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Abstract
Background: Although it has been reported by several studies that using AI to predict the prognosis of
nasopharyngeal carcinoma (NPC) based on magnetic resonance (MR) image, the information around the
tumor was not valued and the post-treatment MR images were ignored. Herein we aimed to predict the
prognosis of advanced NPC (stage - a) using pre- and post-treatment MR images based on deep
learning (DL).

Methods: A total of 206 patients with primary NPC who were diagnosed and treated at the Renmin
Hospital of Wuhan University between June 2012 and January 2018 were retrospectively selected. A
rectangular region of interest (ROI), which included the tumor area, surrounding tissues and organs, was
delineated on each pre- and post-treatment MR image. Two InceptionResnetV2-based transfer learning
models, named pre-model and post-model, were trained with the Pre-dataset and the Post-dataset,
respectively. In addition, an ensemble learning model based on the pre-model and post-models was
trained. The three established models were evaluated by receiver operating characteristic (ROC) analysis,
confusion matrix, and Harrell’s concordance indices (C-index) after the model test. High-risk-related heat
maps were developed according to the DL models.

Results: The pre-model, post-model, and ensemble models displayed a C-index of 0.717 (95% CI: 0.639 to
0.795), 0.811 (95% CI: 0.745–0.877), 0.830 (95% CI: 0.767–0.893), and AUC of 0.745 (95% CI: 0.592–
0.897), 0.820 (95% CI: 0.687–0.953), and 0.841 (95% CI: 0.715–0.968) for the test cohort, respectively. In
comparison with the models, the post-model performance was better than the pre-model, which indicated
the importance of post-treatment images for prognosis prediction. All three DL models performed better
than the TNM staging system. The captured features presented on heat maps showed that the areas
around the tumor and lymph nodes were related to the prognosis of the tumor.

Conclusions: The three established DL models based on pre- and post-treatment MR images have a better
performance than TNM staging. Post-treatment MR images are of great signi�cance for prognosis
prediction and could contribute to clinical decision-making. 

Background
NPC is a malignant tumor that originates from the epithelium of the nasopharynx and has the highest
incidence reported in Southeast Asia (1). Radiotherapy for early NPC and concurrent chemoradiotherapy
for advanced NPC is recommended by the National Comprehensive Cancer Network (NCCN) (2). As a
bene�t from the improvements in radiotherapy technology and equipment, the overall 5-year survival rate
has improved signi�cantly (3, 4). The common TNM staging system, which combines evidence-based
�ndings with empirical knowledge, is adopted for the prognosis assessment of most tumor types (5, 6).
However, it is inevitable that accuracy is sacri�ced to make the criterion simple and intuitive.

Arti�cial intelligence (AI) has been rapidly applied to the �eld of medicine, especially to medical image
processing in recent years (7, 8). Many studies have introduced AI to predict the prognosis of patients
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with cancer and have achieved remarkable results (9–11). Based on past achievements in this �eld, more
AI-based studies on tumor prognosis using different methods have been reported. Several studies have
focused on evaluating the prognosis of NPC (12–16) and predicting the response of NPC to induction
chemotherapy (17–19) which is related to our topic. However, except for the study reported by Mengyun
Qiang (16), the progression of these studies unanimously included a step of manual primary tumor
segmentation based on radiomics. This manual segmentation, which removes the "noise" from images,
however, is complex and inconvenient for practical applications (16), and more importantly, it is
questionable that much valuable information could also be removed inadvertently. The standard of T
staging in the TNM staging system of NPC only contains information on the relationship between the
tumor and the surrounding tissues and organs, not including intertumoral information, and it performs
well for prognosis prediction (12, 13, 16, 20). Therefore, the signals of organs and tissues bordering
tumors that are lost by the manual segmentation approach are of great value in predicting tumor
prognosis. Furthermore, it is not reliable to predict the prognosis of patients with cervical lymph node
metastasis as the main manifestation based on primary tumor segmentation, while the primary tumor is
limited or even not presented on MR images. Despite the great advantages of primary tumor
segmentation in noise reduction, the removal of valuable information makes it insu�cient. Due to the
disadvantage of relying on expert knowledge and a prede�ned algorithm, traditional radiomics that is
based on precise segmentation was considered to be gradually replaced by DL (6, 21). However, DL
models for MRI classi�cation face a common problem: they are typically limited by low sample size (22).
Transfer learning, which improves learning a new task through the transfer of knowledge from a related
task that has already been learned (23, 24), is an ideal solution for this problem and was applied to our
study.

