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Liver multiphase enhanced computed tomography (MPECT) is vital in clinical practice, but its utility 
is limited by various factors. We aimed to develop a deep learning network capable of automatically 
generating MPECT images from standard non-contrast CT scans. Dataset 1 included 374 patients 
and was divided into three parts: a training set, a validation set and a test set. Dataset 2 included 144 
patients with one specific liver disease and was used as an internal test dataset. We further collected 
another dataset comprising 83 patients for external validation. Then, we propose a Mask-Adaptive 
Normalization-based Generative Adversarial Network with Cycle-Consistency Loss (MAN-GAN) to 
achieve non-contrast CT to MPECT translation. To assess the efficiency of MAN-GAN, we conducted 
a comparative analysis with state-of-the-art methods commonly employed in diverse medical image 
synthesis tasks. Moreover, two subjective radiologist evaluation studies were performed to verify the 
clinical usefulness of the generated images. MAN-GAN outperformed the baseline network and other 
state-of-the-art methods in all generations of the three phases. These results were verified in internal 
and external datasets. According to radiological evaluation, the image quality of generated three 
phase images are all above average. Moreover, the similarities between real images and generated 
images in all three phases are satisfactory. MAN-GAN demonstrates the feasibility of liver MPECT 
image translation based on non-contrast images and achieves state-of-the-art performance via the 
subtraction strategy. It has great potential for solving the dilemma of liver CT contrast canning and 
aiding further liver interaction clinical scenarios.
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PSNR	� Peak signal-to-noise ratio
SSIM	� The structural similarity index

Liver lesions are commonly encountered in clinical practice1, which accounts for approximately 2 million deaths 
annually with cirrhosis and hepatocellular carcinoma (HCC) being primary causes2. Accurately determining 
the biological nature of lesions can help clinicians select the most appropriate treatment regimen and facilitate 
better management of liver lesions. Multiphase-enhanced computed tomography (MPECT) provides arterial 
(AP), portal venous (PVP), and delayed phase (DP) enhancement images, adequately characterizing the blood 
supply to the liver. Compared to non-contrast CT, MPECT improves the qualitative diagnosis of lesions and the 
accuracy of tumor staging, as most liver lesions have a specific enhancement pattern3. For example, primary 
hepatocellular carcinoma is characterized by a “fast-in, fast-out” enhancement pattern. In contrast, most 
metastatic hepatocellular carcinomas have little blood supply, and the lesions have no enhancement in the AP, 
whereas changes such as the “bull’s-eye sign” can be observed in the portal venous phase4. Benign lesions, like 
hepatic hemangiomas, typically exhibit an enhancement pattern summarized as 'fast in, slow out.' Therefore, 
MPECT is a necessary imaging modality for avoiding misdiagnoses that could lead to unnecessary interventions.

However, MPECT’s applicability is sometimes limited by contraindications5,6, such as patients who are 
allergic to contrast agents, patients with end-stage renal disease (ESRD), or patients with unstable vital signs 
are not recommended for MPECT. MRI offers an alternative but comes with drawbacks like high expense, 
long scanning time and also not suitable for certain patient groups. Moreover, MPECT or MRI is sometimes 
unavailable in primary-level hospitals due to the lack of professional nurses and radiological technologists. In 
this context, generating synthetic MPECT images from non-contrast CT images may constitute a feasible way 
to overcome this dilemma.

Generating other medical images based on one specific medical image presents a significant advancement 
in addressing clinical requirements, e.g., reducing scanning time, improving image quality, and solving specific 
clinical issues7. Moreover, synthetic medical images are also considered a data augmentation technique for 
addressing the issue of medical data scarcity. Recently, as deep learning (DL) has been widely used in image 
analysis, numerous works have applied deep neural networks for image synthesis8–13. Researchers have 
extended the application of deep neural networks to CT synthesis, particularly in the context of synthesizing 
CT images from MRI or positron emission tomography, i.e., intermodal CT translation14–20. Furthermore, other 
methods were proposed to achieve CT image translation, i.e., intramodal CT translation21–23. However, as a 
generic intramodal CT translation task, the generation of MPECT images from non-contrast CT images has 
not been investigated thus far. The challenge lies in the inherent differences between these modalities, known 
as "domain distance." CT and MPECT are two medical image modalities with considerable differences in terms 
of data representation, feature extraction, and information content. Because of these modality differences, their 
respective data distributions have a considerable domain distance, and a direct transformation may face the 
challenge of domain adaptation, as the model needs to learn effective feature mappings between two distinct 
distributions24.

