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Abstract

Background Magnetic resonance imaging (MRI) is a cornerstone of non-invasive diagnosis and response
monitoring in neuro-oncology, and predictions of spatial tumor progression conditioned on the patients anatomy
are increasingly important. We present a proof-of-principle of personalized spatial tumor progression on MRI through
generative Al, focusing on pediatric Diffuse Midline Glioma (DMG).

Methods \We employed guided Denoising Diffusion Implicit Models (DDIM) to model anatomical tumor growth

in pediatric DMGs on MRI. Multiparametric scans from adult (n=1,251) and pediatric (n=144) patients from the
BraTS23 challenge were used to train a slice-based framework, conditioned on baseline scans and a target tumor size.
Repeated image generations produce probabilistic tumor growth maps highlighting likely regions of progression.
The realism of the generated MRIs was evaluated quantitatively and qualitatively through expert assessment. Spatial
growth predictions were validated against an independent dataset of longitudinal MRI scans from a multi-institutional
pre-radiotherapy DMG dataset (n= 178 paired slices).

Results We generated anatomically coherent, patient-specific T2-FLAIR (fluid-attenuated inversion recovery) MRI
axial slices. Quantitative measures and expert evaluations confirmed the high quality of the generated images, which
trained radiologists were unable to reliably distinguish from real scans (accuracy 0.53+0.03). While radiomic features
analyses showed good agreement (83% non-significant features) between synthetic and real images, a classifier
detected subtle pixel-wise differences (accuracy of 0.69). Tumor growth probability maps aligned well with true tumor
growth observed in follow-up imaging, obtaining a mean continuous DICE score of 0.79+0.13.
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Conclusions We present guided DDIMs as a predictive tool for spatial tumor growth, illustrated for the progression
of DMGs, that demonstrates potential for its integration in personalized radiotherapy planning. Our comprehensive
image quality analysis highlights the importance of carefully evaluating synthetic data and its integration in research

and clinical workflows.

Keywords Generative Al, Denoising Diffusion Models, DMG, Brain tumor, Anatomical tumor growth

Background

Personalized predictions of tumor growth patterns, that
reflect the patient-specific anatomy and tumor burden,
are increasingly recognized as a critical component in the
field of precision oncology [1]. Medical imaging plays a
central role in this process, enabling non-invasive moni-
toring of tumor progression as well as guiding clinical
localized therapy decisions. Magnetic resonance imag-
ing (MRI) is a cornerstone of neuro-oncology for both
diagnosis and treatment response assessment, making
it a natural foundation of tumor growth predictions. In
addition to providing detailed anatomical information,
MRI captures important microenvironmental factors
reflecting radiosensitivity, including tumor cell density,
tumor perfusion, and necrosis [2]. Two independent lines
of research, data-driven and mechanism-driven mod-
els have previously been applied for image-based tumor
growth predictions in the context of adult high grade
glioma and glioblastoma (GBM) [3—6]. Recently diffusion
models have been adapted for longitudinal modeling of
glioma, through TaDiff-Net [7]. Here, we focus on adopt-
ing this generative paradigm to pediatric gliomas for
modeling pre-radiotherapy (pre-RT) growth in a limited
data scenario.

Despite advances in pediatric cancer care, malignant
neoplasms are among the leading causes of death in chil-
dren and adolescents [8]. Particularly concerning are
malignant tumors of the central nervous system amongst
which diffuse midline glioma (DMG) stands out with a
particularly poor prognosis (overall survival < two years)
[9]. DMGs are defined by a lysine substitution at position
27 on the H3 histone tail protein (H3K27M) and clinically
present as diffuse, infiltrating lesions located within sen-
sitive brain regions (pons, brainstem, and thalamus) [10].
The standard of care for DMG is neoadjuvant radiation
therapy with serial radiographic monitoring, and sub-
sequent enrollment in a clinical trial. Standardized cri-
teria such as RAPNO (response assessment in pediatric
neuro-oncology) are employed to assess disease progres-
sion, relying on hard thresholds (25% increase/decrease
for progression/remission) imposed on changes in bidi-
mensional measurements on tumor MRI appearance
[11]. Gross tumor resection is largely excluded due to the
tumors’ sensitive location and diffuse phenotype. Given
frequent imaging and lack of surgical interventions,
DMGs are a particularly suitable candidate for proof-of-
principle of anatomical tumor growth predictions.

