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Abstract
Purpose  Dopamine transporter (DAT) SPECT is an effective tool for early Parkinson’s 
disease (PD) detection and heavily hampered by attenuation. Attenuation correction 
(AC) is the most important correction among other corrections. Transfer learning (TL) 
with fine-tuning (FT) a pre-trained model has shown potential in enhancing deep 
learning (DL)-based AC methods. In this study, we investigate leveraging realistic 
Monte Carlo (MC) simulation data to create a pre-trained model for TL-based AC (TLAC) 
to improve AC performance for DAT SPECT.

Methods  A total number of 200 digital brain phantoms with realistic 99mTc-TRODAT-1 
distribution was used to generate realistic noisy SPECT projections using MC SIMIND 
program and an analytical projector. One hundred real clinical 99mTc-TRODAT-1 brain 
SPECT data were also retrospectively analyzed. All projections were reconstructed with 
and without CT-based attenuation correction (CTAC/NAC). A 3D conditional generative 
adversarial network (cGAN) was pre-trained using 200 pairs of simulated NAC and CTAC 
SPECT data. Subsequently, 8, 24, and 80 pairs of clinical NAC and CTAC DAT SPECT data 
were employed to fine-tune the pre-trained U-Net generator of cGAN (TLAC-MC). 
Comparisons were made against without FT (DLAC-MC), training on purely limited 
clinical data (DLAC-CLI), clinical data with data augmentation (DLAC-AUG), mixed 
MC and clinical data (DLAC-MIX), TL using analytical simulation data (TLAC-ANA), and 
Chang’s AC (ChangAC). All datasets used for DL-based methods were split to 7/8 for 
training and 1/8 for validation, and a 1-/2-/5-fold cross-validation were applied to test 
all 100 clinical datasets, depending on the numbers of clinical data used in the training 
model.

Results  With 8 available clinical datasets, TLAC-MC achieved the best result in 
Normalized Mean Squared Error (NMSE) and Structural Similarity Index Measure (SSIM) 
(TLAC-MC; NMSE = 0.0143 ± 0.0082/SSIM = 0.9355 ± 0.0203), followed by DLAC-AUG, 
DLAC-MIX, TLAC-ANA, DLAC-CLI, DLAC-MC, ChangAC and NAC. Similar trends exist 
when increasing the number of clinical datasets. For TL-based AC methods, the fewer 
clinical datasets available for FT, the greater the improvement as compared to DLAC-
CLI using the same number of clinical datasets for training. Joint histograms analysis 
and Bland-Altman plots of SBR results also demonstrate consistent findings.
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Introduction
Parkinson’s Disease (PD) is the second most prevalent and the fastest increasing neu-
rodegenerative disorder, imposing an increasingly heavy burden on both families and 
societies [1]. PD is characterized primarily by the progressive degeneration of dopami-
nergic neurons containing neuromelanin in the substantia nigra, resulting in a signifi-
cant reduction in dopamine transporter (DAT) levels within the nigrostriatal pathway 
[2]. Currently, single photon emission computed tomography (SPECT), is a well-estab-
lished non-invasive imaging method for PD diagnosis, with 123I-ioflupane [3] and 99mTc-
TRODAT-1 [4] as two commonly used radionuclide tracers to target DAT.

However, several image degradation factors, including attenuation, scatter and col-
limator septal penetration [5], affect the image quality and quantitative accuracy in 
SPECT. Among these factors, attenuation has the most substantial impact [6], making 
attenuation correction (AC) an essential process to enhance SPECT image quality and 
quantitative accuracy. In clinical practice, CT-based attenuation correction (CTAC) has 
been demonstrated to compensate for the attenuation effect in DAT SPECT effectively, 
improving both image quality and quantitative accuracy [7]. In hybrid SPECT-CT sys-
tems, attenuation maps (µ-maps) can be derived from CT scans and incorporated into 
the iterative reconstruction to generate AC images [8]. However, stand-alone SPECT 
systems currently occupy a majority (~ 80%) of the SPECT market share [9]. Even when 
CT is available, the presence of CT artifacts [10] and misregistration between CT and 
SPECT [11] can lead to attenuation artifacts. Additionally, the radiation exposure from 
CT may also increase the risk of cancer [12]. Chang’s AC method [13] (ChangAC) is a 
conventional CT-less AC method that assumes homogenous tissue distribution. How-
ever, this assumption may lead to estimation errors, especially for areas with high µ val-
ues, such as the skull in brain SPECT.

