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Radiotherapy dose prediction networks usually train with a single, spatially
uniform loss such as voxel-wise mean absolute error (MAE), which weights errors in small,
clinically critical structures the same as errors in unremarkable tissue. This study uses the
official OpenKBP benchmark to test whether adding a per-structure, region-of-interest
(ROI)-weighted term to a standard masked-MAE loss improves dose-volume histogram
(DVH) accuracy without degrading dose accuracy. A 3-D U-Net dose predictor was
reimplemented in PyTorch on the official OpenKBP data split (200/40/100 patients). Nine
training runs varied loss (MAE baseline, MAE + ROI-weighted, ROI-only ablation), filter
count, A, and seed. The primary analysis compared the baseline and proposed losses at the
main model capacity on the held-out 100-patient test set with a two-sided Wilcoxon signed-
rank test and the Hodges—Lehmann estimator, under a prespecified plan. The proposed loss
reduced dvh_error for 99/100 test patients (mean 3.58 — 2.44 Gy; Hodges—Lehmann —1.13
Gy, 95% CI [-1.23, —1.04]; p = 4.5%107'®), supporting the primary hypothesis. dose_error
also decreased (3.57 — 3.36 Gy) rather than being traded off. The effect held in direction
under an independent seed and a smaller capacity, and an ablation confirmed the global
MAE term remains necessary: removing it left dose error far worse while leaving dvh_error
unimproved. A simple, architecture-agnostic per-structure ROI-weighted term, added to
rather than substituted for a standard masked-MAE loss, produced a robust, directionally
consistent improvement in DVH accuracy on the OpenKBP benchmark without an
offsetting dose-accuracy cost.

radiotherapy dose prediction, deep learning, U-Net, dose-volume histogram, loss
function design

The goal of radiotherapy treatment planning is to deliver a prescribed dose to the tumor targets and
to spare the nearby organs at risk (OARs). Conventional inverse planning is still an iterative,
planner-dependent process that takes a lot of manual effort and expertise. Knowledge-based
planning (KBP) uses information from prior plans to predict the achievable dose-volume metrics,
dose-volume histograms (DVHs), or the spatial dose distributions for a new patient in order to
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support plan optimization, efficiency, consistency, and quality assessment [1]. The encoder—decoder
networks derived from the U-Net [2, 3], first developed for 2-D and 3-D biomedical image
segmentation, have since been widely used for voxel-wise dose prediction from CT images and
structure contours [1].

The AAPM OpenKBP Grand Challenge set up a public, standard benchmark for this problem:
data from 340 patients with head-and-neck cancer, an official 200/40/100 train/validation/test
partition, standardized reference dose distributions, and two official metrics — dose_score, the
voxel-wise error over the possible-dose region, and dvh score, the errors in a specified set of
structure-specific DVH metrics [4]. The OpenKBP baseline is trained with the voxel-wise mean
absolute error (MAE) computed over the entire predicted volume, not restricted to the possible-dose
region [4]. This is the uniform objective, which assigns the same error weight to every voxel, no
matter whether it is in a target, in an OAR, outside the possible-dose region, or in other tissue.

This uniform weighting does not capture the structure-specific form of DVH evaluation: errors
are looked at in the individual targets and OARs, while the masked global MAE used in this study
looks at the errors over all the voxels in the possible-dose region. A small structure can therefore add
little to the global loss even if its structure-specific dose metric is not accurate. In recent studies,
domain information has been incorporated into dose-prediction objectives by using per-structure
dose moments [5], a composite objective that contains structure-aware DVH-guided and spatial-
gradient terms [6], and fixed structure-specific region-of-interest (ROI) weights [7]. Jhanwar et al.
reported the improvement of DVH score with an MAE-plus-moment objective [5]; Mak et al. and
Ogawa et al. show other structure- and distribution-aware loss designs [6, 7]. Other recent work has
instead targeted the training strategy itself: a patient-specific adaptive-radiotherapy dose predictor,
trained on only a single patient's own early-treatment data, outperformed a population-trained model
[8]. The present study keeps the standard population-trained setup and instead modifies the loss
function. These motivate the present question: when a structure-normalized ROI term is added to,
rather than substituted for, the global objective, can DVH accuracy improve without the
accompanying deterioration in whole-field dose accuracy?

