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Unsupervised generative AI for enhancing
brain tumor segmentation inmulti-center,
incomplete real-world data scenarios
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The clinical application of deep learning (DL)-based brain tumor segmentation remains limited by
missing MRI sequences and cross-center data inconsistencies. Existing supervised generative
models can synthesize missing sequences but rely on paired, fully sampled training data, which are
often unavailable in routine practice. This study aims to assess the use of an unsupervised generative
model to complete missing sequences and eliminate cross-center data inconsistency, and to verify
whether using the generated images can enhance brain tumor segmentation. We retrospectively
evaluated 921 glioblastoma (GBM) patients from BraTS, UCSF-PDGM, and our institutional datasets,
togetherwith 1000meningiomacases fromBraTS-MENcohort.Wedevelopedanunsupervisedmulti-
center multi-sequence generative adversarial transformer (UMMGAT) to generate MRI sequences
from incomplete datasets. Key features of UMMGAT include a sequence encoder that disentangles
and encodes modality-specific characteristics, and a lesion-aware module (LAM) that enhances the
generation of tumor regions, all trained via multi-task learning for generating multi-modal images.
Validation onGBMandmeningioma segmentation task demonstrated that generatedMRI sequences
significantly improved segmentation performance across various missing-sequence scenarios. The
enhancement in segmentation performance when T1ce was missing is an improvement that previous
methods have not achieved. Further validation on an external local dataset confirmed that UMMGAT
effectively adapts to cross-center data variations. With minimal training data requirements and the
ability to generate multi-sequence MRI across multiple centers, UMMGAT provides a practical
solution for handling incomplete and heterogeneous MRI data, facilitating more consistent and
accurate brain tumor segmentation in diverse clinical contexts.

Brain tumors severely threaten human health, accounting for over
250,000 reported cases annually1,2. Among malignant forms, glio-
blastoma emerges as a primary contributor to morbidity and mortality
among adult brain tumors, exhibiting an alarming 6.9% 5-year survival
rate and contributing to 10,000 annual deaths in the US3. Meningiomas
are the most common primary brain tumors, accounting for roughly
30–38% of all cases, and the vast majority are benign4. Despite generally
favorable prognoses with observation or surgery, cases with higher grade
histology or complex anatomical involvement present ongoing chal-
lenges. The significant global burden of brain tumors and their poor

survival rates highlight the need for improved diagnostic and therapeutic
strategies.

Segmenting brain tumors from multiple MRI sequences is crucial for
better diagnosis, treatment planning, monitoring, and clinical trials5. Deep
learning (DL)-based models can automatically segment brain tumors on
multiple MRI sequences, saving tedious manual work and avoiding user
subjectivity6–8. However, the widespread adoption of multi-sequence brain
tumor segmentation models in clinical practice encounters two major
stumbling blocks. First, some MRI sequences are often unavailable due to
limited scan time, image artifacts, scan corruption, incorrect machine
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settings, and allergies to contrast agents9. Most DL-based segmentation
models could not handle missing inputs that lead to failure in sequence-
missing situations10,11. The second stumbling block is that the MR images
acquired at different centers may differ in their characteristics due to dif-
ferences in manufacturers, acquisition parameters, site procedures, and
scanner configurations12,13. A well-trained model may fail when performed
on images from novel centers.

To address the sequencemissing problem, a common approach is to
use the most correlated available sequence to replace the missing one, as
also reported in our comparative analysis14. To address the cross-center
inconsistency problem, a typical way is to register all the brains to a
common brain or a standard space, which is computationally intensive
and time-consuming15,16. There are also risks of introducing biases
during the registration process, as the chosen standard templatemay not
be equally representative of all subject populations17. Image generation
can serve as a unified solution for all the abovementioned problems.
Using AI-generated images to substitute missing sequences or simulate
the testing images to have consistent shape and distribution with the
training images is an intuitive way to enhance the generalizability of the
model without altering its structure or retraining its parameters. Gen-
erative adversarial networks (GANs) are widely used for medical image
synthesis18–20. GANs are trained using two neural networks—a generator
and a discriminator. The generator learns to create data that resemble
examples contained within the training data set, and the discriminator
learns to distinguish real examples from the ones created by the gen-
erator. The two networks are trained together until the generated
examples are indistinguishable from the real examples.

Existing works have explored using GANs as a possible solution for
brainMRI imagegeneration21–23.However, thesemethodsusually require an
amount of aligned and paired data for training, and only synthesize specific
types of sequences. This strictly applicable scene limits their use in real
clinical settings, where complete multiple MRI sequences are often difficult
to obtain. Our original intention was to address the issue of missing data
through image generation. However, the paradox lies in the fact that image
generation models themselves require complete data for training, which
contradicts the practical scenarios of real-world applications. Moreover, in
clinical practice, it is often uncertain which sequences are missing or
available, leading to complexdata gaps involving variousmissing sequences.
Current one-to-one or multiple-to-one image generation models can only
handle fixed missing sequences, further limiting their utility.

The novel image generation method developed in this work aims to
address the aforementioned issues by incorporating two key techniques:
unsupervised learning and multi-task learning. The former enables the
image generation model to be trained on incomplete data, while the latter
allows for flexible transformation between any sequences. Additionally, to
better preserve the lesion region information, we introduced a lesion-aware
module (LAM) that enhances the generation of these regions, which often
exhibit different features from the rest of the image. Furthermore, while
previous studies have largely relied on objective metrics and subjective
evaluations by physicians to assess the quality of generated images, there has
been insufficient evaluation of their potential for use in DL-based models.

In this study, we realistically simulated the complex multi-center
inconsistencies and sequence-missing scenarios found in clinical practice.
Under these conditions, we developed an unpaired multi-center multi-
sequence generative adversarial transformer (UMMGAT) for image gen-
eration, which can be effectively trained when each patient has only one
sequence, simulating themost challenging data-missing scenarios in clinical
practice. We then used the generated images to complete the missing
sequences and align cross-center multi-sequence MRI data. These cross-
center consistent and completemulti-sequencedatawere subsequently used
as input for a brain tumor segmentationmodel (overall pipeline can be seen
inFig. 1).Wevalidated that the effectiveness of generated imagesacross both
glioblastomas and meningiomas cohorts, demonstrating consistent
improvements in segmentation performance under various sequence-
missing and cross-center scenarios. These results demonstrates the

proposed pipeline’s robustness, versatility, and applicability in complex
clinical settings.

Results
Patient characteristics
The BraTS2019 dataset comprises multi-institutional pre-operative MRI
scans from 335 patients, and the BraTS2023-MEN dataset includes 1000
patients. Both datasets provide four MRI sequences: T1-weighted (T1),
contrast-enhanced T1-weighted (T1ce), T2-weighted (T2), and T2-
weighted fluid-attenuated inversion recovery (FLAIR). The local dataset
consists of T1- and T2-weighted sequences from 91 patients with a median
age of 54 years (range: 24 to 83 years), with 49male (53.85%) and 42 female
patients (46.15%). The UCSF-PDGM dataset consists of preoperative MRI
scans from494patients, each containing the aforementioned four sequences
in addition to susceptibility-weighted imaging (SWI), diffusion-weighted
imaging (DWI), 3D arterial spin labeling (ASL) perfusion, and 2D 55-
direction high angular resolution diffusion imaging (HARDI).

