DblurDoseNet: A Deep Residual Learning Network for Voxel Radionuclide Dosimetry Compensating
for SPECT Imaging Resolution
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Abstract

U

Purpose t methods for patient-specific voxel-level dosimetry in radionuclide therapy

A

suffer from e-off between accuracy and computational efficiency. Monte Carlo (MC)

radiation transport algorithms are considered the gold standard for voxel-level dosimetry but
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can be computationally expensive, whereas faster dose voxel kernel (DVK) convolution can
be sub-optimal in the presence of tissue heterogeneities. Furthermore, the accuracies of
both theHs methods are limited by the spatial resolution of the reconstructed emission im-

age. Too @ these limitations, this paper considers a single deep convolutional neural

9

networlka (@igmwith residual learning (named DblurDoseNet) that learns to produce dose-

rate mapshmpensating for the limited resolution of SPECT images.

C

Methods: ined our CNN using MC-generated dose-rate maps that directly corre-

sponded t© the tiie activity maps in virtual patient phantoms. Residual learning was applied

S

such that N learned only the difference between the true dose-rate map and DVK

dose-rate

9

h density scaling. Our CNN consists of a 3D depth feature extractor fol-

lowed by @ 2D U-Net, where the input was 11 slices (3.3 cm) of a given Lu-177 SPECT/CT

£

image and density map, and the output was the dose-rate map corresponding to the center

slice. The s trained with 9 virtual patient phantoms and tested on 5 different phan-

a

toms p CT/CT scans of patients who underwent Lu-177 DOTATATE therapy.

Result

Vi

sting on virtual patient phantoms, the lesion/organ mean dose-rate error

and the normalized root mean square error (NRMSE) relative to the ground truth of the CNN

I

method istently lower than DVK and MC, when applied to SPECT images. Com-

pared to , the average improvement for the CNN in mean dose-rate error was

©

55%/53% %/56%; and in NRMSE was 18%/17% and 10%/11% for lesion and kidney

1

region ively. Line profiles and dose-volume histograms demonstrated compensa-

{

tion for esolution effects in the CNN-generated dose-rate maps. The ensemble

noise standard deviation, determined from multiple Poisson realizations, was improved by

£

21%/27% co ed to DVK/MC. In patients, potential improvements from CNN dose-rate

maps d to DVK/MC were illustrated qualitatively, due to the absence of ground

A

truth. The trained residual CNN took about 30 seconds on a single GPU (Tesla V100) to

generate a 512x512x130 dose-rate map for a patient.
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Conclusion: The proposed residual CNN, trained using phantoms generated from patient
images has potential for real-time patient-specific dosimetry in clinical treatment planning
due to M emonstrated improvement in accuracy, resolution, noise and speed over the

DVK/MC gp ghes.

p

[ |
Keyword! Deep learning, Voxel-level dosimetry, Lu-177 therapy, SPECT resolution effects
Introductij

Accurate putationally efficient methods for patient-specific absorbed dose estima-

USC

tion are e for clinical implementation of dosimetry-guided treatment planning in radi-

onuclide tQerapy. For example, current Lu-177 DOTATATE therapy for neuroendocrine tu-

[

mors use activity basis (4 cycles of 7.4 GBq), whereas SPECT/CT imaging-based

a

dosimetry aft e cycle can be used to individualize the next administration to potentially
enhan r response while keeping toxicity to critical organs like kidney at an acceptable

level [ ionally, the mean absorbed doses in volumes of interest (VOIs) are the re-

M

ported quantity. However, voxel-level calculation enables consideration of multiple alterna-

]

tive dose such as statistics from dose-rate volume histogram (DRVH) analyses that

are pote re relevant to treatment planning. Explicit Monte Carlo (MC) radiation

0

transport us e patient’s emission (PET or SPECT) and anatomical images (CT) as input

is broadlyNaccepted as the gold standard for voxel-level patient-specific dosimetry; however,

1

it is co [ ly expensive to generate estimates with low statistical uncertainty. In con-

{

trast, fast mpler dose voxel kernel (DVK) convolution methods [2] can be inaccurate

U

in the presence gf heterogeneous tissues, e.g., at the liver-lung or bone-marrow interfaces.

Moreo @ n though MC is theoretically accurate, the dose accuracies of both MC and

DVK methods aré degraded by reconstruction artifacts and the limited spatial resolution of

SPECT and PET images.
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Over the past few years, deep learning methods have been broadly used in many fields of
medical imaging [3-7]. For example, one of the most popular deep neural networks, the U-
Net [8], a€hieved state-of-the-art accuracy on the 2012 Intl. Syp. on Biomedical Imaging
(ISBI) cha @ pr segmentation of neuronal structures in electron microscopic stacks. Re-
cently, tihenemissimereased interest in studies that apply deep neural networks in nuclear med-
icine applicati [9-13]. However, deep learning applications in radionuclide therapy dosim-
etry are Ii@-ﬁ]. Akhavanallaf et al. [14] employed a modified ResNet [18] that repre-
sented voxel lues kernels [2] to predict the distribution of the deposited energy in whole-
body orgamjosimetry and demonstrated comparable performance to the direct MC ap-

proach. Lee et alfj[15] implemented a 3D U-Net [8] that used PET and CT-based density im-

