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Purpose: Heterogeneity correction is vital in radiation therapy treatment planning to ensure accurate dose delivery. Brain cancer
stereotactic treatments, like Gamma Knife radiosurgery (GKRS), often rely on homogeneous water-based calculations despite the
potential heterogeneity impact near bony structures. This study aims to develop a method for generating synthetic dose plans
incorporating heterogeneity effects without additional computed tomography (CT) scans.
Methods and Materials: Magnetic resonance imaging and CT images, TMR10-based, and convolution-based dose distributions were
used from 100 retrospectively collected and 22 prospectively collected GKRS patients. A conditional Generative Adversarial Network
was trained to translate TMR10 into synthetic convolution (sConv) doses.
Results: The generated sConv dose demonstrated qualitative and quantitative similarity to the actual convolution (Conv) dose,
showcasing better agreement of dose distributions and improved isodose volume similarity with the Conv dose in comparison to the
TMR10 dose (g pass rate; sConv dose, 92.43%; TMR10 dose, 74.18%. Prescription isodose dice; sConv dose, 91.7%; TMR10 dose,
89.7%). Skull-induced scatter and attenuation effects were accurately reflected in the sConv dose, indicating the usefulness of the new
dose prediction model as an alternative to the time-consuming convolution dose calculations.
Conclusions: Our deep learning approach offers a feasible solution for heterogeneity-corrected dose planning in GKRS, circumventing
additional CT scans and lengthy calculation times. This method’s effectiveness in preserving dose distribution characteristics in a heterogeneous
medium while only requiring a homogeneous dose plan highlights its utility for including the process in the routine treatment planning
workflows. Further refinement and validation with diverse patient cohorts can enhance its applicability and impact in clinical settings.
© 2025 The Author(s). Published by Elsevier Inc. on behalf of American Society for Radiation Oncology. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction
Heterogeneity correction is essential in radiation ther-
apy treatment planning to accurately estimate the dose
delivery.1-3 Beams penetrating a heterogeneous medium
other than water, such as lungs and bones, exhibit per-
turbed dose distributions depending on the location and
thickness of the heterogeneous medium.1-3 Various
approaches have been explored and implemented to con-
sider the heterogeneity of different tissues for treatment
planning. Whereas heterogeneous treatment planning for
lungs has been well developed, as the lung is vulnerable to
r
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significant heterogeneity effect, stereotactic treatment of
brain tumors, including Gamma Knife radiosurgery
(GKRS), is less highlighted for heterogeneity effect.1,2,4

The brain is known to be not much affected by the hetero-
geneity effect, and homogeneous water medium-based
calculations with magnetic resonance imaging (MRI)
using the TMR10 algorithm (TMR10 dose) are currently
accepted as the standard in GKRS planning.1,2,4

Nevertheless, there are cases when the heterogeneity,
especially near the bony skulls, significantly impacts the
dose distribution.4 Heterogeneity-corrected treatment
plans cannot be made from the MRI data because it does
not contain electron density information. The convolu-
tion (Conv) dose calculation method available in the
GKRS treatment planning system, Leksell GammaPlan,
can be used to consider the heterogeneity effects ade-
quately with additional CT scans. However, the CT scans
cause added radiation dose to healthy brain regions and
extra time for scanning. Moreover, the calculation time of
the convolution algorithm rapidly increases as the tumor
volume increases, which could take up to several minutes
for the Conv dose compared to < 1 minute calculation
time for the TMR10 dose.2,3 Therefore, generating syn-
thetic doses, including the heterogeneity effects (synthetic
convolution [sConv] dose) without CT scans, is desired
for rapid treatment planning in routine clinical settings.

Recently, deep learning image generation has been inten-
sively investigated, improving deep learning performance in
medical imaging applications.5,6 Several studies have
employed deep learning with convolutional neural networks
(CNNs) to generate synthetic dose plans.7-13 Generative mod-
els have also demonstrated groundbreaking abilities in image
generation, including image-to-image translation and aug-
mentation, showing great potential in the medical imaging
domain.5,7-13 Generative adversarial networks (GANs) and,
more recently, diffusion models have shown comparable or
more effective generation of images than CNNs, leveraging
the adversarial training algorithm and diffusion process to
learn the high-dimensional distribution of complex data.6,14,15

Recent studies implementing diffusion models outperformed
GANs and CNNs in generating realistic doses.7,8 However,
developing clinically acceptable deep learning tools remains
challenging because of imperfect structure matching, affecting
the dose distribution.7-12 Some studies generated synthetic
CT from MRI to calculate the dose in heterogeneous media
in treatment planning systems.16,17 Although synthetic CT
can produce a realistic dose, the lengthy dose calculation time
still impedes the inclusion of the more accurate dose calcula-
tion algorithm in the routine clinical setting. Furthermore,
several studies have used resized dose distributions of
128 £ 128 instead of the complete 512 £ 512,7,8 which hin-
ders the precise and accurate evaluation of the dose distribu-
tion and their isodose lines.

