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Highlights:

• Deep learning generated synthetic 3D contrast-enhanced liver MRI
using only pre-contrast T1-and T2-weighted input images.

• Synthetic post-contrast liver MRI showed high similarity to ground-truth
(structural similarity index 0.86 ± 0.03, Dice 0.97 ± 0.05).

• Radiologists rated synthetic MRI similar to ground-truth MRI for diag-
nosability, quality, artifacts, anatomy, and visual Turing test.

• LI-RADS hepatocellular carcinoma tumor features were well preserved
in synthetic MRI (accuracy 0.76–0.86).

• Deep learning-based approaches may reduce contrast medium use,
scanning time, and costs in contrast-enhanced liver MRI workflows.

Impact and implications:
This work demonstrates the early feasibility of generating high-quality, 3D 
contrast-enhanced multiphasic liver MRI exams from pre-contrast se-
quences, with synthetic exams showing strong agreement with ground-
truth across quantitative metrics and key qualitative criteria, including the 
visual Turing test, image quality, disease diagnosability, anatomic accu-
racy, artifact severity, and HCC Liver Imaging Reporting and Data System 
features. Despite the model currently representing a proof of concept 
based on a moderate single-center dataset, with a need for larger multi-
center studies and external validation, the results highlight the potential to 
transform liver MRI workflows by reducing contrast media costs and po-
tential side effects, significantly shortening acquisition time, especially the 
prolonged 20-min hepatobiliary phase, and improving accessibility for pa-
tients unable to tolerate contrast-enhanced MRI because of renal impair-
ment, contrast agent allergy, or claustrophobia.
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Background & Aims: There is growing interest in reducing contrast medium use and the lengthy scan duration in liver imaging. 
This proof of concept study evaluated the feasibility of deep learning-based generation of synthetic 3D liver contrast-enhanced 
multiphasic magnetic resonance imaging (MRI) exams, which are similar to ground-truth exams in hepatocellular carcinoma 
and cirrhosis.

Methods: MRI exams from patients with hepatocellular carcinoma (HCC) or cirrhosis at a single academic center were retro-
spectively collected. A 3D cycle-consistent generative adversarial network was trained to generate synthetic 3D T1-weighted 
contrast-enhanced multiphasic liver MRI exams, including arterial, portal venous, delayed, and hepatobiliary phases, using 
two pre-contrast T1-weighted and T2-weighted input phases. Quantitative performance evaluated similarity, error, and overlap 
metrics between synthetic and ground-truth exams. For the qualitative multireader study, three blinded radiologists assessed the 
ground-truth and synthetic MRI exams using a comprehensive questionnaire. Questionnaire tasks 1–5 comprised: visual Turing 
test (ground-truth vs. synthetic nature), image quality, anatomic accuracy, disease diagnosability, and artifacts. Task 6 
comprised Liver Imaging Reporting and Data System features.

Results: The study included 3,198 MRI phases from 533 MRI exams from 185 patients with HCC (mean age, 62.1 years ± 9.7 
[SD]; 141 men) and 182 patients with cirrhosis (54.4 years ± 10.0; 111 men). Synthetic MRI exams achieved high quantitative and 
qualitative similarity to ground-truth exams. Quantitative analysis demonstrated high structural similarity index (0.86 ± 0.03), 
overlap (0.97 ± 0.05), and low symmetric mean absolute percent error (0.63 ± 0.23%). The qualitative multireader study showed 
no significant difference in tasks 1–5 (p = 0.06–0.50) and high performance metrics in task 6 (accuracy: 0.76–0.86; precision: 
0.96–1.00) with moderate to perfect Fleiss’s Kappa inter-rater agreement (0.58–1.00, p <0.001).

Conclusions: Deep learning enabled the generation of synthetic 3D liver contrast-enhanced multiphasic MRI exams from pre-
contrast sequences, achieving high quantitative and qualitative similarity to ground-truth images.

