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Abstract. Dynamic contrast-enhanced breast magnetic resonance imag-
ing plays an essential role in breast cancer detection, diagnosis, and treat-
ment planning. However, the use of gadolinium-based contrast agents in-
creases examination cost and time, while posing potential safety concerns
for patients with contraindications. These limitations have motivated the
development of image modality translation studies that transform pre-
contrast MRI into post-contrast MRI (virtual contrast-enhancement).
We adopted CycleGAN, which produces residuals with self-attention
module to reconstruct contrast-enhanced T1-weighted MRI (virtual T1-
post). This model was designed to learn the residual between pre- and
post-contrast images, enabling it to focus on contrast-enhancing struc-
tures.

To further improve the lesion fidelity and clinical relevance of the virtual
T1-post, we incorporated segmentation-guided Dice similarity coefficient
(Dice) loss and region of interest - structural similarity (ROI-SSIM) loss.
Experiments were conducted using the MAMA-Synth Challenge dataset.
Compared with Rectified Flow, Our residual-prediction model showed
lower performance in global image similarity (MSE: 0.71 &+ 1.15 vs. 0.65
+ 1.12; LPIPS: 0.17 + 0.10 vs. 0.14 £ 0.09) and FRD (12.51 vs. 9.87),
while demonstrating improved lesion fidelity (ROI-SSIM: 0.41 £ 0.22 vs.
0.37 + 0.25) and clinically relevant downstream performance (contrast
AUROC: 0.86 vs. 0.77; tumor AUROC: 0.50 vs. 0.48; Dice: 0.50 + 0.32
vs. 0.32 = 0.37; HD95: 80.17 £ 114.62 vs. 198.64 £ 220.03).

Keywords: Image-to-image translation - CycleGAN - Virtual contrast-
enhancement - Residual prediction

1 Introduction

Breast cancer is the most commonly diagnosed malignancy among women world-
wide and remains one of the leading causes of cancer-related mortality. In 2022,
approximately 2.3 million new cases of breast cancer and 660,000 breast can-
cer-related deaths were reported globally [1]. Accurate detection and charac-
terization of lesion plays a critical role in treatment planning and prognostic
assessment [2].
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Breast magnetic resonance imaging (MRI) is an important imaging modality
in breast cancer care. Dynamic contrast-enhanced MRI (DCE-MRI) can effec-
tively visualize tumor vascularity and vascular permeability by capturing the in-
flow and washout patterns of contrast agents. Consequently, DCE-MRI is used as
a clinical standard examination for major indications, including staging of newly
diagnosed breast cancer, screening of women at high risk for breast cancer, and
evaluation of response to preoperative chemotherapy [3,4]. However, DCE-MRI
requires intravenous contrast administration, increasing examination time and
cost and raising safety concerns associated with gadolinium-based agents |5, 6].

To reduce the burden of acquiring medical images from different modali-
ties, modality translation has been increasingly investigated to generate a target
modality from available images [7]. Within this broader field, recent studies
have explored translating pre-contrast T1-weighted MRI (T1-pre) into contrast-
enhanced T1-weighted MRI (T1-post) without contrast administration [8]. Var-
ious approaches using generative models have been investigated for this task, in-
cluding generative adversarial networks (GANSs) [9, 10] and diffusion models [11-
13]. Unlike general medical image modality translation, translating T1-pre into
T1-post (virtual contrast-enhancement) emphasizes localized contrast-induced
intensity changes while preserving the underlying anatomy. Accordingly, recent
studies have investigated residual-prediction (RP) learning, in which the model
predicts the residual between pre- and post-contrast images rather than the
entire post-contrast image, demonstrating improved fidelity of virtual contrast-
enhanced regions [14, 15].

We adopted CycleGAN [16] to minimize the effects of spatial misalignment
between paired pre- and post-contrast breast MRI. Its cycle-consistency enables
image translation with less reliance on exact pixel-wise correspondence. Build-
ing on this framework, we incorporate self-attention modules and lesion-specific
supervision to guide the model toward subtle, spatially localized enhancement.
To evaluate whether the proposed RP strategy is effective beyond previous ap-
proaches, we compared our method with Rectified Flow [17] and pretrained
Pix2PixHD models [18].

2 Materials and Methods

2.1 Dataset

The full cohort is based on the shared dataset provided by the MAMA-Synth
Challenge [19]. It contains pre-treatment breast T1-weight DCE-MRI of 1,506
patients collected from more than 25 centers throughout the United States. De-
tailed dataset characteristics are provided in Table 1.