LI

age patch edict 3D voxel-level dose-rate maps. Gotz et al. [16] proposed a hybrid
method b a combination of a modified U-Net and an empirical mode decomposition
of density@; enhance the accuracy/reliability of radiation dose estimation. Goétz et al.
[17] also trained a neural network to predict dose voxel kernels (DVK) for dosimetry in Lu-
177 targete ionuclide therapies. Despite promising results, a limitation of the training
approa se prior studies [14-17] is that they used MC-generated dose-rate maps
derived frgm each patient’s measured SPECT or PET images as the training label, which are
degraded%camera spatial resolution and reconstruction artifacts. Moreover, the con-
cept of re @ arning can be adopted in a CNN dosimetry model by exploiting a fast DVK
convolutio ate map as an initial estimate. Residual learning for image denoising was
first pr;nprove the effectiveness and efficiency of a denoising CNN [27] and was
further MOw-dose PET and CT reconstruction [28, 29].

-

The ai@udy was to develop a deep learning-based absorbed dose-rate estimation

method that can overcome the accuracy-efficiency trade-off associated with current voxel
dosimetry methods and attempt to learn to reduce the degrading effects of spatial resolution

and reconstruction artifacts. Specifically, we used dose-rate estimates directly corresponding
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to phantom (virtual patient) activity maps as the training label, instead of the patient SPECT-
derived dose-rate images (Fig. 1). Furthermore, unlike prior studies where a CNN was
trained M&cyestimate the dose-rate map or S-value kernels, we first used the approxi-
mate phyast Fourier transform (FFT) DVK convolution method (with density scal-
ing) to prosweesinitial estimates, and then trained the CNN to learn the subtle residual differ-
ences bethe initial estimate and the true dose-rate maps. We trained and tested the

proposed NN fgr SPECT/CT imaging-based dosimetry following Lu-177 DOTATATE thera-

C

py of neur ine tumors (NETS).

us

Material and Methods

Virtual p antom generation for training and testing

an

Fig. 2 is an ew of our data generation and training process. To define the true activity

\

maps tient phantoms, we chose to use PET instead of SPECT-based activity

maps because PET offers substantially higher spatial resolution than SPECT as evident in

|

the top br Fig. 2. These images were readily available because, prior to Lu-177 DO-

TATATE, underwent diagnostic Ga-68 DOTATATE PET/CT imaging (Siemens Bio-

O

graph mC, termine eligibility for therapy. The Ga-68 DOTATATE distribution in pa-

N

tients i to be similar to the Lu-177 DOTATATE distribution and hence our virtual
patient phantoms can provide a reasonable approximation to the activity distribution of Lu-

177 patients. Th8 PET images (of size 200x200x577, voxel size is 4.073x4.073x2mm?3)

LIt

were obtai our Siemens mCT (resolution is 5-6mm FWHM [19]) and reconstructed

using the rd clinic protocol: 3D ordered subset expectation maximization (OSEM) with

A

3 iterations, 21 subsets that included resolution recovery, time-of-flight (TOF), and a 5mm
(FWHM) Gaussian post-reconstruction filter. We selected 14 such PET images from our clin-

ic database to generate anthropomorphic phantoms for training and testing, with University

This article is protected by copyright. All rights reserved.



of Michigan Institutional Review Board (IRB) approval for retrospective analysis. The select-
ed cases covered a diverse range with regards to sex (9 males and 5 females), age (35 to
88 yeaW@g kg to 100 kg), and lesions of different sizes and location (within and
outside t @ The PET/CT images were first extracted into 195 slices with 0.2 cm slice
width that cewened the SPECT field-of-view (39 cm) with the liver and kidney centered, which
is the typhon imaged following Lu-177 DOTATATE. Meanwhile, the corresponding
density ps were generated using an experimentally derived CT-to-density calibration

curve.

US¢

Next, Lu-177 SPECT projections corresponding to each phantom’s activity/density maps

were gen ing the SIMIND MC code [20] (Fig. 2 top branch) simulating approximately

1

2 billion hj er projection. The SIMIND model parameters were based on Lu-177 pa-

d

tient imaging | r clinic (Siemens Intevo with medium energy collimators, a 5/8” crystal, a
20% pho window at 208 keV and two adjacent 10% scatter windows). Poisson noise

was si

M

r the 128 projection views were scaled to a count-level in the range of 3 to

20 million total counts, corresponding to the range in post-therapy imaging. SPECT recon-

I

struction in-house 3D OSEM algorithm with CT-based attenuation correction, triple

energy wi atter correction and collimator-detector response modeling (4 subsets and

16 iteratio x128x81 matrix with voxel size 4.8x4.8x4.8mm?3, no Gaussian smooth-

n

ing). Aligi ere finally registered into CT image space (512x512x130 with voxel size

0.98xom

~—

U

Out of | patient phantoms, we randomly selected 9 for training and 5 for testing. Out
of the training dataset, to assess under/over-fitting, we randomly selected 20% of the total

slices to serve as a validation dataset.
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Patient Data

In additioqto thefbove virtual patients, our testing data included a total of 42 scans from 12

patients i t up to 4 time points during the first week following cycle 1 of standard Lu-

177 DOTa GBq). The images were acquired as part of an ongoing University of
. H I ) ) .

Michigan gB approved research study, where all subjects signed an informed consent form.