To solve the problem, we used the GAN-based image-to-
image translation method. Our generator gets a 512 £ 512-
sized TMR10 dose as an input to generate a synthetic
convolution (sConv) dose. The conditional discriminator
performs adversarial training to make the generator produce
an authentic sConv dose. The image-to-image translation
method employs the benefit of TMR10 dose as the input,
and the model learns the accurate dose distribution. We
made qualitative and quantitative comparisons of the sConv
dose to the Conv dose to show effective translation from the
TMR10 dose to the sConv dose. Isodose lines of different
dose images were presented, and gamma index (g) pass rates
were reported to demonstrate clinical usefulness. Addition-
ally, the effects of the skull-to-tumor distances and tumor
sizes on the dose prediction were evaluated.
Methods and Materials
This study (IRB: 0810M293942) was approved by our
institution’s Institutional Review Board, and written
informed consent was obtained from all patients to dis-
close their information for our study.
Data collection and processing

MR images, CT images, and TMR10-based and convolu-
tion-based dose distributions were retrospectively collected
from 148 patients with various types of brain tumors who
received GKRS from 2019 to 2022. The same data sets of 29
patients treated from 2023 to 2024 were prospectively col-
lected. The GammaPlan version for dose calculations with
TMR10 and Convolution algorithms was 11.1.1 or newer.
MR and CT images were coregistered for every patient, and
then transformation matrices from the CT images to MRI
were used to map the Conv dose to the same space as the
TMR10 dose. After visual inspection excluded misregistered
data, 100 and 22 patients out of the initial data sets of 148
and 29 were available for the subsequent training and valida-
tion, respectively. The axial slices of the retrospectively col-
lected patients (n = 18,336 slices, 100 patients) were
randomly divided into 5 cross-validation sets. The 5 parti-
tions were made for each patient data set. The prospectively
collected patients’ data were assigned as an internal valida-
tion set (n = 3984 slices 22 patients). TMR10 and Conv dose
data with originally 1 £ 1 £ 1 mm voxel size were
resampled to 512£ 512£ z, where z is the slice thickness of
scanning. Normalization by the maximum TMR10 dose
from the entire data set was performed with all dose data,
resulting in the dose from 0 to 1.
Deep learning model for dose distribution
prediction

The conditional GAN was implemented based on
Pix2Pix18 with a ResNet generator and a Patch-GAN dis-
criminator (Fig. 1A). The generator had the TMR10 dose



Figure 1 Model architecture and visualization of model outputs. (A) Conditional GAN model pipeline of generator and dis-
criminator. (B) Qualitative results of image-to-image translation of TMR10 dose to sConv dose of different patients from test
and internal validation sets. (C) Prescription isodose lines and tumor contour overlaid on MRI images (yellow = tumor,
white = prescription isodose line). The cropped, magnified region of the interest is overlaid for each case.
Abbreviations: BatchNorm = Batch Normalization; Conv2D = Convolution 2D, MRI = magnetic resonance imaging; ReLU = Rectified Linear Unit;
Tanh = Tanh activation; TransposedConv2D = Transposed Convolution 2D.
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as its only input. It generated the sConv dose. TMR10
dose was then used as a conditional input to the condi-
tional discriminator. Generator loss using L1 and L2 loss
functions was calculated as an average loss for the dis-
criminator’s Conv dose and sConv dose classification.
Discriminator loss was measured using a binary cross
entropy loss. The default setting of Pix2Pix was used for
training, and weights from epoch 60 were arbitrarily cho-
sen for model validation. Training and inference were
done with NVIDIA A100 at the Minnesota Supercom-
puter Institute. The inference took < 1 minute to compute
the sConv doses for all slices of a patient.
Statistical analysis