In this study, a 3-D U-Net dose predictor was reimplemented in PyTorch on the official
OpenKBP split to ask one prespecified primary question: does adding a per-structure, possible-dose-
mask-intersected ROI-weighted term to a standard masked-MAE loss reduce dvh_error on the held-
out test set? The dose error metric was evaluated descriptively to see whether the observed DVH
improvement was accompanied by worse overall dose accuracy. The ROI term is deliberately
simple: it uses no structure moments, learned weighting, or architecture change, and it is normalized
per patient and per structure so that neither a patient's field-of-view size nor a structure's voxel count
can dominate it. The primary comparison used a two-sided Wilcoxon signed-rank test and the
Hodges—Lehmann estimator under a plan fixed before the test set was evaluated. The four secondary
or exploratory analyses assessed seed reproducibility, capacity robustness, loss ablation, and lambda
sensitivity. The hypotheses, decision rules, and test-set evaluation conditions were fixed before test-
set evaluation, and a code-version guard made sure that the analysis used the frozen training
implementation. This design separates the prespecified primary comparison from the secondary and
exploratory robustness and ablation analyses. Section 2 describes the data, network, loss, and
statistical plan; Section 3 reports the results; Sections 4 and 5 discuss their interpretation,
limitations, and conclusions.

25



Proceedings of ICMMGH 2027 Symposium: Clinical OMICS for Drug Discovery and Personalized Medicine
DOI: 10.54254/2753-8818/2027.MB37493

2. Methods

A PyTorch 3-D U-Net was also trained, based on the official OpenKBP baseline [4], with either
possible-dose-mask MAE or the proposed per-structure ROI-weighted objective, with the
architecture, inputs, optimizer, and schedule fixed. Nine runs varied in filter count, loss, A, and seed.
The data, model, training, analyses, and the reproducibility safeguards are in Sections 2.1-2.7.

2.1. Dataset and official data split

OpenKBP contains 340 head-and-neck cases split into 200 training, 40 validation, and 100 test cases
[4]. Each provides a planning CT, masks for PTV56/63/70 and seven OARs, and a synthetic
reference dose generated by the dataset's automated planning pipeline rather than the original
clinical dose [4]. Because test labels are now public, this partition is held out but not blind.

All nine runs were evaluated on the same 40 validation cases. The 100-case test set was reserved
for HI-H3 and evaluated only by the four filters = 32 runs. Hl was primary; H2-H3 were
descriptive/exploratory. The official loader returns the same ordered validation cases for every seed.

2.2. Input representation and preprocessing

CT and ten binary structure masks formed an 11-channel, 128* input; the output was one 128* dose
channel. CT was divided by 1000 without clipping. Dose, loss, and score values remained in Gy; the
possible-dose mask was binary. No augmentation was used.

2.3. Network architecture

Figure 1 shows the six-level 3-D U-Net, which follows the encoder—decoder and skip-connection
principles of U-Net and 3D U-Net and the official OpenKBP topology [2-4]. Initial filters were f =
32 for the main model (~29.26 M parameters) and f = 16 for H4. Encoder blocks used stride-2
convolutions, BatchNorm3d, and LeakyReLU(0.2); the bottleneck omitted BatchNorm. Decoder
blocks used transposed convolutions and LeakyReL.U(0.0), with Dropout3d(0.2) only at dec4 and
dec2. Five skip connections linked matching resolutions, including the final connection before the
output head. PyTorch BatchNorm3d(momentum=0.01) matches Keras
BatchNormalization(momentum=0.99) under their opposite conventions. All runs used Adam (B: =
0.5, B2 = 0.999; learning rate 2x107*), batch size 2, and 100 epochs; final weights were used without
best-checkpoint selection [9].
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Input Output
CT (1 ch) + 10 ROI masks (1 ch each) predicted dose
11 ch, 1283 1 ch, 1283 (Gy)

encl ' Conv3d, f=32/16, 4x4x4 s2 final head - concat(dl, x1) - ConvT3d
BN + LReLU(0.2) AvgPool3d(k=3,s=1,p=1) —» RelU
output: f ch, 643 output: 1 ch, 1283 (dose)

enc2 - Conv3d, 2f, 4x4x4 s2 decl - ConvT3d, f
BN + LReLU(0.2) BN + LRelLU(0.0)
output: 2f ch, 323 output: f ch, 643