SPECT acguisition time was 25 minutes and all other SPECT imaging reconstruction pa-

rameters described above for the phantom simulation. The CT was performed in

low-dose mode (120 kVp; 15 — 80 mAs) with free breathing.

S

Monte C metry and dose voxel kernel convolution

nu

Monte Carj

d

The Monte Carlo code that we used, called Dose Planning Method (DPM), was originally

developed a lidated for fast dose-rate estimation in external beam radiotherapy [21].

\{

Previo pted and benchmarked DPM for internal radionuclide therapy applications

[22]. Because DPM was optimized specifically for voxel-level electron/photon dose computa-

I

tions with tion transport, it is faster than using general-purpose MC codes for voxel-

level dose @ ion. We used DPM to generate the ground truth training labels (Fig. 2) by

simulatin illion histories to generate dose-rate maps with reasonably low statistical un-

1

certain mple, with 1 billion histories for the phantom results shown in Fig. 4 and

|

Fig. 5, the®average statistical uncertainty across the kidney and lesions was less than 0.1%

for both the grodnd truth MC run and the SPECT+MC run. (Obtained from the uncertainty

J

images avaj rom DPM).

A
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DVK convolution with density scaling

To providi DVK iose-rate maps for residual learning, Lu-177 soft tissue (1.04 g/cm3) voxel
kernels w erated using DPM. The beta particle kernel size was 9x9x9 and the pho-
ton kerne 9x99x99 (both with voxel size 0.98x0.98x3mm?). We convolved the
SPECT inlage W|th the DVKs using fast Fourier transform (FFT)-convolution. Since using

homogenU tissue kernels neglects tissue inhomogeneities, we applied density scal-
a

ing that h shown to be a reasonable correction in past reports [23]. Here, after con-

volution, Wel was scaled by 1.04 (g/cm?) and divided by the local voxel density value
(g/cm?3) m the CT scan. Because our goal was to generate a reasonably accurate
and quick stimate for the residual learning process, we did not pursue other more so-
phisticate@aches [24, 25] that account for tissue heterogeneities. To address the very
high dose- |mate in extra low-density regions, e.g., air gaps, we set the dose-rate in

regions w density is less than 0.1 g/cm? to zero.

=

Network: DblurDoseNet

Our netw&n considers the decay properties of Lu-177 and the physics of beta/photon
interactio. The mean energy of the emitted electrons in the beta decay of Lu-177 is
134 keV a maximum energy is 497 keV, and the corresponding continuous slowing
down jon (CSDA) ranges (in water) are 0.3 mm and 1.8 mm, respectively [26].
The galHassociated with Lu-177 are low in intensity (113 keV (6.2%) and 208 keV

(10.4%)), and hefce, the absorbed dose is dominated by the beta component.

U

The input to the DVK method was an entire 3D SPECT image volume and its output was a
3D dose-rate map. In principle, a CNN could be designed similarly. However, for Lu-177

considering the short beta particle range in tissue and the low photon contribution, we de-
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signed a more memory efficient CNN that used a pack of 11 adjacent slices of the SPECT
and density images at a time to produce one output dose-rate map corresponding to the
middle w\t pack. The CNN was applied with an 11-slice sliding window to all axial
slices using dihg that replicated the first and last slices at the top and bottom boundaries,
respeciiveiymiliaus, the input to CNN was two arrays of size 512x512x11 (with voxel size

0.98x0.9h) and the output was an array of size 512x512 that corresponded to the

dosimetry‘of th, middle slice in the input arrays. During training and testing, these

512x512x¢11 s could be processed sequentially, but GPU devices could accelerate the
processing rallel computation.
As shown ig.3, we first concatenated the input activity/density maps along the channel

dimensiomen applied three 3D convolutional layers (with kernel size 7x7x5, 7x7x3,

7x7x3, respectively) to extract depth features. Next, we implemented a 2D U-Net that had 4
down-sampE up-sample layers, where the first convolutional layer in the 2D U-Net had
16 filte h down-sample layer, the number of filters at the next convolutional layer
was increased by a factor of 2 until it reached 128. We added the DVK dose-rate map to the
2D U-Netm as in the common residual learning approach. Finally, we obtained the
CNN dosap estimate after setting the dose-rate value in very low-density voxels

(p<0.1g/ zero. As discussed in the “Results” section, the residual CNN produced

consis dose-rate estimation accuracy than a CNN without residual learning.