Recently, Denoising Diffusion Implicit Models
(DDIMs) [12], as a branch of Denoising Diffusion Proba-
bilistic Models (DDPMs) [13], have been suggested as a
new emerging field in the realm of generative computer
vision models. DDPMs build on a diffusion process to
generate images by learning the data distribution through
the reversal of the noising process. Denoising Diffusion
Implicit Models (DDIMs) slightly alter the sampling pro-
cedure of DDPMs, following a deterministic process.
Despite promising first results for adult GBM growth
predictions, no validated longitudinal predictions in the
context of disease progression have been presented to
date, and a focus for DDIM has been on sequence gen-
eration and image synthesis [14—18]. While shown to
outperform most generative models to date for both nat-
ural and medical images, truly quantifying image realism,
particularly within the medical domain, remains difficult.
Moreover, the downstream impact of integrating syn-
thetic images in newly developed training frameworks is
poorly understood.

Our study offers proof-of-principle for harnessing
guided DDIM to conditionally model the spatial patterns
of tumor growth, as a first step towards end-to-end longi-
tudinal predictions. The clinical particularities of DMGs
offer a unique opportunity to explore the potential of
guided DDIMs as a predictive tool. However, capturing
the true distribution of a pediatric dataset in light of lim-
ited data remains challenging. As outlined in Fig. 1, we
aimed to leverage shared anatomical structures between
the adult and pediatric brain to generalize across these
populations by jointly training on the relevant data sub-
sets. We quantified the realism of the generated images
analytically and based on human expert raters. Addition-
ally, radiomic features were extracted to characterize
changes occurring in generated images [19]. A com-
parative analysis of metrics assessing realism was con-
ducted to disentangle distinct aspects of image realism
and elucidate potential pitfalls in conventional quality
assessments.

Methods

Data preparation

Two multi-parametric (T1-weighted (T1), T1-con-
trast enhanced (T1-CE), T2-weighted (T2), T2-fluid-
attenuated inversion recovery (T2-FLAIR)),
single-timepoint datasets are included for the model
development: BraT$2023 adult GBM images (n = 1,251,
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Fig. 1 Study overview. A detailed overview of the model development and inference approach (top) along the different methods employed for the
validation of the framework, including image quality assessments and longitudinal evaluation (bottom). BrarS23 ADULT, BraTS PED: brain tumor segmenta-
tion challenge datasets [20, 211; FID: Frechet inception distance; SSIM: structural similarity index measure; PSNR: peak signal to noise ratio; DICE: Sorensen-Dice

coefficient

BraTS-ADULT) and CBTN-CONNECT-DIPGR-ASNR-
MICCAI BraTS2023 comprising pediatric DMG and
astrocytoma patients (1 = 144, BraTS-PED) [20, 21].
These are processed multi-center scans, registered
to the same anatomical template, and resampled to 1
mm?, Based on the tumor segmentation, we retained

all relevant axial image slices that are located in tumor-
prevalent regions, removing the first inferior slices (com-
monly empty) and the superior hemisphere brain slices.
A minimum tumor area threshold was imposed based on
the distribution of tumor areas in the training data deter-
mined by the elbow method (adult 16 mm?2, pediatric
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9 mm?2). This excluded slices with smaller or no tumor
content, particularly relevant for the training of the
tumor size prediction task.