The purpose of evaluating tumor prognosis is to guide oncologists to formulate a more reasonable and
individualized treatment plan. For advanced NPC or other malignant tumors that require multiple courses
of treatment, assessment of post-treatment tumor risk is crucial for the improvement of outcome. The
Response Evaluation Criteria in Solid Tumors (RECIST) is the common method to evaluate the response
of NPC to treatment, which categorizes patients by assessing changes in tumor size over time and the
presence or absence of new tumors (25, 26). However, similar to the TNM system, this evaluation system
overlooks other valuable information related to prognosis inside the images. Reported studies referring to
AI for post-treatment risk assessment are scarce, while pre-treatment images are used as default input
data for prediction. However, we believe that post-treatment images contain a massive amount of
information related to prognosis. It is valuable to incorporate post-treatment images for AI-assisted
prediction to assist in optimizing the treatment plan.

For the reasons mentioned above, we carried out this study of NPC risk assessment based on DL that
incorporated pre- and post-treatment MR images, including tumor area, as well as tissues and organs
around the tumor. We tried to provide a different approach to the prognosis assessment of NPC.

Materials And Methods



Page 5/26

Patient screening
Patients with locally advanced NPC who were admitted to Renmin Hospital of Wuhan University for
treatment between June 2012 and January 2018 were retrospectively selected. Information was collected
for sex, age, clinical TNM stage (according to the 7th American Joint Committee on Cancer (AJCC)), TNM
staging manual)(27), treatment method adopted in the �rst course of treatment, pathological outcome,
MR images before treatment and after one course of treatment, recurrence time (including local progress
and distant metastasis), and death events caused by any reason during follow-up. The endpoint was
November 20, 2019, to January 5, 2020 (information on more than 1000 patients was collected in these
two months). MR images of each listed patient were retrieved and transferred from the picture archiving
and communication system (PACS). Patients were screened depending on the following inclusion and
exclusion criteria. The inclusion criteria were as follows: 1. Primary NPC diagnosed by pathology and
treated in our hospital; 2. No distant metastasis occurred before diagnosis; 3. MRI before treatment and
after the �rst course of treatment could be obtained; 4. A regular review was performed; 5. Patients were
classi�ed into stages III and IV by the TNM staging system. The exclusion criteria were as follows: 1.
Recurrent NPC after treatment; 2. Distant metastasis was observed at the time of diagnosis; 3. No regular
review was performed; 4. Surgery was included in the treatment procedure; 5. The required demographic
information and imaging data were not available. The �owchart of patient screening is shown in Fig. 1.

Figure 1: Flowchart of the patient selection procedure

Concept De�nition
De�nition of the course of treatment for NPC: The formulated treatment plan was completed once. The
standard for regular review was at least every 3 months within 2 years after treatment, at least once every
six months after treatment for 2–5 years, and annually 5 years after treatment. The requisite items for the
review were nasopharyngeal MRI and lung CT, CT/MRI of the head and abdomen, or contingent PET/CT.
Telephone follow-up was performed on all patients who stopped review after at least 2 years of regular
review to obtain information on whether the patient was still alive. If the patient survived but stopped
review or performed a local review, the data were distributed to censored data. Recurrence was
ascertained based on nasopharyngeal MRI or pathology obtained endoscopically. The criteria for the MRI
to determine recurrence were progressive local bone erosion, abnormal soft tissue areas larger than the
previous review, and the newly found intensive shadows in the previous neck review increased
progressively during this review. Distant metastasis was determined by the results of lung CT, head and
abdomen CT/MRI, or PET/CT. Data on fatalities were obtained by telephone follow-up. To reduce the
proportion of censored data due to the small proportion of fatalities at the endpoint, we set progression-
free survival (PFS) as the observation endpoint. The PFS period was de�ned as the time from treatment
to disease progression (recurrence or distant metastasis) or the occurrence of death caused by any
reason or the last review.