- Conv3d, 4f, 4x4x4 s2 dec2 - ConvT3d, 2f
BN + LRelLU(0.2) BN — Dropout3d(0.2) — LReLU(0.0)
output: 4f ch, 163 output: 2f ch, 323

- Conv3d, 8f, 4x4x4 s2 dec3 - ConvT3d, 4f
BN + LRelU(0.2) BN + LRelLU(0.0)
output: 8f ch, 83 output: 4f ch, 163

- Conv3d, 8f, 4x4x4 s2 dec4 - ConvT3d, 8f
BN + LReLU(0.2) BN - Dropout3d(0.2) » LReLU(0.0)
output: 8f ch, 43 output: 8f ch, 83

enc6 (bottleneck) - Conv3d, 8f, no BN dec5 - ConvT3d, 8f, no skip input
LReLU(0.2) BN + LRelLU(0.0)
output: 8f ch, 23 output: 8f ch, 43
[ Encoder block (ConvBlock) M Output head
[ Decoder block (UpBlock) —— Main data path
I Bottleneck (no BatchNorm) ---- Skip connection (channel concat)

f = initial filter count (32 for the main model, 16 for the capacity-robustness check).
BN = BatchNorm3d, LRelLU = LeakyRelLU.
All stride-2 Conv3d/ConvTranspose3d layers use kernel 4, stride 2, padding 1.

Figure 1. DoseUNet architecture. Six encoder stages (blue), a no-BatchNorm bottleneck (purple),
five decoder stages (orange; Dropout3d at two stages), five dashed skip connections, and the output
head (green). f =32 for the main model and 16 for H4 (picture credit: original)

2.4. Loss functions

Global MAE was calculated within the possible-dose region, normalized per patient, and then
averaged across the batch:

(2) . > M, |predi7v - targeti’v|
Lglobal - > M, (l)
_ 1 B (%)
L global — ( B ) i=1 L global (2)

where 1 indexes patients, v voxels, B batch size, and M the possible-dose mask. Prior dose-
prediction objectives used moment-based DVH surrogates [5], structure-aware DVH and spatial-
gradient terms [6], or ROI-weighted MSE and dose-gradient terms [7]. The present objective instead
averages MAE within each available ROI and then across structures and patients:
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Here, R{,k = Rix N M;, and K; is the number of non-empty ROI structures available for

patient 1 after intersection with the possible-dose mask. Absent structures are excluded from both the
summation and K; . Per-ROI normalization prevents large structures from dominating small ones,
and overlapping PTV voxels contribute once per PTV channel. Three loss conditions were tested

baseline (mae):

proposed (roi_weighted):

L =1 global

L = Lgobar + A - Lyor

A = 1.0 except in the filters = 16 sweep (0.5, 1.0, 2.0).croi_only (ablation):

with no supervision outside ROIs.

L = Lgor

2.5. Training procedure and experimental matrix

)

(6)

(7

The four filters = 32 runs used an RTX 4060; the five filters = 16 runs used Colab Pro. Table 1 lists
the full experimental matrix; runs differed only in filters, loss, A, and seed, which limits cross-
capacity interpretation. torch/numpy/random were seeded, but strict CUDA determinism was not
enabled. Checkpoints were saved every 5 epochs.

Table 1. Training configurations; A applies only to roi_weighted

Run name Filters Loss A Seed Environment Role Ir}_gi_
full _mae 32 mae - 42 Local (RTX 4060) Primary baseline Yes
full roi 32 roi_weighted 1.0 42 Local (RTX 4060) Primary proposed Yes
full mae seed7 32 mae - 7 Local (RTX 4060) H3 seed robustness Yes
full roi_seed7 32 roi_weighted 1.0 7 Local (RTX 4060) H3 seed robustness Yes
. . No (val.
capl6 _mae 16 mae - 42 Colab Pro H4 capacity baseline only)
capl6_roi 16 roi_weighted 1.0 42 Colab Pro H4 pr(})ﬁosed; e used as No (val,
=1.0 point only)
. . . No (val.
capl6_roi_only 16 roi_only - 42 Colab Pro HS5 ablation only)
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Table 1. (continued)

N L
capl6_roi_lambdaOp5 16 roi_weighted 0.5 42 Colab Pro A sensitivity c())n(l\;)l
. . . e No (val.
capl6_roi_lambda2p0 16 roi_weighted 2.0 42 Colab Pro A sensitivity only)

The official OpenKBP DoseEvaluator was used [4]. dose score is the mean absolute voxel-wise
dose error within the possible-dose region, reported in Gy. dvh_score pools valid patient—structure—
metric errors for OAR D0.lcc/mean dose and PTV D99/D95/D1 using a NaN-aware mean. In
contrast, the per-patient dvh_error used for hypothesis tests averages each patient's available metric
errors first.

