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ABSTRACT

Nasopharyngeal carcinoma (NPC) is common in China and Southeast Asian. This paper

proposes the first fully automatic magnetic resonance imaging (MRI) based NPC diagno-

sis and visualization system, which can effectively accommodate images from different

MRI machines and with different resolutions. It first performs adaptive segmentation

and cropping of MRI slices to extract the effective brain regions, simultaneously solving

the problem of different MRI machines and different image resolutions. Then, it uses a

modified residual deep learning network to process the MRI slices and extract features.

Finally, the high-level features of different slices are fused to output the NPC classifica-

tion probability. The main advantages of our proposed approach are: 1) it has extremely

high diagnosis precision – the area under the ROC curve (AUC) reached 0.994; and, 2)

it can quickly visualize and locate the slices and regions where malignant tumors may

exist, significantly saving radiologists’ time in reviewing and annotating the MRIs.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Nasopharyngeal carcinoma (NPC) is a malignant tumor that

occurs in the nasopharyngeal cavity or upper throat. It’s the

most common head and neck cancer in southeast mainland

China,Hong Kong, Taiwan, Malaysia, and Singapore [1]. The

incidence rate of NPC is about 40 per 100,000 in mainland

China, 25 in Hong Kong, and 27 among Malaysian Chinese. In

America and Europe, the incidence rate is about 1 per 100,000.

Chemotherapy and radiotherapy are common treatments for

NPC. Medical imaging can provide valuable information such

as the location, volume, and severity of the tumor, which plays

a critical role in clinical diagnosis and treatment of NPC. Com-

mon medical imaging modalities include endoscopy, computed

tomography (CT), positron emission tomography (PET) and

magnetic resonance imaging (MRI).

The current clinical practice diagnoses NPC from medical

images by visual examination, and the results depend com-

pletely on the experience and subjective judgment of radiolo-
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gists. Because NPC has complex and irregular structural ex-

pressions, the diagnosis results are usually uncertain and incon-

sistent.

There have been some studies on machine learning for NPC

diagnosis. Mohammed et al. [2] proposed an endoscopy-based

decision support system, which uses local binary pattern, gray-

level co-occurrence matrix, histogram of oriented gradients,

fractal dimension, etc., as features, and trains a multi-layer neu-

ral network for NPC diagnosis. Chuang et al. [3] employed a

convolutional neural network (CNN) for nasopharyngeal biop-

sies. Wu et al. [4] proposed a staged NPC diagnosis approach

from bimodal PET-CT images. It first extracts candidate lesion

areas based on PET-CT images and anatomical prior knowl-

edge, and then uses a support vector machine for classification.

Zhao et al. [5] proposed a full CNN with an auxiliary path to

segment NPC tumor regions from bimodal PET-CT images.

Compared with other imaging technologies, MRI has the ad-

vantages of non-invasion, high efficiency, and high spatial res-

olution. MRI can reveal anatomical structures in the nasophar-

ynx, including tissue details deep in the pharyngeal recesses and

nasopharynx. It can distinguish soft tissues, retropharyngeal

lymph node metastasis, skull base invasion, peripheral nerve

infiltration, and so on, and can guide the biopsy of suspicious



2

areas under endoscopy in clinics [6]. As a result, MRI is widely

used in NPC diagnosis and beyond [7, 8, 9, 10, 11]. Based on

3D MRI data, Korolev et al. [7] used 3D VGGNet [12] and

a residual network [13] for the diagnosis of Alzheimer’s dis-

ease and mild cognitive impairment. Pinaya et al. [8] used a

deep belief network to extract features from MRI images for

schizophrenia diagnosis. Other applications include attention

deficit hyperactivity disorder [9], stroke [10], multiple sclero-

sis [11], etc.

MRI has also been applied to the adjuvant therapy of NPC.