UMMGAT’s capability to encode sequence features from
unpaired datasets
Thekey toUMMGAT’s ability to trainusinganunpaireddataset lies in its use
of a sequence encoder to extract sequence codes, which ensure disentangled
and significant encoding ofmodality-specific characteristics in the absence of
supervision. Figure 2 shows the UMAP visualization of the extracted
sequence codes. As observed, the sequence codes can well distinguish dif-
ferent sequences, while they show no clear differentiation between the gen-
erated images and the original images.Moreover, the style codes of generated
images do not cluster by source sequence, indicating that the sequence
encoder effectively performs cross-modality style transformation. In addi-
tion, the sequence encoder independently captures lesion-specific features,
which are further emphasized by the LAM to enhance lesion synthesis.

Multi-sequence multi-center image generation results
UMMGAT can generate synthetic MR images respect to a specified target
sequence by inputting an original image and the target sequence number.
Figure 3 shows the generated images of eachMRI sequence. The generated
MR images demonstrate high overall quality and faithfully preserve tumor-
related features, with lesion boundaries, enhancement patterns, and peri-
tumoral edema closely matching real scans. Incorporation of the LAM
(Supplementary Fig. 2 shows example generated images with and without
LAM) further improved lesion synthesis, particularly enhancing the
depiction of peritumoral edema and capturing tumor heterogeneity. Sup-
plementary Fig. 6 shows axial, coronal, and sagittal stacks of generatedMRI
sequences for a single case, illustrating that the generated sequences retain
the contour and anatomical structure of the brain. Quantitative evaluation
using FID (Fig. 4) further confirmed the effectiveness of UMMGAT.
Baseline FID values between original modalities reflected inherent inter-
sequence variation (mean = 542.21 ± 310.09). Incorporating LAM
(mean = 258.21 ± 129.04) consistently reduced FID scores acrossmodalities
compared with the without-LAM setting (mean = 310.96 ± 166.15). Qua-
litative assessment by multiple experienced clinicians supported these
findings: most generated images clearly displayed tumor heterogeneity and
provided sharp demarcation between tumor regions and normal brain
tissue. In particular, when generating sequences from those in which edema
is less visible (e.g., T1 and T1ce), the synthesized images revealed the peri-
lesional region more clearly and even highlighted vascular patterns around
the lesion (red boxes in Supplementary Fig. 2), providing additional diag-
nostic information. Nevertheless, occasional limitations were observed,
including false enhancement or absence of expected enhancement within
the tumor core (blue boxes in Supplementary Fig. 2).

Quantitative evaluation of segmentations under various
sequence-missing and cross-center scenarios
We validate the segmentation results of using generated and copied images
to replace themissingones for brain tumor segmentation.Wefirst evaluated
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glioblastoma segmentation in the BraTS dataset. As shown in Fig. 5,
visualized segmentation masks indicate that replacing missing sequences
with generated images results in more accurate tumor segmentations.
Specifically, using copied images often overestimates the extent of the whole
tumor (as seen in the scenarios ofmissingT2,missing Flair,missing (T2 and
Flair), and missing (Flair, T1ce, and T2)), whereas using generated images
provides more accurate segmentation of the whole tumor. Additionally,
using generated images better identifies heterogeneous tumor components
compared to copied images. For example, when T2 is missing, using copied
images tends to classify all regions as the necrotic tumor core (red), and
when (T1 and T1ce) are missing, using copied images tends to classify all
regions as the enhancing tumor (blue). FromTable 1 and the scatter plots in
Supplementary Fig. 4, themedianDSCs are significantly improved by using
generated images compared with copied images in most scenarios. Speci-
fically, for single sequencemissing, generatingmissingT1andFlair fromT2,
or generatingmissingT2 andT1ce fromT1 significantly improves theDSCs
of WT, TC, and ET, compared with using copied T2 or T1. Generating T1,
T2 from each other achieves comparable segmentation results in WT, TC,
and ET with using complete sequences (missing T1: 0.905, 0.822, 0.797;
missing T2: 0.865, 0.759, 0.781; complete data: 0.895, 0.811, 0.790). Gen-
erating Flair from T2 restores the segmentation of TC and ET to 0.683 and
0.775, respectively. Also, generating T1ce from T1 achieves a WT

segmentation performance of 0.894, almost identical to complete data.
When two or more sequences are missing, the copying strategy fails to
restore the decreased segmentation performance.However, using generated
images forWTsegmentation in scenarios ofmissing (T1 andT1ce), (T1 and
T2), (T2 andT1ce), and (T1,T1ce, andT2) achieves comparable resultswith
complete data (0.897, 0.850, 0.854, 0.844). Using generated images for TC
and ET segmentation in cases of missing (T2 and Flair), (T1 and T2), (T1
and Flair, and T1), (T2, and Flair) still yields acceptable results (0.659 and
0.718, 0.796 and 0.76, 0.673 and 0.769, 0.63 and 0.667).

We further assessed the impact of synthetic images in single-modality-
missing scenarios using the UCSF-PDGM dataset, which includes addi-
tional perfusion and diffusion sequences (Table 2). Incorporating of these
modalities improved the model’s adaptability to missing inputs, high-
lighting the complementary value ofmulti-sequence information.However,
segmentation performance remained difficult to recover when T1ce was
missing, indicating the critical role of this modality. Among the newly
included sequences, the absence of HARDI had a pronounced negative
effect on glioblastoma segmentation, indicating that it conveys unique and
indispensable tumor-related information.

To further evaluate the generalizability of our pipeline across tumor
types, we applied the trained UMMGAT to meningioma segmentation
using the BraTS-MEN dataset (Fig. 6 and Table 3). Similar improvements

Fig. 1 | Overview of our framework. a Schematic representation of using image
generation to enhance brain tumor segmentation in real-world scenarios. While
segmentation models perform well on complete multi-sequence datasets, their
performance deteriorates when facedwith incomplete and inconsistentmulti-center
inputs. To address this, an image generation model synthesizes missing sequences
and standardizes multi-center data as input for the segmentation model, thereby
improving its performance. The main challenges in designing such an image gen-
eration model include training with incomplete data, where supervised image
generation fails, necessitating an unsupervised generative AI approach, and multi-
sequence image generation, where one-to-one models are inefficient, requiring a
multi-task strategy. b Application of our proposed UMMGAT in real-world sce-
narios for enhancing brain tumor segmentation. In the training dataset for UMM-
GAT, each patient has exactly one MR image from a single sequence. During each
training epoch, UMMGAT is randomly trained on different sequences from dif-
ferent patients. Images are encoded by the ‘Encoder’ into sequence codes (S), and the

sequence number (Seq. num.) is mapped to sequence codes (S) by the ‘Mapper.’The
‘Generator’ then utilizes these sequence codes to generate images, with lesion regions
separately encoded to enhance lesion area generation. Testing scenarios involve
various missing sequence and cross-center conditions to evaluate UMMGAT’s
ability to improve brain tumor segmentation performance. UMMGAT leverages the
available sequence image and the missing or different center’s sequence number to
generate missing images and align cross-center multi-sequence MRI data. The
resulting multi-center consistent and complete multi-sequence data are subse-
quently used as input for awell-trained brain tumor segmentationmodel. c Structure
of the Generator. The generator is based on the Swin-Unet architecture, which
effectively capturesmulti-scale features through its U-Net structure while leveraging
a transformer-based architecture to model long-range dependencies and global
context. Adaptive Instance Normalization (AdaIN) is incorporated to integrate the
sequence code into the model.
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were observed under sequence-missing conditions, confirming that the
generated images effectively supported segmentation even for this distinct
tumor entity. Interestingly, althoughmeningioma segmentation is generally
considered computationally simpler with high Dice scores when all
sequences are available—it wasmore susceptible tomissingmodalities. This
likely reflects the lower-grade tumors less distinctive features in individual
sequences, thereby relyingmore heavily on the complementary information
provided by multiple sequences.