© 2026 The Authors. Published by Elsevier B.V. on behalf of European Association for the Study of the Liver (EASL). This is an open access article 
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
Three-dimensional liver contrast-enhanced multiphasic mag-
netic resonance imaging (CE-mpMRI) has a key role in the 
diagnosis and evaluation of a variety of pathological liver 
conditions, including hepatocellular carcinoma (HCC) and 
chronic liver disease, particularly cirrhosis. 1–3 Patients with 
cirrhosis have a high risk of developing HCC, and complica-
tions of portal hypertension are common causes of death, 
necessitating regular surveillance for early HCC detection and 
timely management. 4 Together, these needs create substantial 
demand for frequent liver CE-mpMRI in clinical practice for 
patients with cirrhosis and HCC.

While gadolinium-based contrast media enhance diag-
nostic quality in many liver imaging applications, they also 
pose significant drawbacks, including longer scan duration,

especially when acquiring the hepatobiliary phase, nephro-
toxicity, potentially severe allergic-like reactions, nausea, 
headache, risk of anaphylaxis, and environmental concerns. 5,6 

Contrast media use is contraindicated in patients with 
advanced renal disease or during pregnancy, and there is 
uncertainty about the long-term effects of gadolinium intra-
cranial deposition. 7,8 In addition, abdominal CE-mpMRI has 
limited accessibility and high costs. 9,10 The required long scan 
duration with multiple-phase acquisitions and breath hold-
ing 9,10 could even cause motion artifacts and failure to capture 
the optimal phase during acquisition. 11 Thus, shorter scan 
durations, less contrast media injection, and reduced need for 
repeated breath-holds, particularly difficult for older, pediatric, 
or critically ill patients, can improve patient comfort and 
compliance, reduce the need for sedation, and help avoid 
costly rescans. 12
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In response to the growing interest in reducing reliance on 
lengthy imaging protocols and contrast media use, without 
compromising diagnostic accuracy, recent studies have 
explored deep learning-based generation of synthetic contrast-
enhanced MRI in regions such as the brain, breast, and naso-
pharynx. 13–18 Similarly, there is a growing need for liver CE-
mpMRI synthesis from pre-contrast MRI phases, which could 
potentially shorten scan duration, especially for hepatobiliary 
phase acquisition, address contrast media shortages sce-
narios, 19 increase patient comfort, lower contrast media expo-
sure and associated costs and risks, and improve daily liver MRI 
throughput. However, deep learning-based generation of syn-
thetic liver CE-mpMRI remains largely unexplored.

This proof of concept study aimed to fill this unmet need by 
evaluating the feasibility of using 3D cycle-consistent genera-
tive adversarial network (CycleGAN) deep learning models, 20 

which use pre-contrast input phases to generate synthetic 3D 
T1-weighted liver CE-mpMRI phases (arterial, portal venous, 
delayed, and hepatobiliary), with comparable image quality to 
ground-truth ones, in patients with HCC and cirrhosis.

Patients and methods

Study group

The institutional review board approved this retrospective 
Health Insurance Portability and Accountability Act–compliant 
study and provided a waiver for the requirement for written 
informed consent. Inclusion criteria were patients aged 18 
years or older; with at least one treatment-naive HCC lesion 
(HCC cohort) OR only cirrhosis without HCC (cirrhosis cohort) 
confirmed by clinical and radiological evaluation; who had liver 
CE-mpMRI, including T1-weighted and T2-weighted pre-
contrast phases and T1-weighted post-contrast phases (arte-
rial, portal venous, delayed, and hepatobiliary phase acquired 
using intravenous gadoxetate disodium [Eovist; Bayer, New 
Jersey, US]). There was no overlap of the MRI exams used 
between the HCC and cirrhosis cohorts. Exclusion criteria 
included severe MRI artifacts obscuring liver structures, infil-
trative HCC, incomplete imaging phases, or liver metastases 
from another primary malignancy. Eligible patients were iden-
tified and included consecutively using Epic (Epic Systems 
Corporation, USA) and Montage (Montage Healthcare Solu-
tions, USA) search tools for liver CE-mpMRI between 
2009 and 2023.

