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A deep learning approach for childhood adenoid hypertrophy precise diagnosis and grading WANG Jun,
HE Sheng,ZHANG Zhi-xing,et al. Department of Radiology, The First Hospital of Shanxi Medical U-
niversity, Taiyuan 030001, China

[Abstract] Objective: To evaluate the feasibility,accuracy and reliability of deep learning meth-
ods for automatic measurement of adenoid hypertrophy in children on nasopharyngeal lateral radio-
graphs. Methods: X-ray images were manually annotated and divided into training, validation and test
datasets. Training and validation groups were used to train the multi-class U-Net and Res U-Net deep
learning image segmentation methods,and then both methods were used to segment the test set ima-
ges. The test set results from both segmentation methods were compared to determine which one had
the best performance, and the best one was used to automatically measure Adenoid/Nasopharyngeal
(A/N) ratios via Matlab measuring model. The A/N ratios measured by Automation Measurement So-
lution (AMS) were compared with those manually measured by three different physicians:chief,atten-
ding and resident. The accuracy of measurement results of AMS, attending physicians and residents
was calculated using the measurement results of chief physicians as the standard. Results: Res U-Net
had better segmentation performance in the test set compared to U-Net,and obtained A/N results that

were overall comparable to the level of attending physicians but more accurate than that of residents.

EE B AL:030001  KJF, (WY EE R} R 2258 — B Be sg QB (CE 2 2 (22192 25 {@ T ) ;030001 KJE, 1l 7Y BBl K 2% B 245 4R
2B CE KRR R A

fEE® I L1989 —), 5, INPY B R B BT AR 96 B, 2RI RA2 075 N TR B G BF 58 T4k

i@iﬂ{’ﬁ%:%iﬁ?;ﬁ,E mail ; sxjiangzengyu@163. com; Z5f# T , E-mail: ¢jr. lijianding@ vip. 163. com



1144

TSz 2022 4F 9 H 45 37 %4 9 B Radiol Practice,Sep 2022, Vol 37,No. 9

In the classification of normal, moderate and pathological hypertrophic adenoids,the AMS had accura-
cy of 93.75%,93.02% and 96. 00% ,respectively, compared to 100% ,83. 72% and 96 % for attending
physicians,respectively,as well as 68.75%,69. 77% and 84% for residents, respectively. Statistical a-
nalysis showed that there was no significant difference in the measurement results between AMS, chief
physician and attending physician in the normal group,moderate hypertrophy group and pathological
hypertrophy group (all P>>0. 05). There was a significant difference in the measurement results be-
tween AMS and residents in the normal and moderate hypertrophy groups (P<C0. 05),but no signifi-
cant difference in the pathological hypertrophy group (P>>0.05). The measurement time required for
AMS was 22%,21% and 18% of the manual measurement time of chief physician,attending physician
and resident,respectively. There were statistically significant differences in the measurement time be-
tween AMS and chief physician,attending physician and resident physician (all P<C0. 05). Conclusions;
The AMS based on Res U-NET can quickly measure A/N ratio, which can reach the measurement lev-
el of attending physicians,and can improve the measurement level of residents,assist physicians at all
levels to reduce the measurement time,and contribute to rapid and accurate clinical diagnosis.

[Key words] Adenoid hypertrophy; A/N ratio; Lateral nasopharyngeal X-ray; Radiography;
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