Discussion
Generative AI has garnered significant enthusiasm, yet its application in
medical imaging necessitates careful consideration and comprehensive
evaluation, particularly for patient-facing tasks24. Currently, the assessment
of generated images is often based on subjective evaluations by physicians25.
These studies aim toprovide apatternwhichwe term “Generative -Doctor”,
where the generative method aims to provide images directly to doctors for
diagnostic purposes. However, translating such laboratory research into
clinical practice poses significant challenges because of the potential risks

associated with inevitable errors in the generated images as inacceptable in
clinical settings. In contrast, we explore a “Generative -AI -Doctor”pattern,
where generative methods support other AI models, which are already
integral to clinical diagnostics but often face obstacles due to high data
completeness and consistency demands.Ourwork demonstrates generative
AI can address the issues of data missing and inconsistency, thereby
enhancing the performance and generalizability of AI-empowered models
in real clinical scenarios.

We propose a unified pipeline to extend multi-sequence brain tumor
segmentation models to “imperfect” datasets characterized by sequence
missing and inter-center inconsistencies. The key development is the pro-
posed image generation model, UMMGAT, which can be trained on
unpaired, incomplete multi-center multi-sequence MRI data to generate
images for any center and any sequence. Our method showed to improve
the robustness and applicability of AI-empowered models in clinical prac-
tice by leveraging generative AI to overcome the limitations posed by
incomplete and inconsistent data. This provides a promising avenue for
reducing the need for multiple scans in clinical practice.

Fig. 2 | UMAP visualization of the sequence codes. Each point represents a style code of an MRI image in the UCSF-PDGM test cohort. a Colored by target sequence.
b Colored by code type (blue = real, red = generated). c Colored by source sequence. d UMAP of target sequence codes including lesion region sequence codes.
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Compared with previous works, we have significantly expanded both
the application scenarios and the technological approaches. In terms of
scenario settings, our primary contribution lies in using a unified image
generation solution to simultaneously address sequence missing and cross-
center data inconsistency. Conte et al. attempted to enhance brain tumor
segmentation models by replacing missing sequences with generated ones,
but their study was limited to scenarios with missing T1 and FLAIR
sequences22. Technically, they employed a one-to-one synthesis approach.
Therefore, it requires to train n2-1 models to achieve mutual generation
amongn sequences. To avoid thismodel complexity, ourmethod employs a
multi-task learning strategy, enabling mutual generation among any
numberof sequenceswith aunifiedmodel. Recently, Sharmaet al. employed

a unified model to generate any missing sequence, but they still relied on
paired data for training23. They acknowledged the limitations of their work,
such as the need for image registration for multi-contrast inputs, which is
time-consuming, and the necessity for a multi-center evaluation to assess
the model’s generalizability across different sites, scanners, and clinical
settings. Our work effectively overcomes the limitations mentioned in
their study.

Our results suggest that in AI-assisted clinical settings, reducing the
scanning of several sequences for brain tumor diagnosis can significantly
save time and cost without compromising diagnostic accuracy. T1 and T2
are fundamental MRI sequences with distinct clinical values. Our results
concluded that T1 and T2 can be synthesized from other contrasts, which is

Fig. 3 | Multicenter multi-sequence image gen-
eration results. The first columns display the input
images while the remaining columns show the
images generated by our proposed UMMGAT. Each
row corresponds to images generated from the
leftmost input image into the target sequence indi-
cated on the vertical axis.

Fig. 4 | FID heatmaps comparing real MR images with generated images without
LAM and with LAM. Shown are comparisons of (left) real-to-real comparison,
(middle) real images versus generated images without the lesion-aware module
(LAM), and (right) real images versus generated images with LAM. Lower FID
values indicate higher similarity. Lower FID values indicate higher similarity. The
optimal FID score is 0.0, signifying that the two sets of images are identical (the

values along the diagonal from the bottom left to the top right are 0). Friedman test
indicated significant differences among the three FID datasets (χ² = 120.82,
p < 0.001). Dunn’s post hoc tests with Bonferroni correction showed significant
pairwise differences: without LAM vs. real (−231.25, Cohen’s d =−1.07, p < 0.001),
with LAM vs. real (−283.99, Cohen’s d =−1.31, p < 0.001), and with LAM vs.
without LAM (− 52.74, Cohen’s d =−0.24, p < 0.001).
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consistent with Lee et al.‘s work26. Moreover, Flair and T1ce sequences are
known to provide clearer ROI information but also require more time and
resources, whichmaynot be available in somehospitals. In our experiments,
modelwith absence of advanced sequence, such as T1ce and Flair sequences

resulted in a significant performance decrease. However, we discovered that
Flair can be well-synthesized from other contrasts with maintainable per-
formance. This finding has potential clinical implications, as it suggests that
T2 sequences may be used as a substitute for Flair in situations where time,

Fig. 5 | Examples of segmentation masks in sequence-missing and cross-center
scenarios in the BraTS2019 dataset. The red area indicates the necrotic tumor core
(NCR); the green area indicates the peritumoral edematous/invaded tissue (ED); the

blue area indicates the enhancing tumor (ET); the whole tumor region (WT)
includes all tumor areas (NCR+ ED+ ET); the tumor core region (TC) includes
NCR and ET.
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Table 1 | Dice similarity coefficient values in all simulated sequence-missing scenarios for the BraTS2019 dataset

Missing sequences Substitute DiceWT DiceTC DiceET

No missing / 0.895 (0.813–0.932) 0.811 (0.578–0.916) 0.790 (0.655–0.883)

T1 empty 0.369 (0.051–0.689) 0.321 (0.025–0.587) 0.204 (0.000–0.641)

cpT2 0.854 (0.704–0.911) 0.712 (0.432–0.877) 0.745 (0.52–0.858)

cpFlair 0.879 (0.757–0.923) 0.798 (0.375–0.907) 0.782 (0.525–0.869)

cpT1ce 0.874 (0.786–0.924) 0.710 (0.528–0.858) 0.763 (0.557–0.871)

gT1 from T2 0.905 (0.774–0.927)* 0.822 (0.545–0.914)* 0.797 (0.617–0.881)*

from Flair 0.902 (0.798–0.926)* 0.810 (0.513–0.918)* 0.800 (0.638–0.878)*

from T1ce 0.906 (0.781–0.927)* 0.800 (0.558–0.913)* 0.803 (0.596–0.877)*

T2 empty 0.520 (0.298–0.745) 0.489 (0.136–0.737) 0.588 (0.122–0.805)

cpT1 0.781 (0.515–0.888) 0.605 (0.225–0.787) 0.719 (0.419–0.835)

cpFlair 0.862 (0.744–0.91) 0.764 (0.505–0.906) 0.773 (0.654–0.879)

cpT1ce 0.851 (0.724–0.902) 0.772 (0.516–0.889) 0.795 (0.65–0.865)

gT2 from T1 0.865 (0.742–0.908)* 0.759 (0.522–0.878)* 0.781 (0.637–0.878)*

from Flair 0.870 (0.775–0.912) 0.803 (0.577–0.902) 0.791 (0.673–0.885)

from T1ce 0.873 (0.763–0.912) 0.788 (0.603–0.903) 0.803 (0.640–0.880)

