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ABSTRACT   

Background: We developed the deep learning Radiomics of elastography (DLRE) which adopted Convolutional Neural 

Network (CNN) based on transfer learning as a noninvasive method to assess liver fibrosis stages, which is essential for 

prognosis, surveillance of chronic hepatitis B (CHB) patients. Methods: 297 patients were prospectively enrolled from 4 

hospitals, and finally 1485 images were included into analysis randomly. DLRE adopted the Convolutional Neural 

Network (CNN) based on transfer learning, one of the deep learning radiomic techniques, for the automatic analysis of 

2D-SWE images. This study was conducted to assess the accuracy of DLRE in comparison with 2D-SWE, transient 

elastography (TE), transaminase-to-platelet ratio index (APRI), and fibrosis index based on the four factors (FIB-4), by 

using liver biopsy as the gold standard. Results: AUCs of DLRE were both 0.98 for cirrhosis (95% confidence interval 

[CI]: 0.95-0.99) and advanced fibrosis (95% CI: 0.94-0.99), which were significantly better than other methods, as well 

as 0.76 (95% CI: 0.72-0.81) for significance fibrosis (significantly better than APRI and FIB-4). Conclusions: DLRE 

shows the best overall performance in predicting liver fibrosis stages comparing with 2D-SWE, TE, and serological 

examinations.  
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1. INTRODUCTION  

Liver fibrosis is a progressive condition in chronic hepatitis B (CHB), and the accurate assessment of fibrosis is essential 

for prognosis, surveillance, and management of CHB patients1. Liver biopsy (LB) has been recommended as reference 

standard to evaluate liver fibrosis in many clinical guidelines1, 2. However, it is an invasive methods with complications, 

including bleeding, sampling error, and intra- and interobserver variability3. Biomarkers, such as aspartate transaminase-

to-platelet ratio index (APRI) and fibrosis index based on four factors (FIB-4), are also used to assess liver fibrosis, but 

their diagnostic performance remains controversial in HBV-infected patients4. Liver stiffness values measured by shear 

wave elastography has been recommended as first-line non-invasive methods to assess liver fibrosis5. 

 

2D-SWE has been widely applied for the surveillance of HBV-infected patients in more than 400 Chinese hospitals in 

recent years. The cut-off of 2D-SWE values for identifying cirrhosis in HBV-infected patients showed great variability 

ranging from 10.1 to 11.7 kPa in several studies6-9. Therefore, the conventional strategy of using 2D-SWE values alone is 

likely to be insufficient for accurate assessment of liver fibrosis stages. 

 

In contrast, an emerging technology named Radiomics can provide automated quantification of large amounts of image 

features (termed radiographic phenotypes) from medical images, which has the potential to uncover disease 

characteristics that fail to be appreciated by naked eyes10. 

 

Hence, the purposes of our study is developing a new effective DLRE model to assess liver fibrosis stages accurately. 

Furthermore, in this study, histology obtained from liver biopsy was used as reference, as well as 2D-SWE and 
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biomarkers were employed for the comparison with this new quantitative diagnostic strategy, named deep learning 

Radiomics of elastography (DLRE). 

2. METHODOLOGY 

This was a multicenter, prospective study. A new diagnostic approach named DLRE was used to assess liver fibrosis 

stages. Liver histology was used as the reference standard, and DLRE was compared with 2D-SWE, APRI and FIB-4.  

2.1 Basic CNN model 

The CNN architecture contains input, convolution, activation, pooling, forward computation, and back propagation (Fig. 

1). Its details are explained as following. 

Convolution. Assuming there are matrix 
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  , the result of convolution 

between A  and K  is to let matrix K  slides on the matrix A , in other words, matrix K  and all of the 2 2  

continuous submatrix of A  will perform the operation of "corresponding sum of product of elements". Then we could 

get the result 
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. The matrix K  is called filter, while the matrix C  is called 

feature map. The convolution operation between matrix A  and matrix K  will be presented as
 2 ,  C conv A K

. 