I

U

The CNN was

gined by minimizing the mean square error between the ground-truth and
CNN ‘-ﬂ 2 maps using a batch size of 32. We used the Adam optimizer [30] with a dy-
namic learning rate (an initial value 0.001 with ReduceOnPlateau management strategy) and
trained our CNN for 200 epochs on two Nvidia Tesla V100 GPUs. The training/validation

loss converged visually to 288/410 after 4 hours of training (Fig. S.1). To cover different input
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count levels, we normalized each SPECT activity map so that all its voxels summed to one,

and then inversely scaled the dose-rate map estimate accordingly. To potentially improve

{

convergence during training, we also scaled the normalized SPECT and dose-rate maps

with a co ue so that they have a similar range as the density maps.

rip

Evaluatioft in t Phantoms

G

In test ph we used MC with the phantom activity and density maps to calculate the

S

ground truth dose-rate maps for performance evaluation. The estimated dose-rate maps

generated ECT/CT with the DVK (with density scaling), MC (with 1 billion histories)

tJ

and CNN were evaluated qualitatively by visual comparison of images, line profiles

1

and dose-fate=votume histograms (DRVHs) with those corresponding to the ground ftruth.

For quantitati aluations, we used the following metrics:

Ma

Dose- or each volume of interest (VOI), the dose-rate error is the absolute error

across the whole VOI calculated relative to the ground truth. This error was calculated for the

[

mean abs ose and DRVH statistics (DR10, DR30, DR70, DR90), corresponding to

the minim @ -rate to 10%, 30%, 70%, 90% of the VOI, respectively.

NRMSE® alized root mean square error (NRMSE) is defined as

uth

1 n ~ 2
np 2t (%57%))

NRMSE = 1—npz’
/azjﬂxj
where n,, de the total number of voxels in the VOI. Subscript j, e.g., x;, denotes the jth

voxel in the image. The true and estimated dose-rate image are denoted by x and x, respec-

tively.
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Ensemblanoise'The ensemble noise in spherical VOIs defined in non-tumoral liver or

spleen wamd across 3 (M = 3) Poisson noise realizations as:
[

%Zjevm(ﬁzyl:l(’?mm_”j)z)

Noise = T X 100%,
s @Zjevomj

where y; @1 Zm[j], np is the total number of voxels in the VOI, and %,,[j] denotes the

jth voxel iwimated dose-rate image of the mth Poisson noise realization.

The Iesiogd for these quantitative evaluations were defined manually on CT of
SPECT/CT- by baseline diagnostic CT or MRI by a radiologist with abdomen imaging

expertise.@ontours were defined using semi-automatic CT segmentation tools. The

healthEefined as liver minus lesions in the liver.

Results

Virtual pa@antom test results
Qualitative ment. Generally, there was better visual agreement between CNN dose-
rate m e ground-truth than between DVK/MC dose-rate maps and the ground-

truth. TMe images and line profiles in Figs. 4 and 5 and the DRVHSs in Fig. 6 provide

qualitative evide;e of the superior performance of the CNN across multiple regions (kidney,

abdom&lung lesion).

Quantitative Assessment. Table S.1 reports the mean dose-rate values for organs/lesions

across 5 test phantoms. Fig. 7 compares the mean dose-rate error and NRMSE in lesions
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and organs across all test phantoms. Similar to the results of the qualitative assessment
(Fig. 4-6), the CNN also consistently showed superior results compared to DVK and MC in
quantitMations (Fig. 7). For instance, compared to DVK and MC, the CNN esti-
mates shda @ average improvement (in mean dose-rate error) of 52%/20%, 55%/53%,
66%/5080 me686I6L %, 48%/49% and 58%/39% in healthy liver, lesion, left kidney, right kid-
ney, splehmbar vertebra, respectively. The NRMSE was also substantially lower for

the CNN than fol@DVK and MC across all VOIs (Fig. 7). The average improvement (in NRM-

G

SE) demoast by the CNN compared to DVK/MC was 10%/9%, 18%/17%, 11%/12%,

S

9%/10%, o/2T% and 18%/10% in healthy liver, lesion, left kidney, right kidney, spleen

and lumbar vertera, respectively. In addition to the improvement in the average values, the

H

maximum enoted by the error bars in Fig. 7) were also consistently lower with CNN

1

compared and MC. In Fig. 7, all three methods showed the highest errors for lesion

and lumb ra regions. This was attributed to the smaller size of these VOIs compared

d

to other organs and the corresponding increase in partial volume effects. In the case of lum-

bar vertebra, ant to bone marrow dosimetry, the very low uptake in these regions also

contrib er dose-rate errors. For lesions and lumbar vertebra that had a relatively

large sample size (15 and 18), a paired t-test demonstrated that the differences of mean

I

dose-rate error and NRMSE between CNN and MC (DVK), as shown in Fig. 7, were statisti-

cally sign able S.2 shows p-values). Moreover, DRVHs statistics (DR10, DR30,

DR70, D demonstrated in Fig. 8 and Fig. 9 also show the superiority of the CNN

compa

uth

Noise Evaluatiogd Table 1 shows a consistent reduction of ensemble noise in background

VOls verage of 21% and 27% improvement demonstrated by the CNN compared to

A

DVK and MC (running 1 billion histories), where MC had the highest level of noise due to its

statistical nature.
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Patient results

In patienti wher' there was no known ground-truth, results were instead compared visually.