For longitudinal evaluation we retrospectively ana-
lyzed a set of 178 pairs of longitudinal pre-RT MRIs from
the DMG center Zurich. Ethical approval for this study
was granted based on 2022 — 00312 by the North-West
and Central Swiss Ethics Commission, permitting ret-
rospective analysis of clinical imaging data. The Can-
cer Phenomics Imaging Toolkit (CaPTK) was applied
to the external dataset, including resampling to 1 mm?,
SRI atlas registration, and skull-stripping yielding brain
masks [22]. Longitudinal images were coregistered based
on alignment of the brain masks using the Dipy python
package. We rescaled the brain volume intensity to [0,1]
by min-max normalization for all datasets after applying
percentile bounds (0.5, 99.5). A detailed overview of the
data is provided in Additional file 1: Table S1 and Addi-
tional file 1: Figure S1. Summary statistics for the longi-
tudinal dataset are provided in Additional file 1: Table S2.

Computational approach

We employed a guided DDIM for the generation of axial
2D MRI slices showing an enlarged tumor relative to a
source image [23]. DDPMs iteratively add noise to data
and learn the reverse diffusion process to recover the
original input. In guided diffusion models, explicit infor-
mation is incorporated upon denoising, guiding the gen-
eration towards a desired result, here, a larger tumor.
Our DDPM was trained on the joint training sets from
BraT'S23-Adult and BraTS23-PED using an Adam opti-
mizer and hybrid loss introduced by Nichol and Dhari-
wal [24]. The data was split at patient level into training
and validation (90% adult, 80% pediatric) and test subsets
(10% adult, 20% pediatric) (Additional file 1: Table S1).
There was no subject overlap between the training, vali-
dation and testing samples. Training was stopped once
the validation error reduction between saving iterations
(every 5,000 steps) dropped below 5% (160,000 steps).
A regression model predicting relative tumor size was
independently trained on the same splits, harnessing
tumor segmentations. It follows the architecture of the
encoder of the diffusion model’s U-Net-like network [25],
including time-step embeddings and a final linear activa-
tion function and was trained using the mean squared
error (MSE) loss and the Adam optimizer for 50,000
steps (until error reduction below 5% in consecutive
iterations).

Following Wolleb et al. [17], upon inference, sampling
was carried out on a noised version of the given input
slice, incorporating regressor guidance at every step
using the implicit framework (DDIM) of our trained
DDPM. Notably, inference requires specifying an antici-
pated relative tumor area change, which serves as the
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reference for the magnitude of regressor guidance. Con-
ditional image generation is governed by two hyperpa-
rameters: (i) The number of inference steps, given by the
noise level (NL), which impacts the preservation of the
sample’s original anatomical features. (ii) The strength of
the guidance controlled by the regressor scale (RS). Addi-
tionally, the term referring to the gradient of the regres-
sor is individually scaled for each iteration and image by
a dynamic factor that penalizes the deviation from the
anticipated change in relative tumor area (Additional file
2: Sects. Model Architecture and Training and Hyperpa-
rameter Tuning).

We identified optimal RS (range 100k/200k/500k) and
NL (range 300/400/500) in a grid search based on over-
all image quality metrics (Additional file 1: Figure S2)
and the error of the observed vs. target tumor area (25%
larger). The same RS and NL values were then applied
uniformly to all cases. Tumor segmentations of the gen-
erated images were obtained with a vanilla U-Net model
(Additional file 2: Sect. U-Net Segmentation Model) [25].

Tumor growth probability maps

The network output depends on the forward diffusion
pass, through random noise sampling. By maintaining
identical inputs (2D MRI slice, target tumor size) and
changing random seed for noise sampling (#=100) an
image library is generated. We aggregated this library
into a single tumor growth probability map where each
pixel is associated with a probability of being a tumor
pixel in the newly generated image. Otsu thresholding
creates tumor growth area segmentations. Only tumor
growth in the periphery of the original tumor (a dilation
enabling tripling of the tumor) was considered to mini-
mize the impact of out-of-field generations. Resulting
axial growth maps (n=10) were stacked in 3D to inspect
the volumetric translation of our generated 2D slices.

