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Medical image synthesis

● An approach to modeling a mapping from given images to 
unknown images

● Necessity
○ Potential risk of radiation exposure for multiple acquisition of medical 

images (ec. CT, PET)
○ Not always accessible modalities for every patient
○ Alignment issue on the analysis of multi-images



CycleGAN framework

●



Network architecture

● Generator (UNet)
● Discriminator



Denoising Diffusion Models



Text-to-Image Generation



Learning to Generate by Denoising

● Denoising diffusion consists of two processes:
○ Forward diffusion to gradually add noise to input
○ Reverse denoising that learns to generate data by denoising



Forward Diffusion Process

● The formal definition of the forward process in T steps:



Diffusion Kernel



Reverse Denoising Process

● Formal definition of reverse process in T steps:



Training and Sampling Algorithms



Network Architectures

● Diffusion models often use U-Net architectures with ResNet blocks and 
self-attention layers 



Diffusion Parameters

● The noise schedule



Fourier Analysis of the Forward Process



Fourier Analysis 

● Decomposition of signal into frequency components

https://dibsmethodsmeetings.github.io/fourier-transforms/

https://dibsmethodsmeetings.github.io/fourier-transforms/


Content-Detail Tradeoff



http://www.youtube.com/watch?v=I1sPXkm2NH4


Diffusion Models in Medical Imaging

● Diffusion models have emerged as powerful generative models in medical 
imaging

○  improved sample quality, mode coverage, and versatility across various applications.



Applications in medical image generation

● Diffusion models have remarkable performance in generating synthetic 
medical images 

○ aiding data augmentation and rare disease representation



Applications in medical image generation

● Generating histopathology images with genotype guidance



Genotype-conditioned Image Generation

How Are IDH Mutation and 1p/19q Co-Deletion Extracted for Training Data?

The training data for the diffusion model includes paired histopathology images and genotype information. The genotype 
labels (IDH mutation status and 1p/19q co-deletion) are extracted through molecular and genetic tests, including:

1. IDH Mutation Detection

● Immunohistochemistry (IHC): Uses antibodies to detect mutant IDH1 protein in tumor samples.
● Next-Generation Sequencing (NGS): Directly sequences the IDH1/IDH2 genes to detect mutations.

2. 1p/19q Co-Deletion Detection

● Fluorescence In Situ Hybridization (FISH): A cytogenetic test that detects the loss of chromosome arms 1p and 19q 
in tumor cells.

● Comparative Genomic Hybridization (CGH): Identifies chromosomal deletions.
● PCR-based methods: Detects loss of heterozygosity (LOH) in 1p and 19q regions.

Once the genetic data is obtained, it is paired with corresponding histopathology images to create a genotype-labeled 
dataset for training.



Genotype-conditioned Image Generation

● What is an IDH Mutation?
○ IDH (Isocitrate Dehydrogenase) Mutation refers to genetic alterations in the IDH1 or IDH2 

genes.
○ These mutations are commonly found in gliomas (brain tumors) and are important for tumor 

classification, prognosis, and treatment decisions.
○ IDH-mutant gliomas tend to have better survival rates compared to IDH-wildtype gliomas, 

which are more aggressive.
● What is 1p/19q Co-Deletion?

○ The 1p/19q co-deletion is a chromosomal alteration where parts of chromosomes 1p (short 
arm of chromosome 1) and 19q (long arm of chromosome 19) are missing.

○ This is a key molecular marker used to classify gliomas.
○ Gliomas with 1p/19q co-deletion are almost always oligodendrogliomas, which respond well to 

chemotherapy and radiation therapy.
○ If a glioma has IDH mutation but no 1p/19q co-deletion, it is classified as an astrocytoma 

instead of an oligodendroglioma.



Inception score
What it measures: The quality and diversity of generated images.

How it works:

● Uses a pre-trained Inception network (e.g., Inception v3) to classify generated images.
● Measures:

○ Quality: If a generated image is highly classifiable (i.e., strong class predictions).
○ Diversity: If the generated images cover multiple classes.

● Requires a well-trained classifier on medical data, unlike natural images (e.g., CIFAR, ImageNet).



Applications in medical image generation