Activation. After the operation of convolution, the result will be activated by an activation function, here we adopted the 

“ReLU” function
( ) max(0, )f x x

, when the input is negative, the output of the activation function will be zero, and 

when the input is positive, and the result will be equal to the input. This property helps speed up training process. The 

activation operation will be presented as
( )a f x

. 

Pooling. Assuming there is a matrix
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  , whose size is 6 4 , and a matrix P , whose size is 2 2 . The 

pooling operation will divide the matrix C  into six disjoint 2 2  small matrixes, each maximum value of the small 
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matrix will be extracted to form the result matrix
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  . The matrix P  is called pooling window, while the 

matrix S  is called pooled map. The poolingg operation on matrix C  with pooling window P  will be presented 

as
 ,  S pooli g Cn P

. 

Forward computation. The input of the first convolutional layer is the raw data matrix A  with a size of 250 250 , after 

an operation of convolution which contains a number of 16 filters with the size of 3 3 , the output of this convolutional 

layer will be a number of 16 feature maps with the size of 248 248 , and then the result will be activated with the 

activation function of “ReLU”.  

After the first operation of convolution, there will be a pooling operation. The size of the pooling window is 2 2 , and 

we will adopt the max-pooling strategy here. Then the 248 248 feature map will be transferred to a 124 124  pooled 

map.  

A total of four times of convolution, activation and pooling operations will be executed to complete the computation in 

turn. When it comes to the last fully connected layer and the output layer, the result will be the possibility. 

Back propagation. Assuming the loss function of the whole network is J , and
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where 
j

 represents the order of neuron, 
q

 means the number of neuron. The most important parameters in the network 

are the weights w  between two neurons and the bias b  between two layers. And x  is the input of a neuron, 
( )p x

 

means the actual output of the neuron, while 
y

 is the expected output of the neuron.  

Therefore, J  represents the sum of squared error between the actual output and the expected output. In the end, our task 

is to make J  as small as possible, and to achieve this goal, we need to acquire suitable parameters w  and b  through 

learning process from data, here we will use gradient descent strategy,1 then 
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to fine-tuning w  and b ,where l  means the order of the layer,  means the learning rate. 

The parameters w  and b  will continue to improve at the end of each iteration of the whole training process. And when 

the loss function tends to decrease and be stable, the CNN model is considered as having completed the training process 

that means the CNN model is ready to predict new data. 
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Figure 1. Illustration of basic convolutional neural network (CNN) model flowchart. 

 

2.2 Transfer learning model 

Transfer learning is a machine learning method where a model developed for a task is reused as the starting point for a 

model on another task. Here we adopted the pre-trained model which was transferred from one of our previous studies 

followed by a strategy called fine-tuning. This approach consists of selecting source model, reusing model and fine-

tuning model (Fig. 2). 

Select Source Model. A pre-trained source model which was developed for another ultrasound image classification task11 

was chosen for the DLRE base model. 

Reuse Model. The pre-trained model could then be used as the starting point for a model on the DLRE task. This part 

involved using the first three hidden layers of the model. 

Tune Model. Lastly, the model need to be adapted or refined on the input-output pair data available for the task of DLRE. 

This part involved freezing the first three hidden layers and fine-tuning the rest part of the model. 

 

2.3 DLRE model 

For applying DLRE, we designed a simple manual initiation by defining multiple region-of-interests (ROIs). For each 

patient, ROIs with the size of 250 × 250 pixels were automatically generated after one mouse click on the nodule center 

area. Then, the corresponding three cropped images were used as input layers to trigger the DLRE model (Fig. 2). DLRE 

adopted the CNN architecture and transfer learning strategy. It consisted of four hidden layers. The first three layers were 

transferred from one of our previous studies without any modification11, whereas the last hidden layer was fine-tuned 

using enrolled US images. This layer contained 32 feature maps, and the size of the convolution filter and the max 

pooling was 3 × 3 pixels and 2 × 2 pixels, respectively. Finally, a fully-connected layer with 32 nodes was connected to 

every neuron in the last three pooling layers, and the probability (a malignancy score) of the binary classification (benign 

or malignant) can be calculated in the output layer. 
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Figure 2. Illustration of deep learning radiomics of elastography (DLRE) model flowchart. 