Model training and inputs

For all CycleGAN models explained in this section and the 
upcoming methodology sections, 80% of the MRI dataset was 
used for the training set, and 20% was used for the completely 
independent test set. Within the 80% training set, a 10-fold 
cross-validation was used. Pre-contrast T1-weighted and T2-
weighted phases were used as inputs for the models.

The ‘target model’, named as such for its maximum effi-
ciency, was a ‘multiphase combined cohort’ model trained 
using 10-fold cross-validation to simultaneously generate the 
four T1-weighted post-contrast phases (arterial, portal venous, 
delayed, and hepatobiliary) for both HCC and cirrhosis MRI 
exams (‘combined cohort’). Details, including MRI pre-
processing, data augmentation, liver and tumor

segmentations, and CycleGAN architecture as adapted from 
Zhu, Park et al. 20 are included in Appendix S1.

Quantitative analysis for target model: Similarity and 
error metrics

Similarity and error metrics were calculated on the 20% test 
set across the 10 cross-validation folds between the ground-
truth and corresponding synthetic CE-mpMRI exams from 
the target model in the liver and tumor regions using a pub-
lished method. 14 Similarity metrics included structural similar-
ity index (SSIM) and peak signal-to-noise ratio (PSNR). Error 
metrics included normalized root mean square error (NRMSE), 
symmetric mean absolute percentage error (SMAPE), log ac-
curacy ratio (LogAC), median symmetric accuracy (MedSy-
mAC), and dissimilarity index (DSSIM). Higher values in 
similarity metrics (SSIM and PSNR) and lower values in error 
metrics (NRMSE, SMAPE, LogAC, MedSymAC, and DSSIM) 
indicated better performance.

Quantitative analysis for target model: Dice overlap

The Dice Similarity Coefficient for overlap was used to quantify 
the spatial overlap between ground-truth and corresponding 
synthetic liver and tumor segmentation masks.

Single and multiphase generation for separate and 
combined cohorts

To assess whether the ‘multiphase combined cohort’ target 
model offered optimal performance and to ensure that it did 
not underperform compared with alternative CycleGAN 
models that generate a single post-contrast phase or multiple 
post-contrast phases for either separate (HCC only or cirrhosis 
only) or combined cohorts, 14 additional models were trained, 
each for the first cross-validation fold. Their similarity and error 
metrics were compared with those of the first cross-validation 
fold of the target model, as detailed in Appendix S1.

Relative contribution of input phases

To evaluate the relative contribution of the pre-contrast T1-
weighted and T2-weighted input phases to the target model, 
two additional CycleGAN models were trained for the first 
cross-validation fold using either only pre-contrast T1-
weighted or only pre-contrast T2-weighted phases as input 
to generate all four postcontrast phases for the combined 
cohort. Their similarity and error metrics were compared with 
those of the first cross-validation fold of the target model.

Qualitative analysis for target model: Multireader study

A multireader study was conducted by three blinded expert 
radiologist readers (JW, MVR, and GP) with 11, 22, and 40 
years of experience in abdominal imaging, respectively, 
including liver MRI interpretation. The ground-truth and syn-
thetic liver CE-mpMRI exams (generated by the target model) 
of the 20% test dataset of the combined cohort were read 
across two reading sessions, with the second session after at 
least a 4-week memory-washout period to minimize recall 
bias. A comprehensive six-task questionnaire was developed 
based on a detailed review of established literature 13–16,21 and 
modified as necessary to fit the specific aims of this study. The
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final questionnaire was reviewed and refined by a board-
certified radiologist (JC), with over 15 years of experience, 
who was not involved as a study reader. The six question-
naire tasks aimed to assess visual Turing test (ground-truth 
vs. synthetic nature), image quality, anatomic accuracy, 
disease diagnosability, artifacts, and the presence of major 
HCC Liver Imaging Reporting and Data System (LI-RADS) 
features. 22 Details are provided in Table 1 and Appendix S1.