Most studies took advantage of MRI’s high spatial resolution

for the segmentation of NPC tumor regions [14, 15, 16], which

is critical in radiotherapy. This paper considers MRI-based

NPC diagnosis. To our knowledge, there has been only one

study in this direction. Wu et al. [17] used an unsharp mask

to enhance the edge contrast of MRI images, asked a radiolo-

gist to specify the nasopharyngeal area of interest, applied his-

togram equalization to remove noise, and next employed Otsu’s

method [18] to extract the nasopharyngeal tumor area. Finally,

according to the characteristics of nasopharyngeal tissue hyper-

trophy and symmetric distribution, texture and geometric fea-

tures were extracted from the tumor area, and a neural-fuzzy

AdaBoost classifier was trained to recognize benign or malig-

nant tumors.

The above process is complicated, and requires radiologist

involvement and rich prior knowledge. This paper uses deep

learning to integrate tedious feature engineering into the learn-

ing process. An end-to-end MRI-based NPC diagnosis and vi-

sualization system is proposed. It requires only a few prepro-

cessing steps and can accommodate MRIs from different ma-

chines and with different resolutions. In addition to near-perfect

NPC diagnosis accuracy (0.994 AUC), the visualization module

can also quickly locate MRI slices and areas where malignant

tumors may exist, significantly saving radiologists’ time in re-

viewing and annotating the MRIs.

2. Methods

2.1. Dataset

The MRI dataset used in our experiment were collected from

the Union Hospital, Tongji Medical College of Huazhong Uni-

versity of Science and Technology, Wuhan, China. It consisted

of 526 subjects, 326 of whom had NPC. The images were col-

lected from different MRI machines with resolutions ranging

from 208 × 256 to 640 × 640. They were labeled by one of the

authors (X. Deng, an experienced radiologist).

For NPC diagnosis, an MRI machine usually scans multiple

slices (each slice is an image) along the axial plane, and all

these slices constitute a 3D structural scan of the entire brain.

Fig. 1 shows the axial MRI images of a typical NPC patient.

Several of them show clear tissue hypertrophy and compressed

nasopharyngeal structure. Since the diagnosis of NPC does not

require high axial density, the spatial interval between adjacent

slices can be large. The number of slices per subject was be-

tween 14 and 35, mostly between 15 and 21. We only used the

axial T1 structure images in our study.

Even for an NPC patient, the tumors may not present in all

MRI images; only those containing tumors were labeled posi-

tive, and all others negative. For non-NPC subjects, all images

were labeled negative. There were a total of 9,708 MRI im-

ages, of which 1,470 were positive and 8,238 were negative.

The positive to negative ratio was about 1:5.6.

2.2. Preprocessing

As shown in Fig. 1, there are numbers, letters and black bor-

ders in the MRI images, which are not useful in NPC diag-

nosis. We performed preprocessing to automatically remove

them. First, an opening operation (i.e., erosion and dilation)

was used to remove numbers, letters, and also some tiny tissues.

Then, Otsu’s method [18] was employed to adaptively select a

threshold to segment the foreground and background. Finally,

connected component analysis was performed on the binarized

image, and the largest connected component was cropped out

for further classification.

Considering the low density of MRI axial scans in this prob-

lem, it is not appropriate to directly use 3D spatial convolution

for classification. So, we developed a two-stage NPC diagnosis

procedure. The first stage determines whether there is an NPC

area in a particular MRI image (image-level diagnosis), and the

second determines whether there is NPC based on all images of

the subject (subject-level diagnosis).

2.3. Image-Level Diagnosis

The image-level diagnosis pipeline is shown in Fig. 2. We

used a modified ResNet18, summarized in Table 1, as the back-

bone network. The residual network (ResNet) [13] was pro-

posed by He et al. in 2016 and has been widely used in com-

puter vision. ResNet uses identity mapping to provide a direct

path for gradient back-propagation, which improves both the

training speed and the generalization performance.

Every convolutional layer, except conv fc, was followed by a

batch-normalization layer [19] and a ReLU activation function.

Our specific modifications were:

1. The input size was changed from the original 224 × 224

to 225 × 225 to achieve better edge alignment and spatial

resolution, as NPC diagnosis mainly depends on the struc-

tural information.

