
Abstract 

Purpose: Recurrent nasopharyngeal carcinoma after treatment can be difficult to recognize as there 
are overlapping imaging findings with post-radiotherapy changes. We have established an intelligent 
computerized system that differentiates recurrent carcinoma and normal condition using artificial neural 
network based on studies of Positron Emission Tomography/Computed Tomography with limited cases 
(n=16). 
Method: Twenty-one validated radiological features were used as inputs for the neural network. The 
neural network was trained by leave-one-out cross-validation (LOOCV) method with 2 outputs.  
Results: Our observer study indicated that when the radiologists are provided with the ANN output they 
make better decisions and there was significant improvement for junior radiologists after using neural 
network results (p<0.01).  
Conclusion: This study demonstrated the feasibility of using artificial neural network for deciphering 
complex imaging pattern of recurrent nasopharyngeal carcinoma after treatment with limited case 
samples and improved the diagnostic accuracy of PET/CT for recurrent nasopharyngeal carcinoma. 
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Introduction

Nasopharyngeal Carcinoma (NPC) is one of most common 
malignant carcinoma affecting the Southern Chinese population [1]. 
For management of this tumor, radiotherapy (RT) or radiotherapy 
with concurrent chemotherapy (CCRT) is the mainstay treatment, 
whereas surgery is reserved for recurrent disease [2].  It has been 
reported that local recurrence of NPC occurs in approximately 15% 
to 54% in patients treated with RT or CCRT within 5 years [3].  In 
addition, there are variable changes in the nasopharyngeal tissues 
caused by radiotherapy, such as oedema, necrosis, and fibrotic 
changes, which complicate the picture [4,5]. The imaging signs due 
to overlapping features of recurrent NPC and radiotherapy treatment 
effects pose a diagnostic challenge for clinicians.

Artificial neural networks (ANNs) method has been proven to 
be a powerful tool for data classifications, pattern recognitions and 
predictions in medical imaging [6]. It has been used for various 
medical imaging applications such as lesion detection in SPECT, 
texture analysis in ultrasound, differential diagnosis of cerebral 
tumor on MRI [7]  differential diagnosis of chest radiograph and 
high-resolution CT [8,9], and prediction of breast malignancy 
on mammograms [10]. ANNs have also been applied in tumor 
segmentation for NPC on MRI and development of NPC prognosis 
prediction model [11,12].

To the best of our knowledge, there has been no published report 
about the use of ANNs for evaluation of recurrent NPC using 18F-FDG 
PET/CT images. We also recognize that are small number of cases 
of tumour recurrence after radiotherapy treatment suitable for the 
training of ANNs.  In this study, we proposed an ANNs scheme for 
limited samples that simulated the decision process of radiologist for 
recognizing recurrent NPC on 18F-FDG PET/CT images.

Materials and Method

Design of the Artificial Neural Network
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Artificial neural networks (ANNs) method is a mathematical model 
or computational model simulating biological neural networks [13]. 
The setting of ANNs consists of  Input Layer, Hidden Layer(s) and 
Output Layer:

Input Layer: for   input neurons with activation, we took 21 
radiological features as the input in the neural network.
Hidden Layer:   activation function,  , where  , and   was the weight 
from  th input neuron to  th hidden neuron. 
Output Layer:    neurons   was given by

                                             ,                                                                    (1)

where  sij was the weight from j th neuron in the i th hidden layer 
to the  th neuron of the output layer.

For detection of recurrent NPC using 18F-FDG PET/CT images, 
we designed the neural networks to mimic the neural capacity and 
processes for the decision process of experienced radiologists. Our 
design was composed of a three-layer, feed-forward ANNs with a 
back-propagation method using Levenberg–Marquardt algorithm for 
least square curve fitting based on the work by Hagan and Menhaj 
(14), implemented using Matlab ((The Mathworks Inc., Release 
2010a).  The feed forward network was designed with 21 input 
units for 21 radiological features identified during the pilot study
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(see section 2.2.2), one-hidden layer and two output units 
corresponding to the likelihood of recurrent NPC and likelihood of 
normal findings. The ANNs were trained up to 500 iterations with an 
error goal of less than 0.1.

The training process comprised 9 normal cases and 7 abnormal 
cases.  The feed-forward back propagation ANNs were trained using 
a round-robin (leave-one-out) method which was suitable for small 
training cases [15,16].  The idea of leave-one-out cross-validation 
(LOOCV)  was that a single case was left out as the testing set, 
whilst the remaining 15 cases were used as the training data set. The 
procedure was repeated so that each of the 16 sets was used once as 
the testing set and the rest of the sets were used as the training sets.

