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Table 2 The diagnostic performance of eNPM-DM and/or oncologists in nasopharyngeal malignancy

Evaluation Test set® Prospective test set®
indicators
eNPM-DM Oncologist level eNPM-DM
plus experts
Experts® Residents® Interns®
Accuracy 88.7(87.8,89.5) 88.0(86.1,89.6) 80.51+0.8(77.0,84.0) 728125 (66.9,78.6) 66.5+4.3(48.0,849) 89.0(87.2,90.5)
Sensitivity 91.3(903,92.2) 90.2(87.8,92.2) 89.5+05(874,91.7) 88.8+24 (83.1,94.5) 92.2423(82.1,100.0) 87.9(85.3,90.2)
Specificity 83.1(81.1,84.8) 85.5(82.7,88.) 70.8+1.8(63.0,786) 555+72(386,725) 389+110(85,863) 90.0(875,92.1)
PPV 92.2(91.2,930) 86.9(84.3,89.2) 766+1.1(71.9,681.3) 695+3.1(62.2,76.8) 623+39(454,79.2) 904(87.9,924)
NPV 81.3(79.3,83.1) 89.2(86.5,914) 86.4+0.5 (84.0,88.7) 83.2+1.6 (794, 87.0) 822+4+24(719,924) 87.5(84.8,90.0)
Time(min) 0.67 (~405s) 1100+5.8(85.2,134.8) 99.3+6.3(84.3,114.2) 106.7 8.8 (68.7, 144.6)

eNPM-DM endoscopic images-basednasopharyngeal malignancies detection model, PPV positive predictive value, NPV negative predictive value
* The numbers in parenthesis are the corresponding 95% confidence interval
b The performance of the oncologists is presented as mean = standard error
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TABLE 1 Comparisons of three-class image classification performance between human experts and our CNN model

Performer
Rhinologist

Resident

All(rhinologist + resident)

CNN model

Each value shows mean + standard deviation. The average accuracy intervals (values in the parenthesis on the right column) represent 95% confidential intervals.
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. trén’ hinh anh noi soi miii xoang dé phat hién va phan loai
ac khoi u lanh tinh trong mai (Benton Girdler va cs)

Image class Sensitivity

Normal
1P

NP
Normal
1P

NP
Normal
1P

NP
Normal
1P

NP

0.938 + 0.023
0.784 £ 0.077
0.632 + 0.103
0.919 + 0.035
0.735 £ 0.037
0.587 £ 0.046
0.929 + 0.028
0.760 + 0.060
0.609 + 0.076
0.781 £ 0.119

0.714 £ 0.144
0.689 + 0.120

Specificity
0.985 + 0.005

0.797 + 0.076
0.890 + 0.048
0.988 + 0.013
0.768 + 0.031
0.870 + 0.029
0.986 + 0.009
0.783 + 0.054
0.880 + 0.037
0.935 + 0.052
0.816 + 0.061
0.859 + 0.066

F, Score
0.976 + 0.008

0.853 + 0.032
0.813 + 0.059
0.972 + 0.005
0.837 + 0.017
0.793 + 0.036
0.974 + 0.007
0.845 + 0.024
0.803 + 0.045
0.907 + 0.055
0.825 + 0.067
0.825 + 0.037

Accuracy

Per class

0.970 + 0.010
0.520 £ 0.231
0.803 + 0.102
0.976 + 0.025
0.453 + 0.099
0.779 + 0.052
0.973 + 0.018
0.487 + 0.163
0.791 + 0.074
0.813 £ 0.137
0.571 £ 0.069
0.830 + 0.120

All values were rounded to the nearest thousandths; that is, 5 and higher values were rounded up at the last digit.

Abbreviations: CI, confidence interval; CNN, convolutional neural network; IP, inverted papilloma; NP, nasal polyp.

\

Average (95% CI)
0.763 + 0.062(0.608 ~ 0.918)

0.735 + 0.038(0.641 ~ 0.829)

0.749 + 0.049(0.698~ 0.800)

0.742 + 0.058(0.691~ 0.773)
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Fig. 8| The flow chart of our work. This flowchart illustrates in detail the process of dataset construction and how to develop Nose-Keeper using deep learning models. a The

collection process of datasets. b The development process of deep learning models and our smartphone application.
A \ W Y



PDOAN BENH LY MUI XOANG

a@:as‘r .nl?ﬂ“ 632481 .nl?a 9 69:481‘ M?E‘}

Al for Nose-Keeper . ® Al for Nose-Keeper . ® Al for Nose-Keeper e

Al-Based Nasal Health Management o Al-Based Nasal Health Management o
Take nasal Send to server o o
images -

Al diagnosis result is:
Nasopharyngeal Carcinoma (NPC)

AI Upload image AI Al Diagnosis NPC image Reference (Glck to 200

2 @ .Q

) _ @ L . )

1
7

e

Fig. 6 | The application page and usage process of Nose-Keeper. The application process mainly includes login, upload image, submit identification, and finally output
detection result report. a The home page after login. b The page after uploading the image. ¢ The result page after data processing.
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Fig. 7 | A Transformer-based strategic roadmap for enhancing the diagnostic capability and clinical utility of Nose-Keeper. On this image, the multi-modal information
fusion strategy combined with clinical information in subsequent studies is shown, providing a research direction for relevant researchers.
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