2. Dropout2d, which randomly discards some channels of the

feature map to reduce the feature redundancy, was used to

prevent overfitting.

3. A 1 × 1 convolution layer was employed to give predic-

tions, which were then integrated through global average

pooling and sigmoid to output the final probability.

These modifications made it easy to know which part of the

input image contributes more to the final prediction, which is

necessary in visualization.

2.4. Visualization

Visualization of the NPC regions can help radiologists re-

view and annotate the results. Our visualization approach was

inspired by Zhou et al.’s work [20], with some modifications to

make the derivation more rigorous and easier to understand.
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Fig. 1. MRI images from a typical NPC patient. An MRI machine scans multiple slices along the axial plane, which constitute a 3D structural scan of the

entire brain.

PredictionConv 1x1 GAP

F(x, y)

Fig. 2. Image-level diagnosis pipeline.

Let f be the feature map output by res5 in ResNet18, and

fc(x, y) the feature value at location (x, y) of Channel c. Then,

the output of conv fc is F(x, y) =
∑

c wc fc(x, y)+ b, where wc is

the weight of conv fc at Channel c, and b the bias. The global

average pooling output is S = 1
N

∑

x,y F(x, y), where N is the

number of cells in feature map f . The final prediction proba-

bility is P = sigmoid(S ).

In summary,

P = sigmoid
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For a given image, F(x, y) represents the contribution of the

location (x, y) to the final prediction. The activation of each

cell can be represented by the visual mode of its corresponding

receptive field. By up-sampling F to the original image reso-

lution, we can figure out which region contributes more to the

final prediction.

2.5. Subject-Level Diagnosis

Since each subject has multiple MRI images, it is intuitive

to integrate the image-level diagnoses to obtain more reliable

subject-level diagnosis.

We used a CNN, shared among different images, to extract

their features. After that, different feature fusion strategies

can be used to compute the subject-level diagnosis probability.

Fig. 3 shows three feature fusion strategies considered in our

study. The previous image-level model was used as a feature

extractor. More specifically, the output of res5 was used as the

feature, represented by a blue rectangle with text C in Fig. 3.
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Fig. 3. Three different feature fusion strategies in subject-level diagnosis. Each feature extractor is represented by a blue rectangle with text C. ‘GAP’,

‘1D max pool’, ‘1D Conv’ and ‘Attention’ denote global average pooling, one-dimensional max-pooling, one-dimensional convolution and the attention

mechanism, respectively. ‘FC’ denotes fully connected layer and sigmoid function.

Table 1. The modified ResNet18.

Layer Parameter Output Size

conv1 7 × 7, 64, stride 2 113 × 113 × 64

res2
3 × 3 max pool, stride 2

57 × 57 × 64
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× 2 8 × 8 × 512

dropout2d drop rate 0.5 8 × 8 × 512

conv fc 1 × 1, 1 8 × 8 × 1

Global average pooling + sigmoid 1 × 1 × 1

ConvPooling: The ConvPooling scheme utilized 1D max-

pooling to integrate the features from different MRI images.

The pooling layer had stride 1 and kernel size n (n is the number

of MRI images from a subject). In ConvPooling, for each fea-

ture (channel), only the largest value in all images was selected

as the feature value. Because simply taking the maximum may

be sensitive to input noise, ConvPooling may lead to high false

positive rate.

LateFusion: LateFusion used 1D convolution to capture spa-

tial information between adjacent image features. It employed

local connection and weight sharing, suitable for handling spa-

tial hierarchies. The kernel size was set to 5, and the channel

number 128. The output of the convolutional layer was vector-

ized and sent to the fully connected layer for final classification.

Attention: MRI scans are performed in a certain direction

along a specific axis. Different images show different brain re-

gions, some of which may not contain any nasopharynx area

at all. Thus, it is desirable to give different images different

weights.

Intuitively, images containing the nasopharynx area should

be given larger weights. However, it is difficult to reliably

determine whether there is nasopharyngeal area and its size.