Recently, deep learning (DL) has emerged as a promising alternative in SPECT AC 
[14]. Primary challenges associated with DL methods are the need for sufficient clini-
cal data and the associated computation time for training. New training methods with 
relatively limited clinical data are of clinical interest to enhance the practicability. Trans-
fer learning (TL) emerges as a promising DL strategy, involving fine-tuning (FT) a pre-
trained model with reduced data and training time [15]. For nuclear medicine imaging, 
Sun et al. [16] demonstrated the application of TL for cross-tracer and cross-scanner AC 
in brain SPECT. However, TL strategies still need extensive clinical data for pre-training, 
which could be difficult to obtain as well.

Digital phantoms [17], coupled with Monte Carlo (MC) simulations [18], can generate 
realistic data and serve as evaluation benchmarks without physical experimentation or 
prototype manufacturing [19–22]. The introduction of a realistic phantom population 
[23] further enhances the feasibility of a virtual clinical trial [24]. Recently, we proposed 

Conclusion  TLAC is feasible for DAT SPECT with a pre-trained model generated purely 
based on simulation data. TLAC-MC demonstrates superior performance over other 
DL-based AC methods, particularly when limited clinical datasets are available. The 
closer the pre-training data is to the target domain, the better the performance of the 
TLAC model.

Keywords  Parkinson’s disease, Brain SPECT, Transfer learning, Monte carlo simulation, 
Attenuation correction, 99mTc-TRODAT-1



Page 3 of 14Huang et al. EJNMMI Physics           (2025) 12:43 

a method to generate a realistic digital brain phantom population for PD that includes 
variations in anatomical features and DAT tracer uptake according to the SPECT Visual 
Interpretation (VI) assessment scheme [25]. MC simulated data have been applied on 
DL-based image processing in SPECT [26], yet no study has explored the feasibility of 
a simulation-based pre-trained model for brain SPECT TLAC. In this work, we develop 
a 3D conditional generative adversarial network (cGAN) to estimate the CTAC images 
from non-attenuation-corrected (NAC) images of DAT SPECT, using the TL strategy to 
fine-tune a simulation-based pre-trained model with limited patient data. We also evalu-
ate different DL and TL training strategies and the use of different number of FT data on 
the model performance.

Materials and methods
Data acquisition and preprocessing

Clinical dataset
99mTc-TRODAT-1 SPECT data of 100 patients with suspected PD (age range: 35 to 87 
years, mean ± standard deviation (SD): 70.88 ± 9.84 years; injected activity: 1110 MBq; 55 
male and 45 female) were retrospectively collected in 2016 from Show Chwan Memo-
rial Hospital under the local ethics approval (SCMH_IRB Number, 1311110704). All 
data were acquired using a commercial clinical dual-head SPECT/CT scanner (Symbia, 
Siemens Healthineers, Erlangen, Germany) equipped with 2 low-energy high-resolution 
parallel-hole collimators, and a 9.6 mm (3/8 inch) thick NaI crystal with a 3.8 mm intrin-
sic resolution. The dual energy window (DEW) scatter correction method was imple-
mented, with the primary and scatter windows set at 126–154  keV and 114–126  keV, 
respectively. The SPECT data comprised of 120 projection views with a bin size of 
2.7 mm. CT images were acquired for SPECT AC after the SPECT scan using a 2-slice 
CT scanner with acquisition parameters of 10 mAs, 130 kVp, a pitch of 1.5, and a recon-
structed slice thickness of 3 mm. The CT images were subsequently registered to SPECT 
data using the scanner software and then converted to µ-maps using a bilinear model 
[27].