Fig. 8 anm\:v examples of dose-rate maps corresponding to high count (day 1 post-

therapy) nt (day 7 post-therapy) imaging conditions post-Lu-177 DOTATATE.
H .

Although sncrete conclusions could not be drawn, as there was no known ground truth;

visual inspgcti implied potential reduction of SPECT spatial resolution effects on dose-

rate accuﬂour DblurDoseNet. For instance, with the CNN, the enlarged kidney map

and line pfofil€s af Fig. 8 show a larger decrease in dose-rate in the medulla and renal pelvis

S

areas, whj be due to the expected lower physiological Lu-177 uptake in this part of

the kidne

U

red to the cortex region. In addition, in Fig. 9, the lesion with a necrotic

center demonstrated a larger drop in dose-rate at the center with the CNN compared to DVK

N

or MC, which could be due to the expected lower uptake associated with necrosis. Moreo-

ver, to de e the generalizability of our CNN on patient data, we tested our CNN using

a

42 SP ns of 12 patients and then compared with DVK and MC dose-rate maps in

terms of n dose-rate and DRVH statistics (DR10, DR30, DR70 and DR90) across

V]

lesions and kidneys. As demonstrated in Table 2, there was a strong agreement between

CNN and@MC for mean dose-rate in kidneys; and for mean dose-rate in lesions, CNN

[

showed hi lues than MC, which could be partially due to the compensation of SPECT

O

resolution . For DRVH statistics shown in Fig. 6, the CNN and MC results also agreed

well in kidhey; but for lesions, the CNN measurement showed a lower dose-rate value in

g

DR70 (DR#0) and a higher dose-rate value in DR30 (DR10), compared to MC and DVK. The

{

DRVHs in ons might be improved because the blurring effects caused by the limited

U

SPECT ¢ esolution would lead to a higher DR70 (DR90) and a lower DR30 (DR10),

but co nclusions could not be made due to the absence of ground truth.

A
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Comparing Performance with a Non-residual network and a 2D network

To demo*trate i‘ue effectiveness of residual learning and the 3D convolutional feature ex-

tractor thamented, we also compared our proposed CNN with a CNN that had the

same arc t without residual learning (not adding the DVK dose-rate map to the
H .

output of 2b U-Net); and to a CNN without 3D feature extractor (a purely 2D U-Net where we

treated thegdepifl dimension of input as channels). The non-residual CNN and the 2D CNN

were train g the same hyper-parameters and the same training data as for the pro-

posed Cr\we testing used the same test phantoms demonstrated in the previous sec-

tion. As s Table 3, quantitative comparisons across all test phantoms showed supe-
rior result proposed CNN (DblurDoseNet) for almost all VOIs except for some cases
where all the networks show comparable results. Based on these promising results, we be-

convoluti

lieved the idea of residual learning was effective and it was beneficial to include a few 3D
I s to extract 3D information rather than using only 2D convolutions.

Time

We compm computation times of the different methods for generating a dose-rate

map corre m\ to the typical 512 x 512 x 130 patient SPECT/CT image size on CPU
(Intel Core 1S .3 GHz) or GPU (Tesla V100). DVK with density scaling took ~20 seconds
on the C& and ~10 seconds on the GPU. DPM MC code took ~60 minutes simulating 1
billion I'Mr both ground truth and test phantoms/patients) on the CPU while running
DPM on a not an option at this time (we are unaware of any MC code for internal

therapy running gn a GPU). The CNN took ~20 minutes on the CPU and ~20 seconds using

considering the DVK pre-computation time for the residual learning network,

the total GPU time cost for the CNN with residual learning is ~20+10 seconds.
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Discussion

Reliable *xel-le'el dosimetry requires reliable dose-rate images at multiple timepoints as

well as demle co-registration and fitting of the dose-rate vs. time data estimated at the
voxel-lev ing reliable voxel-level co-registration and fitting to generate dose maps
B I - :
can be challenging, but the feasibility has been demonstrated [31, 32]. In this work, we fo-
cused on genegating reliable dose-rate maps. With evaluation both on virtual patient phan-
toms that clinically relevant conditions and patients who underwent Lu-177 DOTA-
TATE themur clinic, we demonstrated that our CNN using residual learning framework
could provi and accurate dose-rate estimation. Despite using only moderate amount

of training burDoseNet provided consistently superior performance over conventional

voxel dos!etry in terms of resolution, accuracy and noise across multiple regions including

mentation
erated nds, which was a fraction of the time associated with running MC, the cur-
rent go@. Although generating the ground-truth labels for training by MC was com-
putationally expensive, this effort was needed only once at training time, for a given SPECT

imaging sstem.