The main configuration (filters = 32, A = 1.0) was not selected from the exploratory analyses. The
plan was fixed before test-set evaluation but was not externally preregistered; H1 is therefore
prespecified rather than formally confirmatory.

HI (primary). dvh error was averaged, for each patient, across seeds 42 and 7 within each
condition. The paired difference was then calculated as proposed minus baseline. HI needed both a
two-sided Wilcoxon signed-rank test with p < 0.05, and a negative Hodges—Lehmann estimate [10,
11]. The means were reported descriptively. No multiplicity correction was needed for the single
primary hypothesis.

H2 (descriptive). The same paired analyses were reported for dose error. Without a prespecified
non-inferiority margin, they do not establish preserved dose accuracy.

H3 (exploratory). Seeds 42 and 7 were reported separately; two seeds provide a robustness check,
not a variance estimate.

H4 (exploratory). On the same 40 validation cases and seed 42, proposed-minus-baseline
differences were compared directionally between filters = 32 and 16 for both errors. No interaction
test was performed. Because capacity and training environment were confounded, this analysis
assesses only agreement in effect direction, not a pure capacity effect or equality of effect sizes.

HS5 (exploratory). At filters = 16, the loss ablation (mae/roi_weighted/roi_only) and A sweep
(0.5/1.0/2.0) were compared pairwise on validation data. Each three-condition family comprised six
tests (three pairs x two metrics), adjusted by Holm's procedure [12]; raw and adjusted p values were
reported.

Patient-level percentile bootstrap intervals used 10,000 resamples and seed 12345 [13]. Wilcoxon
used zero method="wilcox"; no outliers were excluded. Analysis halted if code-version identifiers
mismatched.

The network, loss, and training loop were implemented in PyTorch. Official OpenKBP data-loading,
scoring, and basic I/O utilities were reused. This was a topology-matched reimplementation, not an
exact reproduction: unlike the official baseline's all-voxel MAE, Lgobar Was restricted to the
possible-dose mask.

Each run stored a fixed CODE_VERSION in summary.json, and downstream analyses halted on
a mismatch. SHA-256 fingerprints of training and analysis scripts were recorded when the plan was
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frozen. These measures protect code consistency but do not replace external preregistration.

Nine training configurations were studied in two U-Net capacities (32 and 16 initial convolutional
filters) on the official OpenKBP data split (200 training / 40 validation / 100 test patients) [4]. The
main analysis (Section 3.1) is the comparison of the baseline (voxel-wise MAE) and the proposed
(MAE + per-structure ROI-weighted MAE, A = 1) losses at the main model capacity (filters = 32) on
the held-out 100-patient test set: for each patient the error is seed-averaged over two random
initializations (seeds 42 and 7) and is analyzed with a two-sided Wilcoxon signed-rank test together
with the Hodges—Lehmann estimator of the paired location shift. Sections 3.3-3.6 report the
secondary and exploratory analyses (per-seed effects, capacity robustness, and an ablation of the loss
components); they were performed on the 40-patient validation set and were not used to modify the
primary model or its hyperparameters after the test-set evaluation.

On the 100-patient test set, the proposed ROI-weighted loss reduced the DVH-metric error
(dvh_error) relative to the MAE baseline for 99 of 100 patients (mean 3.58 Gy vs. 2.44 Gy), as
shown in Figure 2a. The paired difference (proposed — baseline) had a Hodges—Lehmann (HL)
estimate of —1.13 Gy (95% CI [-1.23, —1.04]) and a median of —1.15 Gy; the two-sided Wilcoxon
signed-rank test rejected the null hypothesis of no shift (p=4.5x%107"%). Because both the
significance test and the Hodges—Lehmann location estimate agreed in direction, Hl was supported
under the prespecified decision rule (Section 2.6). A paired t-test on the same data (mean difference
—1.14 Gy, p=1.3%x10) was consistent with this result but is reported only as a secondary
sensitivity check, not as a co-primary test [14].