Image generation quality quantification

Metrics

We used the Frechet Inception Distance (FID), the struc-
tural similarity index measure (SSIM), and peak signal
to noise ratio (PSNR) to quantify the quality of the gen-
erated vs. real MRIs. FID assesses the distance between
the distribution of the real samples and that of gener-
ated ones, making it prone to dataset size bias [26]. SSIM
considers the inter-dependencies between neighboring
pixels, including luminance and contrast to approxi-
mate structural similarity, while PSNR assesses the ratio
between the signal and the distorting noise, a higher
value indicating a better image quality. Only slices with
tumor annotations were included in this computation.
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(See figure on previous page.)

Fig. 2 Relevant model components. A Representative examples of brain slices showing the generation of an enlarged tumor (+25%) from a pediatric
(left) and an adult (right) patient. The difference maps show the pixel-wise changes of the generated image compared to the input (baseline). These
highlight regions of change as a result of guided tumor growth. B Tumor growth probability map generation for one pediatric brain slice. Otsu thresh-
olding is performed on the difference maps (bottom) to obtain tumor growth segmentations (upper right corner) which are aggregated into a growth
map by averaging (right). C Stacking of axial view growth maps (n=10) from a pediatric (left) and an adult (right) patient. D Quantification (left) and
visualization (right) of tumor growth in the generated images. The images were guided towards a 25% tumor size increase. Quantification (left) shows
the tumor growth distribution of generated images. Tumor size in the generated images is calculated at different dichotomization thresholds (>0 to 0.95)
over model tumor growth probability maps. Correlation plots between target and generated tumor areas calculated at a 0.1 dichotomization threshold
are shown in Additional file 1: Figure S3. Visualizations (right) show representative pediatric and adult examples of growth maps at three different axial

sections in the tumor region, shown together with their relative tumor growth at a 0.1 dichotomization threshold

Radiomic features

Radiomic features refer to pixel value-based and shape
features extracted from medical images, including sim-
ple (e.g., mean, standard deviation) and complex (e.g.,
grey level non-uniformity) statistics. Here, we compare
radiomic features from generated and real MRI scans to
assess the realism and quality of the generated images
beyond image similarity metrics. Radiomic features (1 =
1,032), including all those after applying all standard fil-
ters (e.g., Laplacian of Gaussian, Wavelet), were extracted
using the pyradiomics package [27] from all 2D slices
containing tumor. We excluded constant and highly
correlated features (Pearson’s coefficient > 0.95) before
testing distribution-level differences by Kolmogorov-
Smirnov test (multiple testing was accounted for by
Bonferroni method, alpha = 0.05). To ensure a robust
evaluation, additional tests were carried out between the
train and test set as well as between the test set and its
version run through the DDIM without any changes to
the tumor size (‘diffused’).

Human observers

Five pediatric neuroradiology domain experts (three
board-certified neuroradiologists and pediatric radi-
ologists, two neuroradiology fellows) classified 200 2D
T2-FLAIR scans (100 real test set slices and correspond-
ing generated images, resulting in a perfectly balanced
dataset) - reviewers were blinded to the fraction of real/
generated images and the fact that generated images were
25% enlarged. Images were provided as axial 2D slices in
a PNG format. The classification was done at the expert’s
convenience in one sitting. Additionally, a U-Net based
classifier (Additional file 2: Sect. U-Net Classifier) was
trained to perform the same task, and performance was
compared to that of the human observers via accuracy,
precision, recall and specificity.

