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Objective: Distinguishing the degree of differentiation, hepatocellular carcinoma (HCC) has important clinical significance in the
therapeutic decision-making and patient prognosis evaluation.

Methods: We developed a deep-learning radiomics (DLR) model based on contrast-enhanced ultrasound (CEUS) to evaluate the
differentiation of HCC noninvasive. We retrospectively analyzed HCC patients who had undergone resection and CEUS one week
preoperatively between November 2015 and August 2022. Enrolled patients were randomly divided into training (n=190) and testing
(n=82) cohorts in a 7:3 ratio. The depth of learning and radiological characteristics reflecting the differentiation degree of HCC were
extracted, and the least absolute shrinkage and selection operator(LASSO) was used for feature selection to obtain the most valuable
features and then build a DLR model based on the useful features.

Results: The deep-learning Radiomics model could accurately predict the degree of differentiation of HCC; the area under the curve
of the DLR model in the training and testing cohorts was 0.969 and 0.932, respectively. The accuracy, sensitivity, and specificity of the
CEUS-based DLR model for predicting the differentiation of HCC were 0.915, 0.938, and 0.900, respectively, in the testing cohort.
The decision curve analysis confirmed that the combined model predicted good overall net income for differentiation.

Conclusion: The CEUS-based DLR model provides an easy-to-use, visual, and personalized tool for predicting the differentiation of
HCC and can help doctors formulate more favorable treatment plans for patients.

Keywords: hepatocellular carcinoma, differentiated, contrast-enhanced ultrasound, deep-learning, radiomics

Introduction
Hepatocellular carcinoma (HCC) is the most common primary liver cancer,' accounting for 80% of all cases.” Hepatectomy is
a common choice for the treatment of HCC, but its 5-year recurrence rate is as high as 60%-80%." The histopathological
grade is an independent predictor of postoperative HCC.® Concurrently, compared with well-differentiated and moderately
differentiated tumors, poorly differentiated HCC has a higher recurrence rate and worse prognosis after surgical resection.”*
Understanding the degree of HCC differentiation preoperatively can effectively guide treatment plans. Although tumor
differentiation can be determined by preoperative ultrasound-guided puncture biopsy, it is an invasive procedure, and entails
a risk of needle path metastasis.’ Therefore, noninvasive imaging methods are urgently needed to obtain histological grading
information for HCC.

Contrast-enhanced ultrasound (CEUS) has a unique advantage in showing the blood perfusion characteristics of HCC,
reflecting the gene expression profile related to the proliferation of HCC cells, and is significantly related to the

progression of HCC.'"® CEUS reflects the dynamic changes in the histopathological structure of blood flow perfusion
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in HCC and is highly related to the differentiation of HCC.''"'* Radiomics is an artificial intelligence analysis technology
for medical imaging, which has shown clinical potential for diagnosis and prognosis prediction in previous studies.'*'¢ It
can decode digital medical imaging into high-throughput “semantic” features and has rapidly developed into a new tool
for noninvasive tumor analysis.'” Deep-learning (DL)-based Radiomics is a novel technology. Deep-learning Radiomics
(DLR) analysis combined with DL features obtained by convolutional neural networks shows excellent prediction
performance in medical image analysis.'>'® However, no studies have assessed the prediction of HCC differentiation
using CEUS. In this study, we aimed to develop a CEUS-based DLR model to noninvasively evaluate HCC

differentiation.

Materials and Methods

Study Population

This study protocol conformed to the ethical guidelines of the Declaration of Helsinki and was approved by the
institutional review committee of the First Affiliated Hospital of Anhui Medical University (PJ2021-15-41). Each patient
signed a written informed consent form for CEUS before the examination. As patient consent to review their medical
records was not required by the First Affiliated Hospital of Anhui Medical University, the personal information of
patients was strictly protected.We conducted a retrospective, dual-center diagnostic study using CEUS images of HCC
patients who had undergone resection between November 2015 and August 2022. We obtained 1088 CEUS images of
272 patients from the image databases of two hospitals and categorized them into a training group (age 49.3+12.2 years)
and a test group (age 50.1+13 years). The inclusion standard package was as follows:' HCC was confirmed by
pathology;?> CEUS was performed within one week preoperatively;® solitary tumor; and* no liver surgery or other
treatment performed for suspected HCC lesions in the past. The exclusion criteria were as follows:' preoperative anti-
cancer treatment (such as radiotherapy, radiofrequency ablation, or transcatheter arterial chemoembolization) before
CEUS examination;> recurrent HCC; and® non-ideal CEUS image quality evaluation or missing images. The enrolled
patients were randomly divided into training (n=190) and test (n=82) queues in a ratio of 7:3. A research flowchart was
shown in Figure 1.