Datasets
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The nasopharyngeal and neck MR images were obtained using a 1.5-T MR scanner and were saved in the
DICOM format with a size of 512 × 512. Axial images of WATER T2 and enhanced WATER T1 before
treatment and after the �rst treatment course were included for imaging processing. Rectangular ROIs
with an approximate size of 400 × 200, including all tumor areas, metastatic cervical lymph nodes, and
tissues and organs surrounding the tumor were delineated on each primary image (the size of the
rectangular ROIs were allowed to be different for the different sizes of tumors, and the convolution neural
network in the established model was set to transform all pictures into the size of 512 × 512 by the
"padding" operation which �lling "0" pixels around the images). Patients were divided into the high-risk
and low-risk groups according to the median progression-free survival, and patients on the point of
median PFS were classi�ed into the high-risk group. Each MR image was labeled according to the
patient’s outcome. The prediction was made depending on the weighted average of all image
classi�cation probabilities of a patient.

Finally, 206 NPC patients were included (male: 147, average age: 50.0 years, range: 16–74 years; female:
59, average age: 50.5 years, range: 18–75 years) and randomly divided into a training cohort and a
random cohort (by random number table) according to a ratio of 4:1.

Network Architecture and Model Training
Our DL models were compiled and trained by Professor Huang, who majored in AI for medical imaging
for more than 10 years. Keras 2.2.0, with TensorFlow 2.0, in Python version 3.6, was used as the
compiling platform. InceptionResnetV2 was introduced as the basis of our transfer learning model to
optimize the initial parameters and reduce the training cycle. The top layer of InceptionResnetV2 was
removed, and a full connection layer with two neurons was added at the tail end to achieve the
classi�cation function. An ensemble learning model based on a soft voting classi�er was established by
adding a decision layer to the output layer of the pre-model and post-model to integrate the results of the
two models.

The training cohort contained approximately 80% of the datasets (163/206). Pre- and post-treatment
images were used as input data to train the modi�ed InceptionResnetV2 model, named Pre-model and
Post-model, respectively. The Adam Optimizer was used to train the network with a batch size of 32. The
initial learning rate was set to 0.0001, and the training procedure was terminated when the accuracy did
not improve further for 10 continuous epochs. The dropout in the fully connected layers was set with a
probability of 0.5, and the L2 regularization strategy was used to prevent over�tting. The network
architecture of our model and the conventional method based on primary tumor segmentation are shown
in Fig. 2.

Figure 2: Models for tumor prognosis prediction

Model Testing and Statistical Analysis
Approximately 20% of patients’ datasets were used as the test cohort (43/206) and were imported into
the trained Pre-model and Post-model. The probability of patients with low risk and high risk was given
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according to the patient’s MR image dataset, and the category with high probability was selected as the
prediction result. In the ensembling model, a new prediction result was obtained by integrating the output
of the pre - and post-models based on the soft voting algorithm.

ROC curves were constructed, and the area under the curves (AUC) was calculated to compare the
performances of the pre-model, post-model, ensembling model, and TNM staging system. The C-index
with 95% con�dence interval (CI) was reported for the three established models and the TNM staging
system. The number of true-positives, false-positives, true-negatives, and false-negatives of the
established models were listed in a 2 × 2 table to calculate the confusion matrix. Differences were
considered statistically signi�cant at P < 0.05. Statistical analyses were performed using SPSS 24.0 and
Python, version 3.6. For a better interpretation of the DL models’ prediction process, heat maps for
visualizing the areas of the image most indicative of high risk were produced by extracting feature maps
from the �nal convolutional layers. The Matplotlib package in Python was used to produce heat maps.

Results

Clinical Characteristics of Patients
A total of 206 patients with locally advanced NPC, including 132 patients with stage III and 74 patients
with stage a, were included in our study. The median time and interquartile time of follow-up were 36.00
months, 26.25 months, and 48.75 months, respectively. Patients were randomly divided into a training
cohort (163 cases) and a test cohort (43 cases). The clinical characteristics of the patients are shown in
Table 1. There was no signi�cant difference in age, sex, TNM staging, T staging, N staging, and treatment
between the two cohorts

 
.

Table 1: Clinical characteristics of patients in the training cohort and testing cohort

SD: standard deviation; (1): based on the 7th edition of the American Joint Committee on Cancer
(AJCC)/International Union Against Cancer staging systems; (2): concurrent chemoradiation; (3):
Including induction chemotherapy + radiotherapy, induction chemotherapy + concurrent chemoradiation.

Performance of DL Models
The three DL models (pre-model, post-model, and ensembling model) achieved better performance in
predicting the prognosis of NPC, with AUCs of 0.745 (95% CI: 0.592, 0.897), 0.820 (95% CI: 0.687, 0.953),
and 0.841 (95% CI: 0.715, 0.968), respectively, when compared to TNM staging (AUC = 0.723, 95% CI:
0.567, 0.879) in the test cohort. The ROC curve based on the outcomes of individual patients obtained
from the DL models and TNM staging is shown in Fig. 3.