Flair empty 0.000 (0.000–0.000) 0.000 (0.000–0.000) 0.000 (0.000–0.000)

cpT1 0.345 (0.147–0.572) 0.542 (0.254–0.824) 0.658 (0.328–0.823)

cpT2 0.554 (0.341–0.689) 0.479 (0.168–0.656) 0.659 (0.371–0.755)

cpT1ce 0.315 (0.153–0.482) 0.661 (0.32–0.846) 0.716 (0.48–0.827)

gFlair from T1 0.618 (0.417–0.76)* 0.685 (0.439–0.879)* 0.741 (0.625–0.845)*

from T2 0.734 (0.591–0.832)* 0.683 (0.382–0.873)* 0.775 (0.589–0.858)*

from T1ce 0.685 (0.529–0.758)* 0.695 (0.571–0.882)* 0.780 (0.634–0.848)*

T1ce empty 0.528 (0.284–0.757) 0.016 (0.000–0.182) 0.000 (0.000-0.000)

cpT1 0.849 (0.687–0.914) 0.317 (0.074–0.556) 0.091 (0.0–0.291)

cpT2 0.842 (0.658–0.898) 0.482 (0.273–0.612) 0.248 (0.086–0.378)

cpFlair 0.862 (0.744–0.904) 0.476 (0.335–0.648) 0.296 (0.14–0.397)

gT1ce from T1 0.894 (0.794–0.917)* 0.295 (0.107–0.488) 0.033 (0.002–0.138)

from T2 0.889 (0.782–0.924) * 0.317 (0.182–0.556) 0.086 (0.011–0.218)

from Flair 0.885 (0.789–0.927)* 0.423 (0.28–0.583) 0.184 (0.038–0.309)

T1 + T1ce cpT2 0.721 (0.512–0.858) 0.369 (0.181–0.562) 0.182 (0.028–0.324)

cpFlair 0.86 (0.685–0.91) 0.495 (0.315–0.654) 0.313 (0.174–0.458)

gT1_from_T2; gT1ce_from_T2 0.897 (0.756–0.919)* 0.251 (0.129–0.477) 0.075 (0.012–0.136)

gT1_from_Flair; gT1ce_from_Flair 0.884 (0.752–0.922)* 0.404 (0.235–0.555) 0.153 (0.033–0.276)

T2 + Flair cpT1 0.112 (0.039–0.204) 0.337 (0.035–0.612) 0.44 (0.049–0.715)

cpT1ce 0.229 (0.123–0.351) 0.485 (0.249–0.716) 0.606 (0.407–0.736)

gT2_from_T1; gFlair_from_T1 0.564 (0.37–0.655)* 0.59 (0.365–0.793)* 0.706 (0.555–0.828)*

gT2_from_T1ce; gFlair_from_T1ce 0.571 (0.438–0.674)* 0.659 (0.388–0.803)* 0.718 (0.565–0.832)*

T1+ T2 cpT1ce; cpFlair 0.827 (0.714–0.898) 0.718 (0.442–0.835) 0.751 (0.58–0.85)

gT1_from_T1ce; gT2_from_Flair 0.850 (0.782–0.908) 0.796 (0.577–0.883)* 0.76 (0.624–0.865)

T1 + Flair cpT1ce; cpT2 0.506 (0.248–0.66) 0.406 (0.167–0.627) 0.6 (0.325–0.745)

gT1_from_T1ce; gFlair_from_T2 0.714 (0.572–0.825)* 0.673 (0.389–0.845)* 0.769 (0.536–0.849)*

T2 + T1ce cpFlair; cpT1 0.832 (0.66–0.875) 0.357 (0.137–0.564) 0.122 (0.0–0.321)

gT2_from_flair; gT1ce_from_T1 0.854 (0.773–0.892)* 0.33 (0.108–0.482) 0.015 (0.001–0.109)*

T1ce + Flair cpT1; cpT2 0.436 (0.144–0.615) 0.083 (0.004–0.26) 0.008 (0.0–0.156)

gT1ce_from_T1; gFlair_from_T2 0.71 (0.536–0.81)* 0.113 (0.023–0.377) 0.013 (0.0–0.049)

T1 + T1ce+ T2 cpFlair 0.805 (0.639–0.876) 0.481 (0.253–0.678) 0.304 (0.118–0.435)

g_from_Flair 0.844 (0.757–0.89)* 0.4 (0.225–0.535) 0.143 (0.024–0.257)

T2 + Flair + T1ce cpT1 0.014 (0.001–0.04) 0.0 (0.0–0.001) 0.0 (0.0–0.001)

g_from_T1 0.477 (0.295–0.601)* 0.158 (0.051–0.297)* 0.0 (0.0–0.012)*

T1+ T2 + Flair cpT1ce 0.156 (0.055–0.263) 0.307 (0.037–0.645) 0.455 (0.158–0.676)

g_from_T1ce 0.569 (0.439–0.671) 0.63 (0.38–0.824)* 0.667 (0.488–0.81)*
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resources, or equipment are limited, and thus can help mitigate the loss of
diagnostic information caused by the absence of Flair in brain tumor ima-
ging. Previous studies have shown that the missing T1ce sequence greatly
impacts the segmentation effect, and none of the previous studies succeeded
in improving segmentation by generating images22,26. This is likely because
the contrast agent used in T1ce sequences provides unique information that
is challenging to replicate through syntheticmethods alone.However, in our
study, generating missing T1ce sequence from T1 also improves the seg-
mentation performance ofWT. This suggests the feasibility of utilizing low-
dose imaging. We further extended our framework to generate advanced
functional and structural MRI sequences, including arterial spin labeling
(ASL), diffusion-weighted imaging (DWI), high angular resolution diffu-
sion imaging (HARDI), and susceptibility-weighted imaging (SWI), all of
which yielded promising results. Each sequence provide unique clinical
insights: ASL provides quantitative information on cerebral blood flow,
DWIandHARDI capturemicrostructural anddiffusion anisotropy features
that inform tumor infiltration and cellularity, and SWI highlights venous
structures and microhemorrhages. Notably, the absence of HARDI had a
pronounced negative effect on glioblastoma segmentation, suggesting its
indispensable role in conveying tumor-related information; our model was
able to partiallymitigate this deficit. Collectively, thesefindings highlight the
potential of UMMGAT not only to overcome the limitations of incomplete
clinical datasets but also to expand access to advanced imaging biomarkers
in centers constrained by scanning time, equipment availability, or patient
tolerance.

Data from a single center is vulnerable to biases due to small sample
sizes, which result in conflicting or inconclusive conclusions and are
insufficient for training an effective DL model. Transferring a model
trained on large datasets to local center applications is a practical and
effective solution. While the trained DL-based methods are expected to
work on data with identical or similar distributions, image generation
techniques can adapt the input data to the same distribution. Yan et al.
evaluated the generalizability of a DL-based cardiac segmentationmodel
to MRI data from scanners of different manufacturers and trained a
GAN to adapt the input image to improve the segmentation model13.
Here, we expanded the above work by treating images from different
centers as different sequences, thereby unifying cross-sequence and
cross-center MRI image generation.