Longitudinal external evaluation

All pre-RT tumor-containing slices showing a 10-100%
tumor area increase for the external DMG cohort were
considered for longitudinal evaluation, resulting in the
selection of 178 pairs of consecutive 2D MRI slices from
13 patients. All image pairs were acquired prior to radio-
therapy, the standard of care for DMGs. Concurrent

chemotherapy may have been administered but precise
timing relative to imaging was unavailable. Images were
segmented and reviewed by trained personnel under
the guidance of a board-certified neuroradiologist [28].
DDIMs were guided to generate enlarged tumor images
for the consecutive time point based on the known tar-
get size. The resulting tumor growth probability maps (
= 100 inferences) were thresholded (Otsu) and the pre-
dicted whole tumor area was compared to the true fol-
low-up image by continuous DICE (cDICE) score [29].
To further assess spatial correspondence, we computed
the 95th percentile Hausdorff distance (HD95) between
the generated and follow-up images, as well as between
the baseline and follow-up scans. The difference in HD95
(AHD95 = HD95baseline~>target - HD95generated~>target)
was used to quantify the improvement in spatial
proximity.

Error analysis

To identify failure modes in the growth generation, we
computed Spearman’s rank correlation ( p ) between pre-
dictors of model performance and downstream cDICE
computed between the segmentations of the generated
image and the ground truth follow-up MRI scan. Spe-
cifically, we examined the absolute error in the regres-
sor-predicted baseline tumor size, as well as the specific
growth rate. Segmentations of generated images were
obtained through the thresholding of difference maps
(generated - baseline).

Results

Model development

Hyperparameter tuning (NL = 400, RS = 200k) results are
summarized in (Additional file 1: Figure S2) as a trade-
off between target-size achievement error and similarity
metrics (PSNR, SSIM) and yielded a mean target error
of 1.12 (4.5%). The optimized framework was applied to
adult and pediatric brain tumor images to generate MRI
scans in T2-FLAIR contrast displaying enlarged tumor
areas of a predefined size. A 25% increase was cho-
sen in line with RAPNO [30]. Representative difference
maps obtained are displayed in Fig. 2A for an arbitrarily
selected pediatric and adult patient. Notably, modifica-
tions of pixel values are confined to tumor neighboring



Laslo et al. BMC Medicine (2026) 24:389

regions while the characteristic anatomical features of
the input brain slice are maintained. The observed tumor
growth in the generated MRI scans aligns with expected
physiological features.

To account for the stochasticity resulting from ran-
domly sampling of noise in the forward process of the
guided DDIM approach, the generative process can be
repeated several times, starting from one input image.
Figure 2B (left) highlights this probabilistic effect, show-
casing generated images from different initializations.
Difference maps from n=100 inferences are compiled
into a growth map (Fig. 2B, right). To investigate the 3D
translation of our slice-based approach, independently
generated consecutive axial slices’ growth maps were
stacked (Fig. 2C), showcasing smooth transitions in coro-
nal and sagittal planes.

The model’s performance was quantified through a
comparison between observed tumor growth and the
predefined target as percentage-wise increase (Fig. 2D).
For a targeted 25% tumor growth, we report a mean
increase of 24.1% for the adult samples and 23.6% for the
pediatric for a probability threshold > 0.1 removing pixels
that were predicted as tumor in fewer than 10 of the 100
generations.

Image quality assessment

Human expert observers (n=>5) failed to distinguish real
from generated MRIs in a blinded assessment, achieving
an average accuracy of 0.53 (SD=0.03) in the balanced
dataset (Fig. 3A). While accuracy showed minimal vari-
ance across raters, specificity and recall distributions
highlighted inter-rater variability. Notably, a greater
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proportion of samples was attributed to the generated
category (65.7% on average).

Established metrics in the field of computer vision
were applied to evaluate image quality of generated MRI
(Fig. 3B). Lower FID values imply a narrower difference
between the distribution of real and generated images.
In our experiment, we observe a lower FID for the adult
set both when considering absolute values (13.6 vs. 16.0)
and when normalizing to baseline (distribution difference
between train and test set, 10.7 vs. 12.2). However, the
high SSIM and PSNR scores reveal a similar performance
on average in preserving the characteristic structural
components for the two datasets, with a higher variability
in the case of pediatric samples.