For each patient, among the multiple post-contrast phases available in DCE-
MRI dataset, the phase with the highest peak intensity within the tumor was
selected. Then the slice with the highest lesion peak intensity was extracted to
construct paired pre- and post-contrast images.



Lesion-aware Virtual Contrast Using CycleGAN

Table 1. Characteristics of the entire dataset provided by MAMA-Synth challenge
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Train (n=959) Validation (n=241) Test (n=306)
Age (years) 48.89 + 10.47 48.61 £+ 10.04 47.23 + 10.40
Caucasian (76.2) Caucasian (78.2) Caucasian (72.1)
Ethnicity (% African American (15.2) | African American (14.6) | African American (20.6)
nicity (%) Asian (5.9) Asian (6.7) Asian (4.7)
Other (2.7) Other (0.5) Other (2.6)
Field strength 1.5T (72.5) 1.5T (69.3) 1.5T (73.2)
(%) 3T (27.5) 3T (30.7) 3T (26.8)
Pixel spacing 0.72 + 0.14 0.73 + 0.13 0.73 + 0.15
(mm)
Slice thickness 1.89 £ 0.57 1.90 £ 0.54 1.75 £ 0.68
(mm)
GE (68.9) GE (68.0) GE (46.1)
Manufacturer (%) SIEMENS (21.8) SIEMENS (25.7) SIEMENS (45.8)
Philips (9.3) Philips (6.2) Philips (8.2)
Echo time (ms) 3.04 £ 1.11 2.94 £ 1.09 2.94 £ 1.21
Repet(‘ﬁ:;;l time 6.73 + 3.33 6.40 + 1.95 8.23 + 6.36

2.2 Preprocessing

To represent each paired pre- and post-contrast image on a common intensity
scale while preserving their relative contrast relationship, both images were nor-
malized using a shared intensity range derived from the T1-pre. Intensity values
were linearly normalized to [-1, 1] using the range [Lnin, Imin + 2.5(Imaz — Imin )]
of the T1-pre and values outside this range were clipped, where I,,,;,, and I,q,
are the T1-pre intensity extrema. The scaling factor of 2.5 was empirically de-
termined from paired image statistics. Subsequently, all images were resized to
256 %256 pixels for training. No additional registration was performed.

2.3 CycleGAN-based Virtual Contrast Enhancement

We adopted CycleGAN [16] for virtual contrast-enhancement, as its cycle-consis-
tency reduces reliance on exact pixel-wise correspondence. The proposed frame-
work consists of two generators and two discriminators. Each generator follows a
U-Net like encoder-decoder architecture with self-attention blocks, as illustrated
in Fig. 1. It predicts residual intensities for pre-to-post and post-to-pre transla-
tion, encouraging the model to focus on contrast-induced changes rather than
reconstructing the entire target image.

The reconstructed virtual target image was obtained by adding the predicted
residual to the source image:

ftrg =TI+ jres»

(1)

where ftrg,lsrc, and fres denote the virtual target image, source image, and
predicted residual intensities, respectively.
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Fig. 1. Overall architecture of generator

{ mmmm Downsampling block
| ] J o Upsampling block

Each discriminator takes the channel-wise concatenation of the source images
and virtual target images as input, and consists of four downsampling stages fol-
lowed by a convolutional output layer. Self-attention blocks are also incorporated
into the two deepest encoder layers of each discriminator.

2.4 Implementation Details

Although the generator predicts a residual intensities, reconstruction losses were
computed on the virtual T1-post: the predicted residual was added to the in-
put T1-pre to obtain virtual T1-post, which was compared with real T1-post.
Training combined adversarial (Lqq0), cycle-consistency (Laqv), pixel (Lpizei),
gradient (Lgpqq), structural similarity (SSIM) (Lggsrar) [20], identity (Ligen),
content (Leontent) [21], and learned perceptual image patch similarity (LPIPS)
(Lrpips) [22] losses to preserve image fidelity and structural consistency. Lesion-
aware supervision was further introduced using soft Dice similarity coefficient
(Dice) loss (Lpice) from a pretrained segmentation model and tumor region
of interest (ROI)-SSIM loss (Lror—ssra), which measures SSIM between the
virtual and real T1-post within the tumor ROI, to improve contrast-enhancing
lesion reconstruction. Specifically, the soft Dice and ROI-SSIM losses were de-
fined as