Figure 3: Receiver operating characteristic curves of DL Models and TNM staging
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A confusion matrix that reports the number of true-positives, false-positives, true-negatives, and false-
negatives was arranged as shown in Table 2. The positive and negative predictive values were 73.9%
(17/23) and 75.0% (15/20) for the pre-model, 73.9% (17/23) and 90.0% (2/20) for the Post-model, 78.2%
(18/23) and 90.0% (2/20) for the ensembling model, 69.6% (16/23), and 75.0% (15/20) for TNM staging,
respectively. The accuracies of the pre-model, post-model, ensembling model and TNM staging were
74.4% (32 /43), 81.4% (35/43), 83.7% (36/43), and 72.1% (31/43), respectively. The C-index was
calculated based on the category probability obtained from DL models. As reported in Table 2, the pre-
model, post-model, and ensembling model and TNM staging obtained C-indexes of 0.717 (95% CI: 0.639–
0.795), 0.811 (95% CI: 0.762–0.861), 0.830 (95% CI: 0.784–0.877), and 0.709 (95% CI: 0.620–0.788),
respectively. The performance of the post-model based on post-treatment images was better than that of
the pre-model, which was based on pre-treatment images whenever evaluated with AUC, accuracy or C-
index, and all the three DL models were better than TNM staging, while the ensembling model, which
integrated the results of the two DL models, performed best.

 
Table 2: Confusion matrices for DL Models and TNM staging

Heat maps, which are produced using the class activation mapping method, are composed of four colors,
namely, red, yellow, green, and blue, which represent areas that have different predictive signi�cance. The
red area represents the greatest correlation with the classi�cation, followed by the yellow region. The
green and blue areas indicate a weaker predictive signi�cance (Figs. 4–7). For patients classi�ed as high
risk, the red and yellow areas represent features related to poor prognosis. The presentation of heat maps
can help in better understanding of how DL networks capture image features for prediction, and to dispel
our doubts about the black box of the convolution neural network (CNN). We observed that our DL
models suggested that the areas around the tumor and some cervical lymph nodes were strongly related
to the prognosis of the tumor (marked in red). In many cases, the relationship between the signal of the
tumor area and the prognosis was not as strong as expected (Fig. 4–7).

Figure 4: Original images of A, B and C show that the tumor invade brain. The areas of tumor and
surrounding tissues were considered to be related to high risk prognosis In the corresponding heat maps.

Figure 5: D, E and F images show metastatic lymph nodes in the neck, and DL models suggests that
these lymph node regions contain features associated with high risk prognosis

Figure 6: G, H, I, J, K and L images present the NPCs that mainly invade lateral and posterior structures.
The red areas represent the image features that associated with high risk prognosis

Figure 7: M, N and O images indicate that not all tumor areas are associated with prognosis

Discussion
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With the increasing subspecialization of medical �elds, the demand for more accurate and informative
image reports is booming, challenging radiologists, and medical imaging specialists to know everything
about all exams and regions (28). The purpose of image examination today is not only qualitative
diagnosis but also obtaining rich quantitative information such as the severity of the disease, prognosis,
therapeutic effect of drugs, etc. (29, 30), in which arti�cial intelligence will make an important difference.
The pathological processes of tumor occurrence, growth, and invasion are affected by gene regulation
and tumor microenvironment and will show corresponding manifestations in medical images (30). The
"common" manifestations of some tumors can be identi�ed by the naked eye and empirically
summarized as the image characteristics of speci�c tumors. However, more "hidden" information that
contains personal data, such as the individual prognosis and response to speci�c drug treatment, cannot
be recognized. With the development of algorithms, the e�cacy and e�ciency of information extraction
from images have signi�cantly improved, thus enabling researchers to make more accurate predictions
of prognosis, and greatly bene�t the clinical management of cancer (31). It has been reported that DL
matches and even surpasses human performance in task-speci�c applications (32, 33).