Figure 4A summarizes the radiomic features (RF)
analysis. Statistical testing was initially conducted on the
distributions of RF derived from full brain slices in the
training and test sets, revealing a large proportion of sig-
nificantly different features between these two subsets of
real images. Subsequently, the test RFs were directly com-
pared against ‘diffused’ images with no change in tumor
size, identifying 32% of them as significantly different.
However, 54 of the 65 identified features were present in
the test-train comparison. Similarly, the comparison of
RF for the generated images displaying enlarged tumors
with their real counterpart showed that 57 out of the
74 significant features overlapped with those initially
detected in the train-test analysis.

In a separate analysis, a reduced subset of features was
tested. This was restricted to the non-significant sub-
set from the analysis between real sets, revealing only
17% (19/111) of the features tested as significant. Taken
together, these analyses highlight the high sensitivity of
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image and the class of features is specified on the x-axis

radiomic features across different subsets of real images
and support the preservation of most RFs within the
generative process. This is also supported by the shared
distribution of the original and synthetic samples in the
UMAP space (Fig. 4B).

Figure 4C shows the distributions of the five most
significant radiomic features (lowest p-values) iden-
tified. Overall, we observed a smoother, more uni-
form distribution of the radiomic features derived
from generated images. Three of them are centered
around grey level aspects (RunLengthNonUniformity,
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ShortRunLowGrayLevelEmphasis, =~ SmallDependence-
Emphasis) with two of these representing high-order
features extracted from the wavelet filtered images. The
other two refer to the interquartile ranges, which inher-
ently serve as a measure of the uniformity within the
middle 50% of values. The observed patterns conform
with expected results, taking into account the DDIM
mode of operation. These types of generative models rely
heavily on the denoising process which we see reflected
in the most significant radiomic features which are
directly related to lower levels of image noise. This results
in a lack of ability to capture structured spurious artifacts
in real MRI images during training and therefore less
noisy generated scans.

Longitudinal external evaluation

We generated longitudinal follow-up images in a pre-
treatment setting as tumor growth probability maps in
the external cohort. Qualitative examples illustrate the
predicted tumor growth probability map for represen-
tative cases, including a challenging case characterized
by poor temporal coregistration (Fig. 5A). Additional
examples highlight a particularly poor (Fig. 5B) and good
(Fig. 5C) example. We find excellent alignment between
the predicted and true directionality of tumor growth
and a good spatial agreement of the whole tumor area
(mean cDICE score of 0.79 at the slice-level (SD=0.13,
95% CI=[0.767, 0.805] based on Student’s t-distribu-
tion), Fig. 5D), emphasizing the generalizability of our
approach to data from other institutions. Full metrics at
the patient and scan-level are provided in Additional file
1: Table S3 and Table S4.

We further observe a significant negative correlation
(Spearman’s p: -0.26, p,,.=1 x 107°) of modest effect size
between the error in tumor size estimation and the cDICE
score of the predicted spatial tumor growth (Fig. 5E).
This supports our hypothesis that the inaccurate tumor
size prediction of the regressor propagates to the guided
diffusion process, flagging a failure of the generative
framework in such cases. In contrast, no significant cor-
relation was observed between the specific growth rate
and cDICE (Spearman’s p: -0.12, p-value=0.11), suggest-
ing that tumor growth itself does not systematically drive
model performance (Additional file 1: Figure S4). Thus,
regressor performance on baseline relative tumor size
from input MRIs serves as a practical proxy for assessing
the reliability of the overall prediction. Furthermore, the
generated follow-up images demonstrated lower HD95
distances to the target compared to the baseline images
(Fig. 5F, mean AHD95=0.1, SD=2.5), confirming the
directional tumor growth. While overall improvement is
small, a substantial improvement is particularly seen for
samples where the baseline is furthest from the follow-up
(HD95 > 10, mean AHD95=2.5, SD=2.9).
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Discussion