O

The m@n to accurate voxel-level patient specific dose-rate estimation with non-
learning-base thods is the poor spatial resolution associated with the input SPECT (or

kidneys, lumbar vertebra and lesions in soft-tissue and lung. Importantly, for clinical imple-
mN voxel dose-rate map for a 512 x 512 x 130 patient image could be gen-

PET) ima js issue was evident in our results where the theoretically accurate MC-
based cal i@y only slightly outperformed DVK with density scaling. In contrast, by using
the true map-based dose-rate estimates for training, our CNN has the ability to
“learn” the ies of dose deposition and to compensate for the SPECT resolution effects

that both lead to blurring of the conventional (non-learning-based) dose-rate maps, as

demonstrated in the phantom results (Figs. 4-7, Table 1). In patient studies, potential mitiga-
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tion of SPECT resolution effects was demonstrated empirically. In Fig. 8, the CNN-based
estimates show sharper line profiles and larger drops in dose-rate over the medulla area of
the kidmous to the illustration of Fig. 1. In Fig. 9, the larger drop of dose-rate in the
necrotic c @ a tumor, may reflect what is expected based on physiology. Although test
results wenespremising over 42 scans originating from 12 patients, further testing is planned
as more ;Lnages become available. We did not investigate training with more virtual
patients, @simulating Lu-177 SPECT projections by full MC simulation was computa-
tionally e . Furthermore, we found that our CNN, trained by 9 virtual patient phan-
toms, wam generate promising dose-rate estimates across a diverse range of test
cases. We expei that applying self/weakly-supervised training may address the computa-
tional inetof simulating Lu-177 SPECT projections in the future. In addition, due to

the lack truth, we were unable to make concrete conclusions about the perfor-
mance of Bu on test patient data. But the uncertainty of our CNN can be quantified by

generating confidence maps [33, 34, 35] using Bayesian networks [36], an ensemble of mul-

, or an extension of the probabilistic U-Net [38], which can be one direction

e future.

The mea

aite errors shown in Fig. 7, especially for lesions, were generally lower than

Qr

one would based on reported activity recovery in quantitative Lu-177 SPECT phan-

tom stugi xample, for 72 OSEM updates, activity recovery of only 80% was reported

1

[

for a 26* ume “hot” sphere in a “warm” background region [39]. The results of the

current study shgwed lower errors because, unlike in a physical phantom, the assigned

Gl

“true” activity es at the boundary of the structures in our PET-based virtual patients did

not dr harply, and instead, were blurred out. Moreover, in Fig. 7, all 3 methods

I

showed the largest mean dose-rate error for lesions and lumbar vertebra, as expected due
to the relatively smaller sizes of these structures compared to other organs, and hence par-

tial volume effects associated with SPECT resolution were higher. The large error for the
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lumbar region with DVK (~25%) was likely to be due to the heterogenous tissue within this
region, which includes cortical bone, trabecula bone, yellow and red marrow. Regarding
DVK, trmensity scaling that was performed in our study was potentially inadequate
for this re @ rthermore, the Lu-177 uptake in a lumbar region was very low, so the
cross-desesseninibution to dose-rate there, including the photon cross-dose, could be signifi-
cant. Ouer 99 photon kernel may have been insufficient to capture the full photon

cross dosg contgbution to the lumbar vertebra. Our study did not include standard partial

¢

volume ¢ using volume-dependent recovery coefficients (RCs) because such meth-
ods provima mean dose, not a voxel-level correction. Furthermore, the limitations of
standard RC methods due to dependence on object shape, activity distribution and target-to-
backgrou i@s are well known. Voxel-level partial volume correction is much more chal-

lenging [ heir applications in SPECT are not well established. Our results demon-

strated thmg using true dose-rate maps could reduce the need for such corrections to

compegsolution effects.

To define our virtual patient activity maps, we chose to use Ga-68 DOTATATE PET/CT to
exploit th*)ility of these images that had finer resolution than SPECT and showed
similar uperns as Lu-177 DOTATATE. Despite the standard practice of using Ga-68
PET or Lu- ECT as a theranostic pair, some differences between the two distributions
were t d, but we did not expect this to impact our CNN performance because the
PET imw used only to define the virtual patient phantoms and not in the training
process itsel3)roposed in another study [41]. Ideally, however, images of higher resolu-
tion than clini ET should be considered as the true representation of the activity map of
patientinerating the virtual patient training set, but usually they are not readily
available. To circumvent this issue, we also investigated using phantoms with piece-wise

uniform uptake in CT-defined organs/lesions for training (such as XCAT [42] in Fig. 1), but

we found that such training led to unnaturally uniform dose-rate maps when tested on patient

This article is protected by copyright. All rights reserved.



images. We also fed our CNN with an all-zero activity map, as a sanity check to our pro-
posed framework as well as implementation. The output dose-rate map, as expected, was all
Zeros. |ﬁ| ustrates that if there is no apparent signal in the reconstructed SPECT, then

there will @ y unexpected nonzero values in the dose-rate map. A possible alternative

P

to our lPEilEbased virtual patient activity maps is to assign distributions based on high-
resolutionhmodels, for instance, ex-vivo autoradiography showing uptake distribution

of DOTATATE inlkidney [43].

SC

Our results alsoydemonstrate the advantage of residual learning framework exploiting the

Ul

fast DVK approach as an initial estimate, which was not utilized in the prior studies [14-17].