The Dice similarity coefficient (DSC) was used to eval-
uate the isodose volume similarity between the TMR10,
Conv, and sConv doses. The dose coverage of the tumor
was assessed using 7 dosimetric metrics: the maximum
tumor dose (Dmax), the dose that 2 % or less of the tumor
volume received (D2), the dose that 50% of the tumor vol-
ume received (D50), the mean tumor dose (Dmean), the
dose that 98% of the tumor volume received (D98), the
minimum tumor dose (Dmin), and the homogeneity index
(HI).7,8 To compare the dose distributions of Conv and
sConv with the TMR10 dose distributions, we evaluated
the g pass rate19 with a 1 mm/1% criterion for 3-dimen-
sional dose data of every patient.
Table 1 Data characteristics

Characteristic
Cross-validat
(n = 18,336; 1

Age, y 62 § 13

Sex

Male 35 (35%)

Female 65 (65%)

Tumor size (cm3) 13.79 § 13.27

Skull-to-tumor distance (cm) 3.07 § 1.45

Cancer types

Met (solitary) 32

Mets (multiple) 33

Pituitary adenoma 1

Meningioma 17

Glomus tumor 2

Malignant glial tumor 5

Vestibular schwannoma 5

Other malignant tumor 2

Other benign tumor 1
To assess the effect of the bone on the dose distribu-
tions, we specifically studied the dose to tumors whose
skull-to-tumor distance was < 2 cm. Those tumors were
named "tumors near the skull." Here, the "skull-to-tumor
distance" was defined as the distance from the edge of the
tumor to the closest point at the skull.7 The DSC between
the volumes covered by an isodose surface (named as iso-
dose dice)12 was also calculated for the comparison. The
isodose dice, specifically for the prescription isodose level,
was called "prescription isodose dice." The algorithm’s
performance was studied separately for small-sized
tumors < 1 cm3.20 A Wilcoxon signed-rank test was used
for statistical hypothesis testing. The null hypothesis was
that there was no difference in 7 dosimetric metrics, the g
pass rates, and DSCs between the TMR10, Conv, and
sConv doses. Additionally, the Bonferroni correction was
applied for multiple comparisons.21
Results
Data characteristics of patients

Table 1 shows the overall demographic characteristics
of the patients. A total of 100 patients’ TMR10 and Conv
dose data retrospectively collected were divided into 5
folds per patient (n = 18,336 slices; mean age, 62 years §
13; 35 male) for cross-validation. An additional 22
patients prospectively collected were assigned as an inter-
nal validation set (n = 3984 slices; mean age, 67 years §
ion set
00 Patients)

Internal validation set
(n = 3984; 22 Patients)

67 § 11

15 (68%)

7 (32%)

2.28 § 1.22

2.83 § 1.13

11

6

0

4

0

1

0

0

0



Advances in Radiation Oncology: May 2025 Deep learning in gamma knife dose correction 5
11; 15 male). Various brain cancer types, such as meta-
static tumors (solitary or multiple lesions), meningiomas,
malignant glial tumors, and vestibular schwannomas,
were included across the cross-validation and internal val-
idation sets. Skull-to-tumor distances were 3.07 §
1.45 cm and 2.83 § 1.13 cm for cross-validation and
internal validation sets, respectively. Average tumor vol-
umes were 13.79 § 13.27 cm3 for the cross-validation set
and 2.28 § 1.22 cm3 for the internal validation set.
Qualitative evaluation of the similarity
between sConv and Conv doses

Examples of TMR10, Conv, and sConv doses from the
cross-validation and internal validation sets are shown in
Fig. 1B. Overall, the dose distributions of the sConv dose
were visually more similar to the Conv dose than the
TMR10 dose. In particular, hot spots in the TMR10 dose
were not seen in the Conv or the sConv doses. In Fig. 1C,
the prescription isodose lines (white) of TMR10, Conv,
and sConv doses and the tumor contours (yellow) were
overlaid on the MRI image. The isodose lines of the sConv
dose were similar to those of the Conv dose, whereas there
were more considerable differences between the isodose
lines of the TMR10 and Conv doses. The second and third
columns of Fig. 1C show a fully covered tumor area with
the prescription dose for the TMR10 dose but not for the
Conv or sConv doses. A subtle difference along the edge
of the skull bone between the isodose lines of TMR10 and
Conv dose was also seen in the sConv dose in the fourth
column of Fig. 1C. Figure 2 shows magnified views of 7
isodose lines for the patient presented in the second col-
umn of Fig. 1C. Note that the 20-Gy isodose line (yellow)
pointed by a white arrow indicates the area where the
Conv and sConv doses were noticeably different from
Figure 2 TUMOR contour (orange) and isodose lines of (A) TM
column of Figure 1B for 10 to 40 Gy with prescription dose of 25 G
where the heterogeneity correction was significant because of a sk
the Conv dose compared to the TMR10 dose to the Conv dose.
Abbreviations: Conv = convolution; sConv = synthetic convolution.
TMR10 dose, implying the significant heterogeneity effect
on the dose because of a skull structure.