dvh_error is the error term most directly targeted by the proposed structure-weighted loss term;
dose_error (the official challenge's whole-field dose accuracy score) was tracked descriptively to see
whether the DVH improvement came at a cost to overall dose accuracy. On the same 100-patient,
seed-averaged test-set comparison, and as shown in Figure 2b, dose error also decreased under the
proposed loss (mean 3.57 Gy vs. 3.36 Gy; 82/100 patients improved), with a Hodges—Lehmann
estimate of —0.17 Gy (95% CI [—0.23, —0.13]) and Wilcoxon p = 1.5%x107'". No non-inferiority
margin was prespecified for dose_error, so this result is reported as a descriptive effect size rather
than a formal non-inferiority claim: within this dataset, the proposed loss did not trade dose
accuracy for DVH accuracy — both improved together. These test-set comparisons are summarized
in Table 2 and Figure 2.

Table 2. Primary (H1) and descriptive (H2) test-set results (n = 100)

Metric Baseline mean ~ Proposed mean Median diff HL diff n improved / Wilcoxon
(Gy) (Gy) (Gy) [95% CI] (Gy) 100 P
-1.125[-1.232
dvh_error (H1, primary) 3.578 2.442 -1.145 1 (53 5] 32, 99 4.5%x107'
dose_error (H2, 3.565 3362 ~0.160 ~0.175[~0.225, 82 1.5x10°1

descriptive) —0.129]
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Figure 2. Paired per-patient comparison of dvh_error (H1, primary) and dose_error (H2, descriptive)
between the baseline (MAE) and proposed (ROI-weighted) models on the official 100-patient test
set, seed-averaged per patient (n = 100) (picture credit: original)

3.3. Illustrative case

Figures 3—4 illustrate the population-level effect reported in Sections 3.1-3.2. Patient pt 331, whose
dvh_error improvement ranked 20th among the 100 test patients (i.e. a clearly visible but not the
single most extreme effect), was selected as an illustrative case; population-level inference rests on
the full n = 100 result in Section 3.1, not on this case. Figure 3 compares an axial dose-distribution
slice through the OpenKBP reference dose, the baseline prediction, and the proposed prediction,
shown respectively as Figures 3a, 3b, and 3c. Figure 4 shows the corresponding per-structure DVHs,
with the three PTV dose levels appearing in Figures 4a—4c and the four OARs in Figures 4d—4g. The
proposed model's DVH curves track the reference curves more closely than the baseline's through
the steep dose-falloff ("shoulder") region of each PTV curve, as Figures 4a—4c show, and for the
right parotid in Figure 4g, consistent with the aggregate dvh error improvement reported above.

(a) OpenKBP reference (b) Baseline (MAE) (c) Proposed (ROIl-weighted)

Figure 3. Illustrative case (pt_331, official test set): axial dose-distribution slice comparing the
OpenKBP reference dose, the baseline (MAE) prediction, and the proposed (ROI-weighted)
prediction. White contour: PTV70; yellow contour: PTV63; cyan contours: spinal cord and

brainstem (picture credit: original)
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Figure 4. Illustrative case (pt_331, official test set): per-structure dose—volume histograms (PTV70,
PTV63, PTV56, brainstem, spinal cord, left parotid, right parotid) comparing the reference dose
(black, solid) against the baseline (blue, dashed) and proposed (orange, dashed) predictions (picture
credit: original)

3.4. Seed robustness (H3)

The baseline-vs-proposed effect was reproduced independently under a second random initialization
(seed 7), reported separately by seed rather than pooled into a false n=200; Table 3 reports these
per-seed results. Both seeds showed the same direction of effect for both metrics. On the validation
set, notably, the baseline model's dvh score varied considerably more across the two seeds (mean
3.35, SD 0.64 across seeds) than the proposed model's (mean 2.38, SD 0.07); the same pattern held
for dose_score (baseline SD 0.17 vs. proposed SD 0.06), as Table 4 shows. With only two seeds this
cannot be treated as a formal claim of reduced training variance, but it is a consistent and
noteworthy secondary observation worth flagging for discussion.