Statistical analysis

Quantitative metrics were compared using two-tailed Wil-
coxon signed-rank or Mann–Whitney U test for paired and 
unpaired data, respectively. Multireader study questionnaire 
evaluations were evaluated using a two-tailed McNemar test. 
Fleiss’s Kappa was used to assess interrater agreement and 
reliability. A p value <0.05 was considered statistically sig-
nificant, with Bonferroni correction applied to control for 
multiple comparisons, when applicable. Statistical analyses 
were performed using SciPy (version 1.13.1, www.scipy.org) 
and statsmodels (version 0.14.2, www.statsmodels.org).

Results

Study group

The study included 3,198 MRI phases (1,560 HCC MRI 
phases and 1,638 cirrhosis MRI phases) from a total of 533 
liver CE-mpMRI exams, comprising 260 HCC and 273 
cirrhosis CE-mpMRI exams (six phases: pre-contrast T1-
weighted, pre-contrast T2-weighted, arterial, portal 
venous, delayed, and hepatobiliary in each MRI exam). The 
MRI exams were from 185 patients with HCC (mean age, 
62.1 years ± 9.7 [SD]; 141 men) and 182 patients with 
cirrhosis (mean age, 54.4 years ± 10.0 [SD]; 111 men). Fig. 1 
shows the selection flowchart of the MRI exams. Patient 
demographics information and HCC tumor characteristics 
are provided in Tables 2 and 3.

Model training and inputs

For all models, 2,556 MRI phases (1,248 HCC MRI phases 
and 1,308 cirrhosis MRI phases) from a total of 426 CE-

Included MRI exams
n = 533

Screened MRI exams
n = 1,464

Excluded:

•   No HCC or cirrhosis present (n = 202)

•   Severe image artifacts (n = 20)

•   Missing phases in MRI exam (n = 2)

•   Misregistration of one or more phases (n = 23)

•   Other non-HCC liver lesions present (n = 684)

Fig. 1. Selection flowchart of MRI exams included in the study. HCC, 
hepatocellular carcinoma; MRI, magnetic resonance imaging. T
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mpMRI exams (208 HCC and 218 cirrhosis exams) were used 
for the 80% training set. In addition, 642 MRI phases (312 HCC 
MRI phases and 330 cirrhosis MRI phases) from a total of 107 
CE-mpMRI exams (52 HCC and 55 cirrhosis exams) were used 
for the 20% test set.

Quantitative analysis for target model: similarity and 
error metrics

Quantitative analysis in the form of similarity and error metrics 
for the target model showed high SSIM, moderate PSNR, and 
low error metrics between ground-truth and synthetic post-
contrast images, both in the liver (combined cohort) and within 
the tumor in the HCC cohort (Fig. 2 and Table S1). For the liver 
region, the mean ± SD for SSIM was 0.862 ± 0.030, for PSNR 
was 22.394 ± 2.988 dB, for NRMSE was 0.081 ± 0.030, for 
SMAPE was 0.625% ± 0.229%, for LogAC was 0.013 ± 0.005, 
for MedSymAC was 0.001 ± 0.001, and for DSSIM was 0.069 ± 
0.015. For the tumor region, the mean value ± SD for SSIM was 
0.758 ± 0.107, for PSNR was 19.436 ± 4.196 dB, for NRMSE 
was 0.120 ± 0.063, for SMAPE was 1.043 ± 0.733%, for LogAC 
was 0.021 ± 0.015, for MedSymAC was 0.004 ± 0.008, and for 
DSSIM was 0.121 ± 0.054. In all metrics, there was no signif-
icant difference in the liver quantitative metrics between the 
HCC and cirrhosis cohorts (two-tailed Mann–Whitney U test: 
p = 0.192–0.992). In the HCC cohort, all liver metrics signifi-
cantly outperformed tumor metrics (Fig. 3; two-tailed Wilcoxon 
signed-rank test: all p <0.001).