The dose-volume histogram (DVH) of the patient in
Fig. 2 is shown in Fig. E1. The DVH line of the sConv
dose was similar to the Conv dose, whereas the line of the
TMR10 dose presented a different DVH profile. The dif-
ference map between the TMR10, Conv, and sConv doses
in Fig. E2 showed the higher similarity of the sConv dose
to the Conv dose than the TMR10 dose to the Conv dose.
The improved similarity of the sConv dose to the Conv
dose was well visualized in the tumor and near the skull
locations in the difference maps.
Quantitative evaluation of the similarity
between sConv and Conv doses

Evaluations of quantitative similarity between sConv
and Conv doses (sConv vs Conv) and between TMR10
and Conv doses (TMR10 vs Conv) are shown in Table 2
for both the cross-validation and internal validation sets.
With the internal validation set, the percentage difference
(Δ%) of all dosimetric metrics between sConv and Conv
doses was smaller than between TMR10 and Conv doses.
The differences in Δ% between the 2 dose pairs (sConv vs
Conv and TMR10 vs Conv) were statistically significant
(P < .001) for all metrics except HI. The Δ% values of
Dmax and D98 for sConv versus Conv were smaller than
TMR10 versus Conv by approximately 6% and 11%,
respectively, for cross-validation and internal validation
sets.

Comparison between the g pass rates with the 1 mm/
1% criterion of TMR10 dose (74.18 § 15.77%) and sConv
dose (92.43 § 8.60%) to the Conv dose as a reference
dose showed a significant difference in the cross-valida-
tion set (P ≤ .001). The internal validation set also
R10 dose, (B) Conv dose, and (C) sConv dose in the second
y. The white arrow points to the 20 Gy isodose line (yellow),
ull structure. sConv dose shows isodose lines comparable to



Table 2 Quantitative comparison of TMR10, Conv, and sConv dose

Cross-validation set Internal validation set

Parameter Δ% (TMR10, Conv) Δ% (sConv, Conv) P value Δ% (TMR10, Conv) Δ% (sConv, Conv) P value

Dmax 8.14 § 1.60 3.59 § 3.59 <.001* 8.28 § 1.09 1.22 § 0.77 <.001*

D2 8.04 § 1.60 2.87 § 2.15 <.001* 7.69 § 2.65 2.62 § 2.73 <.001*

D50 8.35 § 1.69 2.37 § 2.13 <.001* 8.74 § 1.62 1.40 § 1.19 <.001*

Dmean 8.64 § 1.92 2.21 § 1.85 <.001* 8.97 § 1.52 1.37 § 1.11 <.001*

D98 13.62 § 8.11 4.89 § 5.97 <.001* 14.00 § 7.17 3.56 § 4.07 <.001*

Dmin 19.64 § 17.59 11.04 § 15.90 <.001* 18.28 § 9.86 6.51 § 4.40 <.001*

HI 5.87 § 5.76 8.07 § 6.90 .007 13.15 § 10.40 11.87 § 8.64 .37

Abbreviations: Conv = convolution; sConv = synthetic convolution; D2 = dose that 2 % or less of the tumor volume received; D50 = dose that 50% of
the tumor volume received; D98 = dose that 98% of the tumor volume received; Dmax = maximum tumor dose; Dmean = mean tumor dose;
Dmin = minimum tumor dose; HI = homogeneity index.
*Statistically significant values. P < .007 is significant after Bonferroni correction.
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demonstrated a substantial difference between the g

pass rates (TMR10 dose, 65.84 § 14.29 %; sConv dose,
96.40 § 3.99 %).

Table E1 presents the isodose dice between the TMR10
and Conv doses and between the sConv and Conv doses
at various isodose levels. Statistically significant improve-
ment of isodose volume similarity was found for all met-
rics for 10%, 30%, 50%, 70%, and 90% isodose levels,
where 50% was the prescription isodose level. Signifi-
cantly, the sConv dose showed much higher isodose vol-
ume similarities to the Conv dose for the isodose volume
of lower isodose (10%-50%) than the isodose levels higher
than the prescription dose level (ie, 70% and 90% isodose
volume dice). Isodose volume similarity at all isodose lev-
els is plotted in Fig. E3.
Table 3 Skull-to-tumor distance-dependent model performan