We also c8gpj ed that incorporating residual learning could not only improve performance

[l

on the te but also accelerate the training process. As shown in Fig. S.1, after 200

d

epochs of tfai , the training/validation loss of residual CNN went down to 288/410 at the
last 50 ep ompared to 902/1250 without residual learning, which means fewer epochs

are ne

V]

in the residual CNN. Other than using a fast DVK approach for residual
learning, an alternative was to generate a quick MC (low number of histories) estimate,

which wa

I

lored here. Another advantage of our network is that we first implemented

a couple ¢ eature extractor layers that shrink the 3D input into 2D at the beginning of

our networ pared to fully 3D approaches, this approach leads to a network having

fewer (because 2D kernels have fewer parameters than 3D kernels), so it is less

n

{

likely to training data, avoiding a common problem in deep learning applications

for medical imagihg, where only moderate amount of training data is available. Another op-

Gl

tion that we di t investigate is to use 2.5D CNN architectures [44]. A potential drawback

of our d CNN is possible discontinuity of pixel values in coronal slices; however, we

A

did not observe such discontinuity as evident in the Fig. S.2, presumably due to the 11-slice

sliding window.
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We expeci that tgaining a single CNN, as we did in the current study, is simpler than training

2 separatdlearn the dosimetry and SPECT resolution effects. Typically, there will

be 3 stag

H
tion; stagew2: training CNN-B for dosimetry; stage 3: jointly fine-tuning CNN-A and CNN-B.

to train 2 separate CNNs; stage 1: training CNN-A for SPECT resolu-

Compared proposed end-to-end network (DblurDoseNet), which only involves one
training st h 3-stage of training will be more complex and potentially inefficient. How-
ever, onlyw comprehensive comparisons can one draw definite conclusions between

these tWthes, which we expect to undertake in the future. Although our study only
investigat 7 dosimetry, we expect that by changing the training dataset and making
minor modifications to the architecture, our CNN approach can be extended to other radio-

ns to the dose-rate.

nuclides including Y-90 that is a pure-beta emitter and 1-131 that has significant beta and
gamma cm

Concl

We const@nd tested a residual CNN that was trained on virtual patient phantom im-

ages to I@ mapping from SPECT/CT images to the corresponding dose-rate maps.

We took th el approach of using a single CNN to learn not only the dose-rate estimation
but also Scompensate for blurring of the dose-rate map due to poor SPECT resolution.
AcrossMgions such as kidney, lumbar vertebra and lesions in both soft tissue and
lung, the d residual DburDoseNet was able to outperform conventional voxel-level

dosimetry methods, including the current “gold standard” MC, in terms of accuracy, noise

tient specific voxel-level dose rate maps can be generated in ~30 secs on
GPU; hence the CTNN approach has much promise for real-time clinical use in radionuclide

therapy dosimetry for treatment planning.
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Figure Captions

Fig. 1. IIIus'ation sblurring of dose-rate maps due to the limited resolution of the SPECT-based input

activity map e potential for a learning-based method to outperform MC, the current gold-
standard. ed in this illustration was trained and tested on different XCAT [42] phantoms.
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Fig. 2. Overview of phantom data generation for training/testing and the network training process.
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Fig. 4. One slice of the test virtual patient phantom #2. The top two branches show the true activity
map defined based on Ga-68 PET, SPECT and CT images, the ground truth dose-rate map and the

dose-raanm the different methods (DVK, MC, CNN). The bottom branch shows line profiles

across the @ d the residual map (the difference between CNN and DVK dose-rate map). The

dose-rate
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Fig. 5. One slice of the test virtual patient phantom #5. The top two branches show the true activity
map defined based on Ga-68 PET, SPECT and CT images, the ground truth dose-rate map and the

dose-raanm the different methods (DVK, MC, CNN). The bottom branch shows line profiles

across the he residual map (the difference between the CNN and DVK dose-rate maps).

nGy/MBg-sec

2 14
12

True activity

Lesion

DoseGT DoseDVK DoseCNN

Horizontal Profile Vertlcal Proflle i
" . Residual map nGy/MBq-sec
. 1 ’
" o
$. §. .
gco g'“ i
(o] o 1
§ L} § L o
* L g [ .e Kl
8 . 8 . .’ﬂ 4 2
B
o o

This article is protected by copyright. All rights reserved.



Fig. 6. Tumor & kidney differential and cumulative dose-rate volume histograms corresponding to

DVK, MC, CNN and the ground-truth dose-rate maps of virtual patient phantoms. The sizes of tumor 1

and tumH and 65 mL, respectively.
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Fig. 7. Mean dose-rate error, NRMSE and error in DRVH statistics (DR10, DR30, DR70, DR90) com-
parison and CNN relative to ground-truth dose-rate map across all test phantoms. Medi-
an (range) m es are: healthy liver (liver minus lesions): 1607mL (1164mL — 2262mL); lesion:

16mL (4 =8l ); Left kidney: 177mL (98mL — 211mL); Right kidney: 156mL (76mL — 249mL);

Spleen: 19“ mL — 467mL); Lumbar vertebra L2 to L5: 54mL (34mL — 68mL).

