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ABSTRACT

Isocitrate dehydrogenase (IDH) mutation status is a critical prognostic indicator in glioma patients. Numerous
studies have focused on developing non-invasive methodologies to classify IDH status using pre-operative MRI
scans. However, the challenge lies in data scarcity and class imbalance in IDH mutations. This study explores
generative Al methods to augment training data and enhance IDH classification accuracy. We developed a 3D
conditional latent diffusion model (LDM) for generating 3D multi-contrast brain tumor MRI data (128 x 128 x 64
with a voxel spacing of 1.5 x 1.5 x 2.0 mm) with whole tumor mask and IDH mutation status as conditions.
The LDM comprises a 3D autoencoder for perceptual compression and a conditional 3D diffusion model (DM)
for generating multi-contrast synthetic samples guided by tumor masks and the IDH mutation status. We
incorporated two types of attention modules within the denoising UNet of the LDM to capture the semantic
class-dependent data distribution driven by the provided whole tumor mask and IDH status. The LDM was
trained using two brain tumor datasets: The Cancer Genome Atlas dataset and an internal dataset from the
University of Texas Southwestern Medical Center. The synthetic images generated by the LDM were then used
to train IDH classification models, which were subsequently tested on real brain tumor data comprising 327
mutated and 1,394 wild-type cases from the University of California San Francisco Preoperative Diffuse Glioma
MRI dataset, the Erasmus Glioma Database, the University of Pennsylvania glioblastoma, and two held-out
internal datasets. The IDH classification models, trained on synthetic images and tested on real data, achieved
an excellent overall classification accuracy of 94.02%. This approach has the potential to be extended to other
molecular markers where data scarcity presents a challenge.
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1. INTRODUCTION

Data plays a crucial role in the development and training of machine learning models, as the accuracy of these
models is highly dependent on the quality and quantity of the training data. In the domain of medical imaging,
however, acquiring large and diverse data is particularly challenging due to stringent privacy regulations for
protecting patient confidentiality and the substantial costs associated with data collection and annotation. These
challenges result in a limited availability of medical imaging data, creating a bottleneck in the training process.
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Recent advancements in image generative models,? particularly the emergence of diffusion models (DM),?
offer promising potential in addressing the data scarcity in medical imaging. Diffusion models can generate
high-quality synthetic images that closely resemble real medical images, thereby expanding the pool of available
data. This expanded dataset can enhance the development of more robust machine-learning models for various
tasks, including image segmentation and classification.

Prior studies have utilized image-generative models to create high-quality, realistic medical imaging data.’
Specifically, several works have focused on developing models for brain MRI data.” '? Some studies have aimed
to enhance diagnostic tasks such as tumor segmentation' 4 or mutation prediction.'® For instance, Dorjsembe
et al.'* introduced semantic tumor mask conditioning to control the synthesis process and then combined the
synthetic samples with the real ones to enhance the segmentation performance. Moon et al.!® trained 2D score-
based diffusion models separately for IDH mutated and wild-type classes to generate 2D IDH-specific samples,
which were subsequently evaluated using Turing’s test and employed to train an IDH classification model.

This study leverages the power of latent diffusion models (LDM)? to generate IDH-specific brain tumor MRI
samples. IDH mutations are a critical glioma biomarker, influencing prognosis and treatment strategies.!® We
developed a diffusion model capable of generating synthetic MR images that accurately reflect the characteristics
of IDH-specific brain tumors. The generation process is guided by a conditional whole tumor mask and IDH
mutation status, ensuring the synthetic data closely mirrors the characteristics of the tumors. The synthetic
samples were employed to train IDH classification models, which subsequently underwent rigorous testing on
real IDH brain tumor data acquired from diverse datasets to validate the effectiveness of the synthetic data.

2. METHODOLOGY
2.1 Datasets and Image Preprocessing

This study utilized retrospective MRI scans from four publicly available datasets and three internal datasets.
The public datasets included: The Cancer Genome Atlas (TCGA),'” the University of California San Francisco
Preoperative Diffuse Glioma MRI dataset (UCSF),'® the Erasmus Glioma Database (EGD),'® and the University
of Pennsylvania glioblastoma (UPENN).20 The internal datasets were collected from three geographically distinct
institutions: UT Southwestern Medical Center (UTSW), New York University (NYU), and the University of
Wisconsin-Madison (UWM). Data included in this study was required to have the preoperative MRI scans of all
four sequences: T1-weighted (T1), post-contrast T1-weighted (T1C), T2-weighted (T2), and T2-weighted fluid-
attenuated inversion recovery (FLAIR). The TCGA and UTSW datasets were used to train the latent diffusion
model (LDM) (Table 1(a)), while the remaining five datasets (Table 1(b)) were reserved for testing the IDH
classification models. A summary of the IDH mutations available in each dataset is provided in Table 1.