Simulation dataset

We generated a population of 200 realistic digital PD phantoms based on our previous 
study [28]. The MC simulation tool SIMIND [19] was used to generate realistic simu-
lated projection data modeling all relevant physical factors as well as the same SPECT 
system and data acquisition parameters as the clinical data. Almost noise-free projec-
tions with 120 views and a 1 mm bin size were obtained by about 50 M simulated pho-
ton counts. Projections were then resampled from 256 × 200 × 120 to 95 × 74 × 120 with 
a 2.7 mm bin size consistent with clinical data to model continuous-to-discrete activity 
sampling in clinical data acquisition [29]. We also generated a set of analytical simulation 
projections, modeling only the attenuation effect using a rotation based analytical pro-
jector [30]. We then scaled both MC and analytical simulation projections following a 
truncated Gaussian distribution according to our clinical reference (2.49 ± 0.73 M, range 
0.49 ~ 4.88 M), and modeled Poisson noise on the scaled projections to obtain realistic 
noisy simulated projections.

The reconstruction process utilized ordered subset expectation maximization 
algorithm (8 iterations, 4 subsets). Both clinical and simulation projections were 
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reconstructed with and without CT-based AC (CTAC and NAC). Additionally, Chan-
gAC for clinical data was implemented for comparison. DEW scatter correction and 
collimator-detector response correction were applied for both clinical and MC simu-
lated data. The reconstructed images were with a matrix size of 128 × 128 × 128 and a 
voxel size of 2.7 × 2.7 × 2.7 mm³. A Gaussian filter with a full-width-at-half-maximum of 
4.8 mm was applied to all reconstructed images. Sample images of simulated and clinical 
CTAC data were presented in Supplementary Fig. 1.

Network architecture

In this study, a 3D cGAN was implemented [14], consisting of a U-Net generator (G) 
and a convolutional neural network (CNN) discriminator (D). The U-Net generator 
consisted of four encoder-decoder layers, each included two convolutional layers with 
a kernel size of 3 × 3 × 3, followed by a rectified linear unit (ReLU) activation function. 
After the activation function, a 3D max-pooling layer with a stride of 2 and a kernel size 
of 2 × 2 × 2 was used for each encoding step, and transposed convolutional layers were 
used to recover the feature maps for the decoding step. The recovered feature maps were 
concatenated with the skip connection from the corresponding encoder layer and served 
as input for the subsequent decoder layer. After the final decoder layer, a convolutional 
layer with a kernel size of 1 × 1 × 1 was employed to produce the final estimated data as 
the network output.

The discriminator consisted of four 3D convolutional layers with a stride of 2 and a 
kernel size of 3 × 3 × 3. Each convolutional layer was followed by a leaky ReLU (LReLU) 
activation function with a slope of 0.2. CTAC images and DL-based AC images from 
the generator were used as input. Then a binary classification was made to evaluate the 
authenticity of the input images. The generator loss LG and the discriminator LD  were 
defined as follows:

LG (x, y) = Ladv (x) + λ SL1(G (x) , y) � (1)

LD (x, y) = 1
2 (( D (x, y) − Treal)2 + (D( x, G (x) − Tsynthetic)2) � (2)

Where x and y were the NAC and CTAC SPECT image, respectively. Ladv  was the 
adversarial loss function of the generator, SL1 was the smooth L1 loss function, which 
combines the advantages of L1 and L2 loss. They were defined as follows:

Ladv (x) = 1
2 (( D (x) , G (x) − Treal)2 � (3)

SL1 (x, y) =
{

1
2 (y − G (x) )2

, |y − G (x)| < 1
|y − G (x)| − 0.5, otherwise

� (4)

where Treal=1 and Tsynthetic=0 were labels for the discriminant results of real and syn-
thetic images, respectively. λ was the weight for SL1 loss and is set to 10 in this study 
[31]. The proposed network was trained for 600 epochs with an initial learning rate of 
0.0002, employing the Adam optimizer for optimization [32]. The network was imple-
mented using PyTorch and executed on a NVIDIA GeForce RTX 4090 GPU.
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Network training