Cross-valida

<2 cm (n = 27)

Parameters TMR10 dose sConv dose

Gamma index pass rate (%) 67.38 § 14.36 92.50 § 7.05

Prescription isodose dice (%) 88.97 § 3.10 91.19 § 4.11

Internal valid

<2 cm (n = 4)

Parameters TMR10 dose sConv dose

Gamma index pass rate (%) 60.26 § 11.48 98.58 § 1.10

Prescription isodose dice (%) 91.22 § 0.92 97.25 § 0.87

Abbreviation: sConv = synthetic convolution.
*Statistically significant values.
Dose distribution dependence on skull-to-
tumor distance

Table 3 shows the g pass rates and prescription isodose
dice for tumors near the skull. The g pass rates of TMR10
dose relative to Conv dose were lower for tumors near the
skull (cross-validation, 67.38 § 14.36 % [n = 27]; internal
validation, 60.26 § 11.48 % [n = 4]) than the tumors not
near to the skull (cross-validation 76.70 § 15.41 %
[n = 73]; internal validation, 67.08 §14.16 % [n = 18]).
The prescription isodose dice between TMR10 and Conv
doses were also lower for tumors near the skull than those
not near the skull. Meanwhile, sConv doses demonstrated
much more improved g pass rates for tumors in all loca-
tions: in cross-validation (<2 cm, 92.50 § 7.05 %; ≥2 cm,
ce on predicting the heterogeneity effect

tion set

Skull-to-tumor distance

≥2 cm (n = 73)

P value TMR10 dose sConv dose P value

<.001* 76.70 § 15.41 92.41 § 9.06 <.001*

.001* 90.06 § 4.00 91.97 § 5.24 <.001*

ation set

Skull-to-tumor distance

≥2 cm (n = 18)

P value TMR10 dose sConv dose P value

.12 67.08 § 14.16 95.92 § 4.13 <.001*

.12 90.25 § 2.31 94.27 § 1.86 .001*



Table 4 Tumor volume dependent model performance on predicting the heterogeneity effect

Cross-validation set

Tumor volume

<1 cm3 (n = 8) ≥1 cm3 (n = 92)

Parameters TMR10 dose sConv dose P value TMR10 dose sConv dose P value

Gamma index pass rate (%) 87.66 § 18.56 87.45 § 15.44 .54 74.07 § 15.73 92.42 § 8.60 <.001*

Prescription isodose dice (%) 83.56 § 7.11 82.79 § 7.48 .54 90.31 § 2.78 92.54 § 3.80 <.001*

Internal validation set

Tumor volume

<1 cm3 (n = 1) ≥1 cm3 (n = 21)

Parameters TMR10 dose sConv dose P value TMR10 dose sConv dose P value

Gamma index pass rate (%) 74.46 93.48 1 65.43 § 14.16 96.54 § 3.94 <.001*

Prescription isodose dice (%) 91.42 91.32 1 90.38 § 2.20 94.98 § 1.97 <.001*

Abbreviation: sConv = synthetic convolution.
*Statistically significant values.
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92.41 § 9.06 %) and internal validation sets (<2 cm,
98.58 § 1.10 %; ≥2 cm, 95.92 § 4.13 %). Prescription
isodose dice are also improved in sConv dose for cross-
validation and internal validation sets.
Dose distribution dependence on the tumor
size

The dependence of the model performance on the tumor
size is evaluated in Table 4. The heterogeneity effect is well
predicted for tumors larger than 1 cm3 for cross-validation
and internal validation sets. The g pass rates of 94.42§ 8.60
% and 96.54 § 3.94 % were achieved for the sConv dose in
the cross-validation set (n=92) and internal validation set
(n = 21), respectively, whereas the TMR10 dose had 74.07§
15.73 % and 65.43 § 14.16 %. For tumors < 1 cm3, the
sConv dose and TMR10 dose showed a similar average g

pass rate of approximately 87% in the cross-validation set
(n = 8). On the contrary, the sConv dose in the internal vali-
dation set (n = 1) showed a g pass rate of 93.48 %, whereas
the TMR10 dose showed a g pass rate of 74.46%. However,
the difference between sConv versus Conv and TMR10 ver-
sus Conv cannot be confirmed with only 1 patient. The pre-
scription isodose dice from the cross-validation and internal
validation sets also showed a similar tendency of comparable
g pass rate and isodose dice for tumors with size < 1 cm3,
and those were even higher for tumors with size > 1 cm3.
Discussion
LINAC-based planning systems incorporate tissue
inhomogeneity corrections within their dose calculations,
whereas GKRS commonly uses the TMR-10
homogeneous water-density-based calculations in routine
clinical settings.22 Recent studies have shown noticeable
differences (4%-9%) between the doses calculated by the
TMR10 and the convolution methods.23-27 It is noted that
the 4% to 9% dose difference can significantly impact
tumor coverage and the occurrence of radiation damage
to sensitive critical structures near the tumor, including
the healthy brain. Typical prescription doses for single-
fraction stereotactic radiosurgery treatments of solitary
metastases range from 15 to 24 Gy. The constraint of V12