Table 1: (a) Training data for the diffusion model, and (b) Testing data for IDH classification models.

(a) TCGA | UTSW | Total (b) UCSF | NYU | UWM | EGD | UPENN | Total
MT 91 104 195 MT 103 47 16 150 11 327
WT 107 256 363 WwWT 392 129 180 306 387 1,394
Total 198 360 558 Total 495 176 196 456 398 1,721

Note.—Data represent the number of patients. TCGA = The Cancer Genome Atlas, UCSF = University of California San Francisco
Preoperative Diffuse Glioma MRI dataset, EGD = Erasmus Glioma Database, UPENN = The University of Pennsylvania glioblastoma,
UTSW = UT Southwestern Medical Center, NYU = New York University, UWM = the University of Wisconsin-Madison; MT = IDH-
mutant, WT = IDH- wild-type.

For the UCSF and EGD datasets, we utilized the preprocessed skull-stripped images provided by the original
data sources. For the TCGA, UPENN, and the three internal datasets, MRI scans underwent preprocessing
using the federated tumor segmentation (FeTS) tool.2! The preprocessing steps included co-registering MRI
scans to a template atlas, correcting for bias field distortion, and skull stripping. Additionally, the FeTS tool
was employed for tumor segmentation in the TCGA and UTSW datasets. The resulting tumor masks from these
datasets were subsequently used as conditions for training the diffusion models. To train the diffusion model,
the images were further resampled and cropped to the dimensions of 128 x 128 x 64 with a voxel spacing of
1.5 x 1.5 x 2.0 mm.
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2.2 Generative Model

Our latent diffusion model (LDM) for generating IDH-specific samples built upon previous work,'? with notable
enhancements to the conditioning mechanisms. The autoencoder used for perceptual compression was retained
from the previous work, as it effectively reduces the dimensionality of the input data while preserving critical
features for the LDM. In the second stage of the LDM, two types of conditioning were introduced: the whole
tumor mask and text describing the IDH mutation status. The tumor mask was first resampled to match the
latent space dimensions and then concatenated with the input of the denoising UNet in the LDM, providing
spatial context that guides the denoising process. The IDH mutation status was embedded using a pre-trained
CLIP model.?? Within the denoising UNet, two types of attention mechanisms were employed. The self-
attention module helps the model focus on the semantic-class-dependent features by attending to specific regions
indicated by the conditional tumor mask. Moreover, the cross-attention modules reinforce the learning of class-
dependent data distributions by integrating the IDH mutation status. These two attention modules allow the
model to leverage both visual and textual information simultaneously, ensuring that the generated samples not
only conform to the spatial characteristics dictated by the tumor mask but also accurately reflect the molecular
subtype of the tumor, as determined by the IDH mutation status.

2.3 IDH Classification Model

To assess the effectiveness of these synthetic samples, the synthetic IDH-specific samples generated by the LDM
were utilized to train IDH classification models. The classification model was developed using the powerful UNet
architecture,?? designed to classify tumor voxels as either IDH mutated or wild-type. During training, the tumor
mask, which serves as the conditioning input for generating the synthetic sample, is labeled according to the IDH
status of the sample. This labeling allows the network to learn relevant features across the whole tumor region.
The final classification is determined by averaging the probabilities across all tumor voxels, with the class having
the higher average probability being assigned as the final classification.

3. RESULTS
3.1 Image Generation with 3D Multi-contrast Conditional LDM

Figure 1 shows representative axial slices from two multi-contrast MRI samples generated by the LDM using the
whole tumor mask and the IDH mutation status. The conditional tumor mask (red contour) was the same to
generate the mutated (first row) and wild-type (second row) samples. The LDM successfully generated realistic
images with distinct brain parenchymal features and expected IDH mutation status tumor characteristics (e.g.,
wild-type demonstrates more enhancement than mutated).