2>°.5;(2)M;
L ice — 1- lA 3 2
P > Si(@) + > M; @)
Lrorssim = 1 — SSIM (2| M, z|M) , (3)

where & and x are the virtual T1-post and real T1-post, respectively, S;(#) is
the predicted soft tumor probability at pixel i, and M is the ground-truth lesion
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mask with pixel-wise values M;. The final loss is defined as

Ef'mal = )\aleLadv + Acycleﬁcycle + /\pixelﬁpixel + /\gradﬁgrud
+)\SSI]\/I‘CSSI]W + Aide'rwciden + )\contentﬁcontent (4)
+ALprpsLrpips + ApiceLDice + AROI-SSTMLROI-SSIM s

where Aqgv = Acontent = ALPIPS = ADice = AROI-SSIM = 1, >\cycle = )\pizel =
Agrad = Niden = 10, and Agsray = 0.5, with all weights empirically selected.

The model was trained using the Adam optimizer with an initial learning rate
of 2 x 10~* and a batch size of 1. Checkpoint selection was based on validation
mean squared error (MSE), LPIPS, ROI-SSIM loss, and soft Dice loss computed
using lesion masks predicted by a pretrained 2D nnU-Net segmentation model.
A checkpoint was considered improved when at least one metric improved while
other metrics remained within a 1% relative tolerance. The final model was
selected from 19 training epochs, and no early stopping was applied.

3 Results

3.1 Quantitative Results

The proposed method was evaluated using complementary metrics that assess
image fidelity, lesion-specific similarity, and downstream clinical performance.
For whole image-to-image comparison, the MSE and the LPIPS were employed.
Lesion-specific ROI-to-ROI similarity was evaluated using tumor-region ROI-
SSIM and the fréchet radiomics distance (FRD) [23]. To assess the clinical utility
of the synthesized images, we evaluated classification and segmentation perfor-
mance using the official pretrained models provided by the MAMA-Synth chal-
lenge [19] without fine-tuning. Notably, pretrained 2D nnU-Net segmentation
model also used for the soft Dice loss. During classification inference, the scores
from multiple radiomics-based classifiers were ensembled.

For contrast classification, the classifier distinguished T1-pre from virtual T1-
post within the same expert-annotated tumor mask. For tumor classification, it
distinguished the tumor from its tumor mask and anatomically mirrored non-
tumor contralateral ROT in virtual T'1-post images. AUROC was computed for
both tasks. For downstream segmentation evaluation, lesion masks generated
from the virtual T1-post were compared with expert annotations using Dice and
Hausdorff distance (HD95) [24].

Table. 2 summarizes the quantitative comparison with the competing meth-
ods. Rectified Flow [17] was trained from its official implementation using the
same MAMA-Synth training set as our CycleGAN models. Pix2PixHD was eval-
uated using the pretrained model corresponding to the official MAMA-Synth
baseline model [25], and achieved performance comparable to the organizers’
baseline evaluation. Therefore, its results should be interpreted as a reference
comparison rather than a strictly controlled benchmark. To isolate the contribu-
tion of residual prediction, we evaluated a non-RP model that directly predicted
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Table 2. Quantitative comparison with other models

wse | Leips | ROT | prp |[AUROCIAUROCT o s

SSIM contrast| tumor
pixaPixD 18] | 290 | oo | s | 816 | 048 |05 | oa | i
Rectified Flow [17] | %560 | 01801 BST g7 | 077 | 0as | 002 | 19508
Ours (non-RP) F190 | 2010 | £095 | 827 | 086 046 | {53 | £11070
Ours (RP) D & L A 121 | 0.6 o.s0 | %50 | 8047

(best in bold; second best underlined)

the post-contrast image while keeping the network architecture and loss func-
tions identical to those of the proposed RP model.

Our model achieved the best ROI-SSIM, tumor AUROC, and HD95, the
joint-best contrast AUROC, and the second-best LPIPS and Dice score. Rectified

Flow achieved the best MSE and LPIPS, while Pix2PixHD obtained the best
FRD.

3.2 Qualitative Results

Representative qualitative comparisons of the test set are shown in Fig. 2 and
Fig. 3. As shown in Fig. 2, the real residual images, defined as the difference be-
tween the ground-truth T1-post and input T1-pre, highlight contrast-enhancing
regions while suppressing shared anatomical information. Compared with our
non-RP model, RP model shows more localized enhancement in small lesions.
In Fig. 3, our model preserves subtle pathological enhancement that is less ap-
parent in the outputs of the competing methods, particularly for small lesions.
However, occasional false enhancement is also observed in non-tumor regions,
particularly around the heart.