Attention mechanism, which has been widely used in applica-

tions such as machine translation [21], image caption genera-

tion [22], video question and answer [23], sleep stage classifi-

cation [24], etc., can be used to calculate the weights automati-

cally.

Let Xi be a subject’s i-th MRI image, and its feature after C

and GAP be hi. Then, the final feature c is the weighted sum of

different image features:

c =

n
∑

i=1

αihi (2)

The attention weight αi for feature hi is computed by:

αi =
exp(ei)

∑n
i=1 exp(ei)

(3)

where ei can be given by a trainable fully-connected layer with

hi as input.

2.6. Training and Inference

Data partition: We used stratified sampling to partition the

subjects into 60% training, 20% validation and 20% test. The

models were trained on the training set. The best hyper-

parameters and model were selected on the validation set. Fi-

nally, different models were compared on the test set.

Training and optimization: Since the model’s final prediction

was given by sigmoid, we adopted binary cross-entropy as the

loss function. Nesterov SGD [25] was used to optimize the

models, with momentum 0.9, weight decay 0.001, and number

of epochs 50. A weight was given to the positive samples in the

loss function due to significant class imbalance of the dataset.

For image-level diagnosis, the batch size was 32, the learning
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rate was 0.0005 and decayed 10 times every 20 epochs, and

the weight for the positive samples was 5. For subject-level

diagnosis, the batch size was 16, the learning rate was 0.0001

without decay, and the positive sample weight was 0.5. We used

the parameters of the trained image-level model to initialize the

feature extractor C in the subject-level model, accelerating the

training speed and improving the generalization performance.

Early-stopping was used to decide when to stop training, by

monitoring the AUC metric on the validation set. Simple hyper-

parameter search was performed on the validation set. The

proposed models were implemented using PyTorch and trained

with a single Nvidia GeForce GTX 1080 GPU.

Data augmentation: Data augmentation can increase the size

of the dataset and reduce the risk of overfitting. Before sending

images to the network, we resized each image’s shorter edge

to 256 pixels while keeping its aspect ratio. During training, a

225×225 square image was randomly cropped from the resized

image, and then flipped horizontally or vertically with equal

probability. During inference (i.e., test), the image was first

resized, and then the center 225 × 225 region was cropped out

as the input.

Each subject may have different number of MRI images.

During the training of the subject-level model, n = 13 adja-

cent images were randomly selected. During inference, n = 13

adjacent images in the middle of the image sequence were used.

3. Results

3.1. Performance Measures

We used the classification accuracy (ACC), sensitivity (also

called recall, or true positive rate) and specificity (also called

true negative rate) as performance measures. Because of sig-

nificant class imbalance in the dataset, AUC and the balanced

classification accuracy (BCA) were also used.

More specifically, ACC, sensitivity, specificity and BCA are

defined as:

ACC =
T P + T N

N
(4)

S ensitivity =
T P

T P + FN
(5)

S peci f icity =
T N

T N + FP
(6)

BCA =
S ensitivity + S peci f icity

2
(7)

where T P, T N, FN, FP and N are the true positive, true nega-

tive, false negative, false positive and total number of samples,

respectively.

3.2. Preprocessing Results

A representative image after preprocessing is shown in

Fig. 4(d). Comparing Figures 4(a) and 4(d), the numbers, let-

ters and black borders in Fig. 4(a) are successfully removed

after preprocessing, and only the center informative area of the

brain structure is preserved.

Although MRI images from different machines have differ-

ent resolutions, annotations, and black border sizes, our pre-

processing procedure can automatically accommodate them to

(a) (b)

(c) (d)

Fig. 4. Illustration of the MRI image preprocessing pipeline. (a) The orig-

inal image; (b) after opening operation; (c) after Otsu method and crop-

ping; (d) the preprocessed image.

ensure their consistency, making subsequent algorithm design

much simpler.

3.3. Image-Level Diagnosis Results

Table 2 shows image-level diagnosis results with and with-

out preprocessing. The performances without preprocessing

were quite high, suggesting the effectiveness of the proposed

image-level classifier. Preprocessing further improved all five

performance measures.