Quantitative analysis for target model: Dice overlap

The Dice Similarity Coefficient for overlap between ground-
truth and corresponding synthetic liver segmentation masks 
demonstrated a mean overlap of 0.97 ± 0.05 for the liver in the 
combined cohort. In the HCC cohort, the mean Dice Similarity 
Coefficient for overlap for tumor segmentation was 0.85
± 0.14.

Relative contribution of input phases

The target model with pre-contrast T1-weighted and T2-
weighted phases as inputs significantly outperformed the 
pre-contrast T2-weighted-only model in both liver and tumor 
regions in all similarity and error metrics (two-tailed Wilcoxon 
signed-rank test: all p <0.001) except for MedSymAC in the 
tumor, where the models performed similarly. In addition, the 
target model with pre-contrast T1-weighted and T2-weighted 
phases as inputs significantly outperformed the pre-contrast 
T1-weighted-only model in the DSSIM, SSIM, and PSNR of 
the liver region, but the pre-contrast T1-weighted-only model 
outperformed the target model in the liver MedSymAC metric 
(two-tailed Wilcoxon signed-rank test: all p <0.001). The target 
model performed similarly to the pre-contrast T1-weighted-
only model in the tumor region except for PSNR, where the 
target model significantly outperformed the latter (two-tailed 
Wilcoxon signed-rank test: p = 0.002). The results are shown 
in Fig. S1.

Single and multiphase generation for separate and 
combined cohorts

The target model and all 14 additional models yielded synthetic 
post-contrast T1-weighted images that were quantitatively 
similar to ground-truth post-contrast images (high SSIM and 
low NRMSE in the liver). The target model performed similarly 
to, or significantly outperformed, other models (eight of 14 
models) more often than being outperformed by other models 
(two-tailed Wilcoxon signed-rank test: all p <0.001), as shown 
in Fig. S2. This supports its selection as the optimal model, 
because it uses the largest input data volume (both pre-
contrast T1-weighted and T2-weighted phases as inputs) for 
the combined HCC and cirrhosis cohorts, enabling greater

Table 3. HCC lesion characteristics.

Characteristic Value

No. of patients 185
No. of target HCC lesions 260
No. of MRI phases 1,560
No. of CE-mpMRI exams 260
Target HCC lesion location 
Right lobe 164 (63.1)
Left lobe 92 (35.4)
Bilobar 4 (1.5)

CE-mpMRI, contrast-enhanced multiphasic magnetic resonance imaging; HCC, he-
patocellular carcinoma.

Table 2. Patient clinical characteristics.

Characteristic Value for HCC cohort Value for cirrhosis cohort

No. of patients 185 182
No. of MRI phases 1,560 1,638
No. of CE-mpMRI exams 260 273
Age (year)* 62.1 ± 9.7 54.4 ± 10.0
Sex
Female 44 (23.8) 71 (39.0)
Male 141 (76.2) 111 (61.0)

Cirrhosis present 152 182
Cirrhosis etiology 
HCV 51 (33.6) 55 (30.2)
HBV 2 (1.3) 4 (2.2)
Alcoholic 11 (7.2) 46 (25.3)
Alcoholic/HCV 6 (3.9) 4 (2.2)
MASH 9 (5.9) 15 (8.2)
Autoimmune 0 (0.0) 5 (2.7)
Cryptogenic 73 (48.0) 53 (29.1)