The 3D cGAN was first pre-trained by 200 paired MC or analytical simulated NAC and 
CTAC DAT SPECT images to get the pre-trained model, respectively. Subsequently, 
8, 24, and 80 pairs of NAC and CTAC clinical DAT SPECT images were employed to 
fine-tune the pre-trained MC simulation model (TLAC-MC) and analytical simulation 
model (TLAC-ANA). The FT process for TLAC-MC involved 3 different strategies: (i) 
TLAC-MC-st1: FT the first input layer i1 and the last output layer o1; (ii) TLAC-MC-st2: 
FT the first three down-sampling layers ( i1, i2, i3) and the last three up-sampling layers 
( o1, o2, o3); (iii) TLAC-MC-st3: FT all layers (n = 18) Lall. Best FT strategy would be was 
used for TLAC-MC and TLAC-ANA later in the study for further comparison. The FT 
layers were depicted in Fig. 1a. Given the same number of available clinical data used for 
FT in TLAC, i.e., 8/24/80, various training strategies were also implemented for com-
parison, including training using limited amount (8/24/80) of clinical data (DLAC-CLI) 
as the baseline; with 6 times data augmentation (8 × 6/24 × 6/80 × 6) using ± 10 degrees 
rotations and horizontal flip of the clinical data (DLAC-AUG); with a direct mixture 
(8/24/80 clinical + 200 MC simulation) of data (DLAC-MIX); and direct testing using 
the pre-trained MC model without FT (DLAC-MC). All training datasets were split into 
7/8 for training and 1/8 validation. For testing, 20 clinical data were tested for models 
trained on 80 clinical datasets, while 50 clinical data were tested for models trained on 
24 or 8 clinical datasets. All 100 clinical data were tested for DLAC-MC as a single fold. 
A 5-fold cross-validation was applied to training strategies utilizing 80 clinical datasets, 
while a 2-fold cross-validation was implemented for training strategies employing 24 or 
8 clinical datasets to test all 100 clinical cases.

Fig. 1  The schematic diagram of the 3D cGAN architecture used in this study. (a) The U-Net generator and (b) 
the discriminator. The layers for fine-tuning are labeled on the U-Net generator. (c) Striatum (red mask) and back-
ground (green mask) regions-of-interest used in this study
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Evaluation metrics

MC simulated CTAC images were compared with the clinical CTAC images using a 
voxel-based analysis of normalized mean square error (NMSE) (Eq.  5) and structural 
similarity index (SSIM) (Eq.  6) on the whole 3D brain region. Both indices were also 
assessed on clinical NAC, ChangAC, different DL-based AC images.

NMSE =
∑

N
j=1(xj−λ i)2∑

N
j=1λ j

2 � (5)

SSIM = (2µ xµ λ +C1)(2σ x,λ +C2)
(µ 2

x+µ 2
λ

+C1)(σ 2
x+σ 2

λ
+C2) � (6)

where N  was the total number of voxels, λ  as the voxel count value in the reference 
image, i.e., clinical CTAC image, xj  was the voxel count value in evaluated image, and 
j was the voxel index. µ λ and σ λ  were the mean value and standard deviation of the 
reference image, µ x and σ x were the mean value and standard deviation of the evalu-
ated image, σ x,λ  was the cross-covariance between the evaluated image and the refer-
ence image. The constants C1 = (K1 × L)2 and C2 = (K2 × L)2 are used to stabilize 
the division when the denominator is very small. L represents the maximum voxel value 
between the 2 compared images. K1 and K2 are empirically set to 0.01 and 0.03 [33], 
respectively. Scatter plots of NMSE and SSIM results between reconstructed MC simula-
tion and clinical data, as well as among clinical data were generated to evaluate the simi-
larity between the two. A paired Mann-Whitney U test was used to evaluate their NMSE 
and SSIM differences, and was also employed to compare NMSE and SSIM results for 
different AC methods compared to their corresponding baseline method. For DL-based 
AC methods trained on different number of clinical datasets, their baselines were the 
DLAC-CLI models trained on the same number of clinical datasets. Meanwhile, NAC, 
ChangAC, and DLAC-MC were compared with DLAC-CLI trained on 8 clinical data-
sets. A p-value of < 0.05 indicates a significant difference. Joint histogram analysis and 
linear regression were also performed to evaluate the distribution differences between 
various AC methods and their corresponding baselines.