Pathological Analysis

The pathological materials of all patients were analyzed by a pathologist who had worked for 10 years without
knowledge of the results of CEUS. Our hospital used a hematoxylin and eosin (HE) smear. Two pathologists evaluated
the differentiation status of all HCC cases via HE-stained sections under a microscope. The tumor cell differentiation was
classified according to the Edmondson-Steiner classification.'® The patients were divided into two groups: the well-
differentiated and moderately-differentiated HCC group (wm-HCC) and the poorly differentiated HCC group (p-HCC).

Contrast-Enhanced Ultrasound

CEUS was performed using the Philips IU22, EPIQ7 system and GE LOGIQ E9. A multi-frequency (5-2MHz) convex array
probe (C5-2) was used. First, grayscale ultrasound was used to examine the upper abdomen and locate the tumor to be studied,
and an ultrasound contrast agent (Sonovue, Boleco, Milan, Italy) was used to inject 1.5 mL of contrast agent through the elbow
vein, and then washed with 5 mL of normal saline. A low mechanical index (MI<0.1) was used for CEUS examination.
According to the guidelines, it was divided into the arterial phase (0-30 seconds), portal phase (31-120 seconds) and delay
phase (121-300 seconds)."” We selected the grayscale images, arterial phase, portal phase, and delayed phase images of the
tumor for analysis. The principle of image selection in arterial phase was the image with the highest contrast intensity when the
focus reaches the peak within 10-30s; The portal phase image of 60s-180s was selected for the portal phase, and the delayed
phase image of more than 180s was selected for the delay phase.

Routine Radiomics Analysis
ITK software was used to manually segment the region of interest (ROI) of CEUS ultrasound (Version 3.8.0,
http://www.itksnap.org/pmwiki/pmwiki.php?n=Downloads.SNAP3). The CEUS images of 50 patients were
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Figure | The flow chart is illustrated.

randomly selected. ROI segmentation was performed by reader 1 (with 16 years of experience in abdominal
ultrasound and 8 years of CEUS) and reader 2 (with 26 years of experience in abdominal ultrasound and 6 years
of CEUS), and the consistency between groups of features was reevaluated. Two weeks later, reader 1 repeated
the same steps to evaluate the intra-group consistency of feature extraction. When the intragroup correlation
coefficient (ICC) value was > 0.75, the extracted features showed good consistency. The remaining image
segmentation was then performed by reader 1.

Radiomics feature extraction was performed using Pyronics in Python (version 2.2.0, http://www.radiomics.io/

pyradiomics.htm), which could extract features from ultrasonic images by using a large number of engineering hard-
coded feature algorithms. The steps to select CEUS Radiomics characteristics and construct the Radiomics score were as
follows: first, the characteristics of ICC >0.75 in the training queue were retained; second, the Mann—Whitney U-test was
used to screen out the characteristics with statistically significant differences between the wm-HCC and p-HCC groups in
the training queue; and third, Spearman correlation coefficient was used to evaluate the correlation coefficient between
features. If the correlation coefficient between two features was greater than 0.9, only one of the features was retained;
Fourth, the least absolute shrinkage and selection operator (LASSO) algorithm was used to select the most valuable

features; Fifth, a variety of supervised machine-learning classification algorithms were used to build the model, and
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support vector machine (SVM) was finally selected to build the CEUS Radiomics model according to the performance of
area under the curve (AUC).

Deep-Learning Analysis

Before the image was introduced into the DL network, a doctor experienced in ultrasound diagnostics segmented and
masked all images. Since CEUS was usually a dual image mode, we only retained the lesions in contrast mode. First, the
size of the square segmentation mask was adjusted to maintain sufficient edges (edges are defined as the distance
between the lesion boundary and the boundary of the segmentation mask itself) and, simultaneously, not exceed the
boundary of the sampling frame. Subsequently, the effective area of the CEUS image was cut, and the tumor area was
selected. Subsequently, an experienced radiologist further changed the image range of each segmentation mask to ensure
the proportion of similar lesions and masks in each imaging mode. With all tumor information included as much as
possible, the smallest region of interest was selected. Finally, all the captured ultrasound images were adjusted to a width-
to-height ratio of 300x300 for quality control and to ensure the objectivity and consistency of the image data. These
images were used as the input of the depth neural network. After the image was imported into the model, it was
automatically scaled to a 256x256 8-bit image.