Unless otherwise noted, data are the number of patients, with percentages in parentheses.
CE-mpMRI: contrast-enhanced multiphasic magnetic resonance imaging; HCC, hepatocellular carcinoma; MASH, metabolic dysfunction-associated steatohepatitis. 
*Age is presented as mean ± SD.
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Fig. 2. Quantitative results of the target model. Quantitative metric results of the target model between the four post-contrast phases of ground-truth and cor-
responding synthetic CE-mpMRI exams of the 20% test set are shown in (A) for the liver of the combined HCC and cirrhosis cohort and (B) for the tumor in the HCC 
cohort. The metrics are shown for each individual phase and on average across the four phases combined (average value per full CE-mpMRI exam). Note: The left Y-
axis shows values of all metrics except PSNR. The right Y-axis shows the PSNR values in decibels (dB). Higher values in similarity metrics (SSIM, PSNR) and lower 
values in error metrics (NRMSE, SMAPE, LogAC, MedSymAC, DSSIM) indicate better performance. CE-mpMRI, contrast-enhanced multiphasic Magnetic Resonance 
Imaging; DSSIM, structural dissimilarity index; HCC, hepatocellular carcinoma; LogAC, log accuracy ratio; MedSymAC, median symmetric accuracy; NRMSE, 
normalized root mean square error; PSNR, peak signal-to-noise ratio; SMAPE, symmetric mean absolute percent error; SSIM, structural similarity index.
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generalizability and maximum efficiency in synthesizing all four 
post-contrast MRI phases for the combined cohort simulta-
neously. This eliminates the need to train separate models for 
individual HCC or cirrhosis cohorts, or to synthesize only a 
single post-contrast phase per model, thereby saving signifi-
cant time, GPU memory, and computational resources.

Qualitative analysis for target model: multireader study

In the multireader study, all 107 ground-truth and synthetic CE-
mpMRI exams of the 20% test set of the target model were 
evaluated by the three readers. On average across the three 
readers, ground-truth MRI exams in the combined cohort were 
more often evaluated favorably than were synthetic ones in 
tasks 1–5, with higher rates of being perceived as ground-truth 
(97.20% vs. 91.90%), showing ‘diagnostic quality’ (quality 
scores 3–5) (100% vs. 95.64%), ‘high diagnostic quality’ 
(quality scores 4–5) (93.46% vs. 85.98%), radiological diag-
nosability of disease (97.20% vs. 91.90%), liver anatomic ac-
curacy (100.00% vs. 96.26%), and ‘minimal artifacts’ (artifact 
scores 0–1) (96.26% vs. 92.52%) for ground-truth and syn-
thetic MRI exams, respectively. However, statistically, there 
was no significant difference between ground-truth and syn-
thetic MRI exams across tasks 1–5 (p = 0.06–0.50) except that 
significantly more ground-truth MRI exams were rated as ‘high 
diagnostic quality’ compared with synthetic ones by reader 1 
(p = 0.01) (Table 4). In task 6, the model successfully repro-
duced major LI-RADS features 22 (non-rim arterial phase

hyperenhancement, portal venous/delayed washout, and 
enhancing capsule) and the ancillary hepatobiliary phase 
hypointensity feature (accuracy 0.76–0.86, precision 
0.96–1.00, F1 score 0.85–0.92, sensitivity 0.75–0.87, and 
specificity 0.73–1.00) (Table 4). Inter-rater agreement was 
moderate to perfect across all tasks, as indicated by Fleiss’s 
Kappa values ranging from 0.58 to 1.00 (p <0.001) (Table 4).

Successful visual examples of ground-truth and synthetic 
CE-mpMRI exams for HCC and cirrhosis are presented in Figs 
4 and 5. Examples of specific model failures in generating 
synthetic versus ground-truth MRI exams are shown in Fig. 6.

