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Auto-segmentation of target areas and organs-at-risk for total marrow and lymphoid

irradiation in children
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(Shandong Academy of Medical Sciences), Tai'an 271000, China

Abstract: Objective To investigate the feasibility of AccuLearning system for the auto-segmentation of target areas and
organs-at-risk (OAR) for total marrow and lymphoid irradiation (TMLI) in children. Methods Thirty pediatric patients who
underwent TMLI since 2018 to 2022 were selected. The patients were immobilized in the supine position, and their CT
images were acquired on the Philips Brilliance Big Bore CT scanner. After the target areas and OAR were manually
delineated and modified, the CT images and manually delineated contours were imported into AccuLearning system for
training, validation, and testing of the auto-segmentation model. The auto-segmentation results in 6 TMLI patients in the test
set were evaluated in terms of Dice similarity coefficient (DSC), 95% Hausdorff distance and average surface distance.
Results On the test set with 6 cases, except for the lens that was difficult to be delineated automatically, the DSC values was
above 0.70 for all other target areas and OAR, with only one patient having a DSC value of 0.59 for the stomach. The average
DSC value for the stomach in all 6 patients was 0.76, and the average DSC values for the other organs were above 0.80.
Conclusion The target areas and OAR automatically delineated with the model can meet the requirements of clinical
planning after simple modifications.
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Figure 1 Auto—segmentation flowchart
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Figure 2 Clinical target volume (CTV1 in red, CTV2 in green, CTV3 in
purple)
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Table 1 Evaluation indexes for OAR auto—segmentation

(Mean=SD)
OARs DSC HD95/mm ASD/mm
JE% 1D 0.82+0.06  11.02+6.50  5.54+5.06
ling 0.98+0.00  5.83+1.14  1.42+0.18
T 0.8240.03  3.36+0.52  1.34+0.24
O 0.86£0.07  9.15+3.47  2.93+1.18
JHHE 0.92+0.02  14.64+6.08  3.51+0.84
Jiti 0.96£0.01  11.64£6.62  2.05+0.68
(=3 0.84+0.03  4.88+0.89  1.64+0.18
= 0.76+0.10  14.68+5.70  4.45+1.83
ZER 0.91£0.03  2.84+0.73  0.82+0.21
Fr R 0.91£0.02  2.02+0.42  0.66+0.10
e 0.94£0.01  3.02£0.66  0.92+0.14
i 0.94+£0.02  2.63£0.76  0.90+0.24
2 B 0.86+0.02  4.55+1.36 1.17+0.28
AR 0.84£0.03  4.69+£1.63  1.39+0.45
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Table 2 Evaluation indexes for CTV

auto—segmentation (Mean=SD)

CTV DSC HD95/mm ASD/mm
CTV1 0.79+0.05 5.99+1.83 1.02+0.23
CTV2 0.90+0.04 5.99+3.63 2.33+£2.30
CTV3 0.81+0.03 12.75¢2.91 4.00+1.81

4 KECTVI AELERML(RE: FHAE, LG : B AE)
Figure 4 Comparison of CTV1 segmentation results in the head

(manual segmentation in green, auto—segmentation in red)
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Figure 5 Comparison of lens segmentation results (manual segmentation in green, auto—segmentation in red)
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Table 3 Evaluation indexes for

auto—segmentation of lens

G TR DSC  HD95/mm ASD/mm
St A 0.76 0.98 0.48
Jifdl B 0.58 2.11 0.80
Sl C 0.73 0.88 031
Jifd D 0.82 1.07 0.41
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