For clinically relevant analysis, striatal binding ratio (SBR) (Eq. 3) was assessed for dif-
ferent AC images.

SBR =
−
λ st−

−
λ bg

−
λ bg

� (7)

where 
−
λ st was the mean count value in the striatum region and 

−
λ bg  was the mean 

count value in a uniform cerebellum region (20 × 10 × 10) (Fig. 1c). The striatum region 
was segmented using a threshold of 67% of the maximum intensity of the DAT SPECT 
images for each subject [34]. Bland-Altman plots were applied to SBR results to evaluate 
the differences among various AC methods compared to their corresponding baselines.

Results
Supplementary Fig.  1 presents sample MC simulated projections and reconstructed 
images with CTAC along with the clinical data, demonstrating a high degree of similar-
ity. While Supplementary Fig. 2 further demonstrates the high similarity between simu-
lation and clinical reconstructed images with CTAC, based on quantitative results.
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Transfer learning strategies

Figure 2 displays sample images and error maps of various TL strategies for TLAC-
MC with different amount of clinical data used for FT, while Table 1 presents the cor-
responding quantitative results. TLAC-MC-st3 consistently achieves the best result for 
both NMSE and SSIM among FT with 8, 24, and 80 clinical datasets. Sample images also 
show that TLAC-MC-st3 images are most similar to the CTAC image, followed by those 
of TLAC-MC-st2 and TLAC-MC-st1. As TLAC-MC-st3 shows the best performance 
among all FT strategies, it was used as the default TLAC-MC and TLAC-ANA method 
for subsequent evaluations.

AC methods evaluation

Figure 3 presents sample results of predicted AC images using DLAC-MC, DLAC-CLI, 
DLAC-AUG, DLAC-MIX, TLAC-MC, and TLAC-ANA methods, along with CTAC, 

Fig. 2  Sample reconstructed images (top) and error maps (bottom) of TLAC methods with different TL strategies 
compared with CTAC and NAC
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NAC, and ChangAC images for comparison. The corresponding error maps are esti-
mated using CTAC images as references. All AC methods show improved image qual-
ity compared to NAC. ChangAC overestimates the SPECT image counts values across 
most regions. Among the DL-based AC methods, TLAC-MC demonstrates the smallest 
errors across various number of clinical datasets. DLAC-AUG, DLAC-MIX, and TLAC-
ANA also improve image quality compared to the conventional DLAC-CLI approach. 
Generally, all DL-based AC methods show less errors when the clinical data used for 
training increase.

NMSE and SSIM values of different AC methods compared to CTAC, as well as the 
training time for various DL-based AC methods are listed in Table 2. Consistent with 
visual assessment, TLAC-MC always achieves the best quantitative results among 
all methods, followed by DLAC-AUG. They all show significantly better results when 

Table 1  NMSE and SSIM results (mean ± SD) of whole brain images for different TLAC strategies
TLAC strategy Number of clinical datasets NMSE SSIM
TLAC-MC-st1 8 0.0192 ± 0.0107 0.9113 ± 0.0306

24 0.0170 ± 0.0093 0.9179 ± 0.0296
80 0.0140 ± 0.0105 0.9326 ± 0.0337

TLAC-MC-st2 8 0.0175 ± 0.0091 0.9181 ± 0.0313
24 0.0158 ± 0.0089 0.9224 ± 0.0300
80 0.0132 ± 0.0101 0.9331 ± 0.0341

TLAC-MC-st3 8 0.0143 ± 0.0082 0.9350 ± 0.0272
24 0.0131 ± 0.0080 0.9351 ± 0.0275
80 0.0125 ± 0.0100 0.9378 ± 0.0356