T1 T1C T2 FLAIR

Figure 1: Multi-contrast MRI samples generated by the LDM using the same tumor mask (red contour) and
the IDH mutation status. First row: IDH mutated example. Second row: IDH wild-type example.
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3.2 IDH Classfication Results

To assess the fidelity of the synthetic MRI samples, we generated a substantial number of IDH-specific samples
using synthetic tumor masks. These 4-contrast synthetic MRI samples were then employed to train IDH classi-
fication models. In Experiments 1-4, the number of synthetic samples increased progressively from 200 to 3,000,
with a balanced distribution of IDH mutated and wild-type cases. Table 2 presents the IDH classification results
on various test sets corresponding to different training data sizes (Experiments 1-4). Additionally, we conducted
two further experiments in which we evaluated the similarity among synthetic samples by extracting radiomics
features from the whole tumor.?* Samples exhibiting high similarity were excluded based on a predefined thresh-
old. This process resulted in training sample sizes of 496 mutated and 614 wild-type cases in Experiment 5 and
872 mutated and 1,329 wild-type cases in Experiment 6.

Table 2: Performance of IDH mutation classification models trained on synthetic samples with different training
sizes and tested on real data. The number in each experiment indicates the number of mutated and wild-type
samples used for training.

Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6
100/100 400/400 800/800 1,500/1,500 496/614 872/1,329
ACC 84.24 84.65 90.30 91.31 91.31 92.73
UCSF SEN (MT) 93.20 92.23 87.38 88.35 84.47 86.41
SPE (WT) 81.89 82.65 91.07 92.09 93.11 94.39
AUC 96.31 96.56 95.83 96.63 96.17 96.65
ACC 84.66 86.36 86.93 87.50 90.91 91.48
NYU SEN (MT) 87.23 87.23 82.98 82.98 80.85 87.23
SPE (WT) 83.72 86.05 88.37 89.15 94.57 93.02
AUC 92.63 92.34 93.13 94.05 93.76 91.32
ACC 81.63 87.76 88.27 87.76 90.31 95.92
UWM SEN (MT) 81.25 75.00 75.00 75.00 81.25 81.25
SPE (WT) 81.67 88.89 89.44 88.89 91.11 97.22
AUC 88.35 89.83 90.16 90.30 95.07 95.21
ACC 87.72 89.69 87.72 87.72 92.76 92.32
EGD SEN (MT) 81.33 78.67 75.33 75.33 86.67 90.67
SPE (WT) 90.85 95.10 93.79 93.79 95.75 93.14
AUC 93.77 95.12 95.20 95.64 96.56 95.75
ACC 94.47 95.73 96.98 96.98 97.49 97.74
UPENN SEN (MT) 63.64 63.64 63.64 72.73 63.64 72.73
SPE (WT) 95.35 96.64 97.93 97.67 98.45 98.45
AUC 90.25 89.41 90.60 90.73 89.73 93.75
ACC 87.27 89.08 90.59 90.88 92.97 94.02
Overall SEN (MT) 85.32 83.49 79.82 80.43 84.10 87.77
SPE (WT) 87.73 90.39 93.11 93.33 95.05 95.48
AUC 92.95 93.33 93.53 94.02 94.41 95.03

Note.— ACC = accuracy, SEN = sensitivity, SPE = specificity, and AUC = area under the receiver operating characteristic curve. SEN
and SPE correspond to the accuracy of the mutated (MT) and wild-type (WT) classes, respectively. UCSF = University of California San
Francisco Preoperative Diffuse Glioma MRI dataset, NYU = New York University, UWM = the University of Wisconsin-Madison, EGD =
Erasmus Glioma Database, UPENN = The University of Pennsylvania glioblastoma.

The IDH classification results demonstrated that increasing the training size for the classification model
enhanced the overall classification accuracy and the AUC. Additionally, by introducing a step of excluding
similar samples from the synthetic brain tumor data, the performance of the IDH classification models was
further enhanced, as evidenced by the results of experiments 5 and 6.

4. CONCLUSIONS

This study presents the development of a conditional LDM designed to generate 3D multi-contrast IDH-specific
brain tumor MRI data. The models successfully produced high-quality synthetic MRI samples that accurately
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reflected the expected IDH mutation tumor characteristics. When tested on real datasets, the IDH classification
models trained on these synthetic images achieved a notable overall classification accuracy of 94.02%. This
approach holds significant potential for application to other molecular markers, particularly in cases where data
scarcity presents a challenge.
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