Case selection and image acquisition

Case Selection

This was a retrospective study. The cases were firstly selected by the 
collaborative clinicians from the Radiology Information System in the 
imaging centre. The related images were retrieved from the Picture 
Archiving and Communications System and were anonymized to 
observe patient privacy. Ethics Committee approval was obtained by 
our institute.

It was because eligible cases of recurrent NPC after treatment were 
relative rare. As a result, during the period of our study, 16 NPC cases 
were selected; in which 7 cases were confirmed to have recurrent 
NPC clinically and all 18F-FDG PET/CT scan were preformed within 
4 to 8 months after radiotherapy. Another 9 cases which were proven 
normal clinically were also obtained.

Establishment of the parameters for Recurrent NPC

A list of diagnostic features used for detecting recurrent NPC based 
on 18F-FDG PET/CT images were firstly obtained by the researchers 
in a pilot study. Three radiologists experienced in head and neck 
radiology (having 10 – 15 years of experience) were asked to identify 
the key diagnostic features related to recurrent NPC independently 
from the list. Only those diagnostic features agreed by all three 
radiologists in the list were used. 

The ANN needed to be trained by the knowledge of experienced 
radiologists by giving the scores to the system. We invited other two 
radiologists with more than 10 years of experience to train the system. 
The experienced radiologists read all the images and gave their 
rating. One example of subjective ratings of one attending radiologist 
for recurrent NPC and normal case with the 21 diagnostic features 
is shown in table 1. The input data were scored by two experienced 
attending radiologists, which were subsequently normalized to 
between 0 to 10.

Observer Test

To evaluate the usefulness of our system, two radiology residents 
with one year of training in nuclear medicine and PET/CT were 
recruited in the observer test. They had no prior knowledge on the 
subjective ratings for radiological features described above. Receiver 
operating characteristic (ROC) studies was used to evaluate the 
performance of radiologists [7,8]. First, the observers were shown PET/
CT images in the image workstation for initial rating of the confidence 
level of recurrent NPC (without ANNs output). The observers could 

make their judgments according to their knowledge or using the 
21 radiological features we used.  Subsequently, ANNs outputs with 
calculated likelihood of recurrent NPC were displayed in the same 
workstation to the same observer who rated the confidence level a 
second time (with ANNs output). The observer's confidence level 
about the likelihood of recurrent NPC was represented using a 
continuous-rating scale with a line-checking method [7,8,14]. For 
the initial ratings, the observers used a blue ballpoint pen to mark 
their confidence levels along a 10-cm line. Ratings of "definitely no 
recurrent NPC", “indeterminate” and "definitely recurrent NPC" 
were marked above the left end, center and right end of the line 
respectively. If the second ratings were different from the initial ones, 
the observers used a red ballpoint pen to mark their confidence levels 
along the same line. For data analysis, the confidence level was scored 
by measuring the distance from the left end of the line to the marked 
point and converting the measurement to a scale from 0 to 100.

Data Analysis

The performances of the ANNs, radiologists’ diagnostic 
performance with and without ANNs and diagnostic model were 
evaluated using ROC analysis. Binormal ROC curves for diagnosing 
recurrent NPC were estimated using ROCKIT 0.9B developed by 
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18F-FDG PET/CT Subjective Ratings (0 – 10)

 Features Normal Recurrent NPC

Size of dominant lesion 0 8

Lesion(s) at roof of the nasopharynx 0 7

Lesion(s) at retropharyngeal space 0 3

Lesion(s) at fossa of Rosenmueller 0 5

Mean SUV 3 7

Max SUV of the lesion(s) 2 7

Max SUV ratio of the lesion(s) to 
normal liver

3 7

Asymmetric 18F-FDG uptake at LPR 2 2

Increase uptake of 18F-FDG 3 8

Involvement of lymph node of roof of 
the nasopharynx

1 0

Involvement of lymph node of 
retropharyngeal space

1 0

Shape of lymph node 0 0

Max SUV of the lymph node 0 0

Size of the lymph node in 
submandibular region

0 0

Size of the lymph node in 
jugulodigastric region

1 0

Size of the lymph node in 
retropharyngeal region

1 0

Size of the lymph node at elsewhere 2 0

Wall thickening at LPR 3 3

Increased soft tissue density of fossa of 
Rosemuller

2 2

Central nodal necrosis 0 0

Distant metastases 0 0

Table 1: One Attending Radiologist’s Subjective Ratings of normal and 
recurrent NPC case.
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those of aforementioned cardiac CT. TEE revealed a protruding 
aneurysmal sac with shunting from the right coronary sinus to 
RV (Figure 4 and Video 3). Invasive cardiac catheterization was 
not performed. Surgical findings confirmed a large aneurysm 
with a defect at right coronary sinus of the AV. There was no

 

other combined cardiac pathology. Resection of the aneurysmal 
sac and repair of the aortic root using an autologous pericardial 
patch was performed. After surgery, TTE no longer showed 
abnormal shunt flow at the aortic root except minimal valvular 
regurgitation of the AV (Figure 5 and Video 4). She has been 
doing well without chest symptoms after surgery.
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Figure 3: Cardiac computed tomography.
Cardiac computed tomographyshows ring-like structure originating from the right coronary sinus of the aortic valve protruding to the right ventricle (red 
arrow heads) (A and B) with extravasation of the radiocontrast agent (white arrow heads) (B). The right coronary ostium is not involved by aneurysm 
(red arrow) (A). 
Ao, aorta; RV, right ventricle; LV, left ventricle.