Fig. 3  Sample reconstructed images (top) and error maps (bottom) of different AC methods as compared to CTAC 
for a selected patient (age: 78, female)
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comparing with DLAC-CLI, except for the SSIM value with 80 clinical data used for 
training. TLAC-ANA performs better on NMSE but worse on SSIM when compared to 
both DLAC-MIX and DLAC-CLI across all number of clinical datasets. While DLAC-
MIX performs significantly better on both SSIM and NMSE compares to DLAC-CLI 
when the clinical dataset size is 8 or 24. NAC, ChangAC, and DLAC-MC all perform 
significantly worse than DLAC-CLI trained using only 8 patient data. Increasing the 
number of clinical datasets improves DL-based AC performance and reduces the dif-
ference between DLAC-CLI and other DL-based AC methods. DLAC-CLI, TLAC-MC, 
and TLAC-ANA require similar training time for the same number of clinical datasets 
used, which is significantly shorter as compared to DLAC-AUG and DLAC-MIX.

Figure 4 depicts the joint histograms, their correlation coefficient (CC) and fitting R2 
values of various AC methods across all tested clinical data, with CTAC as the refer-
ence. Consistent with the former results, TLAC-MC always shows the highest corre-
lation (CC = 0.9827 for 8 clinical data; CC = 0.9843 for 24 clinical data; CC = 0.9936 for 
80 clinical data) with CTAC. DLAC-CLI (CC = 0.9527, R2 = 0.9804 for 8 clinical data; 
CC = 0.9663, R2 = 0.9776 for 24 clinical data; CC = 0.9870, R2 = 0.9824 for 80 clinical 
data) shows higher correlation with CTAC than NAC (CC = 0.3640, R2 = 0.8830), Chan-
gAC (CC = 1.1526, R2 = 0.9730) and DLAC-MC (CC = 0.9091, R2 = 0.9700). For training 
with 8 and 24 clinical data, DLAC-AUG (CC = 0.9778, R2 = 0.9835 for 8 clinical data; 
CC = 0.9806, R2 = 0.9815 for 24 clinical data), DLAC-MIX (CC = 0.9728, R2 = 0.9834 for 8 
clinical data; CC = 0.9786, R2 = 0.9840 for 24 clinical data) and TLAC-ANA (CC = 0.9695, 
R2 = 0.9831 for 8 clinical data; CC = 0.9786, R2 = 0.9858 for 24 clinical data) are all better 
than DLAC-CLI. For the use of 80 clinical datasets, the differences among different DL-
based AC methods compared to CTAC become smaller.

Table 2  NMSE and SSIM results (mean ± std) of whole brain images for different AC methods
AC method Number 

of clinical 
datasets

Training time NMSE P-value* SSIM P-value*

NAC N/A N/A 0.1428 ± 0.0287 < 0.0001 0.7275 ± 0.0382 < 0.0001
ChangAC 0.0309 ± 0.0123 < 0.0001 0.9060 ± 0.0292 0.0048
DLAC-MC 24 h 20 min 0.0304 ± 0.0112 < 0.0001 0.9127 ± 0.0306 0.2673
DLAC-AUG 8 4 h 7 min 0.0148 ± 0.0077 < 0.0001 0.9350 ± 0.0272 < 0.0001

24 10 h 56 min 0.0141 ± 0.0065 < 0.0001 0.9351 ± 0.0275 < 0.0001
80 36 h 7 min 0.0135 ± 0.0094 0.0048 0.9378 ± 0.0356 0.0637

DLAC-MIX 8 26 h 8 min 0.0166 ± 0.0090 0.0087 0.9293 ± 0.0194 0.0013
24 28 h 4 min 0.0162 ± 0.0083 0.0359 0.9319 ± 0.0168 0.0040
80 31 h 24 min 0.0145 ± 0.0082 0.3369 0.9354 ± 0.0153 0.1983