Author Manusc
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Fig. 8. One ;Iice aioss kidney of the input images (SPECT, CT) and output DVK, MC, CNN dose-

rate maps andJline profiles for a patient imaged after Lu-177 DOTATATE (at day 1 post-therapy). The

@

residual ma difference between CNN and DVK dose-rate map.
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Fig. 9. One ;Iice aioss lesion of the input images (SPECT, CT) and output DVK, MC, CNN dose-rate

maps and lineprofiles for a patient imaged after Lu-177 DOTATATE (at day 7 post-therapy). The re-
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Table 1. Ensemble noise from 3 realizations for DVK, MC and CNN across all test phantoms. Number

of voxels ranged from 2527 to 23411.

Ensemble Background Re- DVK MC CNN
gion
Phantony #1 Liver & Spleen 4.6% 6.1% 3.4%
W@ Liver 12.6% 13.3% 9.2%
Phantom Liver 14.0% 14.6% 12.9%
Phanto Liver 20.3% 19.6% 14.8%
Phantom Spleen 7.1% 7.6% 5.8%

i
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Table 2. Dose-rate values (mean dose-rate and DRVH statistics) for DVK, MC and CNN methods

averaged across all 42 scans from 12 patients. Minimum and maximum values are shown in paren-

thesis. 'IH (ranges) for the VOI volumes are: lesion: 15 mL (2.3 mL — 582 mL); left kidney:

192 mL (1 75 mL

P

); right kidney: 180 mL (122 mL — 259 mL).

Dose-rate*

(nGy/MBg-sec)

DVK

MC

CNN

%Cri

Mean dose-rate

13.7 (0.2 - 87.9)

13.9 (0.3 -88.9)

14.4 (0.3 - 88.8)

: DR10 25.1 (0.4 - 177) 25.4 (0.4 - 179) 27.8 (0.5 - 188)

LesC DR30 15.8 (0.3 — 122) 16.1 (0.3 — 123) 16.9 (0.3 — 127)

DR70 8.2(0.2-48.1) 8.3 (0.3 - 48.5) 8.1 (0.3 -48.8)

m DR90 5.4 (0.1-17.1) 5.6 (0.1—19.3) 5.0 (0.1 —22.9)

E Mean dose-rate 3.7 (0.7 -8.6) 3.8(0.7-8.7) 3.8(0.7-8.3)

DR10 6.0 (1.4-12.7) 6.1(1.4-12.8) 5.8 (1.4 -12.3)

Left kiSey DR30 46(1.0-10.7) 47 (1.0-11.0) 46(1.0-10.7)

O DR70 27(02-7.0) 27(02-7.0) 28(02-7.0)

DR90 1.6 (0.1-3.8) 1.7 (0.1 - 3.8) 1.6 (0.1 - 3.6)

4 Mean dose-rate 4.2(0.7-9.1) 4.3(0.8-9.2) 4.2(0.8-9.1)
H

DR10 71(15-17.2) 72(16-17.2) 7.0(1.8-15.2)

Right u; DR30 5.2 (1.0 -11.8) 53 (1.1-11.8) 53(1.1-12.2)

< DR70 28(0.2-7.3) 29(0.2-7.3) 28(0.2-7.7)

DR90 1.6 (0.1-4.4) 1.7 (0.1 —4.5) 15 (0.1—4.0)

*Reported dose-rates are normalized to 1 MBq in field-of-view.
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Table 3. Mean (maximum) dose-rate error and NRMSE comparison between CNN with and without

rean and with 2D and 3D networks evaluated across VOls in all test phantoms.

Healthy liver

Mean Dose-rate Error NRMSE
3D w/o res 2D w/ res 3D w/ res 3D w/o res 2D w/ res
(DblurDoseNet)
5.5% (7.0%) 1.2% (3.1%) 19.6% (33.2%) | 21.6% (35.1%) | 23.2% (33.3%)

Lesion

Liver

6.9% (12.5%)

6.0% (13.9%)

21.2% (32.5%)

21.4% (31.5%)

21.8% (38.0%)

5.7% (7.6%)

1.9% (4.8%)

20.6% (26.3%)

21.6% (27.6%)

22.8% (26.6%)

Left kidney

Right kidney

0.9% (2.1%)

5.2% (6.5%)

1.8% (3.8%)

19.2% (22.9%)

20.1% (22.0%)

19.0% (20.8%)

(51%)

5.8% (12.6%)

2.6% (7.5%)

19.6% (21.5%)

20.5% (24.3%)

20.0% (23.6%)

5% (6.2%)

6.3% (9.5%)

2.2% (6.4%)

13.1% (17.7%)

14.4% (19.9%)

13.2% (18.2%)

Lumbar

bra

% (27.4%)

10.5% (27.2%)

12.1% (30.6%)

33.0% (51.4%)

32.9% (49.1%)

32.7% (50.2%)

This article is protected by copyright. All rights reserved.