Most of the previous studies on tumor prognosis prediction were developed based on the approach of
radiomics, and the classic steps generally include image acquisition, manual tumor segmentation,
feature extraction, feature �ltering, and classi�cation (34). Although there are several tumor segmentation
methods, segmenting images along the edge of the primary tumor were preferred. However, all the criteria
for T staging of NPC which combining evidence-based �ndings with empirical knowledge were composed
of the relationship between tumor and surrounding tissues and organs (35), and were abandoned by the
approach of primary tumor segmentation. The characteristics of these relationships undoubtedly contain
much valuable information related to tumor prognosis as the C-index of T staging can reach
approximately 60%-70% (20, 36). However, an analysis based on the whole MR image is an indispensable
step to realize the clinical practical value of these predictive models. Based on this ideal, we established a
model based on the whole MR image for prediction in the pre-experiment stage of our study. Although we
obtained an accuracy of nearly 70%, the heatmaps based on the model indicated unreasonable extraction
of features, such as cerebrospinal �uid, cerebellum, orbital, and parotid gland, that were considered to be
related to prognosis in most cases, even if the tumor was far away from these structures. Excessive
image noise and small sample size were considered to be the main reasons; therefore, analysis based on
the whole MR image was abandoned. Based on this reason, a rectangular ROI composed of the tumor
and the surrounding tissues and organs was included in our study. The heat maps generated by our DL
models indicated that tumor peripheral signals contained very important prognostic information.

The purpose of tumor risk assessment is to guide the development of an appropriate treatment plan. We
expect tumors to respond after receiving the treatment, however, it is not uncommon for the “best
treatment plan” to yield poor results. Radiotherapy resistance, recurrence, distant metastasis, and
complications caused by radiotherapy are analyzed and considered in many studies as the main causes
of treatment failure and patient death (37–40). Oncologists could adjust the predetermined treatment
plan according to the obtained evidence to match the estimated tumor risk. As the common RECIST
method only evaluates the changes of tumor scope, AI-based analysis is valuable. In the “eye” of AI,
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medical images are not only pictures, many more prognostic features that are not limited to the tumor
scope can be extracted. In our study, we included MR images of NPC before and after a course of
treatment for prognosis prediction, and the AUCs of the pre-model, post-model, and ensembling models
were 0.745, 0.820, and 0.841, respectively. The post-model shows a better prediction than the pre-model,
while MR images of post-treatment were rarely used for AI-based prognosis prediction. For advanced NPC
or other advanced malignant tumors that require multiple courses of treatment, it is worth recommending
including post-treatment medical images when performing AI-assisted prognosis assessment. In fact,
depending on a more mature condition, the best imaginable scenario to assess the images after each
treatment course based on AI is to evaluate the real-time risk to guide the optimization of the treatment
plan (Fig. 8).

Figure 8: Cycle assessment of cancer risk after treatment guiding treatment plan adjustment for the best
outcome

Regarding the topic of predicting the prognosis of NPC based on imaging data, we listed C-indexes and
AUCs of several reports which are commonly used as evaluation indicators in Table 3 for comparison.
Because it is impossible to analyze all the variables that affect survival, the accuracy given by prediction
models inevitably has an upper limit, irrespective if they are based on medical imaging data, clinical data,
or both. The C-indexes or AUCs of the prediction models established in the previous studies were between
0.694 and 0.863, which exceeded the predictive ability of TNM staging.

Table 3: Studies predicting the prognosis of nasopharyngeal carcinoma based on medical imaging

There are several shortcomings in our study. First, the number of cases in our study was limited. The size
of the dataset has a complex impact on the performance of DL models that are based on a convolutional
neural network. Although transfer learning provides a good solution for small datasets, large samples are
expected, especially when confronted with MRI-related tasks. However, to ensure the quality of the
dataset, only 206 patients remained in our study after �ltering the 1034 patients in the initial list. Second,
there are no external datasets for validation in our study. The variety of hospitals has an impact on the
outcome of tumors, which cannot be re�ected in a single-center dataset. Testing based on multicenter
data can provide a better understanding of the generalization ability of the established DL models.

Conclusions
The three established DL models based on pre- and post-treatment MR images have a good performance
and can accurately capture the image features related to prognosis. Furthermore, post-treatment MR
images are of great signi�cance for prognosis prediction, which could assist clinicians in treatment
decision optimization.