(the volume of healthy brain tissue receiving 12 Gy or
more) ≤ 5 to 10 cc is used to minimize the risk of radia-
tion necrosis.28 In these cases, a 9% calculated dose differ-
ence may influence whether a clinician accepts or rejects a
GKRS plan or chooses to fractionate the treatment. Fur-
thermore, clinicians often evaluate GKRS plans by consid-
ering dose constraints to the optic and auditory
structures, such as the lens, orbit, optic nerves, and
cochlea, which exhibit toxicity to low doses of radiation.29

Slight differences in calculated radiation dose can impact
hearing and vision outcomes.

Deep learning-based treatment planning demonstrated
a potential for automatic treatment planning while it still
suffered from predicting the accurate dose distribution to
healthy tissues.7-12 To overcome the current limitations,
we developed a cGAN-based sConv dose calculation sys-
tem as an efficient and accurate method to bridge the gap
between convolution-based inhomogeneity-corrected and
TMR10-based GKRS planning. The conditional GAN
generated sConv doses qualitatively and quantitatively
similar to Conv doses in the cross-validation and internal
validation sets. The relationship between the isodose lines
and the tumor volume of Conv dose was well preserved in
sConv. The trained model could accurately predict the
dose distributions accounting for the effects of increased
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attenuation and scattering by the bony skull. Further-
more, the validity of the new algorithm was demonstrated
by the data indicating the skull-to-tumor distance depen-
dence of the dose distributions. Differences between the
TMR10 and Conv doses were more significant for tumors
near the skull, whereas the sConv dose showed signifi-
cantly improved similarity with the Conv dose. The tissue
heterogeneity effect was well predicted for tumors with
size > 1 cm3 by the model.

Our qualitative and quantitative analyses showed the
effectiveness of the sConv dose for understanding the
change in dose delivery because of skull-induced scatter
and attenuation. sConv dose could be used to find poten-
tially uncovered tumor areas with a dose significantly
lower than the prescription dose. Moreover, in stereotac-
tic radiosurgery, setting a 50% isodose line as a prescrip-
tion dose to a tumor volume and having a hot spot in the
center of the tumor helps the tumor control probability
without a chance of adding toxicity. Thus, correctly
knowing that there will not be hot spots in the center of
the tumor volume may enforce replanning for optimally
including hot spots in the tumor volume.

We must acknowledge some limitations in our study.
First, registration errors prevented the model from accu-
rately learning the dose distribution. Thus, about 30% of
patients’ data were not used in this study because we
observed that the coregistration between MR and CT images
was erroneous after visual examination. Since the calculated
doses of TMR10 and Conv were attached to MR and CT
data independently, the imprecise coregistration could result
in a misleading comparison between TMR10 and Conv.
However, our data selection procedure and the criteria were
not determined using a solid mathematical theory or evi-
dence. Thus, the impact of the coregistration errors must be
thoroughly studied in the future. Second, the heterogeneity
prediction on the small tumors (<1cm3) did not demon-
strate improved similarity to the Conv dose. The calculation
time of the Conv dose for small tumors is short enough not
to disturb the clinical workflow. Thus, in practice, the convo-
lution algorithm with CT can be applied to examine the het-
erogeneity effects for small tumors, and our model could be
implemented only for non-small tumor cases. Third, our
study’s participants mainly consisted of patients with meta-
static tumors; hence, including diverse brain cancer cohorts
can improve the model’s generalizability. Lastly, our data
lack patients with multiple tumors. Developing the advanced
deep learning model to capture global features from the 3-
dimensional dose distribution may be effective for further
investigating patients with multiple tumors.
Conclusions
Our deep learning-generated heterogeneity-corrected
dose distribution demonstrated strong correlations with
actual convolution doses for single brain cancers in
GKRS. Using an advanced generative model and collect-
ing more patient data will further improve the study’s
validity and the implications of the model in clinical set-
tings in the future.
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