We focused solely on adapting the input data to handle missing data
and cross center data inconsistencies, without changing the model archi-
tecture or retrain the model, which may potentially yield better results.
However, the original training data for thewell-trainedmodel is unavailable
in local centers, which motivated us to develop the method. Although not
the primary focus of this work, we additionally evaluated several more
recent generator architectures, including ConvNeXt-Unet27 and Attention-
GatedU-Net28 (Supplementary Table 2 and Supplementary Table 3), which
achieved FID scores comparable to or even better than Swin-Unet, sug-
gesting that our framework can readily benefit from advances in backbone
design. Given themodular design of our framework, future backbones with
superior representational capacity can be seamlessly integrated into the

Table 1 (continued) | Dice similarity coefficient values in all simulated sequence-missing scenarios for the BraTS2019 dataset

Missing sequences Substitute DiceWT DiceTC DiceET

T1 + T1ce + Flair cp T2 0.281 (0.118–0.492) 0.138 (0.037–0.239) 0.043 (0.005–0.123)

g_from_T2 0.691 (0.51–0.778)* 0.128 (0.049–0.35) 0.054 (0.006–0.123)

The first column showsmissing sequences, and the secondcolumnshows the substitute, e.g. gT1_from_T1cemeansgeneratedT1 sequences fromT1ce sequences, cp T1cemeans directly using T1ce to
substitutemissing sequences.Values are expressedasmedians,with interquartile ranges (25th–75thpercentiles) inparentheses. The results for each segmentation typeandscenariowere comparedusing
the Friedman test or Wilcoxon Signed-Rank Test. Multiple comparisons were adjusted using the Dunn test. *Significant improvement (p < 0.05) was observed when using generated images to substitute
missing sequences compared to using copied images.

Table 2 | Dice similarity coefficient values in single-modality-missing scenarios for the UCSF-PDGM dataset

Missing sequences Substitute DiceWT DiceTC DiceET

No missing / 0.919(0.836–0.952) 0.900(0.733–0.946) 0.797(0.515–0.884)

T1 cpT2 0.901(0.828–0.942) 0.868(0.686–0.938) 0.766(0.485–0.858)

gT1 from T2 0.91(0.832–0.948)* 0.894(0.699–0.946)* 0.774(0.49–0.872)*

T2 cpT1 0.718(0.447–0.809) 0.823(0.427–0.902) 0.69(0.341–0.836)

gT2 from T1 0.818(0.742–0.874)* 0.876(0.607–0.93)* 0.761(0.428–0.855)*

Flair cpT2 0.707(0.468–0.824) 0.751(0.341–0.865) 0.672(0.382–0.821)

gFlair from T2 0.831(0.659–0.871)* 0.826(0.455–0.912)* 0.757(0.434–0.853)*

T1ce cpT1 0.853(0.664–0.906) 0.224(0.01–0.492) 0.099(0.008–0.332)

gT1ce from T1 0.898(0.81–0.939)* 0.383(0.016–0.609)* 0.181(0.012–0.372)

DWI cpT1 0.896(0.795–0.936) 0.886(0.568–0.934) 0.78(0.465–0.87)

gDWI from T1 0.918(0.841–0.951)* 0.9(0.705–0.944)* 0.798(0.478–0.884)*

SWI cpT2 0.907(0.819–0.944) 0.871(0.609–0.938) 0.782(0.437–0.878)

gSWI from T2 0.911(0.839–0.95)* 0.881(0.67–0.942)* 0.793(0.523–0.877)*

HARDI cpT1 0.72(0.491–0.858) 0.669(0.292–0.84) 0.474(0.198–0.759)

gHARDI from T1 0.89(0.795–0.932)* 0.86(0.564–0.93)* 0.76(0.462–0.86)*

ASL cpT1 0.914(0.83–0.949) 0.886(0.715–0.948) 0.784(0.527–0.882)

gASL from T1 0.915(0.835–0.951)* 0.896(0.707–0.947) 0.798(0.541–0.889)

The first column showsmissing sequences, and the second column shows the substitute. Values are expressed asmedians, with interquartile ranges (25th–75th percentiles) in parentheses. Comparisons
were performed using the Wilcoxon signed-rank test when generated images were used to substitute missing sequences versus copied images. *indicates a significant improvement (p < 0.05).
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generator. Moreover, with the scalability of UMMGAT to additional
sequences, future work could extend image generation to additional
sequences, such asDTI,DSA, andCTA.We also plan to explore the value of
using generated images in other DL models, such as those for diagnosing
IDH1 and MGMT.

In conclusion, we validated that using generated images can enhance
brain tumor segmentation models in sequence-missing and cross-center
scenarios. We proposed a novel unsupervised image generation model,
namely UMMGAT, which can be trained with unpaired, incomplete data,
making it highly applicable in real clinical settings. Future research should

Fig. 6 | Examples of segmentation masks in sequence-missing scenarios for meningiomas from the BraTS 2023-MEN dataset. Color coding is the same as in Fig. 5:
red = NCR, green = ED, blue = ET, WT =NCR+ ED+ ET, TC = NCR+ ET.
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explore integrating UMMGAT with other DL models to further improve
their robustness and accuracy.

Methods
Data setup and preprocessing
For this retrospective study, we used both publicly available MRI scans and
self-collected MRI scans from our institution. For glioblastoma (GBM)
dataset, the inclusion criteriawere a histologic diagnosis ofGBM.Thepublic
data set was theMultimodal Brain Tumor Image Segmentation Benchmark
(BRATS) 2019 data set, which comprises 335 subjects from 19
institutions29–31. Each subject includesT1-weighted (T1), contrast-enhanced
T1-weighted (T1ce), T2-weighted (T2), and T2w–fluid-attenuated-inver-
sion-recovery (FLAIR) images obtained atmultiple institutions. In addition,
we used the UCSF-PDGM dataset32, which initially included 501 subjects;
after excluding incomplete cases, 494 subjects were retained. Each subject
includes T1, T1ce, T2, FLAIR, SWI, DWI, ASL, and HARDI. The local
dataset included 92 patients who were admitted to Nanjing Drum Tower
Hospital. All patients were scanned with T1-weighted and T2-weighted
MRI sequences. The whole tumor was manually annotated by two experi-
enced radiologists. All procedures performed were in accordance with the
ethical standards of the Declaration of Helsinki. The use of local data was
reviewed and approved by the Institutional Ethics Committee of Nanjing
DrumTowerHospital. Furthermore, informed consent to participate in the
study was obtained from all individual participants. For meningioma, we
employed the Brain Tumor Segmentation (BraTS) 2023 Meningioma
Challenge training dataset33, which contains 1000 patients, each with T1,
T1ce, T2, and FLAIR sequences. Cases were identified either by histo-
pathological confirmation following resectionorbiopsy or by formal clinical
and radiographic diagnosis of meningioma, commonly classified under the
International Classification ofDiseases, 10th Revision (ICD-10) codeD32.9
(“benign neoplasm of the meninges”). For BraTS, BraTS-MEN and UCSF-
PDGMdataset, all scans are resampled to1mm3 isotropic resolutionusing a
linear interpolator, skull stripped, and co-registeredwith a single anatomical
template using a rigid registrationmodelwithmutual information similarity
metric. All the imaging datasets have been segmented manually by
experienced neuro-radiologists. Annotations comprise the enhancing
tumor (ET - label 4), the peritumoral edematous/invaded tissue (ED - label
2), and the necrotic tumor core (NCR - label 1). The whole tumor region
(WT) includes all tumor areas (label1 + label2 + label4). The tumor core
region (TC) is a combination of NCR (label1) and ET (label4). We nor-
malize the values of all series to (0, 255) and crop them to (155, 176, 176) to
crop out the brain region from each sequence.

Overall pipeline: leveraging unsupervised generative AI to bridge
real-world data gaps in segmentation
In real clinical settings, data distribution often consists of multi-center,
inconsistent, and incomplete datasets. Many deep learning (DL)-based
models fail to performeffectively under these conditions. To address this,we
propose a pipeline that leverages an unsupervised generative model to
transform the multi-center inconsistent and incomplete dataset into a
consistent and complete dataset, which can then be seamlessly utilized by
downstream segmentation models (Fig. 1).