 

2.4 Assessing the overall diagnostic accuracy of DLRE 

The DLRE adopted both CNN architecture and transfer learning strategy, The Basic CNN model had exactly the same 

network architecture with DLRE (four hidden layers followed with a fully connected layer), but all parameters of every 

layer were trained by 2D-SWE images and FNA histological results of the training cohort. Differently, the transfer 

learning model employed transferred parameters for the first three layers from another study11 without using any data 

from our training cohort. Only the parameters of the last hidden layer were trained by the training cohort, which was the 

same as DLRE.  

 

Two thirds of the enrolled patients were randomly selected, and their corresponding 2D-SWE images and histological 

results were used as the training cohort of DLRE. Images were sent to the input layer of the CNN model directly, so that 

the low- to high-level features included in neural nets’ hidden layers were automatically extracted. DLRE then learned 

these features to fine-tune its parameters and finally established its classification model for liver fibrosis staging. The 

2D-SWE images and histological results of the other 1/3 patients were used as the validation cohort to evaluate the 

diagnostic accuracy of DLRE. The diagnostic accuracy of DLRE was compared with 2D-SWE and biomarkers 

 

3. DATA 

This was a multicenter, prospective study. A new diagnostic approach named DLRE was used to assess liver fibrosis 

stages. Liver histology was used as the reference standard, and DLRE was compared with 2D-SWE, APRI and FIB-4. 

From January 2014 to January 2016, CHB patients who provided informed consent to participate in this study were 

enrolled from 4 Chinese hospitals in different regions. 

Between October 2014 to January 2016, 334 patients from four Chinese hospitals were prospectively enrolled in this 

study. Among them, 37 patients were excluded because of companied with other liver disease (N=5); antiviral treatment 

in the previous 6 months (N=7); unqualified histologic samples (N=22); missing important serological results (N=2) and 

unsuccessful 2D-SWE measurements (N=1). Thus, 297 patients with 1485 2D-SWE images were finally enrolled for 

analysis.  

After randomization of these patients, 200 patients with 1000 images were assigned to the training cohort, and the other 

97 patients with 485 images composed the validation cohort. 

 

4. RESULTS 

In the training cohort, DLRE demonstrated the highest diagnostic accuracy comparing with all other methods for 

classifying of F4, ≥F3, and ≥F2 (Fig. 3A, B, and C), and differences of AUCs were all statistically significant (P < 
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0.001). AUCs of DLRE reached startling 1.00, 0.99, and 0.99 for three stratifications, respectively, which were 0.13, 

0.18, and 0.25 higher than these of 2D-SWE who offered the second highest AUCs. 

 

Figure 3.  Comparison of ROC curves between DLRE, 2D-SWE, and biomarkers for the assessment of liver fibrosis stages 

in training and validation cohorts, respectively. (A) and (D) F0-F3 versus F4 (F4) in training and validation cohorts, (B) and 

(E) F0-F2 versus F3-F4 (≥F3) in training and validation cohorts, (C) and (F) F0-F1 versus F2-F4 (≥F2) in training and 

validation cohorts. 

In the validation cohort, AUCs of DLRE dropped slightly for the diagnosis of F4 and ≥F3 (Fig. 3D and E), but they 

both still reached 0.98, which were significantly higher than other methods (P < 0.01). However, the performance of 

DLRE for ≥F2 became much poorer than it was in the training cohort (Fig. 3F). AUC decreased from 0.99 to 0.85. It 

still demonstrated the highest AUC, and was significantly better than APRI (P < 0.001) and FIB-4 (P < 0.01), but no 

significant difference was found between DLRE and 2D-SWE (P > 0.05). 
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5. CONCLUSIONS 

In conclusion, this study demonstrated that DLRE was more accurate than 2D-SWE in assessing cirrhosis and advanced 

fibrosis, and more accurate than biomarkers in assessing all three liver fibrosis stages in CHB patients. 
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