ResNet101 was a feature extraction structure with good stability and performance. Owing to the small dataset
provided, it was difficult to collect images from specific fields and train classifiers from beginning to end. The migration
learning model in ImageNet was trained using millions of image classifications. The core of this study was an image
classification task. For better classification, the transfer learning strategy was adopted, and the pre-training model
ResNet-101 was fine-tuned.All networks were implemented using the PyTorch DL framework. An Adam optimizer
was used in the training process. The batch size of the network model was set to 20 and the initial learning rate was set to
0.001. The maximum number of iterations was set to 1000. With an increase in training times, the DL model was easy to
overfit, resulting in poor performance on the new dataset. Separate verification was conducted at any time to ensure that
training was stopped at the appropriate point and overfitting was prevented. In the process of model development, to
match the data volume of the DL model and enrich the training set of images, we used data enhancement to improve the
diversity and generalization of the DL data, which could effectively imitate the data diversity observed in the real world
and avoid overfitting the model. The methods for training set data enhancement included random cutting, horizontal
rotation, vertical rotation, center rotation, and size change. The methods of test set data enhancement included resampling
and increasing noise.

Deep Learning-Based Radiomics Analysis

The ICC method, U-test, LASSO, and 10 times cross test method were used to select the characteristic parameters. We
used the previously extracted Radiomics features and DL features to perform this process to build a Radiomics model
and DL model, respectively. An SVM was used to construct the radiologic model, and a multilayer perceptron (MLP)
was used to construct the DL model. Next, we used the ensemble fusion strategy of the post-fusion algorithm, including
SVM, random forest (RF), logistic regression (LR), and other classifiers, to further model post-fusion processing, so that
a combined prediction model can be jointly built. A schematic of the in-depth learning radiology assembly line was
shown in Figure 2.

To better explain the network prediction, we used a gradient-weighted class activation map (Grade-CAM).* The key
areas or features of the input image that contributed to or influence the model prediction were generated into heat maps to
intuitively present the HCC differentiation pattern of the DLR model. The heat map built by Grad-CAM marked the key
areas concerned by the model in red. A deeper red color indicated a lower degree of differentiation between HCC
and HCC.

Statistical Analysis

All statistical analyses were performed by SPSS software 25.0 (IBM Corp., Armonk, NY, USA) and Python 2.7 (Python
Software Foundation, Beaverton, OR, USA). Quantitative data with normal distribution were expressed as means +
standard deviations, whereas quantitative data with non-normal distribution were expressed as medians+ interquartile
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Figure 2 The flow chart of CEUS-base DLR analysis for predicting differentiation of HCC is shown.

intervals. Simultaneously, classification variables were expressed as numbers and percentages. Chi-square test, two
independent sample Student’s f-test, and Mann—Whitney U-test were used for univariate analysis. The DeLong test was
conducted to compare the AUC of the three models in the training and test groups. A value <0.05 on both sides was
considered statistically significant.

Result

Clinicopathological Features of the Patients

Patient and baseline characteristics were shown in Table 1. Of the 272 patients, 187/272 (68.8%) and 85/272 (31.2%)
were pathologically diagnosed with wm-HCC and p-HCC, respectively. After randomization, the patients were divided
into a training cohort (n=190) and a testing cohort (n=80). In the training cohort, 53/190 (27.9%) and 137/190 (72.1%)

Table | Patients and Baseline Characteristics

Characteristic Training Set Test Set

Number 190 82

Age 49.3%12.2 50.113

Sex

Male 167 67

Female 23 15

Differentiation

Well-differentiated 25 8

Moderately-differentiated 112 42

Poor-differentiated 53 32

Size (cm)

<5 95 39

>5 95 43

(Continued)
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Table | (Continued).

Characteristic Training Set Test Set
Hepatitis B/C

Positive 178 76
Negative 12 6
Cirrhosis

Positive 148 47
Negative 42 35
AFP (ng/mL)

<10 42 27
>10 148 55
TBIL (umol/L)

<23 163 74
>23 27 8

Abbreviations: AFP, alpha-fetoprotein level; TBIL, total bilirubin.

patients were pathologically diagnosed with p-HCC and wm-HCC, respectively. In the testing cohort, 32/82 (39.0%) and
50/82 (61.0%) patients were pathologically diagnosed with p-HCC and wm-HCC, respectively.