Although several studies have synthesized contrasted images from non-contrast CT images25, none of 
these works has fully utilized the information of the subtraction image in their approach. Several works have 
demonstrated that subtraction images play an important role in the detection and diagnosis of lesions26,27. Thus, 
inspired by the subtraction strategy, our initial step involved subtracting MPECT images from non-contrast CT 
images as fake subtraction images to guide the generation of MPECT images in our work.

In this paper, we propose a Mask-Adaptive Normalization-based Generative Adversarial Network with 
Cycle-Consistency Loss (MAN-GAN) to achieve non-contrast CT-to-MPECT translation. To use subtraction 
images to guide MPECT synthesis, we introduce MaskNet to predict subtraction image-like mask images and 
integrate them into our network. To the best of our knowledge, this is the first work to apply subtraction imaging 
for non-contrast CT to MPECT translation. Aiming to fuse mask images with non-contrast CT image features, 
we propose a generator with mask-adaptive normalization (MANorm) as a normalization layer to highlight 
contrast-enhanced regions. For image fidelity, a discriminator is adopted to distinguish the generated and real 
MPECT images to preserve discriminative details. To reduce the space of possible mapping functions, we utilize 
cycle consistency loss to ensure that the learned mapping functions are cycle consistent. To the best of our 
knowledge, this is the first study to generate liver multiphase CT images using only non-contrast CT images.

Materials and methods
The research was performed in accordance with the principles expressed in the Declaration of Helsinki. This 
retrospective study was approved by the hospital Institutional Review Board (IRB), which waived the requirement 
for informed consent. All methods were performed in accordance with the relevant guidelines and regulations.

Datasets
A total of 374 patients (Dataset 1) who successfully underwent MPECT at one hospital were retrospectively 
and successively included. We randomly divided this dataset into three subsets at a 6:2:2 ratio: training set (224 
patients, 14,756 slices), validation set (75 patients, slices) and test set (75 patients, 5,183 slices). The second 
independent dataset (Dataset 2), which included 144 patients who underwent MPECT and had one of the four 
most common diseases in the liver, was utilized as the internal test dataset. Dataset 2 included 144 patients who 
underwent MPECT and had one of the four most common diseases in the liver, i.e., HCC (45 patients, 2,753 
slices), cavernous hemangioma (37 patients, 1,969 slices), hepatic adenoma (16 patients, 834 slices), or cysts (46 
patients, 3,083 slices). To verify the generalizability of the proposed model, we further collected an external test 
dataset comprising 83 MPECT patients (23,594 slices) from another hospital (Dataset 3).
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MPECT scanning protocols
For the internal dataset, Somatom Definition Flash, Siemens (Kernel, B30f. medium smooth), German, UCT780, 
United Imaging, Shanghai (Kernel, B_SOFT_E), Somatom Perspective 128, Siemens, German (Kernel, B31s 
medium smooth), Somatom Definition Force, Siemens, German (Kernel, Br40), with the following scanning 
parameters: CT section thickness 1–5 mm, pitch 0.8–1.1, 90–120 kVp,and dynamic mA based on scout images. 
For the external dataset, all CT scans were performed with one of four scanners: Aquillion ONE, Canon, Japan 
(Kernel, Std); Revolution, GE, USA (Kernel, Stnd); Somatom Drive, Siemens, German (Kernel, Bf37); uCT 960+, 
United Imaging, China (Kernel, B_SOFT_B) with the following scanning parameters: CT section thickness 1–5 
mm, pitch 0.8–1.1, 120 kVp, and dynamic mA based on the scout image. The dynamic scanning protocols were 
as follows: MPECT consisted of non-contrast and contrast-enhanced phases. The iodine contrast agent was 
administered via a power injector at a flow rate of 4 mL/s, and the AP, portal venous phase (PVP) and delayed 
phase (DP) were acquired after the injection of the iodine contrast agent at 25 s, 55 s and 3 min, respectively.