Training and validation of UMMGAT
We developed an UMMGAT to generate MRI sequences. UMMGAT can
be trained using these multi-center inconsistent and incomplete datasets
through an unsupervised learning strategy and enables the simultaneous
generation of various MRI sequences using a multi-task learning strategy.
We simulated a challenging multi-center, incomplete, and inconsistent
dataset distribution, where each patient contributed exactly one MR image
from a single sequence. We trained UMMGAT for image generation using
the BraTS 2019 dataset and our local dataset, covering six MRI sequences
(T1, T2, FLAIR, and T1ce from BraTS2019, together with T1 and T2 from
the local dataset). For internal validation, the combined dataset was ran-
domly split into training and testing subsets at a 4:1 ratio, with the results
primarily presented in the Supplementary Materials. Specifically, Supple-
mentary Fig. 3 illustrates the UMAP visualization of sequence codes, Sup-
plementary Fig. 4 reports the FID scores, and Supplementary Figs. 5, 6
provide representative generated images. External evaluation was per-
formed on the BraTS-MEN dataset. In a separate experiment, we trained
UMMGAT with the UCSF-PDGM and local datasets across ten MRI
sequences, including advanced modalities such as ASL, DWI, SWI, and
HARDI. Internal validation again followed a 4:1 train–test split. Given the
greater modality diversity of this dataset, the corresponding generation
results are presented in the main text, including the UMAP visualization of
sequence codes (Fig. 2), representative generated images (Fig. 3), and FID
scores (Fig. 4). Thus, results from the six-sequence setting are reported in the
Supplementary Materials to provide methodological completeness, while
results from the more diverse ten-sequence setting are highlighted in the
main text to better demonstrate the robustness and generalizability of
UMMGAT.

UMMGAT unsupervised multi-task learning strategies
UMMGATemployed amulti-task learning strategy to simultaneously learn
image generation between any two sequences. In each training epoch,

Table 3 | Dice similarity coefficient values in one- or two-modality-missing scenarios for the BraTS2023-MEN dataset

Missing sequences Substitute DiceWT DiceTC DiceET

No missing / 0.929(0.818–0.959) 0.938(0.811–0.972) 0.937(0.818–0.972)

T1 cpT2 0.854(0.704–0.911) 0.712(0.432–0.877) 0.745(0.52–0.858)

gT1 from T2 0.903(0.715–0.945)* 0.911(0.605–0.965)* 0.911(0.61–0.966)*

T2 cpT1 0.81(0.509–0.907) 0.836(0.423–0.948) 0.839(0.465–0.948)

gT2 from T1 0.886(0.703–0.941)* 0.926(0.722–0.968)* 0.926(0.731–0.968)*

Flair cpT2 0.284(0.098–0.652) 0.554(0.204–0.84) 0.676(0.321–0.878)

gFlair from T2 0.641(0.295–0.836)* 0.85(0.487–0.939)* 0.878(0.59–0.952)*

T1ce cpT1 0.08(0.0–0.583) 0.0(0.0–0.011) 0.0(0.0–0.005)

gT1ce from T1 0.272(0.0–0.768)* 0.0(0.0–0.002) 0.0(0.0–0.001)

T1 + T1ce cpt2 0.075(0.0–0.551) 0.017(0.0–0.193) 0.006(0.0–0.154)

gT1_from_T2; gT1ce_from_T2 0.251(0.0–0.661)* 0.0(0.0–0.042) 0.0(0.0–0.035)

T2 + Flair cpT1 0.236(0.034–0.539) 0.422(0.052–0.832) 0.441(0.047–0.832)

gT2_from_T1; gFlair_from_T1 0.621(0.279–0.823)* 0.878(0.587–0.954)* 0.884(0.598–0.954)*

The first column showsmissing sequences, and the second column shows the substitute. Values are expressed asmedians, with interquartile ranges (25th–75th percentiles) in parentheses. Comparisons
were performed using the Wilcoxon signed-rank test when generated images were used to substitute missing sequences versus copied images. *indicates a significant improvement (p < 0.05).
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UMMGAT was randomly trained on different sequences from different
patients. After multiple epochs, UMMGAT successfully generated images
for any given sequence. The Sequence Encoder (E), Mapper (M), and
Discriminator (D) each contain multiple branches, allowing a single model
to generate images across various sequences from different centers. More
structural details are available in Supplementary Fig. 1. Inspired by Star-
GAN-v2, sequence codes were encoded for unpaired unsupervised
learning19. The lesion regions were separately encoded to enhance the
generationof the lesion region. For visualizing sequencecodes,we employed
UniformManifoldApproximation andProjection (UMAP) to create a low-
dimensional representation of their distribution34.

We usemultiple loss functions to train our framework, ensuring the
generated image not only matches the style of the target MRI sequence
but also retains the original image’s content. The adversarial loss (Los-
s_adv) guides the generator to create images resembling MRI images
while the discriminator distinguishes them from real ones. The style
reconstruction loss (Loss_sty) enables the sequence encoder and map-
ping network to extract representative codes. The cycle consistency loss
(Loss_cyc) ensures the generated image preserves the domain-invariant
characteristics of the input. The generator was built on Swin-Unet35. Its
U-net structure effectively captures multi-scale features, while the
transformer-based architecture captures long-range dependencies and
global context. Adaptive Instance Normalization (AdaIN) was used to
insert the sequence code36.

Thebatch size is set to 8 for all experiments, and themodel is trained for
20,000 iterations, which cost about half a day on a single Tesla V100 GPU
with our implementation in PyTorch. We adopt the non-saturating
adversarial loss with R1 regularization using γ = 1. All models are trained
using Adam with β1 = 0, β2 = 0.99, and weight-decay = 10−4. The learning
rates are set to 10−4. For data augmentation, we flip the images horizontally
with a probability of 0.5. For evaluation, we employ exponential moving
averages over the parameters of all modules except D. We initialize the
weights of all modules using He initialization and set all biases to zero.

Lesion-aware module (LAM)
During training, lesion masks were provided to delineate the lesion regions
from both the reference and generated images. In our framework, the
sequence encoder treats the lesion region as an additionalmodality (e.g., in a
10-sequence UMMGAT, FLAIR is considered domain 1, while FLAIR_le-
sion is considered domain 11). This design allows the sequence encoder to
extract lesion-specific codes throughadedicated style reconstruction loss for
lesions (Loss_sty_lesion). Importantly, this loss not only enforces the
encoder to disentangle discriminative lesion features but also provides
supervision for the generator, ensuring that the synthesized lesion regions
conform to the modality-specific lesion characteristics. Notably, we did not
adopt a naive approach of feeding the lesion and non-lesion regions sepa-
rately into the generator and then fusing them, as this resulted in overfitting
to tumor areas and produced unrealistic, sharp boundaries between lesions
and surrounding tissue. Instead, the generator always receives the full-brain
image as input, while lesion regions are extracted only for additional
encoding in the sequence encoder. If the lesion region of the generated
image is inconsistent with the expected modality-specific pattern, the
sequence encoder penalizes the generator through the loss function, thereby
guiding it to iteratively improve lesion synthesis.

The effectiveness of LAM was further validated in comparative
experiments with and without the lesion-specific branch. As illustrated in
Supplementary Fig. 2, the incorporation of LAM enhanced lesion repre-
sentation, with red arrows highlighting examples of improved lesion
boundaries and heterogeneity.