Performance of Radiomics Models

We extracted 5462 CEUS radiological features from the ultrasound images. Through inter- and intra-observer analysis and
univariate correlation analysis, 1728 CEUS radiological characteristics were significantly different between the two groups.
These features were imported into LASSO to obtain the most valuable features and generate 17 useful features (Figure 3A).
The character classification weights of the features were shown in Figure 4A. Finally, the 17 features were used to establish
CEUS Radiomics features, the ROC curve for predicting the differentiation of HCC by CEUS Radiomics was drawn, and the
AUC of the training and testing samples was 0.887 and 0.848 (Figure SA and B), respectively. The accuracy, sensitivity, and
specificity of the CEUS-based Radiomics score for predicting differentiation of HCC were 0.774, 0.943, and 0.708,
respectively, in the training cohort and 0.793, 0.906, and 0.720, respectively, in the testing cohort (Table 2).
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Figure 4 The definition of the linear predictor in the training set. (A) Characters classification weight of the features in Radiomics model. (B) Characters classification
weight of the features in DL model.

Performance of Deep Learning Model
We extracted 8096 DL features from each patient’s CEUS images (from the four types of ultrasound images) using the
ResNet-101 network. The same feature-selection steps were performed to select the most significant features. Finally, 19
deep features were retained to construct a further model (Figure 3B), and the character classification weights of the
features were seen in Figure 4B. In the CEUS-based DL model, the AUC in the training and testing cohorts was 0.994
and 0.897 (Figure 5C and D), respectively.

The accuracy, sensitivity, and specificity of the CEUS-based DL for predicting HCC differentiation were 0.942,
0.943, and 0.942 in the training samples, respectively.In the testing sample, the accuracy, sensitivity, and specificity were
0.878, 0.906, and 0.860, respectively (Table 2).

Deep Learning Radiomics Model Performance

The combined model was constructed based on 17 Radiomics features and 19 DL features, and the AUC of the DLR
model in the training and testing cohorts was 0.969 and 0.932 (Figure SE and F), respectively. The accuracy, sensitivity,
and specificity of the CEUS-based DLR model for predicting differentiation of HCC were 0.968, 0.962, and 0.971,
respectively, in the training cohort and 0.915, 0.938, and 0.900, respectively, in the testing cohort (Table 2). A decision
curve analysis revealed that the combined model predicted a good overall net income of differentiation in the training
cohort and the combined model (Figure 6A and B).

Explainability of the Deep Learning Radiomics Model

Class activation thermodynamic diagram could visualize the original image area (characteristic diagram) that the model
pays attention to in the decision-making process, and this area (characteristic diagram) was closely related to the final
decision-making result of the model. Figure 7 showed the sample CAM output of prediction probability of poorly
differentiated and well-differentiated HCC. From the output, the model focused on the key areas of the image to classify
lesions.

Discussion

Histological grading of HCC is a recognized predictor of recurrence and survival rates in HCC patients.”*! Compared to
well-differentiated and moderately differentiated tumors, p-HCC has a high malignant potential and a high recurrence
rate after radiofrequency ablation or resection.”?* In our research, we extracted 17 Radiomics features and 19 DL
features and introduced a DLR-based analysis to establish a combined model to predict the differentiation process of
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Figure 5 The AUC of radiomics model, DL model and DLR model in training cohort and testing cohort. (A and B) the AUC of Radiomics models in training and testing

cohorts are 0.887 and 0.848. (C and D) the AUC of DL models in training and testing cohorts are 0.994 and 0.897. (E and F) the AUC of DLR models in training and testing
cohorts are 0.969 and 0.932.

HCC; the AUC values in the training and testing cohorts were 0.969 and 0.932, respectively. To our knowledge, this is
also the first study to use CEUS to evaluate HCC differentiation in a noninvasive manner using DLR.

Ren successfully distinguished well-differentiated HCC from p-HCC through the ultrasonic features extracted from the
grayscale ultrasound images of 193 patients. He established a prediction model between the ultrasound Radiomics score and

164 hetps: Journal of Hepatocellular Carcinoma 2023:10
Dove


https://www.dovepress.com
https://www.dovepress.com

Dove Qin et al

Table 2 Performance of the Three Models

Model Group ACC SEN SPE PPV NPV
Radiomics Training 0.774 0.943 0.708 0.556 0.97
Test 0.793 0.906 0.72 0.674 0.923
ResNetl01 Training 0.942 0.943 0.942 0.862 0.977
Test 0.878 0.906 0.86 0.806 0.935
DL+Radiomics Training 0.968 0.962 0.971 0.927 0.985
Test 0915 0.938 0.9 0.857 0.957

