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Purpose: To analyze geometric discrepancy and dosimetric impact in using
contours generated by auto-segmentation (AS) against manually segmented (MS)
clinical contours.

Methods: A 48-subject prostate atlas was created and another 15 patients were used
for testing. Contours were generated using a commercial atlas-based segmentation tool
and compared to their clinical MS counterparts. The geometric correlation was evaluated
using the Dice similarity coefficient (DSC) and Hausdorff distance (HD). Dosimetric
relevance was evaluated for a subset of patients by assessing the DVH differences
derived by optimizing plan dose using the AS and MS contours, respectively, and
evaluating with respect to each. A paired t-test was employed for statistical comparison.
The discrepancy in plan quality with respect to clinical dosimetric endpoints was
evaluated. The analysis was repeated for head/neck (HN) with a 31-subject atlas and
15 test cases.

Results: Dice agreement between AS and MS differed significantly across structures:
from (L:0.92/R: 0.91) for the femoral heads to seminal vesical of 0.38 in the prostate
cohort, and from 0.98 for the brain, to 0.36 for the chiasm of the HN group. Despite the
geometric disagreement, the paired t-tests showed the lack of statistical evidence for
systematic differences in dosimetric plan quality yielded by the AS and MS approach
for the prostate cohort. In HN cases, statistically significant differences in dosimetric
endpoints were observed in structures with small volumes or elongated shapes such
as cord (p = 0.01) and esophagus (p = 0.04). The largest absolute dose difference of
11 Gy was seen in the mean pharynx dose.

Conclusion: Varying AS performance among structures suggests a differential
approach of using AS on a subset of structures and focus MS on the rest.
The discrepancy between geometric and dosimetric-end-point driven evaluation also
indicates the clinical utility of AS contours in optimization and evaluating plan quality
despite of suboptimal geometrical accuracy.
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FIGURE 4 | Comparison of dosimetric plan quality values of AS and MS contours for prostate. (PlanAEvalA, AS optimized plan with AS contour for evaluation;
PlanMEvaM, MS optimized plan with MS contour for evaluation; PlanAEvalM, AS optimized plan with MS Contour for evaluation).

FIGURE 5 | DVHs of a representative prostate patient with three different plans (PlanAEvalA, AS optimized plan with AS contour for evaluation; PlanMEvaM, MS
optimized plan with MS contour for evaluation; PlanAEvalM, AS optimized plan with MS Contour for evaluation).

of AS contours. Therefore, the main focus of this research was
to further determine whether the contours created by AS could
produce comparable dosimetric results to MS contours when
analyzed with respect to dosimetric plan quality metrics. It was
found that the plan dosimetry optimized based on AS contours
were in reasonable agreement with the plan generated from

MS contours for prostate contours, even though the geometric
accuracy were in the moderate range for several structures such
as bladder and rectum, suggesting that geometric metrics may
not be directly used to infer with dosimetry performance. The
absence of a statistically significant difference between AS and MS
contours for the large majority of dosimetric values demonstrated
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HN: Average achieved values for different dosimetry evaluations
100.00
<60 Gy <52 <52 <45 <25Gy <40 <20 <5% <52 Gy <52 <30 <30 <26Gy  <50% <26 <50 % <40 <33%
90.00 Gy Gy Gy Gy Gy Gy Gy Gy Gy Gy
80.00
70.00
5
2 60.00
X
fg— 50.00
8  40.00
5
S 30.00
o
= 20.00
10.00
0.00 [ v M e e v I O e B e 2 M e e 2
= 2 £ £ & 2 g c < g 5 s s
s G S g g o <] 5] =% 4 S
S 3 =1 =
5 g
Max Dose Max Dose Max Dose Max Dose  Mean Mean Mean V70 Max Dose Max Dose  Mean Mean Mean V30 Mean V45
Dose Dose Dose Dose Dose Dose Dose
O PlanMEvalM B PlanAEvalA PlanAEvalM
FIGURE 6 | Comparison of dosimetric plan quality values of AS and MS contours for HN patients. (PlanAEvalA, AS optimized plan with AS contour for evaluation;
PlanMEvaM, MS optimized plan with MS contour for evaluation; PlanAEvalM, AS optimized plan with MS Contour for evaluation).

the potential of AS contours in dose optimization and evaluation
of treatment plan quality. However, a select few of the dosimetric
values did show large enough differences for HN cases, especially
for small elongated structures such as pharynx and esophagus,
which also had relatively low DSC values. On the other hand, the
dosimetric differences of organs with low geometric accuracies
such as chiasm and optical nerves are relatively small between
AS and MS plans because they are located distant to the target
and high dose region. Again, this demonstrates the discrepancy
between geometric metrics and dosimetric performance and
emphasizes the importance of developing dosimetric related
evaluation metrics.

The discrepancy between geometric and dosimetric
performance reflects the complex interplay between structure
geometry and dose distribution. The dosimetry performance
not only depends on geometric accuracy, but is also heavily
impacted by spatial dose distribution and gradient. For a
structure that is far away from the high dose region, even if
there is notable difference in the dosimetric metrics between
the AS and MS contours, their absolute dosimetric values can
be too low to impact the plan evaluation and decision making.
This was evident in the organs such as chiasm and optical
nerves for the HN site in this study. In addition, if an organ
is located in a high dose region with low dose gradient, its
dosimetric metrics may have high absolute value, but minor
variation related to geometric shape change. Furthermore,
each dosimetric parameter (i.e., maximum, mean, or volume
based parameter) has different dependency and sensitivity
to geometric variation depending on if it extracts point or
volume based dosimetry. For example, for a structure located
at a high dose gradient region, the maximum dose may vary

more than the mean dose when the size structure changes.
Overall the complex interplay between structure geometry and
dose distribution emphasizes the importance of developing
evaluation metrics integrating both geometry and dosimetry
assessment.

The clinical feasibility and validity of the AS-driven approach
depends on the treatment site, the segmentation of structure for
the site, and the stringency of the clinical criteria, as shown by
the differences between the prostate and HN sites. The varying
performance of AS contours among structure sets suggests a
different approach (i.e., applying automatic segmentation to
generate a subset of contours where AS performs consistently
well, and reserving the clinical effort to the complement subset
that may be more sensitive and subject to larger error or
variation).

There are some limitations with this study. First, atlas-
based segmentation was evaluated in this study, which may not
reflect the most state-of-the-art performance of the automatic
segmentation, particularly with sophisticated shape modeling
or deep learning methods. However, since the primary goal
of this study was not to assess the geometric accuracy, we
chose the atlas-based segmentation which is widely available
in most commercial products. With a continuous translation
of advanced segmentation methods to clinical practice, it is
reasonable to expect both geometric and dosimetric performance
to be improved further. Second, the dosimetric evaluation was
performed with a subset of the patients in this study. Although it
clearly demonstrated the discrepancy between geometric metrics
and dosimetry performance, a larger pool of patient samples in
future studies would be beneficial to characterize the dosimetry
performance of each individual structure.
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FIGURE 7 | DVHs of a representative HN patient (A) DVHs of structures where maximum point dose is the primary dose constraint (B) DHVs of structures where
mean dose is of primary interest as dose constraint. (PlanAEvalA, AS optimized plan with AS contour for evaluation; PlanMEvaM, MS optimized plan with MS contour
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CONCLUSION

Variations of AS performance among structures alludes to a
differential approach of using AS on a structure subset and
focusing MS on the rest. The discrepancy between geometric
and dosimetric-end-point driven evaluation also indicates the
potential utility of AS contours in predicting plan quality, albeit
geometrically imprecise.
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