Evaluating the Impact of Generated Images on Segmentation
Wenext applied the generated images to a brain tumor segmentationmodel
to assess their impact under then following realistic conditions: (a). Various
sequence-missing scenarios, including fixed missing sequences of one
(4 scenarios), two (6 scenarios), or three sequences (4 scenarios), as well as

randomly missing sequences. For random sequence missing, we ensured
that each patient had at least one kind of MRI sequence and at most three
kinds ofMRI sequences, resulting in one, two, or threeMRI sequences being
missing for each patient. The specific distribution of randomly deleted
sequences is detailed in Supplementary Table 1b). A cross-center scenario,
where a brain tumor segmentationmodel was applied to local T2 images for
whole tumor (WT) segmentation. UMMGAT uses the available sequence
image and the missing or cross-center sequence number to generate the
missing images and align multi-center multi-sequence MRI data. These
resulting consistent and complete multicenter multi-sequence data were
then used as input for a well-trained brain tumor segmentationmodel. This
strategywas comparedwith amethodof copying themost correlated images
to assess its effectiveness in enhancing the model’s performance. Con-
sidering the easy accessibility of T1 and T2 in clinical practice, these
sequences were preferentially used to synthesize missing modalities. The
framework was validated across multiple brain tumor types, including
segmentation of glioblastomas in the BraTSdataset andmeningiomas in the
BraTS-MEN dataset, demonstrating its generalizability across distinct
tumor entities.

Metrics
We evaluated UMMGAT-generated images using Fréchet Inception Dis-
tance (FID),whichmeasures thedistance between feature vectors of real and
generated images, extractedusing a trained Inceptionv3model.AFIDof 0.0
indicates identical image sets.

We used the dice similarity coefficient (DSC) as the metric of the
segmentation effect. Ygt indicate manual annotation and Ypred indicate the
prediction of the segmentation model in the scenarios where we simulated
missing MRI sequences. The DSC ranged from 0 (no overlap) to 1(perfect
overlap).

Dice Ygt; Ypred
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2 Ygt \ Ypred

���
���
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���
���þ Ypred

���
���

ð1Þ

Statistics were computed with GraphPad Prism 10 software. All ana-
lyses employed nonparametric tests. The Friedman test (>3 groups) or
Wilcoxon signed-rank test (2 groups) was applied for comparisons, with
Dunn’s post hoc test used for multiple comparison correction. P < 0.05
indicated a statistically significant difference.

Data availability
The system was developed using standard libraries and scripts available in
PyTorch. The full code, including the training code, test code, and local data
used for training, are available from the corresponding author upon rea-
sonable request. The BraTS2019 dataset can be downloaded from https://
www.med.upenn.edu/cbica/brats-2019/. The UCSF-PDGM dataset can be
obtained from https://www.cancerimagingarchive.net/collection/ucsf-
pdgm/. The BraTS2023-MEN dataset is available from https://www.
synapse.org/Synapse:syn51514106.

Received: 12 March 2025; Accepted: 22 October 2025;

References
1. Khalighi, S. et al. Burden and trends of brain and central nervous

system cancer from 1990 to 2019 at the global, regional, and country
levels. Arch. Public Health 80, 209 (2022).

2. Kuang, Z. et al. Global Disease Burden, Trends, and Inequalities of
Brain and Central Nervous System Cancers, 1990–2021: a
Population-Based Study with Projections to 2036.World Neurosurg.
198, 123970 (2025).

3. Fekete, B. et al. What predicts survival in glioblastoma? A population-
based study of changes in clinical management and outcome. Front.
Surg. 10, 1249366 (2022).

https://doi.org/10.1038/s41698-025-01173-4 Article

npj Precision Oncology |           (2025) 9:384 11

https://www.med.upenn.edu/cbica/brats-2019/
https://www.med.upenn.edu/cbica/brats-2019/
https://www.cancerimagingarchive.net/collection/ucsf-pdgm/
https://www.cancerimagingarchive.net/collection/ucsf-pdgm/
https://www.synapse.org/Synapse:syn51514106
https://www.synapse.org/Synapse:syn51514106
www.nature.com/npjprecisiononcology


4. Ogasawara, C., Philbrick, B. D. & Adamson, D. C. Meningioma: a
review of epidemiology, pathology, diagnosis, treatment, and future
directions. Biomedicines 9, 319 (2021).

5. Huang, Z., Lin, L., Cheng, P., Peng, L. & Tang, X. Automated brain
tumor segmentation usingmultimodal brain scans: a survey based on
models submitted to the BraTS 2012–2018 challenges. IEEE Rev.
Biomed. Eng. 13, 156–168 (2020).

6. Kamnitsas, K. et al. Efficient multi-scale 3D CNNwith fully connected
CRF for accurate brain lesion segmentation.Med. Image Anal. 36,
61–78 (2017).

7. Pereira, S., Pinto, A., Alves, V. & Silva, C. A. Brain tumor segmentation
using convolutional neural networks in MRI images. IEEE Trans. Med.
imaging 35, 1240–1251 (2016).

8. Havaei,M. et al. Brain tumor segmentationwith deepneural networks.
Med. Image Anal. 35, 18–31 (2017).

9. Zhou, T. et al. A literature survey of MR-based brain tumor
segmentationwithmissingmodalities.Comput.Med. ImagingGraph.
104, 102167 (2023).

10. Zhou, T., Canu, S., Vera, P. & Ruan, S. Latent correlation
representation learning for brain tumor segmentation with missing
MRI Modalities. IEEE Trans. Image Process 30, 4263–4274 (2021).

11. Yang, Q., Guo, X., Chen, Z., Woo, P. Y. M. & Yuan, Y. D2-Net: Dual
disentanglement network for brain tumor segmentation with missing
modalities. IEEE Trans. Med. Imaging 41, 2953–2964 (2022).

12. Dewey, B. E. et al. A disentangled latent space for cross-site MRI
Harmonization. inMedical Image Computing and Computer Assisted
Intervention –MICCAI 2020 (eds Martel A. L., Abolmaesumi P.,
Stoyanov D., et al.) (Springer International Publishing, 2020).

13. Yan, W. et al. MRI manufacturer shift and adaptation: increasing the
generalizability of deep learning segmentation for MR images
acquired with different scanners. Radiol. Artif. Intell. 2, e190195
(2020).

14. Zhou, T., Canu, S., Vera, P., Ruan, S. Brain tumor segmentation with
missing modalities via latent multi-source correlation representation.
inMedical Image Computing and Computer Assisted
Intervention–MICCAI 2020: 23rd International Conference (Springer,
2020).

15. Gholipour, A., Kehtarnavaz, N., Briggs, R., Devous, M. & Gopinath, K.
Brain functional localization: a survey of image registration
techniques. NeuroImage 54, 313–327 (2011).

16. Evans, A. C., Janke, A. L., Collins, D. L. & Baillet, S. Brain templates
and atlases. NeuroImage 54, 313–327 (2011).

17. Trottet, C. et al. The problem of functional localization in the human
brain. NeuroImage 3, 313–327 (2011).

18. Zhu, J.-Y., Park, T., Isola, P., Efros, A. A. Unpaired Image-to-Image
Translation using Cycle-Consistent Adversarial Networks. 2020;
published online Aug 24. http://arxiv.org/abs/1703.10593 (accessed
10 January 2023).

19. Choi, Y., Uh, Y., Yoo, J., Ha, J.-W. StarGAN v2: diverse Image
synthesis formultiple domains. 2020; published onlineApril 26. http://
arxiv.org/abs/1912.01865 (accessed Jan 10, 2023).

20. Xie G., et al. Cross-Modality Neuroimage Synthesis: A Survey. 2022;
published online Dec 15. http://arxiv.org/abs/2202.06997 (accessed
9 April 2023).

