL_glszm_GrayLevelNonUniformity, wavelet-HLH_
glem_MCC, wavelet-LLL_glem_Imc1, and wavelet-
HLH_glem_Imcl), and 2 were histogram-based features
(original_shape_Elongation and wavelet-HLH_firstorder_
Mean). The first-order feature describes the characteristics
of the voxel intensity distribution in the region of interest
(ROI) (24). It is interesting to note that the feature original
shape_Elongation may be associated with the MVI in
HCC. The larger the elongation of the tumor, the more
apparent the MVI is, which may be associated with the
growth pattern of the tumor (25). Matrix-based features or
texture features are second-order statistics used to describe
tumor heterogeneity. Highly malignant tumors may exhibit
greater heterogeneity and obvious intercellular differences,
manifesting as diverse gray scales and mixed signals within
the tumor.

High-grade HCC tends to be associated with MVI,
which is more prone to necrosis, resulting in a more uneven
signal. Therefore, we speculate that the radiological features
of MVI-negative HCC are more uniform than those of
MVI-positive HCC. Biological functional similarity may
affect the similarities of micropathological and subsequent
radiological features, which was suggested in our study as a
valuable predictor of MVI.

This study did not include tumor margin tissue and
intratumoral necrosis, cystic degeneration, or hemorrhage
in the radiomics analysis because inclusion of non-tumor
parenchyma information would interfere with the model’s
effect on tumor parenchyma.

The prediction model in this study was well validated in
the test group. It is reasonable to believe that the single-
sequence T2WTI radiological features of the tumor area are
sufficient for predicting MVI before surgery.

Limitations

This was a preliminary study, and there were some
limitations. First, we adopted a retrospective design with
potential bias, and we excluded some specific cases from the
study through the exclusion criteria. Second, the sample
size of this study was limited, and our test and training
cohorts came from the same center, which may restrict the
generalizability of our research results to other centers.
Therefore, multicenter research with a larger sample size
is needed. Third, the correlation analysis between VOI
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on MRI and the actual location of MVTI in histological
specimens was not carried out. Furthermore, there were
limitations in pathological sampling and diagnosis, and
it is possible that cases that were MVI-positive were not
identified. Fourth, it was difficult to avoid differences in
the image signal uniformity caused by patient factors.
Finally, manual segmentation was used to extract features
in our study, which might have affected the accuracy of
some features. 3D manual segmentation of tumors is time-
consuming, so it is necessary to develop a reliable and
repeatable automatic segmentation method.

Conclusions

The radiomic model developed in this study showed high
sensitivity, specificity, and accuracy in predicting MVI in
both the training and test cohorts. Our results demonstrate
that using a single-sequence T2WI-based radiomic model,
as an alternative to a complex multi-sequence radiomic
model, can also predict MVI without increasing the
scanning time or complicating the machine configuration.
Moreover, the nomogram developed in this study may be
helpful for predicting the individualization of MVI before
surgery and assisting clinicians in making preoperative
decisions. It is worth exploring its scientific value in tumor
lesion grading and prognosis.
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