Discussion
This study presents a deep learning approach for the gener-
ation of synthetic liver MRI exams in patients with HCC or 
cirrhosis. Our primary results show the feasibility of using 3D 
deep learning CycleGAN models to directly generate fully 
volumetric 3D liver synthetic post-contrast CE-mpMRI exams 
that are quantitatively and qualitatively similar to ground-truth 
exams using pre-contrast input phases. First, in terms of 
quantitative metrics, the synthetic postcontrast CE-mpMRI 
exams of the target model demonstrated high SSIM (mean 
0.86 ± 0.03 vs. 0.76 ± 0.11), high overlap (0.97 ± 0.05 vs. 0.85 ± 
0.14), and low error (NRMSE 0.08 ± 0.03 vs. 0.12 ± 0.06; 
SMAPE 0.63 ± 0.23% vs. 1.04 ± 0.73%) compared with 
ground-truth exams in liver and tumor regions, respectively. 
Second, the multireader qualitative study (visual Turing test,
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image quality, disease diagnosability, anatomic accuracy, and 
artifact severity) showed no significant difference between 
ground-truth and synthetic MRI exams (p = 0.06–0.50) and 
high performance metrics (accuracy: 72–86%; precision: 
96–100%) for HCC LI-RADS features.

Interestingly, the target model demonstrated high SSIM but 
moderate PSNR (mean 22.39 ± 2.99 dB, 19.44 ± 4.20 dB in 
liver and tumor, respectively). This is expected because SSIM 
measures image structural properties, provides an accurate 
assessment of MR image quality, and correlates most with 
qualitative evaluation by expert readers. 23 In addition, 
although the quantitative metrics of HCC tumors also showed 
good performance, all quantitative metrics in the liver region 
were significantly better (p <0.001), consistent with the greater 
heterogeneity and complexity of the tumor. 24

In contrast to our full 3D MRI generation approach, previ-
ous deep learning studies 16–18,25–28 mainly focused on 2D-
based image synthesis across various modalities (X-ray, 
computed tomography, and MRI) because of the complexity, 
high computational, and GPU memory demands of 3D syn-
thesis; however, 2D-based image synthesis approaches can 
negatively affect performance because they are prone to slice-
to-slice inconsistencies. 29 Previous deep learning studies with 
3D post-contrast MRI synthesis were mainly in brain or breast 
imaging, focused on a single disease, synthesis of only one 
post-contrast phase, and required five to seven pre-contrast 
inputs for the model. 13,14 By contrast, this study was consid-
erably more challenging: using only two pre-contrast input 
phases, we synthesized all four post-contrast phases of liver 
MRI exams, across two diseases (HCC and cirrhosis), and 
evaluated the synthetic images using a more comprehensive 
questionnaire covering a wider range of image characteristics. 
To the best of our knowledge, no previous studies have suc-
cessfully generated 3D liver CE-mpMRI exams using pre-
contrast phases.

As used in previous studies, 16,30 we adopted a GAN ar-
chitecture, known for high fidelity and speed, 29 and specif-
ically used a more advanced variant, CycleGAN, with two 
generators and two discriminators for better structural and 
contextual fidelity of the synthetic images. 20 Prior studies, 
including a multicenter effort generating synthetic brain MRI, 
demonstrated that a GAN-based deep learning architecture 
significantly outperformed a U-Net-based architecture in 
producing realistic synthetic MRI exams (SSIM 0.818, p 
<0.0001). 31 Similarly, a study using a convolutional neural 
network for brain MRI synthesis encouraged future studies to 
use GANs to enhance image quality; notably, the synthetic 
images from that study exhibited apparent blurring, an issue 
not observed in our GAN-generated images. 14