Abbreviations
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NPC: nasopharyngeal carcinoma; MR: magnetic resonance; DL: deep learning; ROI: region of interest;
ROC: receiver operating characteristic; C-index Harrell’s concordance indices; NCCN the National
Comprehensive Cancer Network; AI: Arti�cial intelligence; RECIST: The Response Evaluation Criteria in
Solid Tumors; AJCC: American Joint Committee on Cancer; PACS: picture archiving and communication
system; CT: Computed tomography; PET: positron emission tomography; PFS: progression-free survival;
AUC: area under the curves; CI: con�dence interval; CNN: convolution neural network.
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Table 1
Clinical characteristics of patients in the training cohort and

testing cohort

  training cohort test cohort P value

Age(years)

Mean ± SD

< 45

45–55

> 55

51.63 ± 10.21

40

73

50

49.82 ± 11.59

11

15

17

P = 0.351

Gender

Male

Female

114

49

33

10

P = 0.380

Staging (1)

a

108

55

24

19

P = 0.204

T stage (1)

T1

T2

T3

T4

15

53

54

41

5

15

11

12

P = 0.806

N stage (1)

N0

N1

N2

N3

9

19

113

22

2

3

29

9

P = 0.570

Treatment

CCR (2)

IC + CCR/R (3)

30

133

12

31

P = 0.169
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Table 2
Confusion matrices for DL Models and TNM staging

  Ensembling model

(prediction)

 

High risk Low risk

Pre-model

(prediction)

 

High risk Low risk

Post-model

(prediction)

 

High risk Low risk

TNM staging

(prediction)

 

High risk Low risk

High risk(true) 18 5 17 6 17 6 16 7

Low risk(true) 2 18 5 15 2 18 5 15

C-index 0.830 0.717 0.811 0.709
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Table 3
Studies predicting the prognosis of nasopharyngeal carcinoma based on medical imaging

Studies Number of patients Main evaluation indicators Outcome of test

Zhang B, 2017.3(1) 118 C-index

prediction model

TNM

0.737

0.634

En-Hong Zhuo, 2019.2(2) 658 C-index

prediction model

TNM

0.814

0.765

Lina Zhao, 2019.4(3) 123 C-index

prediction model

Accuracy

prediction model

AUC

prediction model

0.863

0.826

0.863

Hao Peng, 2019.4(4) 707 C-index

prediction model

EB-DNA-model

0.722

0.671

Lian-Zhen Zhong, 2020.6(5) 638 C-index

prediction model

clinical-model

0.788

0.625

Lu Zhang, 2020.7(6) 233 AUC

prediction model

clinical-model

0.765

0.649
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Studies Number of patients Main evaluation indicators Outcome of test

Mengyun Qiang,2020.9(7) 3444 C-index

MRI score

TNM

Overall score

AUC

MRI score

TNM

Overall score

0.694

0.633

0.776

0.690

0.674

0.806

Our study 206 C-index

Pre-model

Post-model

Ensembling model

TNM

AUC

Pre-model

Post-model

Ensembling model

TNM

0.717

0.811

0.830

0.709

0.745

0.820

0.841

0.723

Figures
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Figure 1

Flowchart of the patient selection procedure
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Figure 1

Flowchart of the patient selection procedure

Figure 2
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Models for tumor prognosis prediction

Figure 2

Models for tumor prognosis prediction

Figure 3

Receiver operating characteristic curves of DL Models and TNM staging
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Figure 3

Receiver operating characteristic curves of DL Models and TNM staging

Figure 4

Original images of A, B and C show that the tumor invade brain. The areas of tumor and surrounding
tissues were considered to be related to high risk prognosis In the corresponding heat maps.
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Figure 4

Original images of A, B and C show that the tumor invade brain. The areas of tumor and surrounding
tissues were considered to be related to high risk prognosis In the corresponding heat maps.

Figure 5

D, E and F images show metastatic lymph nodes in the neck, and DL models suggests that these lymph
node regions contain features associated with high risk prognosis



Page 24/26

Figure 5

D, E and F images show metastatic lymph nodes in the neck, and DL models suggests that these lymph
node regions contain features associated with high risk prognosis

Figure 6

G, H, I, J, K and L images present the NPCs that mainly invade lateral and posterior structures. The red
areas represent the image features that associated with high risk prognosis
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Figure 6

G, H, I, J, K and L images present the NPCs that mainly invade lateral and posterior structures. The red
areas represent the image features that associated with high risk prognosis

Figure 7

M, N and O images indicate that not all tumor areas are associated with prognosis
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Figure 7

M, N and O images indicate that not all tumor areas are associated with prognosis

Figure 8

Cycle assessment of cancer risk after treatment guiding treatment plan adjustment for the best outcome

Figure 8

Cycle assessment of cancer risk after treatment guiding treatment plan adjustment for the best outcome