21. Tavse, S., Varadarajan, V., Bachute, M., Gite, S. & Kotecha, K. A
systematic literature review on applications of GAN-Synthesized
images for brain MRI. Future Internet 14, 351 (2022).

22. Conte, G. M. et al. Generative adversarial networks to synthesize
missingT1andFLAIRMRI sequences for use in amultisequencebrain
tumor segmentation model. Radiology 299, 313–323 (2021).

23. Liu, J. et al. One model to synthesize them all: multi-contrast multi-
scale transformer for missing data imputation. IEEE Transac. Med.
Imaging 42, 2577–2591 (2023).

24. Wachter, R. M. & Brynjolfsson, E. Will generative artificial intelligence
deliver on its promise in health care?. JAMA 331, 65 (2024).

25. Jeong, J. J. et al. Systematic Review of Generative Adversarial
Networks (GANs) for medical image classification and segmentation.
J. Digit. Imaging 35, 137–152 (2022).

26. Lee, D.,Moon,W.-J., Ye, J. C.Which contrast doesmatter? towards a
deep understanding of MR contrast using collaborative GAN. ArXiv
2019; published online May 10. https://www.semanticscholar.org/
paper/Which-Contrast-Does-Matter-Towards-a-Deep-of-MR-GAN-
Lee-Moon/96f826aec079bd283a93ae5aa1cec942d0ef2697
(accessed 10 June 2024).

27. Han, Z., Jian, M. & Wang, G.-G. ConvUNeXt: an efficient convolution
neural network for medical image segmentation. Knowl.Based Syst.
253, 109512 (2022).

28. Masse-Gignac, N., Flórez-Jiménez, S., Mac-Thiong, J. & Duong, L.
Attention-gated U-Net networks for simultaneous axial/sagittal
planes segmentation of injured spinal cords. J. Appl. Clin. Med. Phys.
24, e14123 (2023).

29. Bakas, S. et al. Identifying the best machine learning algorithms for
brain tumor segmentation, progression assessment, and overall
survival prediction in theBRATSchallenge. Preprint at https://doi.org/
10.48550/arXiv.1811.02629 (2018).

30. Bakas, S. et al. Advancing the cancer genome atlas glioma MRI
collections with expert segmentation labels and radiomic features.
Sci. Data 4, 1–13 (2017).

31. Menze, B. H. et al. The multimodal brain tumor image segmentation
benchmark (BRATS). IEEETrans.Med. imaging34, 1993–2024 (2014).

32. Calabrese, E. et al. The University of California San Francisco
Preoperative Diffuse Glioma MRI (UCSF-PDGM). https://doi.org/10.
7937/tcia.bdgf-8v37.

33. LaBella, D. et al. The ASNR-MICCAI Brain Tumor Segmentation
(BraTS) Challenge 2023: Intracranial Meningioma. 2023; published
online May 12. https://doi.org/10.48550/arXiv.2305.07642.

34. McInnes, L., Healy, J., Melville, J. Umap: Uniform manifold
approximation and projection for dimension reduction. Preprint
athttps://doi.org/10.48550/arXiv.1802.03426 (2018).

35. Cao, H. et al. Swin-Unet: Unet-Like Pure Transformer for Medical
Image Segmentation. in Lecture Notes in Computer Science (eds
Karlinsky L., Michaeli T., Nishino K) (Springer Nature Switzerland,
2023).

36. Huang, X. & Belongie, S. Arbitrary style transfer in real-time with
adaptive instance normalization. In Proc. IEEE international
conference on computer vision 1501–1510 (IEEE, 2017).

Acknowledgements
Thiswork was supported in part by the National Nature Science Foundation
of China under Grant No. 62476122,62106101. This work was also
supported in part by the Natural Science Foundation of Jiangsu Province
underGrantNo.BK20210180. Thiswork is alsopartly supportedby theAI \&
AI for Science Project of Nanjing University.

Author contributions
Z.L., K.H., andC.H.designed the research.W.L.,B.Z., andX.Z.collectedand
annotated the data. Z.L. and K.H. developed and tested the Unsupervised
Generative AI. Z.L. and K.H. co-wrote the manuscript. K.H., W.L., T.Z., B.Z.,
and C.H. critically revised the manuscript, and all authors discussed the
results and provided feedback on the manuscript. All authors had final
responsibility for the decision to submit for publication.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41698-025-01173-4.

https://doi.org/10.1038/s41698-025-01173-4 Article

npj Precision Oncology |           (2025) 9:384 12

http://arxiv.org/abs/1703.10593
http://arxiv.org/abs/1703.10593
http://arxiv.org/abs/1912.01865
http://arxiv.org/abs/1912.01865
http://arxiv.org/abs/1912.01865
http://arxiv.org/abs/2202.06997
http://arxiv.org/abs/2202.06997
https://www.semanticscholar.org/paper/Which-Contrast-Does-Matter-Towards-a-Deep-of-MR-GAN-Lee-Moon/96f826aec079bd283a93ae5aa1cec942d0ef2697
https://www.semanticscholar.org/paper/Which-Contrast-Does-Matter-Towards-a-Deep-of-MR-GAN-Lee-Moon/96f826aec079bd283a93ae5aa1cec942d0ef2697
https://www.semanticscholar.org/paper/Which-Contrast-Does-Matter-Towards-a-Deep-of-MR-GAN-Lee-Moon/96f826aec079bd283a93ae5aa1cec942d0ef2697
https://www.semanticscholar.org/paper/Which-Contrast-Does-Matter-Towards-a-Deep-of-MR-GAN-Lee-Moon/96f826aec079bd283a93ae5aa1cec942d0ef2697
https://doi.org/10.48550/arXiv.1811.02629
https://doi.org/10.48550/arXiv.1811.02629
https://doi.org/10.48550/arXiv.1811.02629
https://doi.org/10.7937/tcia.bdgf-8v37
https://doi.org/10.7937/tcia.bdgf-8v37
https://doi.org/10.7937/tcia.bdgf-8v37
https://doi.org/10.48550/arXiv.2305.07642
https://doi.org/10.48550/arXiv.2305.07642
https://doi.org/10.48550/arXiv.1802.03426
https://doi.org/10.48550/arXiv.1802.03426
https://doi.org/10.1038/s41698-025-01173-4
www.nature.com/npjprecisiononcology


Correspondence and requests for materials should be addressed toWei Li,
Chunhua Hang or Kelei He.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’snoteSpringerNature remainsneutralwith regard to jurisdictional
claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if you modified the licensed material. You
do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to thematerial. If material
is not included in thearticle’sCreativeCommons licenceandyour intended
use is not permitted by statutory regulation or exceeds the permitted use,
you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-
nc-nd/4.0/.

© The Author(s) 2025

https://doi.org/10.1038/s41698-025-01173-4 Article

npj Precision Oncology |           (2025) 9:384 13

http://www.nature.com/reprints
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.nature.com/npjprecisiononcology

	Unsupervised generative AI for enhancing brain tumor segmentation in multi-center, incomplete real-world data scenarios
	Results
	Patient characteristics
	UMMGAT&#x02019;s capability to encode sequence features from unpaired datasets
	Multi-sequence multi-center image generation results
	Quantitative evaluation of segmentations under various sequence-missing and cross-center scenarios

	Discussion
	Methods
	Data setup and preprocessing
	Overall pipeline: leveraging unsupervised generative AI to bridge real-world data gaps in segmentation
	Training and validation of UMMGAT
	UMMGAT unsupervised multi-task learning strategies
	Lesion-aware module (LAM)
	Evaluating the Impact of Generated Images on Segmentation
	Metrics

	Data availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