This study has several limitations. First, this was a single-
center study, limiting the generalizability to broader patient 
populations or datasets acquired using different imaging 
protocols and scanner types. Second, we focused on HCC 
and cirrhosis only, while the applicability in normal liver tissue 
and other common malignant and benign liver lesions remains 
unexplored. Finally, while our models demonstrate promising 
performance metrics, the variability in liver pathology, 
including differences in lesion size, vascularity, and liver 
function, presents challenges for consistent model perfor-
mance, particularly in cases with complex or atyp-
ical presentations.T
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These highly promising findings highlight the potential to 
transform liver MRI workflows by reducing contrast media 
cost and potential side effects, significantly shortening 
acquisition time, especially the prolonged hepatobiliary phase 
acquisition of 20 min, and improving accessibility for patients 
unable to tolerate it because of renal impairment, contrast 
agent allergy, or claustrophobia. Despite these promising 
results, it is important to emphasize that our deep learning 
model currently represents a proof of concept rather than a 
clinically deployable tool. The dataset size remains limited, 
and no external validation was performed, which restricts the 
generalizability. Nevertheless, it establishes a strong proof of 
concept framework and paves the way for future studies. 
Looking ahead, further research can build on these findings 
by model adaptation for other liver diseases, such as me-
tastases or benign liver lesions, validation in large-scale, 
multicenter prospective studies, and additional pre-contrast 
input phases to potentially enhance model performance and 
enable the generation of the same four post-contrast phases

used in this study (or more, if clinically relevant). Furthermore, 
a dedicated hallucination analysis, for example by system-
atically cross-checking synthetic and ground-truth image 
pairs, will be important to explicitly assess and mitigate the 
hallucination risk of the model. A cost-effectiveness analysis 
is also required in future studies to evaluate potential quan-
titative cost reductions. Finally, this deep learning model 
could be adapted for related tasks, such as postcontrast CT 
synthesis or even intermodality MRI generation from 
computed tomography and vice versa.

In conclusion, the proposed deep learning model demon-
strates early feasibility of using pre-contrast MRI sequences to 
generate high-quality 3D synthetic postcontrast CE-mpMRI, 
potentially offering a pipeline toward a viable alternative for 
conventional CE-mpMRI. The synthetic MRI exams were 
similar to ground-truth ones across quantitative metrics and 
several key qualitative aspects, including visual Turing test, 
image quality, disease diagnosability, anatomic accuracy, 
artifact severity, and LI-RADS features.
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Fig. 4. HCC ground-truth and synthetic MRI. Examples are shown of ground-truth (real) (R) and synthetic (S) liver post-contrast MRI phases of patients with HCC, 
demonstrating LI-RADS features. Both ground-truth and synthetic phases show major LI-RADS features of non-rim arterial hyperenhancement (arrowhead) on the 
arterial phase, as well as non-peripheral washout (arrowhead) and an enhancing capsule (arrow) surrounding the HCC lesion on the portal venous and/or delayed 
phases. The ancillary LI-RADS feature of hypointensity on the hepatobiliary phase (arrowhead) is also shown. HCC, hepatocellular carcinoma; LI-RADS: Liver Imaging 
Reporting and Data System; MRI, magnetic resonance imaging.
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Fig. 5. Cirrhosis ground-truth and synthetic MRI. Examples are shown of ground-truth (real) (R) and synthetic (S) liver post-contrast MRI phases of cirrhosis 
patients. MRI, magnetic resonance imaging.
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Fig. 6. Cases of model failure in synthetic MRI. Examples are shown of model failure in synthetic MRI phases. (A–D) Instances where the model did not correctly 
reproduce HCC LI-RADS features present in ground-truth (real) (R) MRI phases in their corresponding synthetic (S) phases. LI-RADS features shown are (A) non-rim 

arterial hyperenhancement (arrowhead) on the arterial phase, (B,C) non-peripheral washout (arrowhead) and an enhancing capsule (arrow) surrounding the HCC lesion 
on the portal venous (B) and delayed (C) phases, and (D) hypointensity on the hepatobiliary phase. (E) Synthetic delayed MRI phase of a patient with cirrhosis with 
incorrect liver anatomy, undiagnosable cirrhosis, and more artifacts compared with its corresponding ground-truth phase. HCC, hepatocellular carcinoma; LI-RADS, 
Liver Imaging Reporting and Data System; MRI, magnetic resonance imaging.
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