Table 3. Per-seed paired results on the 100-patient test set

Seed Metric Baseline mean Proposed mean (Gy) HL diff [95% CI] n improved / 100 Wilcoxon p
(Gy) (Gy)
42 dvh_error 2.894 2.465 —0.406 [-0.508, —0.315] 80 1.6x10™
42 dose_error 3.401 3314 —0.070 [-0.108, —0.034] 65 2.6x107*
7 dvh_error 4.262 2418 —1.874 [-2.044, —1.695] 98 5.9x107®
7 dose_error 3.729 3.410 —0.295 [-0.379, —0.213] 82 1.9x10™
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Table 4. Across-seed variability on the validation set, mean + SD over the two seeds

Condition dose_score mean + SD dvh_score mean + SD n seeds
Baseline (MAE) 3.511+0.167 3.346 £ 0.643 2
Proposed (ROI-weighted) 3.312+0.062 2.381 +£0.067 2

3.5. Capacity robustness (H4)

To check whether the baseline-vs-proposed effect is specific to the capacity of the main model
(filters = 32), a second capacity (filters = 16, single seed, trained on separate hardware) was
compared on the 40-patient validation set; both capacities were evaluated on the same 40 official
validation patients using the same scoring procedure. This analysis is exploratory: no test of As> =
Aus 1s prespecified, given the different hardware, the single seed at filters = 16, and the absence of a
formal interaction test; only the direction of each capacity's own effect is compared. As shown in
Table 5, both capacities showed the same sign of effect (proposed better than baseline) for both
dvh_error and dose_error, with an identical count of improved patients (27/40) for dvh_error at both
capacities. This is consistent with the improvement not being an artifact specific to the capacity of
the main model, but it does not establish a quantitative capacity-effect claim.

Table 5. Capacity comparison, 40-patient validation set

Capacity Metric Median A (Gy) HL A [95% CI] (Gy) n improved / 40 Direction vs. other capacity
filters=32 dvh_error —-0.122 —0.231[-0.417, —0.058] 27 same
filters=32 dose_error —0.028 —0.058 [-0.164, 0.012] 22 same
filters=16 dvh_error —-0.140 —0.138 [-0.255, —0.020] 27 same
filters=16 dose_error —-0.015 —0.020 [—0.085, 0.036] 21 same

3.6. Ablation of the global MAE term and A sensitivity (HS)

To test whether the global MAE term contributes anything beyond the ROI-weighted term, an
ablation condition (roi_only, i.e. loss = Lgror with no Lggp, term) was trained at filters =16
alongside the baseline and proposed conditions at the same capacity. As Figure 5a shows, removing
the global term produced a large and highly significant increase in dose error (mean dose score
3.33 — 6.74 for baseline — roi_only, 0/40 patients improved, Wilcoxon p=1.8 x 102, Holm-
corrected p=1.1 x 107'"), confirming that the global term is necessary to maintain overall dose
accuracy: without it, the model is only supervised inside the ROI structures and its dose predictions
degrade substantially outside them. dvh score, shown in Figure 5b, was comparable between
roi_only and the baseline (2.49 vs. 2.54, not significant after Holm correction) and somewhat worse
than the full proposed loss (2.49 vs. 2.40). Tables 6 and 7 show numerically better DVH accuracy
with the full proposed loss than with roi only, although the difference was not statistically
significant after Holm correction. Figure 5 shows the paired per-patient values underlying this
comparison.
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Table 6. Capacity/ablation trio, 40-patient validation set, filters=16

Condition dose_score dvh_score
MAE (baseline) 3.334 2.543
MAE + ROI-weighted (proposed, A=1.0) 3.307 2.403
ROI-only (no global term) 6.736 2.490

Table 7. Pairwise tests for the ablation trio, Holm-Bonferroni corrected within this exploratory family of 6 comparisons

Comparison Metric Mean A Mean B n B better / 40 p (raw) p (Holm)
MAE vs. ROI-weighted dose_error 3.334 3.307 21 0.527 1.000
MAE vs. ROI-weighted dvh_error 2.548 2.397 27 0.024 0.096
MAE vs. ROI-only dose_error 3.334 6.736 0 1.8x10712 1.1x10™
MAE vs. ROI-only dvh_error 2.548 2.501 28 0.048 0.144
ROI-weighted vs. ROI-only dose_error 3.307 6.736 0 1.8x10712 1.1x10™
ROI-weighted vs. ROI-only dvh_error 2.397 2.501 20 0.745 1.000