We present a proof-of-principle to harness generative Al
models for conditional modeling of spatial tumor growth
patterns, with specific application to pediatric DMG
imaging. This approach has strong potential to inform
clinical applications, such as radiotherapy treatment
volume definition according to likely tumor growth tra-
jectories. Our approach yields promising results, demon-
strating the ability to abstract complex patterns of tumor
progression across related disease domains, here GBM
and pediatric high-grade glioma to infer DMG growth in
the light of limited pediatric data.

While the applications of conditional DDPMs have
predominantly focused on synthetic image generation
or modality translation, recent studies demonstrate the
potential of guided diffusion approaches in constraining
generations to specific anatomical boundaries [17, 31—
34]. Notably, the diffusion models learn these constraints
during training, and do not require explicit anatomi-
cal inputs such as landmarks or atlases. Building on the
work of Wolleb et al., we extend the framework and apply
it to a generative predictive task, enabling longitudinal
spatial growth predictions. Focusing on the pathology of
DMGs enabled comparisons to true tumor evolution in
a way that is rarely available. Our model shares concep-
tual similarities with the work of Liu et al. [7], leverag-
ing a conditional diffusion model for anatomically guided
tumor progression. However, while Ta-Diff incorporates
treatment conditioning, our model uses a regressor-
guided DDIM to enforce relative tumor size control in a
pediatric cohort without requiring longitudinal training
data. This enables applications in data-scarce settings,
though further extensions could also incorporate treat-
ment effects.

The value of our validation relies on the external DMG
dataset acquired through a multi-institutional interna-
tional collaboration. Importantly, we generate tumor
growth probability maps and validate our predictions
through quantitative comparisons against real longitu-
dinal brain MRI images, achieving a mean continuous
DICE of 0.79. While commonly applied for evaluating
segmentation performance, here we employ the contin-
uous DICE score primarily as a proxy for spatial agree-
ment between predicted probabilities and observed
tumor regions. Given the sensitivity of DICE to misalign-
ments caused by imperfect longitudinal coregistration of
baseline and follow-up scans, we interpret these scores
cautiously and emphasize the directional fidelity of the
predicted spatial growth, as shown by mean AHD95 of
2.5 in samples where growth is observed furthest away
from the tumor at baseline (HD95 > 10).

The integration of such predictions in the clinical land-
scape of DMGs holds significant potential to enhance the
standard of care. Availability of tumor growth probability
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maps highlighting the most likely direction of progres-
sion, as presented in this work, could revolutionize RT
treatment planning. Indeed, target volume definitions
are a key factor increasingly recognized for its extensive
impact on therapy outcome [35]. Currently, this relies
on guidelines recommending fixed-size isotropic mar-
gins and the clinician’s experience [36]. Notably, for this
application, accurately capturing the direction of growth
holds greater significance than the precise replication
of anatomical and physiological features present in the
target image. We emphasize the correlation between
the regressor error and spatial prediction performance
(DICE), which could serve as a proxy for assessing pre-
diction reliability. Despite this insight, the degree of
deviation that would clinically still be acceptable for RT
target definition warrants further validation and may
depend on the individual case, specifically on the aniso-
tropic extent of margin adaptation proposed. Addition-
ally, upon further validation, such predictions could serve
as the basis for a synthetic control arm in prospective
clinical trials, addressing a critical bottleneck in the dis-
covery of novel therapies for DMGs through simulation
of “what a tumor would have looked like in the absence
of treatment”. While here we showcase the direct implica-
tions for DMG tumors, the application of this framework
could be extended to model tumor growth in other body
parts or to address similar longitudinal predictive tasks.