TLAC-MC 8 1 h 14 min 0.0143 ± 0.0082 < 0.0001 0.9355 ± 0.0203 < 0.0001
24 2 h 23 min 0.0131 ± 0.0080 0.0028 0.9359 ± 0.0187 0.0002
80 6 h 22 min 0.0125 ± 0.0100 < 0.0001 0.9378 ± 0.0274 0.2528

TLAC-ANA 8 1 h 15 min 0.0166 ± 0.0097 0.0211 0.9137 ± 0.0285 0.6130
24 2 h 24 min 0.0155 ± 0.0067 0.0010 0.9163 ± 0.0262 0.0005
80 6 h 22 min 0.0142 ± 0.0067 0.5268 0.9249 ± 0.0275 < 0.0001

DLAC-CLI 8 1 h 12 min 0.0202 ± 0.0110 N/A 0.9175 ± 0.0254 N/A
24 2 h 27 min 0.0183 ± 0.0077 N/A 0.9247 ± 0.0229 N/A
80 6 h 25 min 0.0150 ± 0.0073 N/A 0.9365 ± 0.0185 N/A

*Mann-Whitney U test was conducted between DLAC-CLI and other AC methods for the same number of clinical datasets. 
NAC, ChangAC, and DLAC-MC were compared with DLAC-CLI using 8 clinical data samples. Bolded values indicate the best 
results achieved among the different number of clinical datasets used for training/FT
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Figure 5 presents the Bland-Altman plots of SBR results for different AC methods 
across all 100 patients, using CTAC as the reference. NAC shows a substantial lower 
SBR value (mean %difference of -57.20%) compared to CTAC. Both ChangAC and 
DLAC-MC overestimate the SBR values, with mean %differences of 20.19% and 16.21%, 
respectively. DLAC-CLI, trained with 8, 24, and 80 clinical datasets, demonstrates better 
performance (mean SBR %differences of -8.21%, -7.62%, and-2.86%, respectively) com-
pared to NAC, ChangAC, and DLAC-MC. DLAC-AUG, DLAC-MIX, and TLAC-MC all 
exhibit better performance to DLAC-CLI for the same number of clinical datasets used 

Fig. 5  Bland-Altman plots of SBR results of different AC methods across all 100 patients using CTAC as the reference

 

Fig. 4  Joint histogram and linear regression analysis of different AC methods across all 100 tested clinical data 
using CTAC as the reference
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in terms of both mean %differences and 95% confidence interval (CI) ranges. Among 
them, TLAC-MC shows both the smallest mean %difference (-4.42%, -3.37% and − 0.80% 
for 8, 24 and 80 clinical data respectively) and the smallest 95% CI of [-0.19.16, 10.32] for 
8 clinical data, [-18.18, 11.45] for 24 clinical data, and [-15.05, 13.44] for 80 clinical data. 
Although TLAC-ANA shows a smaller 95% CI ([-27.28, 11.92] for 8, [-23.65, 10.27] for 
24, and [-19.87, 9.40] for 80 clinical data), it shows a higher mean difference (-7.73 for 8 
clinical data, -6.69 for 24 clinical data and − 5.24 for 80 clinical data) compares to DLAC-
AUG and DLAC-MIX.

Discussions
In this study, we apply TL method for DAT SPECT AC using a model pre-trained purely 
by realistic simulation data, with limited clinical data for FT. Three different TL strate-
gies are employed to fine-tune various layers of the U-Net generator. The results demon-
strated that TLAC-MC-st3, which fine-tuned all layers, is the most effective strategy for 
this task. This result is consistent with a previous study on cardiac SPECT AC [35]. As 
suggested by Yosinski et al. [36], shallower layers in DL models are generally responsible 
for extracting domain-agnostic generals features, while deeper layers specialize in task-
specific patterns. This finding aligns with our results and highlights the importance of 
FT all layers to maximize the TLAC performance.