Data preprocessing
To align different phase CT scans with standard non-contrast CT scans, a two-step process is employed. First, 
affine and deformable registration is carried out using advanced normalization tools28 with mutual information 
as the optimization metric and elastic regularization. This process is conducted separately on two datasets. 
Subsequently, the aligned CT images are transformed from their initial grayscale range of [0, 4095] to a display 
range of [0, 255] using a window transformation technique. This transformation involved the use of a window 
center of 60 HU and a window width of 500 HU to enhance visualization. Then, we resized all the CT images to 
512 × 512 as standard input for training.

Algorithm description
Figure 1 demonstrates the proposed MAN-GAN with cycle-consistency loss. Given a non-contrast CT image 
x, the forward generator attempts to translate it to a real CT image y by leveraging MANorm to fuse non-
contrast CT images with the mask image generated by MaskNet M. To reduce the searching space of the 
mapping functions, as illustrated in Fig. 1a, we make the forward G and backward F generators cycle consistent 
by bringing the translated CT image y′ to the original image x, i.e., F (G (x, M(x)) ≈ x, where M denotes the 
MaskNet. Similarly, the opposite direction also obeys cycle consistency, i.e., G (F (y) , M (F (y))) ≈ y. Since 
only the forward generator is adopted for MPECT generation and the backward generator is useless during 
inference, the backward generator does not apply the mask image for CT translation. To achieve this, we apply 
the cycle-consistency loss:

	 Lcyc = ∥F (G (x, M(x)) − x∥1 + ∥G (F (y) , M (F (y))) − y∥1� (1)

During forward translation, as shown in Fig. 1b, MAN-GAN consists of a MaskNet, a generator and a discriminator. 
MaskNet was applied to map non-contrast CT images to mask images, subsequently directing the synthesis of 
contrast-enhanced CT images. MaskNet is an encoder-decoder-based network with three residual blocks in the 
bottleneck to predict masks. The generator is a variation of the pix2pix generator network, which replaces the 
residual blocks with a mask-adaptive block (MABlk). Compared to the residual block, MABlk replaces the batch 
normalization layer with the MANorm layer, as shown in Fig. 1b. MANorm was used to better visualize the 
fusion mask images and non-contrast CT images. In each MANorm layer, the image features are first normalized 
and processed with a convolutional layer. The predicted mask is concatenated with the processed image feature 
to predict the affine parameters γ and β for normalization. Then, we perform elementwise multiplication of 

Fig. 1.  The overview of Mask-Adaptive Normalization based Generative Adversarial Networks (MAN-GAN) 
with Cycle-Consistency Loss for CT translation. (a) The forward and backward cycle-consistency loss are 
utilized to reduce the space of possible mapping functions. (b) The forward generation includes a MaskNet 
to synthesize subtraction-image-like mask, a generator to fuse mask with non-contrast CT image and a 
discriminator to distinguish the real from fake MPECT image.
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the affine parameters and the predicted mask to further strengthen the feature. Afterward, we calculate the 
elementwise multiplication of the normalized image feature and γ. Finally, the elementwise addition of the 
calculated results and β is computed as the final output of the MANorm layer. We apply the discriminator of 
Pix2Pix in our framework, which concatenates the input CT image and the output/ground-truth CT image as 
input to distinguish whether the image is a real or fake pair.

The non-contrast CT images were fed as input data, and the synthesis of three phases, i.e., non-contrast CT 
images to AP images (P to AP), non-contrast CT images to PVP images (P to V), and non-contrast CT images to 
DP images (P to D), was successively conducted using MAN-GAN. We trained and tested the main dataset using 
the generator of pix2pix as the baseline; this generator is composed of three convolutions, nine residual blocks, 
two fully convolutional layers, and a convolution that maps features to RGB images.

To optimize the proposed networks, the L1 loss is utilized as a reconstruction loss LRec to compute the 
distance between the output and ground-truth CT image. In addition, we compute the L1 loss between the 
generated and real masks, where the real mask is predefined by subtracting the ground-truth CT image from 
the input CT image. For the training strategy, an Adam optimizer with a learning rate of 1 × 10−4 and a batch 
size of 8 was used. We implemented our method with PyTorch29 and trained it for approximately 3 days. All the 
experiments were conducted on an NVIDIA Tesla V100 GPU with 32 GB of memory. The code and data will be 
released once the paper is accepted.