The ROI-term weight A was varied over {0.5, 1.0, 2.0} at the same capacity (filters = 16) to check
sensitivity to this hyperparameter. dvh_score decreased monotonically with A over this range (2.49
[A=0.5] — 2.40 [A=1.0] — 2.35 [A=2.0]); dose score was essentially flat (3.36 [A=0.5] — 3.31
[A=1.0] — 3.36 [A=2.0]); none of the pairwise comparisons reached significance after Holm
correction, so this trend is reported descriptively and was not used to select A for the main
experiment — A = 1.0 was fixed prospectively before this exploratory sweep was run. Table 8 and

Figure 6 summarize these trends across A; pairwise significance for each comparison is reported in
Table 9.

Table 8. A sensitivity, 40-patient validation set, filters=16

A dose_score dvh_score
0.5 3.359 2.493
1.0 3.307 2.403
2.0 3.359 2.351

Table 9. Pairwise tests for the A sweep, Holm-Bonferroni corrected within this exploratory family of 6 comparisons

Comparison Metric p (raw) p (Holm)
A=0.5 vs. 2=1.0 dose_error 0.183 0.732
A=0.5 vs. 2=1.0 dvh_error 0.390 0.780
A=0.5 vs. 2=2.0 dose_error 0.775 0.780
A=0.5 vs. 2=2.0 dvh_error 0.060 0.301
A=1.0 vs. 2=2.0 dose_error 0.026 0.155
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Table 9. (continued)

A=1.0vs. 2=2.0 dvh_error 0.259 0.777

(a) Dose score (per patient) (b) DVH score (per patient)
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Figure 5. Capacity/ablation trio at filters=16 (validation set): paired per-patient dose_error and
dvh_error for MAE (baseline), MAE + ROI-weighted (proposed), and ROI-only (ablation) (picture
credit: original)
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Figure 6. A sensitivity at filters=16 (validation set): dose score and dvh_score as a function of the
ROI-term weight L € {0.5, 1.0, 2.0} (picture credit: original)

4. Discussion

The proposed ROI-weighted loss reduced DVH-metric error on the held-out test set (Hodges—
Lehmann paired difference [proposed — baseline]: —1.13 Gy, 95% CI [-1.23, —1.04]; mean
dvh_error 3.58 — 2.44 Gy, 99/100 patients improved, Wilcoxon p = 4.5x107'¥); H1 was supported
under the prespecified decision rule. Critically, this was not at the expense of overall dose accuracy:
dose_error decreased as well (H2, descriptive; mean 3.57 — 3.36 Gy, HL —0.17 Gy). A structure-
level reweighting of the loss therefore improved the metric it directly targets without degrading the
metric it does not. Knowledge-based planning methods commonly predict DVHs, dose—volume
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metrics, or voxel-wise dose distributions to guide treatment planning [1]. Accordingly, an
improvement in DVH-focused error is more directly aligned with a principal class of KBP outputs
than whole-field average error alone.

Why? The ablation (HS) clarifies why. Dropping the global MAE term entirely (roi_only) left
dose_score substantially worse (3.33 — 6.74 Gy, 0/40 patients improved) while leaving dvh_score
roughly unchanged from baseline — the model loses all supervision outside the ten labeled ROIs
and its predictions degrade across the rest of the field. The proposed loss keeps the global term and
adds the ROI term on top, and it is this combination, not the ROI term alone, that improved both
metrics together. The mechanism is best read as redistributing gradient emphasis toward clinically
important structures without removing the field-wide supervisory signal, rather than as a substitute
for it. This interpretation is consistent with prior structure-informed objectives based on per-
structure moments [5], composite structure-aware DVH and spatial-gradient terms [6], or fixed ROI-
weighted MSE [7]. These differ from the present per-patient-normalized, possible-dose-mask-
intersected ROI MAE.