Another key contribution presented in this work is the
comprehensive evaluation of image quality in the context
of different application horizons. We leverage both estab-
lished quantitative measures for computer vision, expert
ratings and radiomic features. These diverse qualitative
and quantitative assessments capture different aspects of
realistic MRI generation, emphasizing the particularities
of medical image synthesis. We demonstrate state-of-the-
art SSIM scores as well as a low FID value for the adult
subset, compared to the real images. Interestingly, while
the pediatric subset shows a higher FID score, trained
radiologists are unable to distinguish between the gener-
ated and real images, a trend previously mentioned in lit-
erature [37]. These observations reinforce and align well
with previous literature highlighting the limitations of
such metrics developed on and for large natural images
datasets [26, 38]. Although the content of the generated
MRI scans appears realistic and indistinguishable from
that of real images to expert raters, subtle differences in
statistics derived from pixel values render generated and
real images significantly different for machine-readable
applications (mean accuracy of CNN classifier of 0.69 on
a balanced dataset). These findings underline the impor-
tance of considering the application context of synthetic
images and raise concerns regarding the potential impact
of such differences on downstream models relying on
hybrid or purely synthetic data [39, 40].
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While this study presents important advancements
toward the use of generative models as predictive tools
for anatomical DMG growth, it is essential to acknowl-
edge some limitations. Firstly, due to the computation-
ally intensive inference procedures and limited data, we
restrict our research to axial 2D slices. We account for
this limitation by analyzing stacking of axial plane pre-
dictions and supporting qualitative examples. Secondly,
while a strength of our approach is training on single-
timepoint data, an assumption of the follow-up tumor
size is warranted for inference. This limits applications
for end-to-end longitudinal prediction in the current for-
mat but could be mitigated through a mechanistic learn-
ing approach, integrating the modeling of target tumor
volume with the generative DDIM framework based
on longitudinal training data. Lastly, due to the strict
requirement for consecutive pre-treatment imaging ses-
sions, the number of longitudinal evaluation samples was
limited. However, while restricted to DMQG patients, our
dataset spans multiple institutions, introducing substan-
tial variability in acquisition protocols, imaging hardware
and patient demographics. Future research should focus
on extending the predictive framework to 3D space,
removing the requirement of specifying the target tumor
size pre-hoc. For the creation of a fully predictive frame-
work, one could explore a similar architecture using time
between imaging sessions as an additional conditioning
term or adopt video-generative models with an imag-
ing time series input to fully abstract growth rate. Addi-
tionally, using a separate approach for modelling tumor
burden would enable feeding that prediction directly in
the current architecture as we show in [41]. While very
elegant, this solution limits the applicability of the model
towards the later time in the patient trajectory. Further
work should also consider the inclusion of additional
patient-specific clinical values (age, treatment course,
etc.) towards the generation of a more individualized pre-
diction. Notably, incorporating the baseline tumor seg-
mentation as an input conditioning term, not used here,
could improve tumor localization and spatial accuracy.
Continued validation and refinement of these models will
be critical for their translation to clinical practice, par-
ticularly across other tumor types and disease contexts.

Conclusions

Our study provides a meaningful step forward in the
application of generative AI models for predicting ana-
tomically constrained tumor growth on clinical brain
MRYI, producing high-quality predictions that accurately
conform to growth patterns in clinical cases. The promis-
ing results highlight the potential of DDIMs to abstract
complex tumor progression patterns and generate clini-
cally relevant tumor growth probability maps, while high-
lighting the need to understand the content of synthetic
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data. These advancements could enable more precise
radiotherapy target volume definition and address critical
bottlenecks in novel therapy discovery.

Abbreviations

DMG diffuse midline glioma

GBM glioblastoma

MRI magnetic resonance imaging

DDPM  denoising diffusion probabilistic model
DDIM denoising diffusion implicit model

FID Frechet inception distance

SSIM structural similarity index measure
PSNR peak signal to noise ratio

RF radiomic features

NL noise level

RS regressor scale

FLAIR fluid-attenuated inversion recovery
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