Quantitatively evaluation
To further verify the efficiency of MAN-GAN, we compared it with state-of-the-art methods used for different 
medical image synthesis tasks, including pix2pix, CycleGAN, CUT, and F-LSeSim. All of these previous methods 
were trained and tested on our main dataset. To quantitatively evaluate the superresolution (SR) performance, we 
employ the peak signal-to-noise ratio (PSNR) and the structural similarity index (SSIM). The PSNR computes 
the pixelwise difference between the generated CT image and the real CT image, while the SSIM evaluates the 
structural and perceptual similarity. For these metrics, a higher value indicates greater similarity. The PSNR is 
defined as:

	
MSE = 1

mn

m−1∑
i=0

n−1∑
j=0

[I (i, j) − K (i, j)]2,� (2)

	
P SNR = 10 · log10

(
2552

MSE

)
,� (3)

where I  and K  denote the real and fake CT images, respectively, and m and n represent the height and width, 
respectively, of the CT images. The SSIM is formulated as follows:

	
SSIM (I, K) = (2µIµK + c1) (2σIK + c2)

(µ2
I + µ2

K + c1) (σ2
I + σ2

K + c2) ,� (4)

where µI  and µK  denote the average of I  and K , σ2
I  and σ2

K  represent the variance of I  and K , σIK  denotes the 
covariance of I  and K , and both c1 and c2 are constant values. To implement the CT translation for each phase, 
we train different independent MAN-GAN models for each phase. Moreover, we evaluate the mask images 
generated by MAN-GAN and compare the performances of the various methods for different phrases.

Radiological evaluation
To verify the efficiency of our proposed model, we performed two subjective evaluation studies on the test set. 
Evaluation study 1 (quality analysis): Two radiologists (with 6 and 8 years of experience in liver imaging) who 
were unaware of the circumstances in which the tested images were generated independently evaluated the image 
quality using a 5-point scale. The image sets were scored as 1, unacceptable; 2, substandard; 3, acceptable; 4, above 
average; or 5, superior. The qualitative image quality score was based on image noise, soft-tissue contrast, and the 
sharpness of organ boundaries for the liver, adrenal glands, kidneys, pancreas, and abdominal wall30. Evaluation 
study 2 (similarity analysis): Two radiologists (with 2 and 4 years of experience in liver imaging) independently 
evaluated the image similarity between the ground truth and generated images based on the following five parts: 
structural deformation, image artifacts, degree of enhancement, homogeneity of enhancement, and imaging 
distortion. There were 20 total points in each part, and the total number of points in the evaluation was 100. 
The evaluators were informed of which group of images was ground truth, and the images in the ground truth 
group were selected as the reference for the evaluation. In evaluation studies 1 and 2, a re-evaluation to achieve 
a consensus was performed to resolve any disagreements between the two radiologists.

Statistical analysis
The statistical analysis was performed using SPSS software. The mean values and standard deviations are 
expressed for continuous variables. ANOVA and the LSD test were used to compare the differences between and 
among the groups. P < 0.05 indicated a significant difference.
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Results
Comparison with state-of-the-art methods
To prove the effectiveness of our proposed method, we compare the proposed MAN-GAN with the existing 
methods on the main test dataset. As shown in Table 1, our method obtained the best PSNR and SSIM in 
all generations of the three phases in comparison to the current methods. Figure 2a shows the enhanced CTs 
generated from the main dataset for different phases of CT translation. In P-to-AP translation, as shown in the 
magnified patches, MAN-GAN can synthesize CT images with more discriminative features than can other 
methods. When translating from plain to PVP CT images, the synthetic CT image generated by MAN-GAN 
is contrast-enhanced more accurately than that generated by other methods, suggesting the superiority of 
the proposed MAN-GAN to existing methods. As shown in Table 2, the mask images for P-to-AP translation 
preserve the best performance, with a PSNR of 25.2738, in comparison with the mask images for other phrases. 
In Fig. 3, we qualitatively evaluate the generated mask images for CT translation by computing the PSNR and 

Fig. 2.  Visual comparison of existing methods and MAN-GAN on Dataset 1 (a) and Dataset 3 (b).