Figure 4: Transesophageal echocardiography.
Transesophageal echocardiography shows a protruding aneurysmal sac (red arrow heads) with shunting from the right coronary sinus to the right 
ventricle.
LA: left atrium; LV, left ventricle; Ao, aorta; RV, right ventricle.

https://doi.org/10.15344/2456-446X/2017/117


Int J Radiol Med Imag                                                                                                                                                                                            IJRMI, an open access journal                                    
ISSN: 2456-446X                                                                                                                                                                                                     Volume 3. 2017. 117                                                                                                             

the Department of Radiology of the University of Chicago [17]. Az 
value representing the area under the ROC curve was calculated. 
The statistical significance of differences between ROC curves were 
determined by applying chi-square test for paired data to specific area 
under the curve (AUC, or Az value).

Results

The sensitivity of correct classification of the ANNs following 
training for predicting recurrent NPC was 79% and the specificity is 
100%. The Az value of the ANN alone was 0.921, indicating a high 
performance (Figure 1). Table 2 shows the Az value with and without 
ANN output for the two radiology residents. The performance for 
both residents improved significantly when ANN output was used (p 
< 0.01). The overall performance of the two observers was illustrated 
by the average ROC curves in Figure 2. The average Az value increased 
to a statistically significant level from 0.523 without ANN output to 
0.805 with ANN output (p < 0.0001). However, the average Az value 
of observers with ANN output was still lower than for the ANN alone.

Discussion

We have proposed an intelligent system for differentiating recurrent 
NPC from normal features by simulating the decision process of 
radiologists using artificial neural networks.

For the construction of the ANNs in this study, 21 radiological 
features of recurrent NPC on 18F-FDG PET/CT images were selected 
and translated as scores for data input for ANNs.. We found that the 
ANNs showed a high performance (Az = 0.921).  This finding was 
comparable to the performance of ANNs constructed in other studies 
which reported Az values form 0.940 to 0.977 [7, 8, 15], It indicates 
that the ANNs can recognize the complex interactions and patterns on 
radiological features as input data and thereby learn the relationship 
between the input data and output data, which are likelihood of 
recurrent NPC and likelihood of normal finding.

In our observer test, for the two participating residents with one 
year of experience in interpretation of 18F-FDG PET/CT images, 
there was significant improvement in diagnostic performance on the 
evaluation of recurrent NPC using PET/CT images with ANN output 
(p < 0.0001) (Figure 2). This finding was in accordance with several 
previous studies and indicated that ANNs may be helpful for readers 
with limited clinical experience [7, 8,15]. It could be reasonably 
suggested that the ANN would help clinicians with less clinical 
experience in recognition of significant PET/CT features of recurrent 
NPC by alerting them to reconsider certain diagnostic features 
through careful interpretation of radiological features, arriving at 
a correct diagnosis (Table 2).  One the other hand, while our result 
suggested that ANN was helpful for readers with limited clinical 
experience, we believed that further study is required to determine 
the usefulness of ANN in the evaluation of recurrent NPC based on 
PET/CT images for radiologists with different levels of experience.

In this study, the ANN was developed with 21 radiological features 
without any clinical parameters as input data.  To further enhance 
the practical application of this diagnostic model in the future, some 
useful clinical data, such as infection of Epstein-Barr virus (EBV), 
stage of primary NPC and dietary habits, could be included as input 
data. Higher diagnostic performance of the ANNs obtained with a 
combination of clinical parameters and radiological findings as input 
data was reported by previous studies [15, 18]. It is therefore expected 
that with the combination of clinical parameters and radiological 
features as input data, the performance of the diagnostic model can 
be further enhanced for practical use. Although the number of cases 
for our study was quite limited, our attempt to construct a computer-
aided diagnostic scheme using ANNs that was proven to be useful.

Conclusion

ANNs showed a high performance in evaluation of recurrent NPC 
based on 18F-FDG PET/CT images. Its outputs can provide a second 
opinion to improve the accuracy and efficiency for clinicians in 
diagnosis. In addition, we have established a diagnostic model based 
on CAD for evaluation of recurrent NPC based on 18F-FDG PET/
CT images.
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