Table 2. Image-level diagnosis results with and without preprocessing.

Without With

preprocessing preprocessing

AUC 0.942 0.972

ACC (%) 90.42 92.76

BCA (%) 90.30 92.44

Sensitivity (%) 89.83 91.99

Specificity (%) 90.77 92.90

Fig. 5 shows the classification probability and visualization

results of image-level diagnosis for MRI images from a pa-

tient. The classification probability is close to zero for non-

NPC images, and close to one for NPC images, which are de-

sirable. This visualization can quickly guide the radiologist to

the abnormal areas, improving their diagnosis and annotation

efficiency.

3.4. Subject-Level Diagnosis Results

The image-level diagnosis determines whether there is NPC

based on only one image of the subject. Each subject has mul-

tiple MRI images from different brain locations. By integrating
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Fig. 5. Visualization of MRI images from a patient. The color bar indicates the contribution to the final classification probability. The title of each panel

means ‘Image index—true label (1 for positive)-the classification probability’.

the feature information of different images, more stable and ac-

curate prediction results could be achieved.

As pointed out in Methods, pre-training is very important in

constructing the subject-level model. Table 3 shows the per-

formance of various feature fusion strategies on the validation

set without pre-training, after 200 training epochs. Attention

and LateFusion converged on the validation set after about 150

epochs. ConvPooling reached AUC 0.99 on the training set at

75 epochs, but converged on the validation set at 200 epochs,

indicating serious overfitting.

Table 3 shows that without pre-training, Attention had the

best fusion performance, whereas ConvPooling the worst.

Since the performance of ConvPooling was much worse than

the other two, it was not considered in further experiments.

Table 3. Subject-level diagnosis results without pre-training.

ConvPooling LateFusion Attention

AUC 0.952 0.959 0.989

ACC (%) 86.21 89.52 93.26

BCA (%) 85.08 88.45 94.89

Sensitivity (%) 90.02 92.57 90.05

Specificity (%) 80.14 84.33 99.73

Table 4 shows the test results of subject-level diagnosis with

pre-training. Overall, Attention outperformed LateFusion. For

both fusion strategies, all five performance metrics were im-

proved over the image-level diagnosis results. In particular, the

specificity (i.e., true negative rate) increased by more than 5%,

reducing the misdiagnosis risk of non-patients.

Fig. 6 shows the receiver characteristic curve (ROC) of

Table 4. Subject-level diagnosis results with pre-training.

Image-level

diagnosis LateFusion Attention

AUC 0.972 0.991 0.994

ACC (%) 92.76 94.85 95.68

BCA (%) 92.44 95.43 96.01

Sensitivity (%) 91.99 92.44 93.72

Specificity (%) 92.90 98.42 98.30

the Attention model. Its AUC reached an astonishing 0.994,

demonstrating the effectiveness of the proposed approach. For

comparison, a previous study that is most similar to ours [17],

achieved an accuracy of 92.78% on a much smallest dataset (31

patients), and it required a radiologist to specify an ellipse re-

gion of interest of nasopharynx in the MRI image.

4. Conclusions

NPC has a high incidence rate in China and other Southeast

Asian regions. This paper proposed a deep learning based NPC

diagnosis and visualization system to assist radiologists in an-

alyzing MRI images. It first performs adaptive segmentation

and cropping of MRI slices to extract informative brain regions,

making images from different MRI machines and of different

resolutions more consistent. Then, it uses a modified ResNet18

to process each MRI slice, and visualizes slices and areas where

malignant tumors may exist. Finally, all image-level features

are integrated by an attention mechanism to give the subject-

level NPC probability. Our best model reached an astonishing
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Fig. 6. ROC curve of the attention model for subject-level diagnosis.

AUC of 0.994, and the visualization can significantly save a

radiologist’s time in reviewing and annotating the MRI images.

To our knowledge, our proposed approach is the first fully au-

tomatic pipeline that can directly diagnose and visualize NPC

from MRI images of different machines and different resolu-

tions. It was tested on the largest NPC dataset, and achieved

the highest classification accuracy.
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