 

Methods

Mode conversion

P to AP P to PVP P to DP

PSNR SSIM PSNR SSIM PSNR SSIM

Non-contrast CT Images 26.02 ± 2.72 0.74 ± 0.07 24.73 ± 2.81 0.73 ± 0.07 24.84 ± 3.28 0.73 ± 0.08

pix2pix10 26.41 ± 2.63 0.78 ± 0.06 25.57 ± 2.77 0.77 ± 0.06 25.01 ± 3.11 0.76 ± 0.07

CycleGAN13 26.81 ± 2.73 0.79 ± 0.06 25.88 ± 2.98 0.78 ± 0.07 25.57 ± 3.44 0.77 ± 0.07

CUT12 26.58 ± 2.68 0.79 ± 0.06 24.51 ± 2.31 0.75 ± 0.06 24.90 ± 3.03 0.75 ± 0.07

F-LSeSim11 25.54 ± 2.29 0.78 ± 0.06 25.59 ± 2.72 0.77 ± 0.06 25.44 ± 3.25 0.77 ± 0.07

DINO9 26.88 ± 2.79 0.79 ± 0.06 25.21 ± 3.24 0.76 ± 0.06 24.96 ± 3.27 0.75 ± 0.07

CHAN8 26.67 ± 2.75 0.79 ± 0.06 25.67 ± 2.80 0.78 ± 0.06 25.14 ± 3.25 0.77 ± 0.07

Sun et al.21 26.48 ± 2.50 0.78 ± 0.06 25.52 ± 2.72 0.77 ± 0.06 25.05 ± 3.13 0.76 ± 0.07

Chen et al.22 27.45 ± 2.43 0.81 ± 0.03 26.49 ± 3.20 0.80 ± 0.06 25.86 ± 3.50 0.79 ± 0.07

MAN-GAN 27.71 ± 2.96 0.82 ± 0.06 26.76 ± 3.10 0.80 ± 0.06 26.17 ± 3.62 0.79 ± 0.07

Table 1.  Comparison with existing methods on dataset 1. Significant values are in bold. Values were presented 
as mean ± SD.
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SSIM between the real and fake mask images. The distributions of the PSNR and SSIM for different phases are 
relatively concentrated.

The test performance of MAN-GAN on the disease dataset and external dataset
Dataset 2 was collected to test the performance of the images generated by MAN-GAN. As presented in Table 3, 
our proposed MAN-GAN also achieved promising performance on dataset 2, showing that both the PSNR and 
SSIM were greater for MAN-GAN than for the baseline. These results also indicated the generalizability of the 
MAN-GAN model.

To verify the generalization ability of the proposed MAN-GAN, we tested our method on dataset 3 for 
external validation. As listed in Table 4, we compared MAN-GAN with existing methods for three-phase 
translation. Figure 2b shows enhanced CT images generated by MAN-GAN and existing methods for three-
phase translation. In P-to-DP translation, MAN-GAN can enhance kidney regions more precisely than other 
methods, as shown in the magnified patches, suggesting its superiority to existing methods.

Task Methods

Abnormal Dataset

FNH HCC HEM CYST Overall

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

P to AP
Baseline 26.47 ± 2.85 0.78 ± 0.06 25.56 ± 3.30 0.76 ± 0.07 25.50 ± 3.33 0.77 ± 0.07 26.58 ± 3.18 0.81 ± 0.06 26.00 ± 3.26 0.78 ± 0.07

MAN-GAN 27.27 ± 2.91 0.81 ± 0.05 26.03 ± 3.45 0.78 ± 0.06 25.95 ± 3.47 0.79 ± 0.07 27.12 ± 3.30 0.83 ± 0.05 26.52 ± 3.40 0.80 ± 0.06

P to PVP
Baseline 25.82 ± 2.92 0.78 ± 0.06 24.99 ± 3.21 0.75 ± 0.07 24.27 ± 3.51 0.75 ± 0.08 26.32 ± 2.85 0.81 ± 0.06 25.38 ± 3.23 0.77 ± 0.07

