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METHODS AND MATERIALS

FDG-PET/CT imaging Data Processing (Figure 1) | ra i
> Data: Twenty-five patients with locally advanced non-small cell lung cancer (LA- |. ROl cropping: The tumor region plus a surrounding | | eer ’ Dose PET
NSCLC) underwent baseline FDG-PET/CT imaging (PETpre) and repeat imaging margin was extracted from PETpre, PETmid, and Dose, e e :
during week 3 (PETmid) of chemoradiotherapy under the FLARE-RT trial with non-tumor areas masked to zero to focus onthe ' 1 l 1
(NCT02773238). tumor and reduce background interference. E RO EE y .
» PETpre: median 1 week prior, range < 1 month prior to 1st radiotherapy fraction. |I. Data augmentation: Training samples were expanded = "~----f---------- fé ———————— ===
INTRODUCTION » PETmid: median 24 Gy in 12 fractions, range 20-26 Gy in 10-13 fractions. via rotation (+£30° around x/y/z axes), flipping (along | -- - Rotation
»Standardized acquisition and reconstruction imaging protocol using cross- x/y/z axes), and random scaling (0.9-1.1), applied Augmeation  ~---5---~  Fip
calibrated PET/CT scanners. identically to PETpre, PETmid, and Dose. -
“*Accurate assessment of early radiotherapy > Primary metabolic tumor volumes (MTV) semi-automatically defined by PET |II. Channel-merge of PETpre and Dose: PETpre and Dose Merge _l _________
response in tumors provides crucial EdgeTM (MIM Software, Cleveland OH). were merged as model inputs and PETmid as the ! i
guidance for optimizing radiotherapy » Rigid alignment of primary MTV between planning CT, pre-RT PET/CT, mid-RT prediction target, with merging performed after '
protocols. FDG PET/CT plays a pivotal role in PET/CT, and RT dose. augmentation for the training set but directly for the
radiotherapy treatment response evaluation » Co-registered PET voxel grids resampled to isotropic 2 mm dimensions. test set. : . i
f?r lung cancer 1, 2]. o Model Architecture of Attention Med3D (Figure 2) Comparison Models and Result Validation |
'.*(;urrent ra.dlot.herapy response pred.lctlon Attention Med3D used an encoder-decoder architecture. » We compared Attention Med3D with several 3D deep learning methods: . |
rellgs on radiomics and 2D deep .Iearnlng, The encoder was initialized via transfer learning from the the widely used 3D U-Net segmentation network, and four 3D ResNet ' i ;
which underuse tumors’ 3D spatial Med3D pre-trained ResNet50 model, extracting hierarchical variants (3D ResNet18, 34, 50, and 101), chosen because the Med3D | : ma
heter.ogenelty [3]. 3D voer-Ieng deep features while progressively reducing spatial dimensions. pre-trained model is ResNet-based. Figure 1. Data Processing. Consists of 3
Ieam.mg models are needed to improve The custom decoder progressively restored spatia » We employed leave-one-patient-out cross-validation over 25 rounds. In steps: ROI cropping, data augmentation,
HrEd'Ct'on' _ dimensions through multi-stage upsampling, with channe each round, 1 patient served as the test set, 3 patients (one randomly SEMERUE D @AM P e Do)
'.*3D.de.ep learning models syffer from . and spatial attention refining features at each stage and selected from each of the high, medium, and low response groups)
overfitting on sc.arce 3D medical data,.whlch skip connections preserving multi-scale encoder formed the validation set, and the remaining 21 patients constituted the Anltell el Predicted PETmid
data augmentation anq transfer learning information for precise prediction. The detailed encoder training set. To compare model performance, we applied the Friedman
such as Med3D pre-trained networks can and decoder structures are shown in Figure 3 and Figure 4. test separately for all patients and for each response category. i ?
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mitigate [4,5].
**Since tumors exhibit spatial heterogeneity
with region-specific radiotherapy responses,
attention mechanisms are needed to
adaptively highlight critical tumor regions
and improve prediction [6, 7, 8].
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_L ‘*The proposed model explored the *100,,5 =23
_L . application of transfer learning for High response, RMSE=0.577

radiotherapy response prediction

and constructed a 3D deep learning
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Attention Med3D : 7x7x7 Convolution+BN+ReLU+Maxpool Bottleneck1 Bottleneck2
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Figure 4. Structure diagram of the attention-based upsampling Table 1. RMSE of predicted SUV and calculated ASUVratio for PETmid image prediction.
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module (used in Up1, Up2, and Up3).

RMSE_SUV RMSE_ASUVratio

all high medium low all high medium low
1.610 1.493 1.787 1.558 0.298 0.194 0.268 0.417
3D ResNet18 1.810 1.955 1.865 1.634 0.336 0.237 0.290 0.464
3D ResNet34 1.670 1.839 1.590 1.591 0.307 0.229 0.246 0.432
3D ResNet50 1.648 1.615 1.814 1.530 0.312 0.193 0.308 0.421
3D ResNet101 1.799  1.565 1.983 1.843 0.346 0.189 0.307 0.520

The o e aD UNet and 3D RecNet ceri o LY 1.521 1537 1727 1325 0.265 0.182 0269  0.336
* 1he model numeritally OUtperiorme ~vet an SSINELSeHEes MOCEls — BV 0110 0.064 0221 0137 0.160 0.073 0711  0.086
for both SUV prediction (RMSE: 1.610-1.810; MAE: 1.353-1.515) and calculated

ASUVratio (RIVISE: 0.298-0.346: MAE: 0.249—0.283), though without statistical Table 2. MAE of predicted SUV and calculated ASUVratio for PETmid image prediction.

significance (Friedman test, p > 0.05). (Table 1, Table 2) . MAE_SUV MAE_ASUVratio
low all low

“*Figure 5 presents representative voxel-wise PETmid predictions from PETpre all high  medium high  medium

RESULTS

‘**Attention Med3D achieved tumor voxel-level SUV prediction with RMSE of
1.521 and MAE of 1.240. Using the predicted mid-treatment SUV values to
calculate the relative SUV change (ASUVratio = [SUVpre-SUVmid]/SUVpre), we
obtained an RMSE of 0.265 and MAE of 0.215. (Table 1, Table 2)
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o P | Vegayar across high-, medium-, and low-response groups, with the best and worst cases 1.353  1.205 1.530 1.325 0243 0.160 0.224 0.343
Department of Radiation Oncology, School selected by RMSE. Best-prediction cases showed close visual similarity 3D ResNet18 1.515 1.583 1.588 1.330  0.279  0.199 0.238 0.386
of Medicine, University of Washington between predicted and actual PETmid, while worst cases exhibited more 3D ResNet34 1.350 1.504 1.319 1.353 0.256 0.192 0.202 0.361

1959 North East Pacific Street, Seattle, WA noticeable differences. Overall, the predictions' visual appearance was 3D ResNet50 1.368  1.306 1.530 1.278  0.254  0.159 0.243 0.349
98195, United States of America consistent with their RMSE values, with lower-RMSE cases showing closer 3D ResNet101 1.508  1.283 1.668 1.565 0.283  0.155 0.256 0.421

fyaseen@uw.edu similarity. AN EREDS 1,240 1.234  1.415 1.089 0.215 0.147  0.214 0.275
0.134 0.121  0.425 0.161 0.110 0.104  0.623 0.120




