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Auto-Segmentation of Elective Nodal Clinical Target Volumes
for Anal Cancer Using Artificial Intelligence

Bryant Law B.S., Muhtada Kamal Aldin M.D., Payton H. Stone, Ph.D., Yi Rong, Ph.D., Quan Chen, Ph.D.,
Peter Park, Ph.D., Jon-Paul Hunt B.S. R.T.T. C.M.D., Arta Monjazeb M.D. PhD.

UCDAVIS | Department of
Radiation Oncology

HEALTH

The application of artificial intelligence (Al) for automatically segmenting organs at risk and target
volumes In radiation therapy planning is rapidly developing. We aim to develop a model for
automatically segmenting elective nodal clinical target volumes (nCTV) in anal cancer as a template
for pelvic nodal auto-segmentation in general, and as a model for similar efforts in other pelvic and
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abdominal disease sites. The primary aim of this investigation Is to improve the efficiency, accuracy, Slice 70/140
and consistency of contouring for physicians by refining the data pool to utilize fewer cases for Al Al: Purple

training while maintaining accuracy. Human: Turquoise

Materials/Methods:

We retrospectively identified 70 anal cancer patients that were contoured between 12/20/2010 and
12/1/2022. To be included, patients had to have undergone CT simulation. The CTV elective nodal
volumes were edited using commercial radiation therapy planning software to align with the
anorectal elective nodal contouring guidelines from NRG Oncology, a radiation therapy oncology
group consensus panel atlas. We also recorded various scan and patient characteristics, such as
gender, the number of scans performed with 1V and oral contrast, and the number of scans done in a
supine or prone position. Of the 70 cases, 40 cases were assigned to the training group, and 30 cases

ANONG0471
were assigned to the testing group. Thirty seven of 40 training cases were used to train an artificial Slice 76/179
Intelligence (Al) and the 30 testing cases were contoured by the Al. Three training cases were Al: Purple

excluded due to incomplete data. The differences in the Al generated and the CTVs manually Human: Turquoise

contoured based on NRG Oncology contouring guidelines were quantitatively evaluated using newly
developed scripts for the median, mean and range of (1) Hausdorff distance 100th and 95th, (2)
volumetric differences, and (3) dice similarity index measures.

Data Comparison of Al Contours vs. Human Contours

Mean
Median

Range Upper Limit
Range Lower Limit

References

Original Hausdorff Hausdorff DICE Volume

Identifier |Al Volume Volume Distance 100t | Distance 95t | Similarity | difference ANONB3508
ANONG60471 1315.49 1497.33 3.97 1.51 0.80 181.84 Slice 62/137
ANONG64089 1216.84 1052.60 4.50 1.37 0.81 164.23 Al: Purple |
ANONS2002 |  1234.06 1404.69 2.95 1.27 0.84 170.63 Human: Turquoise
ANON32969 1180.48 1005.45 8.88 1.62 0.80 175.04 Missing a crucial
ANON7/72213 1254.93 1500.67 3.99 1.37 0.83 245.75 lymph node included
ANON30253 1044.76 1139.80 3.38 1.91 0.80 95.04 by physician (red
ANON71735 1279.18 1900.92 5.12 2.52 0.76 621.73 arrow)
ANONG67877 1367.73 1775.00 5.63 2.50 0.80 407.27
ANON30605 1016.11 918.58 3.35 1.73 0.83 97.53
ANONZ26494 1198.74 1229.63 2.82 1.21 0.84 30.89
ANON35708 022.86 857.09 3.61 1.67 0.78 65.77
ANON39062 1383.25 1156.73 2.70 1.20 0.84 226.52
QESE;SEZ ﬁggjg 1222;? gg: 128 ggi ggg: We_ re-contoure_d 70 cases. 53 cases used_ I_V contrast. 6_4 Cases usec_l oral con_trast. 64

' ' ' ' ' ' patients were simulated in the prone position and 6 patients were simulated in the

ANON75052 720.18 870.09 °.14 3.60 0.68 149.91 supine position. 21 patients were males, and 49 patients were females. The median,
ANONG69820 731.55 641.31 4.58 2.70 0.75 90.25 mean and range of Hausdorff distances 100th and 95th, volumetric differences, and dice
ANONS83508 965.65 779.08 3.90 1.80 0.77 186.57 similarity index were 4.69 cm (mean of 4.93 cm {2.44, 8.88}), 1.77 cm (mean of 1.94
ANON71771 1614.78 1285.67 6.90 1.53 0.80 329.11 cm {1.20, 3.60}), 139.66 cc (mean of 155.30 cc {16.29, 621.73}), and 0.80 (mean of
ANON78556 703.55 676.68 6.20 3 45 072 26.87 0.79 {0.68, 0.84}) respectively. These data points formed the initial/preliminary model
ANON19095 |  1261.91 1141.86 6.00 1.37 0.82 120.05 for our nCTV of anal cancer.
ANON85472 1019.78 088.28 5.70 2.40 0.73 31.50
ANONS80663 1123.21 993.80 4.50 1.48 0.80 129.41
ANON54024 1229.21 1063.79 6.48 2.10 0.80 165.42
ANONb52846 895.72 691.83 6.62 2.10 0.79 203.89 A new model for auto-segmentation of nCTV has been developed that may be
ANON33182 1096.06 038.83 4.80 2.48 0.78 157.23 employed commercially and Is based on the NRG Oncology anorectal contouring atlas
ANON48595 1032.28 1016.00 6.70 213 0.77 16.29 for clinical trials. This model employed far fewer cases than other studies when creating
ANON23899 1170.53 112153 38 40 2 70 0.78 49 00 Al models and created results similar to human models for standardized contours,
ANON71623 1309 47 1028.97 757 2 10 0.80 280.50 showcasing that refining the training data to optimize the data pool can create a quality
ANON21558 1200.12 1140 50 480 591 0.77 59 67 Al. Strategies for improving the similarity metrics employed in the study will be further

Investigated . This tool may significantly reduce physician effort required to contour
pelvic lymph node CTVs but physician editing and oversight of each case Is still
required to account for inter-patient heterogeneity in volumes. Workflows are expected
to improve with further streamlining of the model.
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