MAN-GAN 25.98 ± 2.89 0.78 ± 0.06 25.13 ± 3.27 0.76 ± 0.07 24.39 ± 3.57 0.75 ± 0.08 26.46 ± 2.87 0.82 ± 0.06 25.52 ± 3.28 0.78 ± 0.07

P to DP
Baseline 24.49 ± 2.98 0.75 ± 0.07 24.44 ± 3.17 0.74 ± 0.08 24.28 ± 3.60 0.74 ± 0.09 26.14 ± 3.01 0.80 ± 0.07 25.02 ± 3.31 0.76 ± 0.08

MAN-GAN 24.91 ± 2.93 0.76 ± 0.07 24.68 ± 3.28 0.75 ± 0.08 24.57 ± 3.57 0.76 ± 0.08 26.41 ± 3.07 0.81 ± 0.06 25.30 ± 3.35 0.77 ± 0.08

Table 3.  SR performance on dataset 2. Significant values are in bold. Values were presented as mean ± SD.

 

Fig. 3.  The qualitative evaluation of the CT translation for three MPECT phases.

 

PSNR SSIM

P-to-AP 25.27 ± 2.80 0.57 ± 0.07

P-to-PVP 24.37 ± 2.76 0.59 ± 0.07

P-to-DP 24.13 ± 2.96 0.59 ± 0.08

Table 2.  Performance of the generated mask images. Values were presented as mean ± SD.
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Visualization analysis
To visualize the generated mask images, Fig. 4 shows the mask images for different phases of CT translation. 
In P-to-AP translation, the fake mask image tends to enhance the liver regions as does the real mask image. 
When translating from plain to PVP CT images, the regions of the kidney are contrast-enhanced in both the 
real and fake mask images, indicating that MaskNet can capture contrast-enhanced regions as accurately as the 
subtraction technique can.

To prove the effectiveness of MAN-GAN in synthesizing realistic MPECT images, we constructed a gray 
distribution histogram and t-distributed stochastic neighbor embedding (t-SNE)31 to visualize the difference 
between real and fake MPECT images. Figure 5 shows the gray distribution histograms of non-contrast CT 
images and real and fake MPECT images from the main dataset. As shown in the first row, there is a large 
difference between the non-contrast CT images and real MPECT images. After translation from non-contrast CT 
images to fake MPECT images, the domain gap is significantly eliminated, indicating that the gray distribution 
of the fake MPECT images is remarkably close to that of the real images. To compare the differences in high-
level space, Fig. 6 displays the t-SNE visualization for non-contrast CT images and real and fake MPECT images 
from the main dataset. Obviously, as depicted in the first row, the non-contrast CT images are far from the real 
MPECT images, indicating the marked difference between them. After the MPECT translation, the fake MPECT 
images are similar to the real images in different phases, suggesting the effectiveness of MAN-GAN in realistic 
MPECT translation.

Radiologists’ evaluation analysis
According to the results of the quality analysis, the image quality of the generated three phase images was 
all above average for clinical diagnosis (> 4). Moreover, the similarities between real images and generated 
images in all three phases are all greater than 80. No significant differences were found in quality analysis or 
similarityanalysis among the different generated phase images (P-to-AP, P-to-PVP, P-to-DP), with P values of 
0.059 and 0.730, respectively. Upon further comparison between two different generated phase images (e.g., 
P-to-AP vs. P-to-PVP and P-to-DP vs. P-to-PVP), only the (P-to-AP vs. P-to-PVP) were significantly different 
in terms of quality assessment (Table 5).

Discussion
In this study, we first proposed a liver CT image generation network, MAN-GAN, which can automatically 
synthesize liver MPECT images using non-contrast CT images only. The proposed network novelly incorporated 
the subtraction strategy in clinical practice and devised a MaskNet model to predict the subtraction signals, 

Fig. 4.  The visual results of mask images for P-to-AP, P-to-PVP and P-to-DP translation on Dataset 1.