Abbreviations: DL, deep learning; ACC, Accuracy; SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV,
negative predictive value.

clinical parameters and obtained an AUC of 0.849. He hypothesized that Radiomics can mine tumor heterogeneity formed in
grayscale ultrasound images that cannot be recognized by the naked eye.”* Mao extracted enhanced CT radiation features;
when the machine-learning model was trained with radiation features and clinical factors, the performance of the model
significantly improved, with an AUC of 0.8014.* ResNetl01 can detect and classify lesions by setting an anchor and
bounding box, without separating the foreground from the background. It can directly extract features from a focus area and
then combine multiple features to classify the focus.”> Gu extracted the features of CT image blocks of different scales via
a multi-scale patch convolutional neural network to predict the differentiation of HCC, reaching an AUC of 0.798.2° Zhou
used a three-dimensional SE-DenseNet DL model to predict the degree of differentiation in MR images of 75 HCC patients
and obtained 83% accuracy.”’” DLR automatically extracts high-throughput quantitative features from medical images, and
when combined with DL and Radiomics features, it shows better prediction ability than those of traditional methods.?*°
Recently, Ding et al developed a CT-based DLR model for the preoperative evaluation of HCC differentiation. The AUC of
the training and test groups of the fusion model were 0.83 and 0.80, respectively.'” Liu et al showed that a DLR model of
CEUS in HCC can not only predict the progression-free survival period of radiofrequency ablation and surgical resection but
also help optimize the treatment options for patients with very early or early HCC.>** Compared with enhanced CT, CEUS has
the advantages of high repeatability, noninvasive, radiation-free, extremely low incidence of adverse reactions, and no
hepatorenal toxicity, and can reflect the continuous dynamic perfusion of tumors in real-time and evaluate angiogenesis in
HCC.*' We used simple and easy CEUS in combination with Radiomics and DL techniques to evaluate the differentiation of
HCC before surgery. The combined model obtained satisfactory results and could be used as an effective tool for predicting
HCC differentiation.

If the machine cannot explain how it knows, it will bring serious difficulties to doctors and their patients. An
unexplained neural network system and its application in medical imaging are typically called “black boxes”.** We

A " B .
Training Cohort Testing Cohort
0.4 1 —— Model —— Model
—— Treat all — Treat all
034 Treat none e e A PP Treat none

Net Benefit
Net Benefit

0.0 072 0?4 0?6 0?8 lfO 0.0 0?2 074 ofs 078 1?0
Threshold Probability Threshold Probability

Figure 6 The decision curve analysis for the DLR model. (A) The decision curve analysis in the training cohort. (B) The decision curve analysis in the testing cohort.
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Figure 7 Visualization of two patient examples. CEUS and heatmap of poor-differentiation patients in the first and second rows, while CEUS and heatmap of well -
differentiation patients in the third and fourth rows. The first to fourth columns are two-dimensional ultrasound, arterial-phase, portal-phase and delayed-phase. Red
highlights the active regions associated with poorly differentiated differentiation.

attempted to solve this problem by displaying the prediction part of the image as a heat map. A heat map was developed
using Grad-CAM to perform a visual assessment based on the salient parts of the tumor regions to quickly assess the
degree of differentiation in HCC. This functional visualization method provides greater confidence in the prediction
ability of the DLR model.

Our study had some limitations. First, the sample size was relatively small. In the future, a large number of patients
will be needed to conduct further external validation to prove the robustness and accuracy of this DLR model. Second,
this was a retrospective study. We retrospectively extracted images of tumors from three periods for analyses, and
potential selection bias was inevitable.

Conclusion

In summary, we proposed a diagnostic model for CEUS-based DLR. This model extracts the features of Radiomics and DL
from CEUS and uses these features to distinguish the degree of HCC differentiation. Our results show that the CEUS-based
DLR model can accurately assess the degree of HCC differentiation. This model provides an easy-to-use, visual, and
personalized tool for predicting the differentiation of HCC and can help doctors formulate more favorable treatment plans.

Abbreviations

HCC, hepatocellular carcinoma; DLR, deep-learning radiomics; DL, deep-learning; CEUS, contrast-enhanced ultra-
sound; LASSO, least absolute shrinkage and selection operator; wm-HCC, the well-differentiated and moderately-
differentiated HCC; p-HCC, the poorly-differentiated HCC group; ICC, intragroup correlation coefficient; SVM, support
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vector machine; RF, random forest; LR, logistic regression; AUC, area under the curve; MLP, multilayer perceptron;

Grade-CAM, gradient-weighted class activation map.
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