Although we have shown that MC simulation data generated by our realistic phan-
tom population demonstrate a high degree of similarity compared to clinical data based 
on both visual and quantitative evaluation (Supplementary Figs. 1 and 2), the difference 
between the two cannot be completely eliminated. Our results demonstrate that DLAC-
MC, i.e., clinical data tested directly on the MC simulation-based model, performs worse 
than DLAC-CLI regardless of the number of clinical datasets used for training. How-
ever, after FT, TLAC-MC achieves substantial performance improvement as compared 
to DLAC-MC. This suggests that TL is an effective approach to bridge the gap between 
simulation and clinical datasets, enhancing the model’s clinical feasibility and accuracy.

Compare to NAC and ChangAC, all DL-based AC methods in this work demonstrate 
significant performance improvement. As the performance of DL model demands a 
large number of training datasets, it becomes crucial to apply various data augmentation 
methods when the available training data is limited [37]. Our results indicate that both 
DLAC-AUG and DLAC-MIX could effectively improve the DL performance as com-
pared to DLAC-CLI, particularly in scenarios with limited clinical data. On the other 
hand, our proposed TLAC-MC method not only outperforms other DL-based AC meth-
ods, it also greatly reduces the training time. This finding demonstrates that TLAC-MC 
is an effective approach for clinical utilization, addressing both data and computational 
demand.

Haimour et al. [38] demonstrated that models pre-trained on a large datasets of medi-
cal images outperformed those pre-trained on natural images for medical image transla-
tion tasks, when FT using medical images are applied on the pre-trained models. Their 
findings suggest that the similarity between the data used for the pre-trained network 
and the target test data may greatly influence the performance of a TL model. In this 
work, we also evaluate the performance difference between TL models fine-tuned using 
two pre-trained models: one trained on realistic MC simulation data and another trained 
on more accessible but less realistic analytical simulation data. The results indicate that 
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TLAC-ANA performs worse than TLAC-MC, as expected, but still outperforms the 
baseline model DLAC-CLI when same number of clinical data are used in most evalu-
ations. This finding reinforces the idea that the closer the pre-training data are to the 
target test data, the better the pre-trained model will perform. In this work, a realistic 
phantom population incorporating clinically relevant anatomical variations and tracer 
distributions was utilized to train pre-trained models, yielding promising results. Nota-
bly, even less realistic analytical simulation data demonstrated the ability to enhance DL 
performance. However, the trade-off between the realism of the simulation data and the 
resulting model performance warrants further investigation.

Our experimental results also show that for clinical evaluation, NAC is difficult to dis-
tinguish the striatum and background regions. The SBR values from NAC were under-
estimated as compared to the reference CTAC. In contrast, all AC methods effectively 
improve the differentiation between the striatum and background in DAT SPECT, yield-
ing SBR results closer to those of the CTAC reference. Notably, TLAC-MC exhibits min-
imal SBR differences compared to CTAC, even when fine-tuned with only 8 clinical data, 
showing its robustness in clinical evaluations.

One limitation of this work is that the pre-trained model for TLAC is trained using 
only 200 simulation data. Future studies could explore the impact of varying the number 
of simulation data for pre-training. Additionally, this study utilizes only the U-Net archi-
tecture as the generator for the pre-trained model, evaluating more advanced network 
architectures could potentially further enhance the TLAC performance. Furthermore, 
only data from one activity distribution, i.e., 99mTc-TRODAT-1, and one scanner, i.e., Sie-
mens Symbia, are employed in this study. Our proposed method should be applicable 
to other DAT SPECT/PET with different radiopharmaceuticals. In fact, another phan-
tom population for 123I-ioflupane DAT SPECT has already been established [28]. Further 
investigation using data with other DAT tracers to further validate our proposed method 
is warranted.

Conclusions
TLAC is feasible for DAT SPECT with a pre-trained model generated based on realistic 
simulation data. Both qualitative and quantitative results show that the proposed TLAC-
MC and TLAC-ANA outperform DLAC-CLI. While TLAC-MC achieves the best per-
formance compared to other DL-based AC methods such as TLAC-ANA, DLAC-AUG 
and DLAC-MIX, particularly when clinical datasets are limited.
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