 

Methods

Mode conversion

P to AP P to PVP P to DP

PSNR SSIM PSNR SSIM PSNR SSIM

pix2pix10 23.26 ± 2.90 0.74 ± 0.08 23.26 ± 2.93 0.74 ± 0.08 22.14 ± 3.50 0.70 ± 0.10

CycleGAN13 23.20 ± 3.11 0.74 ± 0.08 22.76 ± 2.95 0.73 ± 0.08 22.01 ± 3.70 0.70 ± 0.10

CUT12 22.65 ± 2.72 0.73 ± 0.08 21.65 ± 2.39 0.71 ± 0.08 21.48 ± 3.24 0.69 ± 0.10

F-LSeSim11 23.20 ± 2.81 0.73 ± 0.08 22.76 ± 2.76 0.72 ± 0.08 22.03 ± 3.50 0.70 ± 0.10

DINO9 23.36 ± 2.81 0.73 ± 0.07 22.47 ± 2.64 0.71 ± 0.07 21.09 ± 3.17 0.67 ± 0.09

CHAN8 23.14 ± 2.77 0.73 ± 0.08 22.74 ± 2.69 0.73 ± 0.08 21.72 ± 3.28 0.70 ± 0.10

Sun et al.21 23.23 ± 2.83 0.73 ± 0.08 22.77 ± 2.72 0.72 ± 0.08 21.73 ± 3.30 0.69 ± 0.10

Chen et al.22 23.73 ± 2.90 0.75 ± 0.07 23.18 ± 2.80 0.74 ± 0.07 22.38 ± 3.54 0.71 ± 0.10

MAN-GAN 23.92 ± 3.11 0.76 ± 0.08 23.31 ± 3.0 0.74 ± 0.08 22.50 ± 3.70 0.72 ± 0.10

Table 4.  Comparison with existing methods on dataset 3. Significant values are in bold. Values were presented 
as mean ± SD.
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Fig. 6.  The t-SNE visualization for the non-contrast CT images, real and fake MPECT images from the main 
dataset. The first row compares the results of non-contrast CT images and real MPECT images, while the 
second row shows the results of real and fake MEPCT images.

 

Fig. 5.  The gray distribution histogram of non-contrast CT images, real and fake MPECT images from the 
main dataset. The first row displays the gray distribution histogram of non-contrast CT images and real 
MPECT images. The second row shows the gray distribution histogram of real and fake MPECT images.
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which were subsequently used to guide contrasted CT synthesis. With this strategy, our proposed MAN-GAN 
outperformed the other state-of-the-art methods and achieved robust performance on an external dataset.

Liver inherently has a dual blood supply, making hemodynamics changes more complex to learn by the 
network. We introduce the strategy of subtraction (AP subtracting non-contrast CT images, PVP subtracting 
non-contrast CT images and DP subtracting non-contrast CT images) in clinical practice. The subtraction 
images can accurately reflect the difference between two phases and highlight the contrast-enhanced regions, 
which may aid in image translation. To leverage this domain knowledge effectively, the proposed MAN-GAN 
devises a MaskNet model to predict subtraction images and further uses this network to guide contrasted CT 
synthesis. Our proposed MAN-GAN outperformed the state-of-the-art methods and the baseline method in 
the current task, obtaining higher PSNR and SSIM values. The gray distribution histogram and t-SNE analysis 
further and more directly visualized the high similarity between real and fake MPECT images. Recently, 
Zhong et al. proposed a UMTL framework to utilize this domain knowledge to generate subtraction images 
and combine them with non-contrast CT images to obtain synthesized CT images32. While UMTL has shown 
significant success in CT synthesis, it requires both non-contrast CT and contrasted CT images as inputs during 
both the training and inference stages. This may contradict the initial intention of solving the problem of the 
unavailability of MPECT in clinical practice. In contrast, our proposed MAN-GAN addresses this concern 
effectively, as it needs only non-contrast CT images as input. This enables MAN-GAN to predict subtraction 
images for non-contrast CT scans and generate corresponding contrasted CT images. As a result, MAN-GAN 
represents a more practical and applicable solution for all patients in real clinical applications.

Our constructed MAN-GAN also achieved robust results in Dataset 2 and 3, indicating the generalizability of 
our model. In the P-to-AP translation, our model achieved the best performance in all the datasets. Specifically, 
it substantially outperforms the method proposed by Chen et al.22 by approximately 0.19 db. This indicated the 
superior generalization ability of MAN-GAN to existing methods. This finding also suggested that the most 
difficult translation is P-to-DP. This phenomenon is acceptable and may be attributed to the characteristic liver 
hemodynamic changes after injecting contrast media. The scanning of APs, PVPs and DPs is a continuous 
process; the shortest time interval between non-contrast CT and MPECT is AP, while the longest time interval 
is DP. The longer the time interval is, the more obvious the effect of individual heterogeneity is, and the more 
difficult the learning of hemodynamic changes is for the network.