3.3 Tumor Size Subgroup Analysis

Table 3. Comparison with our non-RP model across tumor-area subgroups

Tumor size medium (RP) [medium (non-RP)| small (RP) [small (non-RP)
AUROC contrast 0.8580 0.7101 0.7500 0.7500
AUROC tumor 0.6095 0.4586 0.6250 0.5625
Dice 0.36 £ 0.33 0.35 £+ 0.32 0.12 £ 0.14 0.04 £+ 0.07
HD95 90.02 + 137.10| 109.91 + 139.28 |184.81 + 205.59|113.64 + 94.70
ROI-SSIM 0.42 £+ 0.20 0.31 £ 0.22 0.34 £ 0.20 0.26 £ 0.11
number of patients 13 13 4 4

(medium: 10< mm? <15; small: 5< mm? <10)
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Fig. 2. Comparison of residual predictions between the non-RP and RP models
Input Ground Truth Real Residual Ours (non-RP) Ours (RP)

Table. 3 presents the subgroup analysis according to tumor size measured
from the expert segmentation mask [26]. For medium-sized tumors, the RP model
achieved higher performance in contrast AUROC, tumor AUROC, Dice, and
ROI-SSIM than the non-RP model. For small tumors, the RP model achieved
higher performance in tumor AUROC, Dice, and ROI-SSIM, while contrast AU-
ROC remained identical.
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Fig. 3. Qualitative comparison with other models

Input Ground Truth

3.4 Ablation Study

Pix2PixHD

Rectified Flow

Table 4. Ablation study with lesion-specific losses

Ours (RP)

Model MSE |LPIPS ROI- FRD AUROC|AUROC Dice HD95
SSIM contrast [tumor
RO (w/o Dice & ROI) |0.6807|0.1720 | 0.3699 [10.8697| 0.8393 | 0.4406 |0.3732|176.7478
RO + Dice 0.6358( 0.1741 | 0.3595 | 11.0550 | 0.8244 | 0.5055 |0.4987 | 89.1414
RO + ROI 0.6897 |0.1689| 0.3969 | 13.8975 | 0.8157 | 0.5107 | 0.3439 [149.1251
RO + Dice + ROI (Ours)| 0.7195 | 0.1724 |0.4102| 12.515 | 0.8619 | 0.5079 |0.5067|80.1786

(Dice: soft Dice loss; ROI: ROI-SSIM loss)

As shown in Table. 4, the full model combining both lesion-specific losses
achieved the best performance in ROI-SSIM, contrast AUROC, and Dice, and
HD95. The ROI-SSIM loss only model achieved the best performance in tumor
AUROC, while the full model showed comparable performance. In contrast, the
best performance in MSE and LPIPS were obtained by the Seg Dice loss only
and ROI-SSIM loss only models, respectively.
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4 Discussion and Conclusion

Quantitatively, our model showed stronger lesion-specific and downstream per-
formance than other models despite not achieving the best global image-similarity
scores. This discrepancy suggests that global metrics may not fully reflect the
fidelity of localized contrast enhancement, as subtle differences within contrast-
enhanced lesions may have a limited contribution to whole-image similarity.

Qualitatively, our RP model showed more localized enhancement than our
non-RP model and better preserved subtle pathological enhancement compared
with the competing methods. This observation is consistent with the design of the
RP formulation, which focuses the reconstruction on contrast-induced intensity
changes rather than the entire post-contrast image.

The tumor-size subgroup analysis further showed improvements in tumor
AUROC, Dice, and ROI-SSIM for medium and small lesions with the RP model.
These results suggest a potential advantage of residual learning when contrast-
related changes are localized to a small spatial region, although this finding
should be interpreted cautiously given the limited number of small-tumor cases.

The ablation study further demonstrated the contribution of lesion-specific
supervision, which generally improved lesion-oriented and downstream clinical
performance without consistent gains in global image-similarity metrics. Specifi-
cally, the soft Dice and ROI-SSIM losses were designed to encourage preservation
of tumor-related features and structural similarity within the tumor region, re-
spectively.

Several limitations remain. Variations in post-contrast acquisition phases and
noise in raw MRI may contribute to false enhancement in non-tumor regions.
In addition, despite the multi-institutional nature of the MAMA-Synth dataset,
the proposed framework was not externally validated using independent data
collected from hospitals or institutions not included in the training cohort.

Overall, the proposed residual-prediction CycleGAN framework provides a
promising approach to virtual contrast-enhancement in breast MRI while pre-
serving diagnostically important lesion characteristics. Future work will focus on
improving global image similarity and robustness across external datasets.
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