The effect was not fragile to the nuisance factors that could be checked. H3 reproduced the same
direction of effect under an independent seed, and — a secondary but notable observation, not
treated as a formal claim with only two seeds — the across-seed variability of the proposed model is
smaller than that of the baseline on the validation set (dvh_score SD 0.07 vs. 0.64; dose score SD
0.06 vs. 0.17), so the ROI term may not only shift its average outcome but also stabilize training. H4
found the same direction of effect at a smaller capacity (filters = 16) trained on separate hardware,
and the improved-patient count (27/40) for dvh_error is identical at both capacities; this is evidence
against the improvement being an artifact of the main model's specific capacity, though the different
hardware and single seed at filters = 16 keep this a directional check, not a quantitative capacity-
effect estimate. The A sweep shows a monotonic but non-significant trend toward larger dvh_score
gains at higher A (2.49 — 2.40 — 2.35 for A = 0.5/1.0/2.0) with dose_score essentially flat; A = 1.0
was fixed before this sweep was run and is a reasonable default, but the sweep does not establish it
as optimal.

There are several limitations that bound these conclusions. Firstly, the reference dose is the
OpenKBP dataset's own synthetic automated-planning-pipeline output rather than an original
clinical dose (Section 2.1); an improvement against this reference is evidence of agreement with that
planning pipeline's output, rather than a directly verified clinical-quality improvement. dose score
and dvh_score are the official challenge's surrogate accuracy metrics and not a full deliverability or
plan-quality review; and no predicted dose distribution here was assessed by a clinician. Moreover,
all the results come from one dataset, one anatomical site (head-and-neck), and one architecture
family, so generalization to other sites, planning pipelines, or network designs is not tested; a recent
systematic review of head-and-neck dose-prediction models reported this same narrow-dataset
pattern, together with a general lack of external validation, across the published literature [15]. The
filters = 16 arm — the underlying H4 and H5 — used a single seed on different hardware from the
two-seed, single-hardware main experiment, and the A sweep covered only three values at that one
capacity; a wider, main-capacity sweep would more firmly establish the effect of A. Finally, the
dose_error result of H2 is descriptive: no non-inferiority margin was prespecified, so "did not trade
off" is a characterization of the observed effect size rather than a formally tested claim. Nor was plan
deliverability or complexity assessed — a dose distribution can score well on dose score/dvh_score
while still being difficult to deliver with a real linear accelerator, and this study does not speak to
that question.

36



Proceedings of ICMMGH 2027 Symposium: Clinical OMICS for Drug Discovery and Personalized Medicine
DOI: 10.54254/2753-8818/2027.MB37493

These limitations point directly to future work: evaluating the A sweep at the main model
capacity, testing the approach on additional cohorts and treatment sites, and comparing the per-
patient-normalized ROI term used here against the moment-based and fixed-schedule structure
weightings used in prior work under a common evaluation protocol. Within the scope tested, though,
a simple, easily implemented modification to the training loss — no architecture change, no extra
inference cost — produced a large, statistically robust, direction-consistent improvement in the
metric it targeted, with no observed cost to the metric it did not.

This work reimplemented a 3-D U-Net dose predictor on the official OpenKBP benchmark and
tested, under a single prespecified primary hypothesis, whether adding a per-structure ROI-weighted
term to a standard masked-MAE loss improves DVH accuracy. On the held-out 100-patient test set,
the proposed loss reduced dvh error, with a Hodges—Lehmann paired difference (proposed —
baseline) of —1.13 Gy (95% CI [-1.23, —1.04]; p = 4.5x107'®), relative to the MAE baseline, with
dose error also improving rather than being traded off. The effect held in direction across an
independent seed and a smaller model capacity, and an ablation showed the global MAE term
remains necessary — the ROI term supplements it rather than replacing it. Removing the global
term entirely, as the ablation showed, left whole-field dose accuracy far worse even though the
labeled structures themselves were largely unaffected, which is why the two terms need to stay
together rather than one substituting for the other. Because the change lives entirely in the loss
function, it needs no new architecture, no extra parameters, and no added inference cost, so it should
be straightforward to try on other dose-prediction pipelines beyond the one reimplemented here. The
reference dose's synthetic origin, the single dataset and anatomical site, and the absence of clinician
review of the predicted plans bound how far these results generalize. The next steps follow directly
from where this evaluation stopped short: testing the approach on other cohorts and treatment sites,
having a clinician assess the resulting plans rather than relying on the challenge's surrogate metrics
alone, and running the A sweep at the main model capacity instead of only the reduced one used
here. Within that scope, a small, architecture-agnostic change to the training loss produced a
statistically robust, directionally consistent improvement in dose-prediction accuracy.
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