The PSNR and SSIM are the most popular metrics for evaluating image translation performance33–36. 
However, whether the image quality of synthesized images is sufficient for clinical diagnosis has not been well 
studied in prior studies. To address this puzzle, we further performed two radiologists’ evaluation analyses, 
quality analysis and similarity analysis. In the quality analysis, we adopted an evaluation scale widely utilized 
in the quality assessment of radiological images30. The evaluation results showed that the quality of the images 
was above average (greater than 4). This demonstrated that the quality of our images essentially met or even 
exceeded the quality of real images. Significant differences were observed in the comparison between the two 
distinct generated phase images (P-to-AP vs. P-to-PVP). We speculated that it might be attributed to the limited 
dataset, highlighting the necessity for a more extensive sample size to undergo further validation. Moreover, in 
similarity analysis, we made the first attempt to develop five criteria to simulate the experience of radiologists in 
actual clinical practice. The objective is to identify specific deficiencies in the generated images from a clinical 
application perspective. Similarly, our results showed that all the criteria (those with scores greater than 80) were 
satisfactory for clinical use. These encouraging results prompted us to accelerate the translation of our model to 
clinical practice. Notably, we observed relatively low scores on two of the five criteria, namely, the homogeneity 
of the enhancement and the degree of the enhancement. The complexity of hepatic hemodynamics, coupled 
with insufficient training data, may be the underlying cause. Recognizing these shortcomings is instrumental in 
guiding future improvements to our methodology.

Several limitations of the current study should be mentioned. First, the utilized dataset is relatively small, 
although larger than those in recently published papers32. A larger and external dataset should be collected to 
further improve the performance of our model in the future. Second, prior knowledge of liver hemodynamic 
changes was not embedded in the network. Guided by human knowledge, a DL network would be more capable 
of performing comprehensive tasks37. The latest large language models may also give new solutions in this area38. 
Subsequently, we only investigated the possibility of generating MPECT images from non-contrast CT images, 
not touching further directions for disease classification. Constructing a multitask network, such as one that 
combines image translation and disease diagnosis, will be our future direction. Lastly, we can also compare the 
region-wise or organ-wise difference between the generated and ground-truth CT images. In this paper, we 
mainly use the pixel-wise and perceptual metrics and cannot obtain the region-level or organ-level performance 
for further analysis. Our future work will leverage the organ segmentation models to segment out all the organs 

Quality Similarity

P-to-AP 4.0 (3.5, 4.5) 81.5 (78.0, 84.5)

P-to-PVP 4.0 (4.0, 4.5) 81.0 (78.0, 83.5)

P-to-DP 4.0 (3.5, 4.5) 81.5 (78.5, 84.5)

Statistical difference

P-to-AP vs. P-to-PVP: p = 0.03 P-to-AP vs. P-to-PVP: p = 0.83

P-to-AP vs. P-to-DP: p = 0.96 P-to-AP vs. P-to-DP: p = 0.58

P-to-PVP vs. P-to-DP: p = 0.05 P-to-PVP vs. P-to-DP: p = 0.44

Table 5.  Radiologist’s evaluation analysis.  Values were presented as median (Q25, Q75).
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first39,40, implement 3D non-contrast and MPECT translation for each organ, and then evaluate the synthesis 
performance for each organ.

In conclusion, our proposed MAN-GAN demonstrated the feasibility of liver MPECT image translation 
basedon non-contrast CT images only and achieves state-of-the-art performance via the subtraction strategy. 
Our method shows potential for solving the dilemma of liver CT contrast scanning and may provide valuable 
support for various clinical scenarios involving liver interactions. However, further validation and exploration 
are needed in the future to fully understand the potential and effectiveness of these methods.

Data availability
Specific inquires for our data and analyses can be raised to corresponding author and will be shared based on 
reasonable request.
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